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Figure 1: We introduce ICEdit, a novel method that achieves state-of-the-art instruction-based image
editing with only 0.1% training data required by previous SOTA methods, demonstrating exceptional
generalization. The first row illustrates a series of multi-turn edits, executed with high precision, while
the second and third rows highlight diverse, visually impressive editing results from our method.

Abstract

Instruction-based image editing enables precise modifications via natural language
prompts, but existing methods face a precision-efficiency tradeoff: fine-tuning
demands massive datasets (>10M) and computational resources, while training-
free approaches suffer from weak instruction comprehension. We address this by
proposing ICEdit, which leverages the inherent comprehension and generation
abilities of large-scale Diffusion Transformers (DiTs) through three key innovations:
(1) An in-context editing paradigm without architectural modifications; (2) Minimal
parameter-efficient fine-tuning for quality improvement; (3) Early Filter Inference-
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Time Scaling, which uses VLMs to select high-quality noise samples for ef ciency.
Experiments show that ICEdit achieves state-of-the-art editing performance with
only 0.1% of the training data and 1% trainable parameters compared to previous
methods. Our approach establishes a new paradigm for balancing precision and
ef ciency in instructional image editing.

1 Introduction

In recent years, instruction-based image editing has gained considerable attention for its ability to
transform and manipulate images using natural language prompts. The main advantage of instruction-
based editing is its ability to generate precise modi cations with minimal textual instructions, thereby
opening new possibilities for both automated image processing and user-driven content creation.

Instruction-based image editing methods are divided into netuning-bdsed{, 4, 5, 6, 7, 8, 9, 1]

and tra|n|ng -free approachesl] 12, 13, 14, , 17,18, 19). Finetuning-based methods achieve
precise instruction-following by fully netunlng pretrained diffusion models on large-scale datasets
(450K to 10M samplesl], 3]) with structural modi cations like condition embedding,[5] or channel
adjustments, 2, 4], but demand signi cant computational resources. In contrast, training-free
methods avoid retraining through techniques like image inversion, or attention manipulation, offering
ef ciency but struggling with complex instructions, which reduces precision and practical utility.
This highlightsa critical trade-off between precision and ef ciencyin current methods.

Despite the dilemma above, recent advances in diffusion transformers (DT} 1, 27] suggest

a promising pathway. DiT architectures exhibit two critical properties:S@lable Generation

Fidelity: Larger DiT variants (e.g., FLUXZ3)), trained on vast amounts of image-text data, possess
unprecedented text-to-image alignment capabilitiesin2)nsic Contextual Awareness. Diffusion
Transformers (DiTs) leverage attention mechanisms to enable bidirectional interactions between
reference and generated content, processing source and target images concurrently. This facilitates
tasks like reference-guided synthesig, [25] and identity-preserved editing §], while supporting
conditional image generation without specialized alignment networks [27, 7, 28].

Although these works achieve promising results, they are unsuitable for instruction-guided image
editing due to their limited ability to comprehend explicit editing instructions and preserve the layout
of non-editable regions. This raises a critical questioan large scale DiT's generation capacity

and contextual awareness directly address instruction-based image editing/hile balancing
precision and ef ciency through intrinsic capabilities rather than external complexity?

Our experiments reveal two fundamental limitations in using DiTs for instructional image editing: (1)
Poor instruction comprehension while the model can interpret descriptive input/target prompts, it
struggles with direct editing instructions (e.g., "make it..." or "change it...").&put instability :

the model often alters unchanged regions when regenerating scenes, leading to poor editing success.

To address these limitations, we suggest a two-part solution. First, we recommend turning direct
editing commands into descriptive prompts that match how DiTs naturally understand information.
Second, the editing challenges mainly arise from the model's unlearned image-to-image editing priors,
which can potentially be addressed through lightweight ne-tuning with editing pairs or test-time
adaptation?9, 30] strategies. This approach offers the potential to simultaneously resolve DiTs' two
fundamental limitations in instructional editing while maintaining precision-ef ciency balance.

