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In this appendix, we provide comprehensive supplemen-
tary material to offer a more complete understanding of our
ADE-CoT framework. The appendix is organized as fol-
lows:

* Sec. A revisits and expands upon the motivation behind
our work.

* Sec. B details the technical components of ADE-CoT.

* Sec. C presents additional experimental results and abla-
tion studies.

e Sec. D outlines the limitations and directions for future
research.

* Sec. E reviews extended related work in the field of test-
time scaling and image editing.
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A. Further Discussion on Motivation

A.1. Limitations of SOTA Models on Complex Edits

Recent image editing models [8, 17, 24, 49] based on latent-
level fusion between MLLMs and diffusion decoders have
demonstrated impressive capabilities on standard editing
tasks. However, their performance remains challenging
when faced with complex editing scenarios:

Large pose changes. As shown in Fig. |, baseline
models (i.e., default single-pass inference setting) strug-
gle with edits requiring significant pose or action modifica-
tions. For instance, when asked to “change the man’s
gesture to raising his hands”, the baseline
unintentionally alters the surrounding context, includ-
ing the position of the chair and the man’s location
in the scene. Similarly, the instruction “make the
action of the plane to taking off” results
in the baseline replacing the original plane with a
completely different aircraft model and color scheme.
The instruction “change the bird’s action to
flapping its wings and flying” often yields
anatomically incorrect wing positions.

Multi-object modification. Complex edits involving
multiple objects pose additional challenges for baseline
models. In Fig. 1, we observe failures in instructions
such as “remove the woman standing next to
the lady in white”, where the model fails to re-
move the correct person and leaves visible artifacts. Sim-
ilarly, “remove the foreground snow-covered
trees” results in incomplete removal, with only some
trees being eliminated while others remain.



Fine-grained regional edits. Baseline models often
fail to perform precise localized modifications. As shown
in Fig. 1, instructions such as “change clothes
of the person in lower right corner to
green” frequently result in incorrect region selection
and color bleeding to adjacent areas. The edit “change
the hair of the green-eyed toy figure
to blonde” shows similar issues with precise attribute
modification. Fine-grained color changes such as “alter
the color of the front bus to lime” or
“change the color of couch to yellow”
commonly affect unintended areas.

Multi-turn editing. As illustrated in Fig. 2, multi-turn
edits are particularly susceptible to cascading errors, where
mistakes in early turns propagate and accumulate through
subsequent editing steps. For instance, in the first exam-
ple, the initial instruction is “Turn 1: Change the
pants color to black.” However, the model fails
to execute this correctly, leaving the pants unchanged. This
initial mistake cascades: subsequent edits are performed on
an already flawed image. Consequently, the final result fails
to reflect the cumulative user intent.

These limitations demonstrate that single-pass inference
is insufficient for complex editing scenarios.

A.2. Image Chain-of-Thought Methods

Image Chain-of-Thought (Image-CoT) [26, 51, 57] offers a
promising approach to address these challenges. As a test-
time scaling strategy, Image-CoT generates multiple candi-
dates through extended inference time. By selecting the best
one from diverse candidates, it improves editing quality on
complex scenarios without requiring additional training.
Best-of-N (BoN) [26, 51] is the standard method for
Image-CoT. As shown in Fig. 3(a) and summarized in
Alg. 1, it consists of two primary stages: @ Generation.
This stage produces a diverse set of N candidate images.
This is achieved through a loop that iterates N times (Line
2). Within each iteration, diversity is introduced by sam-
pling a unique initial noise ng) (Line 3) and optionally
rewriting the text prompt ¢ into a variant ¢(*) (Line 4). The
core of this stage is the Sampler function (Line 5), which
performs a complete denoising process from timestep T’
down to 0 to generate a clean latent representation xgl). This
latent is then decoded into the final image 1 (@) (Line 6). ©
Selection. For each image 1), a general MLLM verifier
Vrf, computes a score S () that reflects its quality and ad-
herence (Line 7). The (I(), S pair is added to the set ¢/
(Line 8). After all N candidates are generated, the candi-
date with the highest score is chosen as the final output I*
(Line 10). Computational cost. While BoN improves gen-
eration quality, its computational cost scales linearly with
the number of samples V. Since every candidate must com-
plete the full 7" denoising steps before selection, the total

costis N x T function evaluations (NFE). This inefficiency
makes BoN impractical for large-scale sampling.

Early pruning strategies in Image-CoT. To address the
inefficiency of BoN, early pruning [23, 57, 59] is a stan-
dard approach. The core idea is to identify and discard low-
potential candidates at an early stage, avoiding the cost of
their full generation. A unified framework for two common
strategies is shown in Alg. 2, controlled by the mode. @
Early preview via additional denoising steps. This vari-
ant, proposed by TTS-EF [59], generates preview images by
performing additional denoising from ¢, to 0 (Line 7). The
Sampler function produces a complete denoised latent
xij) that is decoded into a clear preview image It(j) (Line
12). This provides high-quality previews for reliable ver-
ification. However, it introduces extra computational cost
of t. denoising steps per candidate. After pruning, pass-
ing candidates resume denoising denoising from 7" to 0 to
generate the final output (Line 17). @ Early pruning on
intermediate states. This variant, used by PRM [57] and
PARM [57], samples from T’ to t. to obtain an intermediate
latent xt:) (Line 10). The latent is directly decoded into a
preview image. This approach requires no extra steps for
preview generation. After pruning, passing candidates re-
sume denoising from ¢, to 0 to complete generation (Line
19). However, the preview may be noisy due to incomplete
denoising, which may affect verification accuracy.

A.3. Issues of Image-CoT Methods for Editing

Most Image-CoT methods [21, 26, 57, 59] are developed for
text-to-image generation. However, directly applying them
to editing is suboptimal. As discussed in the Introduction,
this mismatch causes three issues:

Inefficient resource allocation. Image-CoT methods
typically use a fixed sampling budget for all edits, which
may be inefficient. To validate this, we measure the per-
formance gain relative to edit difficulty. First, we defined
edit difficulty by generating a single image for each edit-
ing instance and using its MLLM score as an initial score.
We then grouped the edit tasks into bins based on this initial
score. For all tasks, we applied a standard Best-of-32 (BoN)
sampling strategy. We calculated the average score gain
between the initial score and the final score after adding
Image-CoT for each bin. As shown in Fig. 3, edits with
high initial scores (simple edits) showed minimal improve-
ment from large-scale sampling. In contrast, edits with low
initial scores (complex edits) benefited significantly. This
confirms that a fixed budget wastes computational resources
on simple edits that do not require extensive sampling.

