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Figure 1. Instruction-guided image editing models are highly influenced by the noise seed. To address this issue, we propose a unique
candidate selection method (ELECT), which is successfully selects the best seed for background consistency while maintaining the editability
of the base model. We propose Background Inconsistency Score (SBIS) that quantifies the degree of unintended background changes in an
edited image, measuring relatively how well the background is preserved compared to other candidates in a self-supervised manner. Samples
with low SBIS (blue) have a consistent background while samples with high SBIS (red) display multiple artifacts and distortion.

Abstract

Despite recent advances in diffusion models, achieving re-
liable image generation and editing results remains challeng-
ing due to the inherent diversity induced by stochastic noise
in the sampling process. Particularly, instruction-guided im-
age editing with diffusion models offers user-friendly editing
capabilities, yet editing failures, such as background dis-
tortion, frequently occur across different attempts. Users
often resort to trial and error, adjusting seeds or prompts to
achieve satisfactory results, which is inefficient. While seed
selection methods exist for Text-to-Image (T2I) generation,
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they depend on external verifiers, limiting their applicability,
and evaluating multiple seeds increases computational com-
plexity, reducing practicality. To address this, we first estab-
lish a new multiple-seed-based image editing baseline using
background consistency scores, achieving Best-of-N perfor-
mance without supervision. Building on this, we introduce
ELECT (Early-timestep Latent Evaluation for Candidate
selecTion), a zero-shot framework that selects reliable seeds
by estimating background mismatches at early diffusion
timesteps, identfying the seed that retains the background
while modifying only the foreground. ELECT ranks seed
candidates by a background inconsistency score, filtering
unsuitable samples early based on background consistency
while fully preserving editability. Beyond standalone seed
selection, ELECT integrates into instruction-guided editing
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pipelines and extends to Multimodal Large-Language Mod-
els (MLLMs) for joint seed + prompt selection, further im-
proving results when seed selection alone is insufficient. Ex-
periments show that ELECT reduces computational costs (by
41% on average and up to 61%) while improving background
consistency and instruction adherence, achieving around
40% success rates in previously failed cases—without any
external supervision or training. Our code is available at
https://github.com/Joow0n-Kim/ELECT

1. Introduction
Instruction-guided image editing [1, 7–9, 16, 18, 24, 37,
44, 48, 50, 52, 53] enables fine-grained modifications based
on textual prompts, with applications in content creation
and design. However, diffusion-based editing remains un-
reliable due to the inherent stochasticity of text-to-image
models, which produce varying outputs depending on the
initial random noise, leading to unpredictable outcomes
[4, 11, 29, 30, 33, 45]. Consequently, users must manually
sift through multiple generations to find a suitable output,
which makes the editing process inefficient and results in
inconsistent modifications.

Auto-regressive models like LLMs face the similar is-
sue, sampling multiple outputs at inference to improve qual-
ity [38]. Similarly, in text-to-image generation, search tech-
niques such as Best of N, which select the best result using
specific verifiers, have been explored [28]. In instruction-
guided image editing, users often generate multiple outputs
by varying the random seed and manually selecting the most
suitable result. However, this process is computationally ex-
pensive, with performance scaling linearly with N, making it
impractical for real-time applications. Moreover, there is no
established framework for efficiently identifying the optimal
seed before full inference, underscoring the need for a more
effective selection method.

Existing seed selection methods for text-to-image (T2I)
generation, such as rejection sampling [33], seed optimiza-
tion [4, 11], and noise resampling [29, 30], focus on image
quality and prompt fidelity but overlook background consis-
tency. These methods are unsuitable for instruction-guided
editing, as they assess generation quality in isolation, with-
out ensuring structural alignment with a reference image.
Other studies [28, 45] still rely on external verifiers—such
as Aesthetic scoring and CLIPScore [15]—that require full
inference, which makes them impractical for early-stage
filtering.