In this paper, we propod€Edit, an ef cient and effective framework for instructional image
editing that directly exploits the inherent comprehension and generative capabilities of large-scale
DiT priors for instructional image editing. Our approach employs in-context prompts—a xed-format
pre x embedding editing instructions in a format DiT can effectively interpret (83.1). Given a
source image (left panel), the model generates edited outputs (right panel) by jointly processing these
prompts and the input (see g. 2(a) and g. 5). Moreover, minimal parameter-ef cient ne-tuning
signi cantly improves editing success and quality, while adopting a Mixture-of-Experts (M) [
further enhances performance (83.2). Finally, we introdtady Filter Inference-Time Scaling
which uses vision-language models (VLMs) to evaluate noise quality during early denoising stages
in recti ed ow models (83.3). This method rapidly identi es and lters out noises congruent with
textual instructions, enhancing robustness and output delity.



Figure 2: (a) Our concept: The original DIT model is conceptualized as a painter who generates
edited images (right panel) by interpreting the reference image (left panel) and the instruction, similar
to nishing an artwork based on a provided sketch. (b) Comparison of model structures: Unlike
prior DIT methods, our approach avoids extra position/condition encoders, easily and effectively
preserving the original model structure. (¢) Our method leverages minimal training data and achieves
comparable performance with SOTA models.

We evaluate our method on the Emu Edit§nd MagicBrush?] benchmarks, demonstrating three

key advancements$igni cant Data Ef ciency and Editing Quality : Achieving state-of-the-art
results with minimal training data (0.1% of prior requirement&glidation of Proposed Paradigm
Outperforming recent DiT-based editing models (both T2l and inpainting variants), con rming the
effectiveness of our in-context editing approaPhactical Applicability : Attaining a competitive

VIE score of78.2(compared to SeedEdit's 75.7), demonstrating real-world viability comparable to
commercial systems. These results establish a novel perspective on balancing precision and ef ciency
(9. 2(c)) by leveraging large-scale DiTs as priors. Our contributions include:

« We explore the editing ability of large pretrained DiTs and propose an in-context editing paradigm,
ICEdit, that enables instructive image editing by leveraging the model's inherent understanding
and generation abilities, without requiring architectural modi cations or extensive ne-tuning.

» Our framework demonstrates signi cant improvements through minimal ne-tuning, signi cantly
enhancing editing quality and robustness. We further propodeady Filter Inference-Time
Scalingapproach that uses VLM to select high-quality noise samples. This integrated strategy
improves editing precision while maintaining computational ef ciency.

« Experimental results show that our methamthieves state-of-the-art editing performance while
requiring only 0.1% of the training data compared to previous approaches establishing a
novel perspective on balancing precision and ef ciency.

2 Related Work

Training-free editing techniques Since the emergence of Diffusion Models, numerous training-free
image editing methods [, 32, 19, 33, 15, 17, 16, 13] have gained attention. Recently, RF-SolvEg][
improves inversion precision in Recti ed- ow models by mitigating ODE-solving errors and leverages
MasacCtrl [L9] for image editing. StableFlowl[] identi es critical MM-DiT Blocks through ablation
studies, injecting features only into these blocks to enhance editing capabilities. However, these
methods face two key limitations: 1) manually designed modules restrict generation ability, hindering
complex instruction understanding and reducing success rates; 2) editing requires carefully crafted
prompts, limiting generalizability and scalability.

Finetuning-based editing methods Most current editing models modify architectures and ne-
tune on hlgh quality datasets, [2, 34, 4, , 39, 40, 41]. InstructPix2Pix [],
MagicBrush P], and UltraEdit ] ne-tune dlffu3|on UNet usmg original images as input. MGIH [

and SmartEdit Il enhance instruction understanding by integrating a Multimodal Large Language
Model (MLLM) to encode and inject instructions into the diffusion model. Howeargrap exists
between the embedding spaces of generative prompts and editing instructigneducing the
generalization ability of Diffusion Models and necessitating large datasets to bridge it. For instance,
InstructPix2Pix generated 450K pairs, Emu Egijtdollected nearly 10M pairs, and FluxEdit]]

used 1.2M pairs from [34] based on FLUX [23], yet the editing results remain suboptimal.