Unreliable early-stage verification. Current Image-
CoT methods [23, 57, 59] use general MLLM scores to
prune candidates at early denoising stages. We examine
whether these scores correctly identify high-potential can-
didates. In our experiment, we generate N = 32 candidates
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Figure 1. Qualitative comparison on complex edits. We compare three SOTA editing models (FLUX.1 Kontext [17], BAGEL [8], and
Step1X-Edit [24]) on challenging edits (large pose changes, multi-object modifications, and fine-grained regional edits). Baseline models
often fail, while our ADE-CoT produces correct results via adaptive test-time scaling. Q Zoom in for detailed view.
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Figure 2. Qualitative comparison on multi-turn edits. The baseline model often fails to preserve the context from previous edits, leading
to accumulated errors in subsequent turns. Our ADE-CoT maintains consistency across multiple sequential instructions, producing correct
final images that reflect all requested changes. Q Zoom in for detailed view.



Algorithm 1 Best-of-N (BoN) algorithm for image editing.

Require: source image I, text prompt ¢, number of samples V, and total steps T’

1: U < {} o Initialize empty set for (I, .S) pairs
2: fori =1to N do
3 2 ~N(0,I) > Sample initial noise
¢ « Rewrite(c) © (optional) Rewrite prompt
(4)

xy  Sampler(Iy, 2 DT, 0) > Sample from 7" to 0, i.e., full denoising process

4
5 T
6 I VAE,Decoder(xél))
7

S « vrf, (I, I, ¢) > Compute general MLLM score

8 U—UU{ID,SD)} > Update set
9: end for

10: I* 4= argmax(; g)cy S

11: return [*

Algorithm 2 Early Pruning algorithm for image editing.

Require: source image I, text prompt ¢, number of samples IV and steps T', early step t., reject threshold Sy, mode €

{“additional steps’, ‘intermediate_state’}
1: U < {} v Initialize empty set for (I, S) pairs
2: fori =1to N do
3 2 ~N(0,1) > Sample initial noise
4. ¢ < Rewrite(c) b (optional) Rewrite prompt
5:  if mode == ‘additional _steps’ then
6: > TTS-EF [59] method
., (@)
8: elseif mode == ‘intermediate_state’ then
9

> PRM [57] and PARM [57] methods
(2) (4)

r; < Sampler ([, ng), @ t, 0) > Sample from ¢, to 0, i.e., early preview by additional denoising steps

10: x; + Sampler(Ige, Ty , ¢ T, t) > Sample from 7" to ¢, i.e., partially denoising process

11:  end if ;
12: It(:) — VAE,Decoder(x,(gz))

13: St(:) — Vrfg(Lye, It(:), ¢) > Compute general MLLM score

14: > Prune sample below S
15 if St(:) >= 5, then

16: if mode == ‘additional_steps’ then

17: méi) + Sampler ([, x¥)7 DT, 0) > Sample from 7" to 0, i.e., full denoising process

18: else if mode == ‘intermediate_state’ then

19: xéz) + Sampler ([, .L“Z), @t 0) > Sample from ¢, to 0, i.e., resume denoising process
20: end if .

21: I®) « VAE Decoder(z{”)

22: S vr £ g (Lore, 10), ¢) > Compute general MLLM score

23: U—UU{ID, S} b Update set
24:  endif

25: end for

26: I < argmax(; gyeyy S

27: return [*

per edit case and evaluate each at an early timestep t. = 8
using VIE-Score [16]. Candidates scoring below a rejec-
tion threshold Sy are pruned. We then complete the full
denoising process for all candidates to obtain final scores.
As shown in Fig. 4, this misjudgement occurs consistently

across all tested models and datasets. On average, 40%
of the pruned samples ultimately achieve high final scores
(> 6). This indicates that general scores incorrectly discard
many high-potential candidates during early pruning. This
misjudgement leads to degraded final performance.
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Figure 3. Inefficient resource allocation with fixed sampling budgets. This figure extends the analysis from Fig. 2(a) to three SOTA
models (FLUX.1 Kontext, BAGEL, and Step1X-Edit) and three benchmarks (GEdit-Bench, AnyEdit, and Reason-Edit). Edits with high
initial scores (red boxes, [8,9) and [9,10)) show minimal improvement across all three models and three benchmarks. Edits with low initial
scores (indicating complex tasks) benefit significantly from Image-CoT, achieving substantial performance gains. This demonstrates that
fixed sampling budgets waste computation on simple edits, motivating our difficulty-aware resource allocation strategy.

Redundant edited results. The goal-directed nature of
image editing suggests that large-scale sampling may pro-
duce many similar, correct results. To quantify this redun-
dancy, we apply a Best-of-32 (BoN) strategy to each editing
instance. For each case, we identify the best score achieved
among the 32 candidates and then count how many can-
didates share the same best score. As shown in Fig. 5,
we observe this redundancy across three models and three
datasets. For edit cases with high final scores (e.g., in
the range [7,9)), a large number of candidates, often more
than 8, achieve the identical best score. Since only one
intent-aligned result is sufficient for editing, this redun-
dancy reflects unnecessary computation. Existing breadth-
first search strategies [26, 57, 59] generate all candidates
before selection. This leads to wasted denoising steps on
redundant correct outputs.

To address these issues, we propose ADE-CoT, an adap-
tive test-time scaling framework for image editing. Our
method improves editing performance while maintaining
computational efficiency. Specifically, we introduce three
key strategies: (1) difficulty-aware resource allocation to
dynamically adjust sampling budgets based on edit diffi-
culty, (2) edit-specific verification to accurately identify
high-potential candidates during early pruning, and (3)
depth-first opportunistic stopping to reduce redundant com-

putation on correct results. As shown in Fig. | and Fig. 2,
our method significantly enhances baseline performance on
complex editing scenarios discussed in Sec. A.1.
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Figure 4. Misjudgement by general MLLM scores in early pruning. This figure extends the analysis from Fig. 2(b) to three SOTA
editing models (FLUX.1 Kontext, BAGEL, and Step1X-Edit) evaluated on three benchmarks (GEdit-Bench, AnyEdit-Test, and Reason-
Edit). Samples with low early scores are categorized by their final scores (x-axis): low score region (red, [0,6)) and high score region
(green, [6,9)). On average, 37% of early low-scoring samples eventually achieve high final scores, yet would be incorrectly discarded by
general MLLM scores. This demonstrates unreliable early-stage verification in editing, motivating our edit-specific verification strategy.

B. Details of the Proposed Method ADE-CoT

In this section, we provide implementation details of three
components in ADE-CoT: difficulty-aware resource alloca-
tion (Sec. B.1), edit-specific verification in early pruning
(Sec. B.2), and depth-first opportunistic stopping (Sec. B.3).

B.1. Difficulty-aware Resource Allocation

As described in Sec. 3.1 of the main paper, our difficulty-
aware resource allocation strategy dynamically adjusts the
sampling budget to improve computational efficiency. The
process is summarized in Alg. 4. It first generates a single
candidate to estimate the edit difficulty, which then deter-
mines the final sampling budget, N,,.