To bridge this gap, we found that selecting the seed with
the lowest background Mean Squared Error (MSE)—MSE
computed over the masked background regions between the
edited and source images—effectively reduces artifacts and
improves instruction adherence—all without requiring ad-
ditional models or supervision. Since directly computing
background MSE requires ground truth (GT) masks, which

are unavailable at inference time, we leverage aggregated
relevance maps as a proxy for GT masks, achieving perfor-
mance parity with the GT-based approach across all metrics.

Despite its effectiveness, using relevance maps incurs
high computational costs due to the evaluation of multiple
seeds. To mitigate this, we analyzed the denoising process
and observed that early timesteps already identify key re-
gions for editing, with later steps refining the details. These
insights enable an early-timestep evaluation strategy that
extracts a background mask and estimates the final output
using Tweedie’s formula. This early evaluation strategy sig-
nificantly reduces computational cost while maintaining or
even surpassing the performance of full inference-based se-
lection.

Hence, we propose Early-timestep Latent Evaluation for
Candidate SelecTion (ELECT), a zero-shot framework for
selecting optimal seeds in image-to-image (I2I) editing. Un-
like text-to-image (T2I) generation, where external verifiers
are often needed to assess image quality post-generation,
I2I editing is conditioned on a source image, allowing us to
evaluate seed suitability directly from early-timestep diffu-
sion latents. We also propose Background Inconsistency
Score (BIS) as a lightweight selection metric that mea-
sures unwanted background changes. ELECT estimates BIS
from early timestep latents and selects the optimal can-
didate, significantly reducing computational cost. Unlike
prior T2I methods, ELECT requires no external models, ad-
ditional training, or full inference, making it lightweight,
model-agnostic, and easily integrable into existing pipelines.
Furthermore, we extend ELECT beyond seed selection to
prompt selection by incorporating multimodal large lan-
guage models (MLLMs) [34, 49], enhancing editing reli-
ability when seed selection alone is insufficient.

Our contributions are summarized as follows:
• We introduce Background Inconsistency Score (BIS), a

metric for measuring unwanted background changes with-
out requiring external verifiers or full inference.

• We propose ELECT, the first inference-time candidate se-
lection framework for instruction-guided image editing, en-
abling efficient seed selection by quantifying background
inconsistency at early denoising steps and reducing compu-
tational costs by 41% on average and up to 61% NFE while
maintaining or surpassing full inference performance.

• We extend ELECT to joint seed and prompt selection using
multimodal large language models (MLLMs) [34] refining
out-of-distribution instructions and improving VIEScore
by +0.56 on average.

2. Related Work
Early works in text-guided image editing leveraged source-
target caption pairs [3, 13, 17, 19, 20, 23, 42, 46, 47] with at-
tention modulation techniques. Recently, instruction-guided
editing methods have gained attention as it replaces source
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and target captions with a single instruction prompt and
eliminates hyperparameters involved in attention modulation.
Our work focuses on further improving the user-friendliness
of instruction-guided editing, particularly addressing the
challenge users face when selecting the appropriate seed and
prompt for optimal background inconsistency.

Instruction-Guided Image Editing with Diffusion
Models. Unlike caption-based approaches, instruction-
guided editing methods [1, 7–9, 16, 18, 24, 37, 44, 48, 50,
52, 53] take an input image I and a textual command T
(e.g., ”add a dog”) to guide modifications. InstructPix2Pix
(IP2P) [1] uses GPT-3 [2] and Prompt2Prompt [14] to create
a dataset, and trains a denoising network conditioned on edit
instructions and the original image. Subsequent studies such
as MagicBrush [50], UltraEdit [53], HIVE [52], and HQ-
Edit [18] propose fine-tuning techniques for IP2P through
improved datasets, verifier models [49], and RLHF [26]. In-
structDiffusion (InsDiff) [9] proposes a unified framework
across multiple computer vision tasks including segmenta-
tion and editing, and MGIE [7] and SmartEdit [16] leverages
multi-modal LLMs (MLLMs) to guide and enhance image
editing. Although instruction-guided methods outperform
previous methods, they tend to overedit images and introduce
variability due to sensitivity to initial seeds and instruction
phrasing, leading to inconsistent edits across runs. To address
this, Watch Your Steps [31], Focus on Your Instruction [10],
and ZONE [25] employ mask-guided approaches that restrict
modifications to a thresholded foreground mask. However,
these methods rely on a fixed mask obtained from a single
seed, failing to account for the inherent seed variability of
diffusion models. Consequently, errors in the mask can lead
to significant background inconsistencies.