Figure 3: Input Prompt Variants for Image Editing . We evaluate three prompt formats: (1)
Direct Instruction - explicit editing commands provided directly; (2) In-context Prompt - instructions
embedded in structure "A diptych with... On the right, the same scene but {instruction}"; (3) Global
Descriptive Prompt - uses full input/output captions ("On the left {input} On the right {output}").

Figure 4: Training-Free Methods Show Limited Performance. Both T2l and inpainting DiT
frameworks ( g. 5) yield suboptimal results. The T2I DiT struggles to preserve the original layout,
while the inpainting framework may inadvertently perform outpainting. Despite these shortcomings,
both demonstrate potential in following instructions and modifying edited regions.

3 Method

In this section, we rst explore in-context editing capabilities within original DiT generative models
and propose ouin-context edit framework for instruction-based image editing (§83.1). After
thorough analysis, we perform minimal ne-tuning to signi cantly improve editing quality and
robustness of our editing paradigm (83.2). Finally, we presany Iter inference-time scaling
(83.3) to optimize initialization noise for better generation quality.

3.1 Exploration of DiT's In-context Edit Ability

In-Context Edit Framework . Inspired by recent advances in large-scale Diffusion Transformer
(DiT) models 7, 26, 43, 24], which demonstrate robust contextual capabilities, we investigate image
editing via in-context generation. As illustrated in g. 2(a), our approach mimics an Al painter
that generates edited images (right panel) by interpreting a reference image (left panel) and an edit
instruction. By leveraging DiT's strong generation delity and inherent contextual awareness, we
aim to enable direct image editing without requiring module modi cations or extensive netuning.

We propose two training-free frameworks based on text-to-image DiT (ICEdit-T2I) and inpainting

DiT (ICEdit-Inpaint), respectively, as shown in g. 5(a). For the ICEdit-T2I framework, we introduce

an implicit reference image injection method. We perform image invergignip3, 14, 19, 18] on

the reference image, preserving attention values across layers and steps. These values are injected
into tokens representing the left side of a diptych for image reconstruction, while the right side is
generated based on the edit instruction within a prede ned prompt during in-context generation.

Conversely, the ICEdit-Inpaint framework offers a more straightforward approach. By accepting a
reference image, we construct a side-by-side image, where the left-hand side is reconstructed as a
reference image, and the right-hand side is the "edited" result. The whole process is guidredy a

mask, which consistently covers half of the diptych, and an edit prompt to produce the edited output.



Figure 5:Model Structure. (a) We propose two training-free architectures for in-context editing
using large-scale DiTs, adapted from (a) T2I-DiT and (b) inpainting-DiT. Both adopt a diptych
framework: left panel = source image, right panel = editing output, consistent with Fig. 2. (b) While
both show limited performance, we adopt the inpainting paradigm for further ne-tuning due to its
simplicity (no image inversion required). Our method integrates parameter-ef cient adaptation with
dynamic expert routing for specialized feature processing.

Unlike prior DiT-based approaches, 26, 24], our method eliminates the need for intricate position
and condition encoding designs or retraining, as illustrated in g. 2. Instead, it purely leverages the
diptych image structure and the inherent processing capabilities of DiT.

In-Context Edit Prompt. Diffusion models typically struggle to interpret editing instructions

due to a mismatch between the embedding spaces of descriptive prompts and editing instructions.
Previous approaches,[2, 3, 4, 47], rely on extensive training with large-scale editing datasets

to enable generative diffusion models to understand editing instructions. In contrast, we propose
leveraging the inherent contextual understanding of powerful Diffusion Transformers (DiTs) to
perform instruction-based image editing without heavy training.

We experimented with three prompt types to enable a DiT model (e.g., FLUX) to edit a given image,
as shown in g. 3. First, directly inputting the editing instruction into the model often fails to produce
accurate results, frequently altering the entire image layout. Second, we desiginecbatext

edit prompt (IC prompt) that embeds the instruction within a descriptive structudediptych

with two side-by-side images of the same scene. On the right, the scene is identical to the left but
{instruction}.” This IC prompt signi cantly improves the model's ability to interpret instructions,
yielding approximately a 70% increase in editing success rate, as reported in table 3. Finally, we tested
a training-free approach using global descriptive captions for both source and target images, similar
to prior methods44, 14, 16, 13]. While achieving better quality and instruction adherence, this
method relies on impractical, detailed image descriptions, undermining seamless instruction-based
editing. Thus, we adopt the IC prompt in our framework and further re ne it through ne-tuning.