@ The process begins by generating one preliminary-
estimation image (Lines 1-3). First, we sample an initial
noise vector x7 from a standard normal distribution (Line
1). A diffusion Sampler then generates a clean latent x
from this noise, conditioned on the source image I, and in-
struction ¢ (Line 2). A VAE decoder subsequently converts
the latent x into a pixel-space image I (Line 3).

® Next, we estimate the edit difficulty using this initial
image (Line 4). A general MLLM verifier, Vr £, evaluates
the image I to produce an initial score S. This score acts as

a proxy for difficulty, where a high score suggests an easy
edit and a low score indicates a difficult one.

® The adaptive budget N, is then calculated based on
this score (Line 5), following Eq. 3 from the main text. For
an easy edit where the score S is high, the budget N, is
reduced towards the minimum budget Ny;,. Conversely,
for a difficult edit where S is low, the budget N, increases
towards the original budget N. The hyperparameter -y con-
trols the sensitivity of this adjustment, and the ceiling func-
tion [-] ensures the budget is an integer. Finally, the al-
gorithm returns the calculated budget N, (Line 6). This
strategy effectively allocates more computational resources
to difficult cases and saves them on easy ones.

B.2. Edit-specific Verification in Early Pruning

As described in Sec. 3.2 of the main paper, our edit-specific
verification strategy addresses the misjudgement issue of
general MLLM scores in early denoising stages. The de-
tailed process is summarized in Alg. 5.

The algorithm operates as follows. @ We first initial-
ize empty sets for intermediate latents A}, prompts C, and
scores S;, (Line 1). @ For each of the IV, samples (Lines

2-13), we sample random noise x(Ti) ~ N(0,T) (Line 3)
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Figure 5. Redundant edited results in large-scale sampling. This figure extends the analysis from Fig. 2(c) to three SOTA editing
models (FLUX.1 Kontext, BAGEL, and Step1X-Edit) evaluated on three benchmarks (GEdit-Bench, AnyEdit-Test, and Reason-Edit). For
most edit cases, a large number of candidates (green bars, left y-axis) share identical best scores. The number of edit cases exhibiting
such redundancy (orange bars, right y-axis) increases significantly in high score regions, particularly in [7,8) and [8,9) (x-axis). This
demonstrates that Image-CoT produces redundant correct outputs in goal-directed editing, motivating our opportunistic stopping strategy.

Algorithm 3 Our ADaptive Edit-CoT (ADE-CoT) algorithm for image editing.

Require: source image I, text prompt ¢, number of samples NV and steps 7', early step ¢, and retain step ¢;

1: > Adapt N by edit difficulty

: Ny «+ Adapt Num([ge, ¢, N, T)

: > Sample from 7 to . and prune samples
: X, C < Early Prune ([, ¢, No, T, te)

U + Adaptive_Stop (e, ¢, Xs,,Cyte,t;)
0 I < argmax(; gyey S
: return [*

> Sample from ¢, to ¢; and retain top results; Sample from ¢; to 0 and select intent-aligned results

and optionally rewrite the prompt ¢(*) (Line 4). We then
perform denoising from timestep 1" to early timestep t.
(Line 5) and apply the one-step preview mechanism to ob-
tain (")

0lte
I é‘lze (Line 7). The unified score S(()lee is computed by com-

bining general MLLM score, edited-region correctness, and
instruction-caption consistency (Line 8). Candidates with
scores below the rejection threshold S are pruned (Lines
10-12), while others are retained. @ After processing all
samples, we remove visually similar candidates using DI-
NOvV2 features and the threshold 7, (Lines 14-15). @ Fi-
nally, the remaining candidates are sorted by their unified
scores in descending order (Lines 16-17), which guides the

(Line 6), which is decoded into preview image

subsequent depth-first generation stage.

B.2.1. One-Step Preview Mechanism

Lines 6-7 of Alg. 5 implement the one-step preview mech-
anism, which obtains approximate previews without addi-
tional denoising steps. To validate that these early previews
reliably reflect the final output, we visualize the process in
Fig. 6. The figure compares the noisy latent I; with our cor-
responding one-step preview Io|; across various timesteps
for three models. As shown, our preview generates a clear
and high-fidelity approximation of the final result, even at
very early stages where the noisy latent is uninterpretable
(e.g., t = 8). This observation confirms that our one-step
preview provides a sufficiently clear signal for early-stage



Algorithm 4 AdaptNum algorithm - Lines 1-2 of Alg. 3.

Require: source image I, text prompt ¢, number of samples N and steps T'
Require: number of minimum samples Vy,;,, maximum possible score Sy, .x, sensitivity factor -y

1 xp ~ N(O, I)

2: xg + Sampler([ye,xzr,¢,T,0) > Sample from T to 0
3: I + VAE Decoder(zg)

40 S+ Vrfy (I, I, ¢) > Compute general MLLM score
5: Ny < Npin + [(N = Npin) X (1 — 5/ Smax)”]

6: return N,

> Adapt NV based on S (¢f. Sec 3.1 Eq. 3)

Algorithm 5 Early_Prune algorithm - Lines 3-4 of Alg. 3.

Require: source image I, text prompt ¢, number of samples NV, and steps T', early step t.

Require: reject threshold S, similarity threshold 7gim,
1. X, « {},C«{},S., < {} v Initialize empty set
2: fori =1to N, do
3: Igz) ~ N(O, I)
4: ¢ < Rewrite(c) b (optional) Rewrite prompt
5: xﬁ? — Sampler([src,xg),c(i)7T, te)
6

() ¢ One_step.p review(x,g?, te)

Tojt. _
7: Ié@e — VAE,Decoder(xéllie)
8: S(()TZ — Vrf([sm,léfze, c)
9: > Fil_ter error by evaluated score
10: if Sé@ >= S, then
1: X, — X, U{zlY e cu{c™), S, « S U]
12:  endif
13: end for

14: > Filter visually similar candidates

15: X, ,C, S,  Remove_Similar(X:,,C, St Tsim)
16: > Sort by evaluated score

17: X;_,C < Sort_by_Score(X;,,C,key = S;.)
18: return X;, ,C

S(i)

> Sample from 7" to ¢,

> Preview image from intermediate latent (cf. Sec 3.2 Eq. 4)

> Compute unified score (cf. Sec 3.2, Eq. 8)

ol } > Update set

> Sort X;_,C by S;, in descending order

evaluation, enabling accurate pruning.

B.2.2. General Score by MLLM

Following prior work [59], we use VIE-Score [16] as our
general MLLM verifier. VIE-Score evaluates an edited
image based on two criteria: Semantic Consistency (SC),
which measures instruction adherence and preservation of
unedited regions, and Perceptual Quality (PQ), which as-
sesses visual realism and aesthetics. The final overall score
is calculated as the geometric mean of these two compo-
nents: Seen = +/Ssc X Spg. While this general score pro-
vides a coarse-grained assessment, it struggles to detect
subtle errors such as mislocalized edits or semantic mis-
alignment in early denoising stages. To address this, we
complement it with edit-specific metrics.