Candidate Selection for Diffusion Models. Best-of-N is
a well-established alignment strategy in inference-time scal-
ing for LLMs [41]. Recent advances have extended inference-
time scaling to diffusion models [12, 28], demonstrating the
effectiveness of reward models that evaluate the final gener-
ated outputs and select the best-of-N result to enhance gen-
eration quality. Prior work in T2I generation has explored
candidate seed selection [28–30, 45] and optimization tech-
niques [4, 11], demonstrating that seed choice significantly
impacts output quality. However, existing approaches only
apply to T2I generation tasks and rely on computationally ex-
pensive external models as verifiers [49]. We bridge this gap
by introducing a best-of-N selection framework for selecting
optimal seeds for I2I editing task.

3. Preliminaries
Diffusion Models. Diffusion models [40] involve two pro-
cesses: a forward process adding noise and a reverse de-
noising process. Discretized into T timesteps, noise zt is
generated with coefficients ᾱt:

  \label {eq:addnoise} z_t = \sqrt {\bar {\alpha }_t}z_0 + \sqrt {1-\bar {\alpha }_t} \epsilon 





   (1)

where ϵ ∼ N (0, I), t = 1, . . . , T . A neural network,
ϵθ(z, t), estimates the noise ϵ for reverse denoising, pro-
ducing a denoised image ẑ0 using a reverse transformation
(i.e., Tweedie’s formula):

  \label {eq:reconstruct} \hat {z_0} = \frac {1}{\sqrt {\bar {\alpha }_{t}}} (z_t - \sqrt {1-\bar {\alpha }_t} \epsilon _{\theta ^\star }(z_t, t)) 






    (2)

InstructPix2Pix. Recent text-to-image diffusion models
[6, 36] are trained on text-conditioned datasets, enabling
conditional generation ϵθ(zt, t, CT ) on text embedding CT .
InstructPix2Pix (IP2P) [1], is a text-conditioned diffusion
model fine-tuned on an instruction-based dataset. Built on
latent diffusion [36], IP2P learns to modify images by condi-
tioning on both the original image I and an edit instruction
CT , enabling image-conditional generation ϵθ(zt, t, I, CT ).
The strength of the edit can be controlled by the image guid-
ance scale, sI and the text guidance scale sT . The final score
estimate is then obtained as

  \begin {aligned} \tilde {\epsilon }_\theta (z_t,t,I,C_T)=& \epsilon _\theta (z_t,t,\emptyset _I,\emptyset _T)\\ + s_I(\epsilon _\theta &(z_t,t,I,\emptyset _T)-\epsilon _\theta (z_t,t,\emptyset _I,\emptyset _T) )\\ +s_T( \epsilon _\theta &(z_t,t,I,C_T)-\epsilon _\theta (z_t,t,I,\emptyset _T) ) \end {aligned}          

          

          

(3)

Edit Relevance Map. To evaluate the impact of an edit
instruction on an image, we leverage an edit relevance map,
first introduced by WYS [31], which estimates the likelihood
of each pixel being modified. This map serves as a crucial
tool for identifying regions most affected by the edit process.

Given a source image I and an edit instruction CT , WYS
constructs the relevance map by first adding noise to the
encoded image representation E(I):

  z_{t}=\sqrt {\alpha _{t}}\mathcal {E}(I)+\sqrt {1-\alpha _{t}}\epsilon \label {eq:add_noise_to_I} 





   (4)

where ϵ ∼ N (0, I) is random noise and αt controls the
noise level. The InstructPix2Pix [1] denoising network, ϵθ,
then predicts noise estimates for both the conditioned and
unconditioned cases, ϵθ(zt, t, I, CT ) and ϵθ(zt, t, I, ∅). The
pixel-wise magnitude of their difference provides an estimate
of edit relevance Mt = |ϵθ(zt, t, I, CT ) − ϵθ(zt, t, I, ∅)|.
Outlier values in Mt are clamped using an interquartile range
filter and normlized into [0, 1].

