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ABSTRACT

Recent image editing models have achieved impressive results while following
natural language editing instructions, but they rely on supervised fine-tuning with
large datasets of input-target pairs. This is a critical bottleneck, as such naturally
occurring pairs are hard to curate at scale. Current workarounds use synthetic
training pairs that leverage the zero-shot capabilities of existing models. However,
this can propagate and magnify the artifacts of the pretrained model into the final
trained model. In this work, we present a new training paradigm that eliminates the
need for paired data entirely. Our approach directly optimizes a few-step diffusion
model by unrolling it during training and leveraging feedback from vision-language
models (VLMs). For each input and editing instruction, the VLM evaluates if an edit
follows the instruction and preserves unchanged content, providing direct gradients
for end-to-end optimization. To ensure visual fidelity, we incorporate distribution
matching loss (DMD), which constrains generated images to remain within the
image manifold learned by pretrained models. We evaluate our method on standard
benchmarks and include an extensive ablation study. Without any paired data, our
method performs on par with various image editing diffusion models trained on
extensive supervised paired data, under the few-step setting. Given the same VLM
as the reward model, we also outperform RL-based techniques like Flow-GRPO.

1 INTRODUCTION

Large-scale text-to-image models have achieved remarkable success, generating images of high
fidelity that closely align with textual descriptions Ramesh et al. (2022); Peebles & Xie (2023); Kang
et al. (2023). Despite these advances, text-only conditioning offers limited user control and falls short
for many downstream applications (Meng et al., 2022; Gal et al., 2023). In practice, users often wish
to start with an existing image to perform tasks like adjusting local attributes, changing the style, or
placing an object in a new context. These image editing operations require precise, image-guided
control that text-only prompts cannot provide.

While collecting large-scale text–image pairs is relatively straightforward (Schuhmann et al., 2021),
constructing supervised datasets for editing tasks is far more challenging. As one requires a pair of
images, the input and its edited counterpart, along with the text instruction, and such data is rarely
available online. Early methods addressed this by synthetically generating editing pairs (Brooks et al.,
2023) from a pretrained model, using zero-shot editing techniques (Hertz et al., 2023). However,
synthetic datasets can quickly become outdated with new and improved base models, and they risk
amplifying and propagating artifacts of the synthetic editing process. More recent approaches extract
frames from videos and annotate their differences (Chen et al., 2025; Song et al., 2023b; Krojer
et al., 2024). Although promising, the applicability of this strategy is constrained by the diversity of
transformations present in natural video sequences, where obtaining pixel-aligned before–and–after
edited pairs is nearly impossible. A final alternative is to manually create training pairs (Winter et al.,
2024; Magar et al., 2025), but this can be quite laborious and does not scale as easily.

1



Published as a conference paper at ICLR 2026

In this work, we explore the possibility of training an image editing modelwithout any training pairs.
Our key idea is to leverage supervision from Vision Language Models (VLMs) (Liu et al., 2023a),
relying on their general image-understanding capabilities to check whether the generated images
satisfy the editing instructions. Prior works have studied the use of specialized models or general-
purpose VLMs in improving generative models along dimensions such as text-alignment and aesthetic
quality, primarily using reinforcement learning (Black et al., 2024; Liu et al., 2025a). In contrast, our
method is the �rst to explore using gradient feedback from VLMs for general instruction-following,
and we distill this feedback into a lightweight generative model that can generalize to arbitrary images
and edit instructions. Our �nal method combines the VLM-feedback with a distribution matching
loss to ensure that generated outputs remain in the realistic image domain while following the edit
instructions. In summary, our contributions are threefold:

1. We propose NP-Edit (No-Pair Edit), a framework for training image editing models using
gradient feedback from a Vision–Language Model (VLM), requiringno paired supervision.

2. For ef�cient training and effective VLM feedback, our formulation combines it with dis-
tribution matching loss to learn afew-stepimage editing model. The �nal model remains
competitive with existing baselines trained on supervised data.

3. We conduct a comprehensive empirical study analyzing the impact of (i) different VLM
backbones, (ii) dataset scale and diversity, and (iii) VLM loss formulation. Our �ndings
show that performance improves directly with more powerful VLMs and larger datasets,
demonstrating its strong potential and scalability.