B.2.3. Edited-Region Correctness

In Fig. 7, we present the prompt P, used to identify the
edited or kept objects. When the MLLM successfully iden-
tifies the edited object, the mask M corresponds to that ob-
ject’s region. When the MLLM identifies the kept object,
the mask M is set to the inverted region (i.e., the comple-
ment of the kept object). If the MLLM cannot accurately
determine either the edited or kept objects, we skip this
verifier. Since directly computing RGB differences across
the entire image is computationally expensive, we employ
a sliding window approach to aggregate the change map A.
However, the obtained mask may not perfectly align with
the true editing region. To address this, we apply an adap-
tive mask refinement strategy. If all early preview candi-
dates yield Sy, = 0, we iteratively expand the mask M by
padding additional pixels around its boundary. The expan-
sion process continues until at least one candidate achieves
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Figure 6. Effectiveness of the one-step preview mechanism. We compare the noisy latent I; (top row for each model) with our cor-
responding one-step preview image Iy, (bottom row) at various denoising timesteps. Across all three models, our one-step preview
generates a clear and high-fidelity approximation of the final output, even at very early stages (e.g., t = 8). This demonstrates that the
preview accurately reflects the final image’s content and quality, providing a solid basis for our edit-specific verifiers.

Sreg > 0. This ensures that the mask adequately covers the
actual edited region. This refinement step improves the ro-
bustness of region correctness evaluation.

B.2.4. Instruction-Caption Consistency

In Fig. 8, we present the prompt P, which instructs
an MLLM to generate a target caption for the ideally
edited image. However, for subtle edits like local object
modifications, this caption-based score may not be suf-
ficiently discriminative. To ensure the reliability of the
generated caption, we introduce a two-stage filtering pro-
cess. First, we confirm that the MLLM correctly un-
derstands the source image. We check if its generated
original_caption has a CLIP score above a thresh-
old (default 0.27) with the source image. Second, we verify
that the edited_caption actually reflects a change. We
ensure its textual similarity to the original_captionis
below a threshold (default 0.9). Only if a caption passes

both these checks is it deemed reliable.

B.2.5. Filtering Visually Similar Candidates

To eliminate redundancy, we filter out visually similar can-
didates. Goal-directed image editing often yields multiple
redundant results during large-scale sampling. Notably, this
redundancy is already apparent in the early preview images,
as illustrated in Fig. 9. To address this, we extract visual
embeddings from each preview using DINOv2 and com-
pute pairwise similarity. If the similarity between two can-
didates exceeds a threshold 7y, the one with the lower uni-
fied score is discarded. This step ensures that only visually
distinct and high-potential candidates are retained.

B.3. Depth-first Opportunistic Stopping

As described in Sec. 3.3 of the main paper, our depth-first
opportunistic stopping strategy avoids unnecessary compu-
tation on redundant yet correct results. It is summarized in



Prompt P, for identifying edited and keep objects

System Role: You are an assistant in an image-editing pipeline. Your sole task is to determine, from a textual edit
instruction and the original image, (1) which object(s) in the image must be edited and (2) which object(s) are explicitly
required to remain unchanged (“keep”).

INPUT

The user will always provide both keys:

* original image — the image to be edited.

* edit instruction - the user’s textual instruction that specifies how the image should be edited.

OUTPUT (must follow exactly)
Return one of the two following JSON structures:

Case A. The edit_instruction clearly identifies at least one concrete visual object to be edited:

{"edit_object":
"keep_object":

["<the object(s) in the image that must be edited>"],
["<the object (s) that must NOT be edited>"]}

* Both keys must be present.

* If no “keep” object is mentioned, output an empty array for keep_object.

* If multiple distinct objects are explicitly requested, list each object as a separate string in the array.

» Regardless of whether the edit instruction is in English or Chinese, ALWAYS return object names in English.

Case B. No concrete visual object is to be edited (ambiguous, global change, object absent, or the instruction is about
modifying, adding, or deleting TEXT in the image):

{"edit_object":
"keep_object":

null,
null}

DECISION RULES

* “Clearly identified” means the instruction contains explicit nouns or noun phrases that unambiguously map to elements
in the image description (e.g., “cat,” “red cup,” “man’s face,” “background sky”).

« If the instruction applies to the entire image without pointing to a specific object (e.g., “add a vintage filter,” “increase
brightness”), return Case B.

« If the instruction references an object absent from the image description, return Case B.

« If the instruction’s main purpose is to change, remove, or add TEXT in the image, return Case B (both values null).

e Do NOT perform the edit and do NOT add explanations—output the JSON only.

LENT3

User Input:
edit instruction: (edit_prompt)
original image: (image)

Figure 7. Prompt P, for identifying edited and keep objects.

Alg. 6, which consists of two key components: (1) a late-
stage filter to retain the most promising candidates; and (2)
an instance-specific verifier to guide the stopping decision.

Iy)¢, (Line 8). The unified score Sp|;, is computed using
the same verifiers as in early pruning (Line 9). ® We apply
an adaptive late-stage filter. If Sp;, > Si¢ — J, we update
the retain threshold Sy (Line 12) and continue sampling
from ¢; to O to generate the final image I (Lines 13-14).
Otherwise, we skip this candidate and proceed to the next
one. @ For each retained candidate, we compute the unified
score S (Line 15) and apply the instance-specific verifier

The algorithm operates as follows. @ We first initial-
ize an empty set U to store image-score pairs (I,.5), a re-
tain threshold Sy, and a high-score count N, (Lines 1-
3). @ For each candidate (x:_,c,) from the sorted sets
(A;,,C) (Line 5), we perform depth-first sequential genera-

tion. We first sample from early timestep ¢, to late timestep
t; (Line 6) and apply the one-step preview mechanism to
obtain xq;, (Line 7), which is decoded into preview image

to obtain Sy, (Line 17). We update the evaluated score
as S < S+ Sgpec (Line 18). If Sgpec > Shign (indicat-

ing all yes-no questions are answered “yes”), we increment



Prompt P, for generating output caption

original image, and (b) the image that would exist after perfectly applying the user’s editing instruction.

System Role: You are “Dual-Caption,” an expert vision-language assistant. Your job is to describe (a) the user-supplied

INPUT

The user will always provide both keys:
* edit instruction:

e original image:

OUTPUT (must follow exactly)
Return a single JSON object with two keys, in this order:

{"original_caption": "<1-2 sentences describing the original image>",
"edited_caption": "<1-2 sentences describing the image after the edit>"}
STYLE & CONTENT RULES

» Base captions solely on visible content; no unfounded guesses.