The same principle applies to rectified flow models [27],
which replace diffusion with a velocity field vθ learned in
data space. In this framework, the relevance map is com-
puted as Mt = |vθ(zt, t, I, CT ) − vθ(zt, t, I, ∅)|, where vθ

guides zt toward the target image. This allows the method
to generalize beyond diffusion-based models. For additional
details on rectified flow, see Suppl. D.

Our approach modifies the original WYS formulation by
eliminating the explicit noise perturbation in (4). Instead,
we extract zt directly from the intermediate denoised trajec-
tory, reducing computational redundancy. Since determinis-
tic samplers like DDIM and rectified flow rely only on the
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Figure 2. Performance comparison of Best of N with GT mask
(green) vs. Best of N with Relevance Map (red). Best of N
chooses outputs with the lowest background inconsistency com-
puted using either GT masks (w/ pixel-annotation) or the aggre-
gated relevance map (w/o pixel-annotation) (5). Selecting the best
sample based on the relevance map (Ours: red lines) yields im-
provements comparable to selection based on ground truth mask
(green lines),with performance improvements observed across all
metrics and perspectives as the number of outputs grows.

initial seed for stochasticity, we avoid unnecessary noise in-
jections while maintaining reliable edit relevance estimation
(see Fig. 3).

4. Method
We introduce ELECT, a model-agnostic and efficient frame-
work for selecting high-quality edited images from diffusion-
based editing pipelines. ELECT stops denoising early and
selects the best candidate based on background consistency.

4.1. Observations
Image editing models exhibit high output variance across dif-
ferent seeds, with over-editing and distortion levels varying
significantly (see Fig. 1). Simply using ground truth (GT)
masks, we measured background MSE to identify samples
with minimal distortion. We found that selecting the seed
with the smallest background MSE effectively reduces un-
necessary artifacts and improves instruction following, even
without additional training or modulation. These observa-
tions are reflected in Fig. 2 where we observed consistent
enhancement across multiple metrics.

But measuring background MSE requires GT masks,
which are unavailable during inference time. We found that
aggregating relevance maps from multiple seeds gives a mask
(5) that effectively identifies foreground regions, allowing
us to replace GT masks with our aggregated relevance maps.
Fig. 2 confirms that selecting the best sample using SBIS

achieves improvements comparable to selection with GT
mask-based MSE, with performance improving as N grows.

Finally, analysis of the denoising process revealed that
the model identifies regions of interest for editing during
early timesteps (tstop = 100 → 80), while later steps refine
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Figure 3. Overview of the ELECT pipeline (top) and details of
Background Inconsistency Score (BIS) computation (bottom).
The top panel illustrates candidate selection via early stopping
and BIS evaluation. The bottom panel details BIS computation,
including crowd-sourced reference masks and background mask-
ing, ensuring consistent edits with minimal distortions. The BIS
metric compares clean images with the original input to quantify
background distortions, ensuring consistent edits while minimal
undesired changes.

fine-grained details (see Fig. 9). Building on this insight,
we extracted a background mask and estimated the edited
image using Tweedie’s formula at an early timestep tstop to
estimate the background MSE. This enabled early selection
of the most consistent sample, significantly reducing the
computational cost of evaluating multiple candidates.

4.2. Background Inconsistency Score (BIS)

A well-edited image should retain the background while
modifying only the foreground according to the given in-
struction. To quantify this, we define the Background In-
consistency Score (BIS), denoted as SBIS, which measures
unwanted background changes. This score is meaningful
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not as an absolute value but rather in the context of relative
comparison with other candidates.