2 RELATED WORKS

Diffusion-based image editing. Development of large-scale text-to-image models has enabled
a wide range of downstream applications, including local image editing (Hertz et al., 2023; Meng
et al., 2022), stylization (Sohn et al., 2023; Hertz et al., 2024; Jones et al., 2024), personalization and
customization (Gal et al., 2023; Ruiz et al., 2023). These can broadly be viewed as different forms of
image-editing capabilities. Early approaches often relied on zero-shot inference-time methods (Hertz
et al., 2023; Parmar et al., 2023; Cao et al., 2023; Avrahami et al., 2023; Kim et al., 2023) or �exible
but slow optimization-based techniques (Gal et al., 2023; Ruiz et al., 2023; Kumari et al., 2023).

To improve ef�ciency and robustness, subsequent works introduced training-based ap-
proaches (Brooks et al., 2023; Xiao et al., 2025; Chen et al., 2023; Fu et al., 2024; Sun et al., 2024).
However, obtaining large datasets of image pairs remains challenging: synthetic curation (Brooks
et al., 2023; Zhang et al., 2023; Zhao et al., 2024; Hui et al., 2024; Yang et al., 2024b; Tan et al.,
2025; Cai et al., 2025; Kumari et al., 2025) risks becoming outdated as generative models improve,
while human annotation (Winter et al., 2024; Magar et al., 2025; Ge et al., 2024; Sushko et al., 2025)
is costly and labor-intensive. Recent efforts have explored constructing paired data from videos (Chen
et al., 2025; Song et al., 2023b) or simulation environments (Yu et al., 2025), although these remain
limited in either annotation diversity or visual realism. We also target similar image-editing capabil-
ities but remove the need for paired data (Zhu et al., 2017), by using differentiable feedback from
vision–language models instead of ground-truth edits.

Post-training for image generation. Post-training methods typically align image generators with
human preferences using either Direct Preference Optimization (DPO) (Wallace et al., 2024; Yang
et al., 2024a) or Reinforcement Learning (RL) (Black et al., 2024). While early RL-based works use
feedback from a simple scalar reward model (Kirstain et al., 2023; Xu et al., 2023), the paradigm has
recently been enhanced by employing sophisticated Vision-Language Models (VLMs) as “judges” to
provide more generic and accurate reward signals (Ku et al., 2024).

Although post-training has been successfully applied to text-to-image generation, its use for image
editing models has been less explored. Concurrently to our work, EARL (Ahmadi et al., 2025) begins
to address this by using a VLM-as-a-judge framework to post-train an image-editing model with
RL. However, RL-based approaches often depend heavily on good initialization, typically requiring
a Supervised Fine-Tuning (SFT) phase with paired editing data. In contrast, our method leverages
differentiable feedback from the VLM model, thereby obviating the need for an initial SFT stage and
enables the learning of image editing models without the use of synthetically generated data.
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Related to our work, Luo et al. (2025) recently introduced a method that incorporates gradient
feedback from VLMs to satisfy various criteria, including the horizon line, style, and layout, in
generated images. However, their framework operates in a per-example optimization setting, requiring
costly LoRA �ne-tuning (Hu et al., 2022) for each criterion and prompt pair, and also does not consider
image editing tasks.

Few-step diffusion models. Standard diffusion (or �ow-matching) models require many sampling
steps to generate high-quality images. Many prior works reduce the number of denoising steps for
faster sampling by predicting larger denoising steps, including consistency models (Kim et al., 2024;
Geng et al., 2024; Song et al., 2023a; Yang et al., 2024c; Song & Dhariwal, 2024; Lu & Song,
2025; Heek et al., 2024; Frans et al., 2024; Zhou et al., 2025), shortcut models (Frans et al., 2024),
mean�ow (Geng et al., 2025), and inductive moment matching (Zhou et al., 2025). Another line distills
a pre-trained multi-step teacher into a few-step student by matching ODE trajectories (Song et al.,
2023a; Salimans & Ho, 2022; Geng et al., 2023), using adversarial loss (Sauer et al., 2024b; Kang
et al., 2024; Yin et al., 2024a; Sauer et al., 2024a; Xu et al., 2024), or applying score distillation (Luo
et al., 2023; Yin et al., 2024b;a; Zhou et al., 2024). In our framework, we adopt DMD (Yin et al.,
2024b) as a distribution matching objective. This ensures that our few-step editing model's output
remains in the real-image manifold de�ned by the pre-trained text-to-image teacher, while using
VLM-feedback to ensure the model follows the editing instructions.