* Mention dominant objects, attributes, actions, and setting.

* In edited_caption, describe the resulting scene only—do NOT mention the edit process or instruction.
— (Bad: “The image is edited to....” Good: “A red balloon now floats above the dog....”)
— (Bad: “An apple, no pear....” Good: “An apple....”)

 Each caption < 40 English words.

* Do not quote the user’s instruction verbatim; convey its visual effect instead.
* If the instruction is impossible or unsafe, produce the best policy-compliant visual outcome.

FINAL CHECKLIST

v Return exactly one JSON object—no extra text, blank lines, or comments.
v' Keys must be original_caption and edited_caption, in that order.
v Follow length, tense, tone, and truthfulness requirements.

User Input:
edit instruction: (edit_prompt)
original image: (image)

Figure 8. Prompt F.,, for generating output caption.

Early |
Previews |

Final
Images

Figure 9. Redundancy appears in early preview images. The
figure displays clusters of visually similar images, grouped by col-
ored boxes. We observe that candidates which are highly similar in
the final output (bottom row) are also highly similar in their early
previews (top row). This confirms that visual redundancy can be
detected and filtered at an early stage.

the high-score count N, (Lines 19-21). The image-score
pair (1,S) is added to U (Line 22). @ The search termi-
nates when Ncne = Npjgn (Lines 24-27), meaning suffi-
cient intent-aligned results have been found. Finally, we re-

turn the set U (Line 29), and the candidate with the highest
score is selected as the output.

B.3.1. Details of Retaining Top Results

Lines 10-23 of Alg. 6 implement the late-stage filter to re-
tain the most promising candidates. Unlike the early prun-
ing stage that uses a fixed rejection threshold S;, we adopt
an adaptive filtering strategy at the late timestep ¢;. This is
motivated by the observation that preview scores at later de-
noising stages exhibit stronger correlation with final image
quality. For each candidate, we generate a preview image
Iy);, and compute its unified score Sp|;, (Lines 6-9). We
maintain a retain threshold S; that dynamically updates to
the maximum score observed so far (Line 12). A candidate
is retained if its score Spj, is within a tolerance J of the cur-
rent threshold: S|, > Sip — ¢ (Line 11). This ensures that
only candidates with scores comparable to the current best
are fully denoised. This adaptive filter dynamically adjusts



Algorithm 6 Adaptive_Stop algorithm - Lines 5-6 of Alg. 3.

Require: source image I, text prompt ¢, intermediate latent set X;_, prompt set C, early step ¢. and retain step ¢,
Require: high-score number Vpgh, high-score threshold Sh;gn, tolerance factor ¢

> Preview image from intermediate latent (cf. Sec 3.2 Eq. 4)

> Compute instance-specific score

1: U < {} v Initialize empty set for (I, .S) pairs

2: Syt + 0 b Initialize retain threshold

3: Neng <= 0 > Initialize high-score count

4: > Depth-first generation

5. for (x4, ¢,) in (X, ,C) do

6:  x¢ < Sampler([yc, &t , Cr,te, 1) > Sample from ¢, to ¢;
7. xg), ¢ One_Step_Preview(xy,t)

8: Iy, < VAE Decoder(zg),)

9:  Sop, ¢ Vrf(Le, Ilo),,c) > Compute unified score (cf. Sec 3.2, Eq. 8)
10: > Retain top results by evaluated score

11: if SO\tl >= S,y — J then

12: Sit ¢ max(Si, Sop,) > Update retain threshold

13: xo < Sampler([yc, zy,, Cr,t,0) > Sample from #; to O
14: I < VAE Decoder(z)

15: S « Vrf(Ige,I,¢) > Compute unified score

16: > Instance-specific verification

17: Sspec < SpecificVerifier(ly.,I,c)

18: S < 8+ Sgpec > Update evaluated score

19: if Sspec > Shigh then
20: Neng < Neng +1 > Update high-score count
21: end if
22: U+—UU{(,9)}
23:  end if

24: > Stop when intent-aligned results suffice
25: if Nope == Nhigh then

26: break

27:  end if

28: end for

29: return U

to the quality distribution of candidates. It avoids wasting
computation on samples that are unlikely to be optimal.

B.3.2. Details of Instance-Specific Verifier

The instance-specific verifier provides a fine-grained as-
sessment to distinguish high-quality results from subtly
flawed ones. It employs a two-stage process. First, using
prompt P, (shown in Fig. 10), the MLLM generates a set
of five specific yes/mo questions tailored to the edit instruc-
tion. These questions cover aspects such as instruction ad-
herence and aesthetics. Second, using prompt P, (shown
in Fig. 11), the MLLM answers these questions for the fully
generated image. As implemented in Alg. 6, the instance-
specific score, Sgpec, is calculated by the verifier (Line 17).
This score is then added to the candidate’s unified score to
reward correctness (Line 18). We also track the number of
intent-aligned candidates using a counter N, which is in-
cremented if Sgpec > Shign (Lines 19-21). This counter is
used to trigger the final opportunistic stopping condition.

C. Additional Experimental Results

C.1. Experimental Details

Our method, ADE-CoT, is built upon three open-sourced,
state-of-the-art image editing models: SteplX-Edit [24],
FLUX.1 Kontext [17], and BAGEL [8]. We adhere to their
default configurations for the total number of denoising
steps, which are T' = 28, 28, 50, respectively. The early
pruning timestep t. and the late retaining timestep ¢; are set
based on the total steps for each model. The specific hy-
perparameter settings used in our experiments are detailed
in Tab. 1. We use Qwen-VL-MAX [1] as the MLLM for
all queries and VIE-Score [16] as our general verifier Sgen.
To ensure the robustness of our findings, we conduct each
scaling experiment three times with different random seeds
for sampling noise. The results reported in the main paper
are the average of these three runs. When multiple candi-
dates achieve the same maximum score, we compute their
pairwise visual similarity using DINOv2 [31] embeddings.



System Role: You are an expert Al assistant specializing in Image Editing Quality Assurance (QA). Your primary role
is to act as a meticulous verifier of digital image edits. Your task is to analyze an Original Image and a corresponding
Edit Instruction, and then generate a set of exactly 5 specific, verifiable questions. The fundamental rule is this: if a
human reviewer answers “yes” to all 5 of your questions, it must unequivocally confirm that the edit was successfully
and perfectly executed according to the instruction.

INPUT
e Original Image: [The initial image before editing]
e Edit Instruction: [A text description of the desired change]

OUTPUT (must follow exactly)
* Every question MUST be phrased so that a ““yes” answer confirms a positive outcome.
* Return a single JSON object with the following structure:

{"questions": [
"Question 1",
"Question 2",
"Question 3",
"Question 4",
"Question 5" ]}

CORE PRINCIPLES FOR QUESTION GENERATION

¢ Instruction-Centric: Every question must directly derive from the Edit Instruction. Deconstruct the instruction into
its core components (e.g., object, action, style, location).