Given a source image I , a text instruction T for editing,
and a set of N candidate seeds S = {1, 2, ..., N}, we define
the mean relevance map at timestep t as:

  M_{t}^\text {mean} = \frac {1}{|\mathbb {S}|}\sum _{i\in \mathbb {S}} M_{t}^{i} \label {eq:M_t,mean} 









 (5)

where M i
t represents the edit relevance map for the i-th seed

at timestep t. Regions that are consistently edited across all
seeds tend to have higher values in Mmean

t , since the rele-
vance map gives higher values to pixels that are more likely
to be modified. Instead of thresholding the mask as in previ-
ous work [31], we square the mean relevance map (Mmean

t )2

to sharpen and emphasize relative importance within the
mask, while preserving the smoothness of its values. Then
we determine the seed that yields minimal change in the back-
ground regions by computing SBIS(i, t)1, the Background
Inconsistency Score of seed i at timestep t:

  S^\text {BIS}(i,t) := (1 - (M_{t}^{\text {mean}})^2) \odot |\hat {z}_{0}^i - \mathcal {E}(I)| \label {eq:S^BIS}     
  

   (6)

Here ⊙ denotes the Hadamard product and ẑi
0 is the pre-

dicted denoised edited latent for the i-th seed computed at
timestep t via Tweedie’s formula:

  \hat {z}_{0}^i=\frac {z_{t}^i-\sqrt {1-\alpha _t}\epsilon _\theta (z_{t}^i,t,I,C_T)}{\sqrt {\alpha _t}} 






 

   



(7)

The corresponding formula for rectified flow models is ẑi
0 =

zi
t − vθ(zi

t, t, I, CT ) · t. The optimal seed i∗
t for background

consistency at timestep t is obtained by,

  i^*_t= \underset {i\in \mathbb {S}}{\text {argmin }} S^\text {BIS}(i,t) 
 


  (8)

Softening the noise mask prevents the misclassification of
poorly preserved background regions as foreground, a com-
mon issue with thresholding. By using continuous weights
to emphasize over-edited background regions and reduce
weight on edited foreground regions, this method avoids
threshold dependency and ensures robust seed selection
across diverse cases. Fig. 2 shows that SBIS achieves per-
formance on par with GT-based selection.

4.3. Early-timestep Latent Evaluation for Candi-
date selecTion (ELECT) Pipeline

ELECT is designed to efficiently select the best can-
didate for image editing while reducing computational
costs. As shown in Fig. 3, ELECT evaluates multi-
ple candidates early in the denoising process, elimi-
nating suboptimal ones at an early timestep tstop be-
fore completing inference. ELECT ensures that only the
1The full expression for BIS is SBIS(i, t | S, ϵθ, I, CT ). (6) is a simplified
expression.

Algorithm 1 ELECT(S, tstop) = x∗

Require: Source image I , Edit instruction CT , Candidate
seed set S, stopping timestep tstop, instruction-guided
denoiser ϵθ, VAE encoder E and decoder D

Ensure: Best edited image x∗

1: z ← E(I)
2: Sample zi

T ∼ N (0, I) with seed i for all i ∈ S
3: for t = T → tstop + 1 do \triangleright Denoise until stopping time
4: for i ∈ S do
5: zi

t−1 ← Denoise(zi
t, t, I, CT )

6: end for
7: end for
8: for i ∈ S do
9: SBIS(i, tstop) ← SBIS(i, tstop | S, ϵθ, I, CT ) as in (6)

10: end for
11: i∗ ← arg mini∈S SBIS(i, tstop) \triangleright Select best seed
12: for t = tstop → 1 do \triangleright Continue denoising i∗

13: zi∗

t−1 ← Denoise(zi∗

t , t, I, CT )
14: end for
15: return x∗ ← D(zi∗

0 ) \triangleright Final edited image

most promising sample is fully denoised, balancing effi-
ciency and accuracy in generative image editing. Follow-
ing DDIM [39], Denoise(zt, t, I, CT ) =

√
αt−1ẑ0 +√

1 − αt−1 · ϵθ(zt, t, I, CT ) in Algorithm 1. For rectified
flow, Denoise(zt, t, I, CT ) = zt − vθ(zt, t, I, CT ) · ∆t
where the time domain is t ∈ [0, 1].