3 BACKGROUND

3.1 DIFFUSION MODELS

Diffusion or �ow-based models are a class of generating models that learn the data distribution by
denoising samples corrupted by different levels of Gaussian Noise (Ho et al., 2020; Song et al.,
2021; Lipman et al., 2023). Given a real samplex, a forward diffusion process creates noisy samples
x t = � t x + � t � over timet 2 (0; 1], where� � N (0; I ), and� t , � t de�ne a noise schedule such that
xT � N (0; I ) andx0 = x. The denoising model is parameterized to reverse the forward diffusion
process by either predicting the noise� (Ho et al., 2020) added to the sample or velocityv towards
the clean sample (Liu et al., 2023b; Salimans & Ho, 2022). In our work, we follow the �ow-based
formulation, with the forward denoising process being a linear interpolation, i.e.,� t = 1 � t and
� t = t. The training objective for a �ow-based model, with parameters� , can be simpli�ed to the
following:

Ex t ;t; c;� �N (0;I ) wt jj v � v � (x t ; t; c)jj ; (1)

wherev = � � x andwt is a time dependent weighting factor. The denoising network can be
conditioned on other inputsc, such as a text prompt, a reference image, or both, as in our case.

3.2 VISION LANGUAGE MODELS (VLM S)

Vision Language Models (VLMs) trained from multimodal image-text data have shown exemplary
visual understanding and reasoning capabilities and can serve as a general-purpose visual model.
A common strategy for training such large-scale VLMs is via visual instruction tuning (Liu et al.,
2023a), which aligns a pre-trained Vision Encoder output with the input word embedding space
of a pretrained Large Language Model (LLM). More speci�cally, the imagex is encoded into a
set of tokens using the vision encoder,X v = g(x). The input question regarding the image and its
ground truth answer are tokenized in the LLM input embedding space asX q andX a , respectively. A
projector module,f � , projects the vision-encoded tokens into the LLM word embedding space and is
trained via standard autoregressive loss to maximize the probability of predicting the correct answer:

p(X a jX v ; X q) =
LY

i =1

p
�

ai jf � (X v ); X q; X a<i

�
; (2)

whereX a = [ a1 � � � aL ] is of token lengthL , andX a<i denotes all the tokens before the current
prediction token index. The �nal loss simpli�es to a cross-entropy over the total vocabulary length. In
our experiments, we use LLaVa-OneVision-7B (Li et al., 2024) as the VLM that uses SigLIP (Zhai
et al., 2023) vision encoder and Qwen-2 LLM (Qwen-Team, 2024), and is among the state-of-the-art
VLMs of this scale.
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4 METHOD

Given a pretrained text-to-image diffusion modelGinit and a datasetX = f (y i ; ci ; cy
i ; cx

i )gN
i =1

of reference imagey, corresponding edit instructionc, and captionscy andcx that describe the
reference and edited image respectively, we �ne-tuneGinit into afew-stepimage editing modelG�
without requiring ground truth edited imagex according to the edit instruction. Our approach, No-Pair
(NP)-Edit, introduces a VLM-based loss to evaluate edit success and combines it with a distribution
matching loss to ensure outputs remain within the natural image domain. Below, we �rst detail the
construction of the dataset, then our training objective, and �nally other implementation details.

4.1 EDIT INSTRUCTIONDATASET

Each dataset sample consists of a real imagey as reference and an associated edit instruction,
c. Following prior works (Liu et al., 2025b; Ye et al., 2025), we focus on several categories of
local editing operations, such asAdd, Replace, Remove, Adjust shape, Action, Stylization, Text
editing, Color, Material, andBackgroundchange, as well as more free-form editing tasks such as
Customizationor Personalization(Gal et al., 2023; Ruiz et al., 2023; Kumari et al., 2023). Candidate
instructions for each type are generated using Qwen2.5-32B VLM (Qwen-Team, 2025). Given an
image-instruction pair, we further query the VLM to assess its validity and to suggest the caption,
cx , for the edited image. For the customization task, we restrict reference images to those showing
a prominent central object, either �ltered from a real image corpus or generated via the pretrained
model (Tan et al., 2025; Kumari et al., 2025), and prompt the VLM to generate a caption that places
the object in a novel background or context. In total, for local and free-form editing instructions,
our dataset consists of� 3M and� 600K reference images, respectively. The input prompt to the
Qwen2.5-32B VLM for each setup is shown in the Appendix D.