* Binary & Objective: Frame each question to be answerable with a simple and objective “Yes” or “No”. Avoid
subjective questions like “Does it look better?” and instead focus on verifiable facts, such as “Has the color of the car
been changed from blue to red?”.

* Comprehensive Coverage: Your 5 questions must collectively cover all aspects of the instruction. If the instruction
is “Make the man taller and add a hat,” you must have questions that verify both his height and the presence of the hat.

¢ Negative Verification (No Collateral Damage): At least one question must check for unintended side effects. This
includes verifying that parts of the image not mentioned in the instruction remain unchanged, and that no new artifacts,
blurs, or distortions have been introduced.

* Holistic Quality Check: At least one question must assess the overall integration and realism of the edit. It should
check if the edit blends seamlessly with the rest of the image, maintaining consistent lighting, shadows, and texture.

User Input:
Edit Instruction: (edit_instruction)
Original Image: (image)

Figure 10. Prompt P, for generating instance-specific questions.

We select the candidate with the highest average similarity
to others as the centroid, representing the visual consensus
among top-scoring outputs.

C.2. Details of Evaluation setting

Proposed efficiency metrics. We introduce two metrics to
measure efficiency from different perspectives. @ Reason-
ing Efficiency (1): This metric is designed to measure the
overall trade-off between performance and computational
cost. An effective pruning strategy must not only reduce
the Number of Function Evaluations (NFE) but also main-

tain high image quality. The design of 1 rewards methods
that achieve high final scores with low NFE. The binary fac-
tor o; ensures that only methods achieving non-degraded
performance are considered, which prevents strategies from
gaining high efficiency scores by producing poor results. @
Outcome Efficiency (¢): This metric is designed to quan-
tify generation redundancy. Large-scale sampling in im-
age editing often yields multiple correct outputs. An ideal
method should find a satisfactory result quickly. ¢ mea-
sures this by comparing the total NFE spent against the min-
imum NFE required to generate the first acceptable image.



System Role: You are an “Image-Edit Compliance Judge.” For every dialogue turn you will receive:
e EDIT_INSTRUCTION — A text description of the desired change.
* QUESTION_LIST - exactly five yes/no questions, each asking whether a certain visual condition is true after the edit.

* ORIGINAL_IMAGE — The initial image before editing.
* EDITED_IMAGE — an edited version of the initial image.

YOUR TASK

» Imagine the edit is carried out exactly as written and reason about the resulting image.
* For each of the five questions decide “yes” (the condition is satisfied) or “no” (the condition is not satisfied or cannot

be inferred). When unsure, answer “no.”

¢ Return nothing except a JSON object with five keys: "Q1", "Q2", "Q3", "Q4", "Q5".
* The value of every key must be the lowercase string “yes” or “no”.
* Do not output any explanations, comments, or additional keys.

OUTPUT (must follow exactly)

Return a single JSON object with the following structure:

{"Q1": "yes|no",
"Q2": "yes|no",
"Q3": "yes|no",
"Q4": "yes|no",
"Q5": "yes|no"}

User Input:

EDIT_INSTRUCTION: (edit_instruction)
QUESTION_LIST: (instance-specific_question)
ORIGINAL_IMAGE: (original_image)
EDITED_IMAGE: (edited_image)

Figure 11. Prompt P, for answering instance-specific questions.

Table 1. Default hyperparameters used in our experiments.

Hyper.| Value |Description

T 28, 28, 50 | Total denoising steps for each model.

te 8,8, 16 | Timestep for early preview and pruning.
t 16, 16, 36 | Timestep for late retaining.

Npin 1 Minimum sampling budget.

0.15 Sensitivity for difficulty-aware allocation.

Y
Shax 10 Maximum score for normalization.

Areg 1 Weight for the region correctness score.
Acap 3 Weight for the caption consistency score.
Sij 5 Rejection threshold for early pruning.

Tsim 0.98 Similarity threshold for filtering candidates.
Nhigh 4 Number of intent-aligned results to stop.

A higher ¢ indicates that the method wastes less computa-
tion on producing redundant correct images.

Two comparison settings. We analyze the performance
of all methods from two different settings to provide a com-
prehensive comparison. @ Results under fixed sampling

budget. In this setting, all methods start with the same ini-
tial sampling budget (e.g., N = 32). This comparison aims
to identify which method achieves the best performance and
efficiency when allocated a fixed amount of computational
resources. It directly shows the effectiveness of different
pruning and search strategies. @ Results under compa-
rable performance. In this setting, we compare the com-
putational cost of methods that achieve a similar quality
level, specifically a non-degraded performance relative to
the Best-of-N (BoN) baseline. The goal is to measure the
actual speedup a method provides while maintaining a tar-
get performance. This highlights the practical value of a
strategy in terms of saving time and resources.

C.3. More Ablation Studies

We present a comprehensive ablation study of our key com-
ponents in Tab. 2. Most of these results have been analyzed
in the main paper. Here, we provide additional analyses to
further validate the effectiveness of our design choices.
Are both edited-region correctness and instruction-
caption consistency effective? To isolate the impact of



Table 2. Effect of the three proposed strategies on efficiency and performance. We evaluate our method on GEdit-Bench [24].

Model | N | FLUX.1 Kontext [17] | BAGEL [8] | Step1X-Edit [24]
| | GOt NFEL 7t &1 | GOt NFEL 15t €1 | GOt NFEL gt €1

Baseline (BoN) | 32 | 6.641 896 0.66  0.11 | 6.908 1600 0.69 0.14 | 7.157 896 072 0.13
a) + adaptive sampling | 32 | 6.641 797 0.74 026 | 6.909 1391 076 023 | 7.157 778 081  0.27
b) + early filter by general verifier 32 | 6.642 719 0.81 040 | 6912 1351 079 039 | 7.157 719 0.89 042
c) + early filter (+ Sieg) 32 | 6.645 687 0.84 042 | 6915 1321 0.84 043 | 7.158 678 095 045
d) + early filter (+ Scap) 32 | 6.647 673 0.87 044 | 6916 1290 0.88 045 | 7.161 638 1.02 047
e) + removing visually similar samples 32 | 6.651 508 1.26 058 | 6915 1087 1.02 050 | 7.162 522 122 054
f) 4 retaining top results at late stage 32 | 6.652 464 1.34  0.61 6.935 972 1.08 054 | 7.163 462 1.34 058
g) + instance-specific verifier 32 | 6.702 464 1.37  0.63 | 6.984 972 1.12 057 | 7.206 462 1.36  0.60
h) 4 opportunistic stopping (full model) 32 | 6.695 418 147  0.66 | 6.972 882 127 0.62 | 7.196 434 145  0.62

our edit-specific verifiers, we start from a baseline that uses
only early filtering with a general verifier (Sgen) (row b).
As shown in Tab. 2, adding the edited-region correctness
score (Spg) (row c) consistently reduces NFE across all
models while maintaining performance. This indicates that
Sreg 1s effective at pruning candidates with incorrect edit
localization. We then further incorporate the instruction-
caption consistency score (Scap) (row d). This step yields
additional efficiency gains, reducing the NFE for Step1X-
Edit from 678 to 638 and for FLUX.1 Kontext from 687
to 673. These results confirm that both S, and S, are
effective and complementary. They target distinct fail-
ure modes—localization and semantic alignment, respec-
tively—and their combined use significantly enhances the
precision of our early pruning strategy.