4.4. ELECT for Instruction Prompt Selection
We found that seed selection improves image editing perfor-
mance, but its effectiveness plateaus as the number of seeds
increases. For out-of-distribution instruction prompts, seed
selection alone won’t yield a successful edit. In such cases,
modifying the instruction prompt results in improvements
(see Fig. 1).

To incorporate a Multimodal Large Language Model
(MLLM) [34, 49] into the ELECT pipeline, we introduce
a new evaluation metric inspired by prior work [21, 22].
This metric classifies edits based on two sub-metrics: In-
struction Following and Background Consistency. These
sub-metrics independently assess alignment with the instruc-
tion and preservation of unedited areas, giving scores of
0, 0.5, or 1. If either score is 0, the edit fails, prompting
an MLLM to generate alternative instruction prompts while
preserving meaning. The ELECT pipeline is then applied to
select the best prompt early on Suppl. E.

5. Experiments
5.1. Setup
We validate our method for instruction-guided image editing
by measuring its effectiveness in both instruction following
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an error range of 1e-5. NFE is determined by ELECT’s number of seeds and stopping timesteps. In the MagicBrush test set, although
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and background consistency.

Baselines. We compare ELECT against five diffusion-
based editing models—InstructPix2Pix (IP2P) [1], Mag-
icBrush [50], InstructDiffusion (InsDiff) [9], MGIE [7], and
UltraEdit [53]—operating under a constrained setting with-
out ground-truth masks or prompts. Additionally, we intro-
duce Best of N by SBIS, which selects the best output via
the Background Inconsistency Score (6) after full inference
(i.e., 100 denoising steps), serving as a direct comparison
when ELECT’s stopping step is set to zero.

Benchmarks and Metrics. Experiments are conducted
on PIE-Bench [19], covering 9 editing scenarios with 700
real and synthetic images, and the MagicBrush [50] test set,
a manually-annotated real image dataset containing around
560 images. Each dataset provides a source image, edit in-
struction, and GT foreground mask which is used only for
evaluation. Performance is evaluated via CLIPScore [15]
for instruction following and PSNR, MSE, SSIM [43], and
LPIPS [51] for background consistency. We also report VI-
EScore [22], a human-aligned metric assessing overall edit

quality. For the full implementation detail, refer to Suppl. B.

5.2. Effect of Seed Selection with ELECT

We evaluate ELECT in terms of both performance and ef-
ficiency (denoising steps required) for instruction-guided
image editing. As shown in Tab. 1, multi-seed strategies
significantly outperform single-seed evaluation (Vanilla).
ELECT achieves the best results, consistently surpassing
all baselines across all metrics, particularly when matched
to the time complexity of Best of 5 by SBIS. Fig. 6 provides
a qualitative comparison across multiple models, compar-
ing Best of 1 (vanilla), Best of 5 with SBIS, and ELECT.
Single-seed outputs often exhibit excessive distortion, while
selecting a seed with higher background consistency (as
in Best of 5) reduces this issue. However, evaluating more
seeds within the same computational budget allows ELECT
to further minimize unnecessary background modifications.
Additional qualitative results are available in Suppl. F.

Performance. Fig. 5 illustrates consistent performance
improvements and enhanced efficiency across various mod-
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Figure 6. Qualitative Result for Seed Selection: When a single-
seed image suffers from severe distortion, examining multiple out-
puts enables the selection of a less distorted sample. Since ELECT
explores more seeds than Best of 5 by SBIS, this effect is further
amplified, leading to better overall image selection.

els and datasets. Background Consistency is measured using
Mean Squared Error (MSE) (y-axis), while the Number of
Function Evaluations (NFEs) (x-axis) represents the infer-
ence steps in diffusion models, serving as a proxy for compu-
tational cost. By evaluating more seeds within the same NFE
budget, ELECT achieves superior overall performance, sur-
passing the Pareto front of Best of N by SBIS in the graph. As
the number of seeds (N) increases, performance improves but
eventually plateaus, typically converging within 1000 NFEs.
Notably, for MGIE and MagicBrush, this saturation point is
often reached more quickly, depending on the dataset.