4.2 TRAINING OBJECTIVE

Training a diffusion or �ow-based model (Ho et al., 2020; Liu et al., 2023b) for image editing without
pairs presents a unique challenge. Standard diffusion training takes as input noised versions of a
ground-truth image. In our setting, no such ground-truth edited image exists; thus, we cannot construct
these intermediate noisy inputs. On the other hand, directly mapping noise to the edited image in a
single step is naturally challenging and yields poor �delity (see Appendix B). To address this, during
training, we propose to unroll the backward diffusion trajectory starting from noise using a two-step
sampling procedure (Song et al., 2023a). Speci�cally, given the reference image–instruction pair
(y ; c), the editing modelG� �rst predicts a provisional clean imagêx0

� from noise� . Then, a second
step re�nes this estimate by feeding an interpolated noisy input back into the model:

x̂0
� = � � v̂ � ; wherev̂ � � G� (�; t = 1 ; c; y ); � � N (0; I );

x0
� = x̂ t

� � tv � ; wherev � � G� (x̂ t
� ; t; c; y ); x̂ t

� = (1 � t)x̂0
� + t� ; � � N (0; I ); t � (0; 1);

(3)

With the second step, the model is now trained on noisy intermediate states at timesteps determined
by t, while being more ef�cient than a full backward unroll. In our method, we focus onfew-step
generation—speci�cally four steps—and restrictt 2 [t1; t2; t3], a �xed schedule, in the second step.
Few-step generator provides a better estimate of the denoised image,x0

� , at intermediate steps, which
in turn enables effective VLM-based feedback. VLMs tend to give unreliable judgments when inputs
are noisy or blurry (see Appendix B). This also enables faster inference and lowers training costs.

VLM-based editing loss. To evaluate whether an edit is successfully applied inx0
� , we de�ne a

set of template questions with corresponding ground truth answers,DQA = f (X qj ; X a j )gj , tailored
to each edit category. The VLM is instructed to answer with a binary yes and no answer, i.e.,
X a j 2 f Yes; Nog, andX �a j denotes the opposite response. The loss is then a binary cross-entropy
over the predicted logit difference between the tokens corresponding to the correct and opposite
responses, respectively.

L VLM = �
X

j

logp(aj ); wherep(aj ) = � (` ( j )
a j

� ` ( j )
�a j

) (4)
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Figure 1:Method. We �ne-tune a pretrained text-to-image model into a few-step image-editing model using
differentiable VLM-feedback regarding edit success and distribution matching loss (DMD (Yin et al., 2024a)) for
ensuring output images remain in the natural image manifold. Given the edit instruction and condition image, we
predict the edited image starting from noise. During training, we randomly sample the few-shot timestep (Line
3 of Algorithm 1), and perform a two-step diffusion unrolling to predict the edited image for the intermediate
timestep as shown here. The loss is backpropagated through the two diffusion sampling steps.

where` ( j )
a j is the logit corresponding to the tokenX a j , � is the sigmoid function, andp(aj ) is the

probability of correct answer, while restricting normalization to only theYesandNotokens, which we
observe to be more effective during training (Zhang et al., 2024). Computing this loss is relatively fast,
as it requires a single forward call to the VLM per question, as opposed to autoregressive prediction.

For each edit instruction, we use two complementary questions to compute the editing loss: (1)
Edit-veri�cation question to assess whether the intended edit is applied, and (2)Identity-preservation
question to ensure the image is not over-edited and is consistent with the reference image. Speci�cally,
for the local image-editing instructions, we verify edit success with the following question “The
objective is to evaluate if the editing instruction has been executed in the second image. Editing
instruction:f edit instructiong. Answer with a Yes or No.” exceptremovaledit-type, where we directly
evaluate if the intended object is removed by asking “Answer with a Yes or No if the image has
f object nameg”. For the identity-preservation question, we ask the following: “Answer with a Yes or
No if the second image is exactly the same as the �rst image. IGNORE the changes in the second
image because of the edit:f edit instructiong”. We provide the list of all questions along with their
system and user prompts for all editing types, including free-form editing in the Appendix E.

Distribution matching with text-to-image teacher model. While VLM feedback evaluates the
ef�cacy of instruction following, it does not enforce the generated outputs to remain in the real
image domain. To ensure this and keep the output distribution of the generator aligned with the
pre-trained model, we apply Distribution Matching Distillation (DMD) (Yin et al., 2024b;a) between
the �ne-tuned model,G� , and the pre-trained text-to-image (teacher) model,Ginit . DMD minimizes
the Kullback–Leibler (KL) divergence between the real image distribution, as estimated by the teacher
model, and the output distribution of the �ne-tuned model. The gradient of this KL-divergence loss
with respect to the generator parameters can be simpli�ed to:

r � DKL = E� �N (0;I ) ;t 2 (0 ;1) ;x 0
�

h
� (v real(x t

� ; t; cx ) � vgen(x t
� ; t; cx ))

dG
d�

i
; (5)

wherecx is the text caption describing the noisy edited imagex t
� andv real, vgen represents the

predicted velocity from the teacher and a trainable auxiliary model,A � respectively. The auxiliary
model is trained along withG� to learn the current output distribution ofG� using a �ow-based
denoising objective. This loss ensures that the edited images not only satisfy the instruction but also
remain faithful to the text-conditioned distribution of real images modeled by the pretrained teacher.