Why fixed thresholds for early pruning but dynamic
thresholds for late retaining? Our choice of pruning
thresholds is based on the correlation between intermediate
and final scores at different denoising stages, as shown in
Fig. 12. In the early stage, the correlation between preview
scores and final scores is moderate. A low preview score
does not guarantee a low final score. An aggressive pruning
strategy is therefore risky, as it could discard high-potential
candidates. We use a fixed, conservative threshold to safely
remove only clear failures. Conversely, the correlation be-
comes much stronger in the late stage. Fig. 12(b) shows that
late-stage scores are highly predictive of the final quality.
This strong correlation allows for a more aggressive strat-
egy. We apply a dynamic threshold to filter out candidates
that are unlikely to surpass the current best, which improves
efficiency without performance loss.

C.4. More Hyperparameter Analysis

What are the optimal hyperparameters S,; and 7;,,?
We analyze the impact of the rejection threshold S,; and
the similarity threshold 7, in Fig. 13. Increasing S,; im-
proves reasoning efficiency by pruning low-potential sam-
ples, while performance (G_O) remains stable up to a
threshold of 5. However, a higher S,.; may remove poten-
tially correct candidates, causing both metrics to decline.
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Figure 12. Correlation between preview scores and final per-
formance across denoising stages. We show correlation matrixs
between intermediate scores (y-axis) and final scores (x-axis) at
(a) the early and (b) late denoising stages.
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Figure 13. More hyperparameter analysis.

For 74, decreasing it removes redundant images, which
improves both performance and reasoning efficiency, peak-
ing at T4, = 0.98. This may be because discarded similar
images also tend to have low potential scores. A further de-
crease causes a sharp drop in both metrics. Thus, we set
Sp; = 5 and Ty, = 0.98 as our default values.

C.5. More Analysis of Cost Computation

Beyond the Number of Function Evaluations (NFE), we
analyze the computational cost of MLLM queries in our
framework. Tab. 3 reports the average number of MLLM
calls per editing case on GEdit-Bench under a sampling
budget of N = 32 across three models. We observe that
the general MLLM verifier, which is also required by all
prior Image-CoT methods [26, 57, 59], accounts for the
majority of queries in our framework. This component
evaluates multiple candidates during early pruning and late
retaining stages. In contrast, verifiers introduced by our
method, including edited-region localization (via prompt



Table 3. Average MLLM queries per editing case on GEdit-
Bench. We report the average number of calls for each MLLM
component under a sampling budget of N = 32.

Table 4. Effect of MLLMs on edited-region correctness. We
compare three MLLMs for edited-region localization (via prompt
Pr), while keeping Qwen-VL-72B for other components.

MLLM Component | Kontext | BAGEL | Step1X-Edit
General Verifier 65.1 71.4 66.1
Region Generation 1.0 1.0 1.0
Caption Generation 1.0 1.0 1.0
Instance-Specific Questions (Generate) 1.0 1.0 1.0
Instance-Specific Questions (Answer) 14.9 17.6 15.5
Total Avg. | 830 | 920 | 846

P, ), instruction-caption consistency (via prompt Fe,p), and
the instance-specific verifier, contribute minimal overhead.
Specifically, region and caption generation require only 1.0
query per case. The instance-specific verifier generates
questions once per case and answers them for a small num-
ber of top candidates, resulting in an average of 14.9, 17.6,
and 15.5 queries for Kontext, BAGEL, and Step1X-Edit, re-
spectively. The total average MLLM calls per case range
from 83.0 to 92.0 across different models. This demon-
strates that our edit-specific verification strategies introduce
limited additional MLLM overhead while achieving signif-
icant NFE reduction compared to baseline methods.

C.6. More Qualitative Results

We present additional qualitative results to demonstrate the
effectiveness of ADE-CoT across different editing scenar-
ios. Fig. | and Fig. 2 show that our ADE-CoT significantly
improves baseline model performance on complex edits and
multi-turn edits. In Fig. 1, baseline models often fail on
challenging tasks such as large pose changes, multi-object
modifications, and fine-grained regional edits. Our method
successfully handles these cases through adaptive test-time
scaling. Fig. 2 demonstrates that baseline models struggle
to maintain consistency across multiple sequential instruc-
tions, leading to accumulated errors in subsequent turns. In
contrast, ADE-CoT preserves context from previous edits
and produces correct final images that reflect all requested
changes. Fig. 14 illustrates the advantage of our instance-
specific verifier in final selection. Both baseline and Best-
of-N methods fail to detect subtle errors in edited results.
Our ADE-CoT generates targeted questions to examine crit-
ical details, enabling more accurate identification of correct
outputs and producing superior final results compared to
Best-of-N selection.

C.7. Critical Analysis and Discussion

How much do MLLMs impact our framework? Our
framework, ADE-CoT, relies on MLLMs for key verifica-
tion steps. It uses MLLMs to identify the edit region, gen-
erate a target caption, and compute the general score. Due
to hallucinations, these models inevitably introduce incor-
rect judgments. To verify the impact of MLLM capabil-

Model | MLLM for Regi | Kontext | BAGEL | SteplX-Edit
| | GOt NFE| | G.OT NFE||G.Ot NFE|

BoN \ - | 6.641 896 | 6908 1600 | 7.157 896
Qwen2.5-VL-72B [1] | 6.637 436 | 7.042 897 | 7.193 446

ADE-CoT | Qwen-VL-MAX [1] | 6.661 428 | 6993 901 | 7.194 445
Qwen3-VL-32B [53] | 6.673 424 | 7.048 869 | 7.198 436

Table 5. Effect of MLLMs on instruction-caption consistency.
We compare three MLLMs for instruction-caption consistency
(via prompt FPryp), while keeping Qwen-VL-72B for others.