Efficiency. Our method demonstrates superior efficiency
across all models (Fig. 4). ELECT required less than 50% of
the NFEs used by Best of N (N = 8) in PIE-Bench, except for
UltraEdit, reducing time costs by 36.2% on average. In the
MagicBrush test set, where images and instructions are more
complex, performance gains from increasing the number
of seeds were smaller but still meaningful, highlighting the
efficiency of ELECT and the effectiveness of Best of N.

5.3. Effect of Instruction Prompt Selection with
ELECT

Fig. 18 illustrates that seed selection alone is insufficient to
consistently generate high-quality samples. In many cases,
the model often fails to properly reflect the input conditions,
consistently producing either severely distorted images or no
meaningful edits at all. To address this, introducing prompt
variants provides diverse signals, increasing the likelihood
that the model successfully applies the desired edits to the
given image.

These failure cases are further analyzed in Fig. 8, which
presents a comparison of VIEScore metrics before and after
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Figure 7. ELECT performance variation with respect to stop-
ping timestep (tstop) with fixed number of seeds. This graph
shows that performance improves as the stopping denoising step
increases, eventually converging around around tstop = 70 for most
models. In contrast, UltraEdit, as a Rectified Model, exhibits mini-
mal change in noise ratio at very early steps, making it meaningful
to select a stopping point after approximately tstop = 60. Full anal-
ysis is in the supplementary materials.

prompt selection for samples initially classified as failures
following seed selection under ELECT. Simply increasing
the number of seed candidates leads to performance satura-
tion or over-optimization, where no further improvements
are observed in evaluation metrics. However, across all mod-
els, prompt selection effectively overcomes this saturation,
resulting in a significant increase in VIEScore. A compre-
hensive quantitative comparison of all evaluation metrics
and more qualitative results are provided in Suppl. F.
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Figure 8. Comparison of VIEScore (Semantic Consistency) across
three settings—Single Seed sampling, Seed Selection, and Prompt
Selection after Seed Selection—shows that adding prompt variance
(N = 10 after Seed Selection) improves editing outcomes more
than simply increasing seed candidates (N = 20).

5.4. Ablation Study
Choice of tstop. In ELECT, the hyperparameter tstop con-
trols when denoising stops and candidates are compared,
balancing efficiency and performance. More denoising steps
improve alignment with the final output, approaching Best of
N performance but increasing time complexity. Conversely,
stopping too early results in noisy candidates, making sta-
ble scoring difficult. Theoretically, the signal-to-noise ra-
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Table 1. Comparison of Different Selection Methods on PIEBench. We conducted a quantitative evaluation from the perspectives of
Instruction Following (IF) and Background Consistency (BC) and utilized the Semantic Consistency component of VIEScore, a metric based
on MLLM that exhibits strong human alignment across these two perspectives. ELECT selects one seed at tstop = 60 from N = 11 and
determines the best seed by computing the Background Inconsistency Score (BIS). This result was compared with the baseline using a single
seed (Best of 1: Vanilla) and a fair comparison where the best result was selected from outputs based on BIS (Best of N).

Model Seed Selection
Method

BC IF VIEScore (Semantic Consistency) (↑) Time-complexity
(NFE)MSE×104 (↓) LPIPS×103 (↓) PSNR (↑) SSIM×102 (↑) CLIP-T (↑) BC IF min(BC, IF)

IP2P [1]
Vanillla 248.493 162.414 20.734 75.976 24.380 6.017 4.151 3.430 100

best of N by SBIS 146.151 113.827 22.953 80.132 24.682 6.621 4.210 3.570 500
ELECT 127.481 103.338 23.329 80.902 24.974 6.824 4.252 3.667 500