Discussion of the Training-Free Framework: Figure 4 presents the editing outcomes of the T2I
and inpainting frameworks on the Emu Testset, guided by the IC prompt. While both frameworks
demonstrate some editing capabilityeir zero-shot performance is unsatisfactory particularly

in preserving unedited regions, which limits their practical utility (quantitative eval in table 3). We
attribute this to thdack of learned image-to-image editing priofighis limitation could be mitigated
through lightweight adjustments, such as netuning or test-time scaling. Given that the ICEdit-T2I
framework requires time-consuming image inversioa,favor the ICEdit-Inpaint framework for

its straightforward operation, which facilitates further netuning.



Figure 6: lllustration of Inference-Time Scaling Strategy (83.3).The upper rows demonstrate
that edit success can be assessed within a few initial steps. These early results are used to Iter the
optimal initial noise with VLM judges.

3.2 Ef cient Fine-tuning for Enhanced Editing

We de ne our inpainting-based editing method as a funcEanapping a source imadeg and edit
instructionT, to the edited outpult;:

It = E(Is;Te) = D(lic ;M; Tic ); (1)
whereD is the inpainting DiT) ¢ is the in-context image with; on the leftM is a xed binary mask
to reconstructs, andT,¢ is the in-context edit prompt derived from.

To boost performance, we curate a compact dataset (50K samples) from public sources (84) and apply
LoRA ne-tuning [45, 27] to multi-modal DiT blocks, achieving a 150% improvement in editing
success (table 3) despite the small dataset. However, tasks like style transfer and object removal
remain challenging, as a single LoRA structure struggles to handle diverse editing tasks requiring
distinct latent feature manipulations.

Mixture of LORAs. To overcome these limitations, we propose a Mixture-of-Experts (MoE) inspired
LoRA structure within the DiT block ( g. 5(b)), inspired by MoE architectures,[47, 31]. We
integrateN parallel LORA experts into the multi-modal attention block's output projection layer,
using standard LoRA elsewhere. A routing classi er selects experts based on visual tokens and text
embeddings. Each expert, a LORA module with rardnd scaling factor , contributes to the output:

X
Output= Baselayefx) + T G(xX)i Bi A Xx; (2)
i=1
whereB; 2 RY ", A; 2 R" ¥, x 2 RK, andG(x); is the routing probability. We use a sparse MoE
setup, selecting the tdpexperts:G(x); = softmax TopK(g(x); k)):, whereTopK( ; k) retains the
topk entries, setting others té , ensuring ef ciency and versatility for diverse editing tasks.

3.3 Early Filter Inference Time Scaling

During inference, we nd that initial noise signi cantly shapes editing outcomes, with some inputs
producing results better aligned with human preferences (see g. 9), a pattern supported by recent
studies B0, 29]. This variability drives us to investigate inference-time scaling to improve editing con-
sistency and quality. In instruction-based editing, we observestiwtess in instruction alignment

often become evident in few inference stepsee g. 6), a characteristic compatible with recti ed

ow DiT models [48, 49]. These models traverse latent space ef ciently, delivering high-quality
outputs with few denoising steps—sometimes as few as@ijeThus, unlike generation tasks that
demand more steps for detail and qualitg can evaluate edit success with only a few steps.

Based on this insight, we propose Barly Filter Inference Time Scalingtrategy. We start by
samplingM initial noise candidates and generating a prelimimargtep edit for each, whera  n

(the full denoising steps). A visual large language model (VLM), (2, 53] then assesses these

M early outputs for instruction compliance, using a bubble sort-inspired pairwise comparison to
iteratively pinpoint the top candidate, akin to selecting the maximum value (see g. 6). This optimal
seed is subsequently re ned withstep denoising to produce the nal image. Our approach quickly
identi es good noise early, while VLM selection ensures the output aligns with human preferences.
Further details are provided in the supplementary materials (Sup. Mat.).
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