Model | MLLM for Caption | Kontext | BAGEL | SteplX-Edit
| | GOt NFE| | G.OT NFE| | G.Ot NFE|

BoN \ - | 6.641 896 | 6.908 1600 | 7.157 896
Qwen25-VL-72B[1] | 6.637 436 | 7.042 897 |7.193 446

ADE-CoT | Qwen-VL-MAX [1] | 6.651 419 | 7.021 899 |7.186 450
Qwen3-VL-32B [53] | 6.664 423 | 7.052 883 | 7.195 440

ity on our framework, we conduct experiments with three
different MLLMs. We find that ADE-CoT demonstrates
strong robustness across varying MLLM capacities. @ As
shown in Tab. 5 of the main paper, our method consis-
tently achieves over 2x speedup compared to BoN across
all tested MLLMs. @ We observe that even when using a
weaker MLLM such as Qwen2.5-VL-72B, replacing spe-
cific components with stronger MLLMs leads to consistent
improvements. Tab. 4 shows that replacing the MLLM for
region localization improves edited-region correctness and
overall performance. Similarly, Tab. 5 demonstrates that
using a stronger MLLM for caption generation enhances
instruction-caption consistency. These results show that
more accurate predictions from better MLLMs lead to con-
sistent gains in both performance and efficiency.

Can Image-CoT improve all editing cases? As illustrated
in Fig. 5, we find that some samples still receive low scores
even after applying Image-CoT. These cases typically rep-
resent scenarios where the model inherently lacks editing
capability. Even after extensive sampling or prompt mod-
ification, their performance shows minimal improvement.
It also demonstrates that Image-CoT can serve as a diag-
nostic method to identify model capability boundaries. By
incorporating these cases into training data, we can further
enhance the capabilities of existing models.

D. Limitations and Future Work

Limitations. Despite achieving superior trade-offs be-
tween performance and efficiency, our method suffers from
the following limitations: @ MLLM computational over-
head. Our verification relies on large-scale MLLMs (e.g.,
Qwen-VL 72B), which increases inference latency and lim-
its in resource-constrained scenarios. @ Hallucination in
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Figure 14. Instance-specific verifier improves fine-grained selection. We compare the baseline model, Best-of-N (BoN), and our ADE-
CoT across challenging editing scenarios. Baseline models and BoN often produce results with subtle errors (marked in red boxes), such as
incorrect pose changes, background adjustments, and clothing modifications. In contrast, our instance-specific verifier generates targeted
questions to examine critical details, enabling accurate detection of editing errors and selecting correct results (marked in green boxes).

verification. MLLMs may generate hallucinations during
the verification process. This can compromise the accu-
racy of generated captions, region masks, and instance-
specific questions, leading to incorrect quality assessments.
While our experiments demonstrate that different MLLMs
show minimal variance when ranking multiple candidates
(Sec. 4.3, Tab. 5), accurately determining whether the edited
image fully satisfies user intent remains challenging.

Future work. We identify two primary directions for fu-
ture research based on these limitations. @ Efficient and
accurate verification models. A key direction is to uti-
lize smaller, specialized models for evaluation. Lightweight
models (e.g., 7B parameters) could be trained to provide
fast and accurate assessments of edited images. Addition-
ally, an accurate evaluation model would be particularly ef-
fective for evaluating intermediate preview images during
the denoising process. This could enhance the proposed
edit-specific verification and opportunistic stopping strate-
gies, further improving overall efficiency. @ Broader ap-
plications. Our ADE-CoT framework could be extended to
other goal-directed generation tasks. 1 Its core strategies of
difficulty-aware resource allocation and opportunistic stop-
ping are applicable to domains like video editing and multi-
turn conversational generation. These strategies may also
be beneficial for standard text-to-image and text-to-video

generation, enabling a more efficient Image-CoT process.

E. Extended Related Work

Test-time scaling in image generation. Recent years have
seen rapid development in generative models [4, 8, 14, 17—
19, 24, 28, 41, 42, 44-47, 49, 52]. Test-time scaling,
as a training-free approach, aims to improve generation
quality by extending the inference time. Early work on
diffusion-based models investigates this by scaling the num-
ber of denoising steps [15, 25, 36, 38—40]. More recently,
following the success of Chain-of-Thought (CoT) [2, 5-
7, 20, 22, 27, 29, 33, 34, 48, 54-56], Image-CoT has
emerged as a promising paradigm. The standard Image-
CoT method is noise scaling [26], which generates multi-
ple candidates by perturbing the noise and selects the best
image as the final output. While effective, its computa-
tional cost scales linearly with the number of candidates.
Subsequent work aims to generate higher-quality candi-
dates within a fixed budget. Some methods enhance candi-
date diversity through prompt-level intervention, which en-
hances prompts by rewriting [13, 30] or reflective updates
for iterative refinement [21, 57, 60]. Another line of work
adapts search algorithms to the diffusion process. These
methods treat the reverse diffusion chain as a search trajec-



tory [9, 12, 26, 37, 58]. They change the noise based on
verifier scores to select promising sampling directions. Re-
cent methods [23, 32, 43, 50, 51, 57, 59] utilize MLLMs
as a verifier to prune low-potential trajectories at early de-
noising stages. However, most Image-CoT methods fo-
cus on text-to-image generation. They are inefficient for
image editing due to three key issues: (1) fixed sampling
budgets waste computation on simple edits, (2) general
MLLM scores cause misjudgement during early pruning,
and (3) large-scale sampling produces redundant correct
outputs. To address these challenges, we propose ADE-
CoT, an edit-specific test-time scaling method that incorpo-
rates difficulty-aware resource allocation, edit-specific ver-
ification, and depth-first opportunistic stopping.

Verifiers for image editing can be divided into two primary
approaches. The first approach comprises metrics requir-
ing ground-truth edited images and corresponding output
captions. These methods typically utilize CLIP Score [10]
for image-text alignment, CLIP [35] and DINO [3] simi-
larity for image-image comparison, and L.1/L.2 distance for
pixel-level similarity. However, such metrics are difficult to
apply in test-time scaling (TTS) scenarios, as ground-truth
data are unavailable during inference. The second approach
leverages MLLMs as verifiers. Existing methods, such as
VIEScore [16] and HQScore [11], use general verifiers that
use instance-agnostic prompts to evaluate aesthetic quality
and semantic consistency for each instance. However, gen-
eral verifiers face two limitations in editing Image-CoT. In
early denoising stages, they may incorrectly pruning high-
potential candidates that exhibit low preview quality. In
the final selection, they struggle to distinguish subtle differ-
ences between candidates, assigning identical high scores to
images with minor errors. To address these limitations, we
introduce two complementary verification strategies. For
early-stage misjudgement, we propose edit-specific verifi-
cation that queries MLLMs to generate ground-truth cap-
tions and expected edit regions, enabling more accurate
assessment of caption consistency and region localization.
For final-stage selection, we introduce instance-specific ver-
ification that first generates targeted yes-no questions about
specific editing aspects, then provides answers based on
these questions. This two-stage inquiry guides MLLMs
to notice critical details and provides the decision for op-
portunistic stopping, improving fine-grained selection ac-
curacy, and reducing redundant outputs.
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