MagicBrush [50]
Vanillla 139.178 77.222 24.833 82.839 24.628 5.887 4.699 3.986 100

best of N by SBIS 80.406 59.869 26.253 84.615 25.000 6.191 4.760 4.133 500
ELECT 75.901 59.104 26.133 84.706 25.067 6.261 4.881 4.224 500

InsDiff [9]
Vanillla 372.465 154.041 20.251 75.530 24.091 5.420 4.179 3.534 100

best of N by SBIS 208.998 108.448 22.753 79.962 24.543 5.750 4.424 3.767 500
ELECT 180.524 104.518 22.849 80.026 24.746 5.871 4.545 3.817 500

MGIE [7]
Vanillla 341.418 145.512 21.164 77.312 24.438 5.640 4.409 3.679 100

best of N by SBIS 221.394 111.690 23.183 80.626 24.603 6.226 4.560 3.903 500
ELECT 185.077 102.536 23.605 81.337 24.727 6.265 4.592 3.953 500

UltraEdit [53]
Vanillla 87.544 115.365 22.929 79.859 25.197 5.889 5.500 4.466 100

best of N by SBIS 66.958 96.269 24.374 83.004 25.379 6.279 5.571 4.681 500
ELECT 63.847 92.312 24.492 83.649 25.362 6.369 5.590 4.695 500

�$�Y�H�U�D�J�H���0�D�V�N �6�L�Q�J�O�H���6�W�H�S���0�D�V�N

Figure 9. Extracted masks at different timesteps. The right three
columns show masks extracted at individual denoising steps (t =
95, 90, and 80) for IP2P [1]. The leftmost column of masks shows
the averaged mask over t 2 [80, 100], which consistently yields
more reliable results across diverse cases

tio (SNR) reaches 1 after 20 steps, allowing reliable com-
parisons beyond this point. As shown in (Fig. 7), empir-
ically, most diffusion models achieve stable performance
after tstop = 70, and UltraEdit (Rectified Flow) requires at
least tstop = 60.

To address model/sample variability in tstop, we also ex-
plored a method that determines the early step for compar-
ison adaptively rather than using a fixed step. We found
that this performance convergence trend closely resembles
the point at which the Score converges with respect to the
timestep. Based on this observation, we attempted to auto-
matically identify this point for each sample (see Supple-
mentary) (Fig. 10). In practice, this approach consistently
and stably improved performance across all models while
also enhancing efficiency.

Mask Extraction.As shown in Fig. 9, the timestep at
which the primary editing region is captured in the rele-
vance map varies across samples, even within the same

model. Some images require 10–20 denoising steps for a
well-defined map, while others capture fine details early on.
After 20 steps, masks focus on high-frequency regions, such
as edges. To address this, we propose using an average mask
over timesteps t ∈ [0, 20], to provide a stable method for
detecting editing regions across samples. This approach elim-
inates the need for a fixed timestep, as optimal denoising
steps differ per sample. We replace Mmean

t in Equation (6)
with the expectation Et∼U [80,100][M

mean
t ], improving mask

extraction robustness.

6. Conclusion
In this work, we introduced ELECT, a zero-shot framework
that enhances instruction-guided image editing by selecting
seeds that preserve background consistency while modify-
ing the foreground. ELECT establishes a new multiple-seed
editing baseline, achieving Best-of-N performance without
supervision. Experiments show that ELECT reduce computa-
tional costs by 41% on average (up to 61%) while improving
background consistency and instruction adherence. Addition-
ally it integrates with editing pipelines and MLLMs for joint
seed and prompt selection, further enhancing results. By
eliminating reliance on external verifiers and reducing com-
putation, ELECT provides an efficient and practical solution
for diffusion-based image editing.

Limitations Our relative score technique selects candi-
dates based on self-supervised background consistency.
While this may sometimes over-optimize for image preser-
vation, such cases are rare and do not significantly impact
performance. ELECT improves instruction adherence, as
shown by CLIPScore and VIEscore, demonstrating that over-
optimization is not a major concern.
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