4.3 TRAINING DETAILS

The pretrained modelG� is originally designed to generate an image,x, conditioned only on text
c. To adapt it to our editing task, we extend its conditioning to include the reference imagey.
Following recent works (Xiao et al., 2025; Tan et al., 2025), we concatenate the VAE encoding of the
reference image to the noisy target image encoding along the token sequence dimension, similar to
text embedding, thereby enabling the model to attend to both text and visual conditions.

To stabilize training, in the initial few iterations, we train the model with the objective of simply
reconstructing the concatenated reference image. This encourages the network to propagate content
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from the reference input, aligning it toward producing realistic images under joint text–image
conditioning. After this, we introduce our main training objective as explained in the previous section.

The �nal loss for the generator is a weighted combination of the VLM-based editing loss and DMD
loss. The auxiliary network,A � , is updatedNaux times for every generator,G� , update (Yin et al.,
2024a). Our pre-trained generative model is a 2B parameter internal DiT-based (Peebles & Xie, 2023)
latent space diffusion model. The overall training pipeline is illustrated in Figure 1 and is detailed
more formally in Algorithm 1 below. Other training hyperparameters are detailed in Appendix E.

Algorithm 1: NP-Edit: our training method

Input: Pretrained VLM and text-to-image modelGinit , DatasetX = f (y i ; ci ; cy
i ; cx

i )g.
Output: Few-step image-editing modelG�

1 G�  copyWeights(Ginit); A �  copyWeights(Ginit)
2 // Warmup with identity loss
3 for step= 1 to Nwarmupdo
4 (y ; cy ) � X , � � N (0; I ), t � (0; 1]
5 x  y
6 x t  (1 � t)x + t�
7 v �  G� (x t ; t; y ; cy )
8 L id  jj v � v � jj wherev = � � x
9 � G  � G � � G r � G L id.

10 end for
11

12 // Main training loop
13 while train do
14 f (y ; c; cx )g � X ; � � N (0; I ); t 2 [t1; t2; t3; t4 = 1]
15 v �  G� (�; t = 1 ; y ; c)
16 x0

�  � � v �
17 if t < 1 then
18 v �  G� (x t

� ; t; y ; c); x t
�  (1 � t)x0

� + t� ; � � N (0; I )
19 x0

�  x t
� � tv �

20 end if
21 ComputeL VLM // Eqn. 4
22 Computer � DKL // Eqn. 5
23 � G  � G � � G � vlmr � G L VLM � � G � dmdr � DKL
24 for local step= 1 to Naux do
25 � � N (0; I ); f (y ; c; cx )g � X
26 x0

�  G� (�; y ; c) // edited image with backward unroll
27 x t

�  (1 � t)x0
� + t� � � N (0; I ) t 2 (0; 1)

28 v �  A � (x t
� ; cx )

29 � A  � A � � A r � jj v � � v jj wherev = � � x0
�

30 end for
31 end while

5 EXPERIMENTS

In this section, we show the results of our method on local image editing as well as more free-form
image editing tasks like customization, and compare them with the state-of-the-art baseline methods.

5.1 LOCAL IMAGE-EDITING

Benchmark. For evaluation, following prior works, we use the English subset of GEdit-
Benchmark Liu et al. (2025b), which captures real-world user interactions across different edit
types. We also show results on the ImgEdit (Ye et al., 2025) benchmark in Appendix A.

Evaluation metric. For quantitative evaluation, we follow prior works and use GPT4o-based
VIEScore (Ku et al., 2024) metric. It scores each edit on: (1) Semantic Consistency (SC) score,
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Figure 2:Qualitative comparison on GEdit-Benchunder the few-step sampling setting. For an upper-bound
comparison, in the1st column we show results of the best multi-step sampling method (as measured by the
quantitative metrics in Table 1). Our method performs on par or better than baseline methods across different
edit types in the few-step setting. We show more samples in the Appendix Figure 13
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