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Figure 1: Visual comparisons of text-guided image editing results from our method RefineEdit,

LEDits++ (Brack et al., [2024), FlowEdit (Kulikov et al.] [2023)), ChordEdit (Lu et al., [2026), and
MasaCtrl (Cao et al., [2023)). Blue and green indicate the original and editing prompts, respectively.
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ABSTRACT

Text-guided image editing must introduce the requested changes while preserv-
ing unrelated source content. In training-free editing, diffusion editors often use
spatial controls whose inaccuracies can leave edits incomplete or alter unrelated
regions. Causal autoregressive editors face a further constraint: their fixed decod-
ing order limits revision of earlier decisions. As the first to explore training-free
image editing with Generative Refinement Network (GRN), we observe that its
refinement process is inherently suitable for editing and offers a promising way
to address these limitations. Motivated by this observation, we introduce Refi-
neEdit, a training-free prompt-to-prompt image editing framework built on the
GRN. Our key idea is to couple edit localization with content generation through
the global refinement of binary image codes, allowing editing evidence to be re-
vised as the image evolves. More specifically, RefineEdit combines bit routing
with two stabilization mechanisms: adaptive spatial freezing and finite bit lock-
ing. Bit routing starts from an intermediate source state and uses signed prob-
ability differences between the two branches to identify editable positions and
bits. It directs selected bits toward editing refinement while anchoring the rest
to the evolving source trajectory. Adaptive spatial freezing limits unnecessary
expansion of the editing region, while finite bit locking maintains recent bit ac-
tivations to support continued editing. The overall framework requires no addi-
tional training, external masks, or attention control. Across nine editing cate-
gories of PIE-Bench, RefineEdit achieves the best background-preservation scores
in PSNR, LPIPS, MSE, and SSIM, together with the highest whole-image and
edited-region CLIP scores among the evaluated methods. Code is available at
https://anonymous.4open.science/r/RefineEdit.

1 INTRODUCTION

Text-to-image models can now generate high-quality images that closely follow text prompts (Rom-
bach et al., 2022 Labs et al.| 2025 |Sun et al., 2024 [Esser et al .l [2024; |[Han et al.| [2025)). Yet visual
creation is often iterative, and users may revise a generated image rather than start over. Text-guided
image editing aims to make the changes specified by an editing prompt while preserving unrelated
source content (Lu et al.,[2026; /Cao et al.| 2023 [Hertz et al ., 2023 |Kulikov et al.,|2025}; Brack et al.}
2024). Balancing these goals is difficult: stronger edits may alter unrelated regions, while stronger
preservation may weaken the intended change. The key challenge is to identify where the source
conflicts with the editing prompt and make the required change while preserving other content.

Most training-free editors (Avrahami et al., 2025} [Fu et al., [2025) address this challenge by adding
spatial control to a pretrained generator. For example, diffusion methods use masks, attention maps,
or injected features (Hertz et al.|[2023; |Avrahami et al. 2022} |Cao et al.,|2023; Brooks et al.| 2023
Tumanyan et al., [2023)), while autoregressive (AR) methods select between source and editing pre-
dictions during decoding (Wang et al., [2025)). These controls determine which parts of the source
may change, making their accuracy and evolution important to the editing quality: an overly narrow
editing region may leave the requested change incomplete, whereas an overly broad region may alter
unrelated content. Causal AR models make generation or editing decisions in early stages, which
are difficult to revise (Esser et al., 2021} |Sun et al.| 2024} Kondratyuk et al.| 2024} Tian et al.| [2024;
Wang et al., 2026)). This raises a question: Can the evolving generation process itself provide the
necessary evidence to revise the edit localization?

The Generative Refinement Network (GRN) (Han et al., [2026) offers a viable setting for exploring
this problem. As shown in Fig. |2} GRN repeatedly updates the full visual token map, moving from
nois to coarse structure and then fine details. Intermediate source states already contain useful
spatial structure, allowing the editing branch to reuse this layout while revising object appearance.
This resembles an artist developing the same rough feline sketch into a cat or a tiger. Beyond provid-
ing a reusable layout, GRN represents images with Hierarchical Binary Quantization (HBQ) codes
whose spatial and channel coordinates align across branches. At the branching step, conditioning

"Noise refers to a random binary code whose bits are independently sampled as 0 or 1 with equal probability.
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Figure 2: Top: GRN progressively develops image structure from a random binary code. Middle:
Source and editing probabilities, illustrated by the blue and green cubes, are compared at the same
sampled bit values. Black mask entries indicate editable positions. Bottom: Selected bits follow
editing refinement, while unselected bits copy the evolving source state.

the shared state on the source and editing prompts yields different bit probabilities. Such differences
can serve as the editing evidence at individual binary coordinates, suggesting a way to select editing
updates while retaining source bits elsewhere. As refinement changes the edited state, subsequent
predictions provide new evidence for bit selection. These selections guide the next content update,
allowing edit localization and content generation to evolve together rather than remain separate pro-
cesses. This leads to our central insight: Refinement is inherently editable. These properties make
GRN a natural basis for editing through selective bit updates.

Motivated by the above observations, we propose RefineEdit, a training-free framework for prompt-
to-prompt image editing framework based on GRN. To the best of our knowledge, RefineEdit is
the first method to adapt GRN to training-free image editing, extending its original applications in
image generation and training-based video editing 2026). Specifically, at the switch
step of RefineEdit, it initializes an editing branch from the current source state. Both the source
and editing branches continue refinement with their corresponding prompts. From the switch step
onward, we compare the probabilities assigned by the two branches to the same bits sampled from
the source branch (source-sampled bits) at each refinement step. We use the resulting signed proba-
bility differences to construct a spatial mask that selects editable positions and a bitwise mask that
determines which bits at those positions may change. Source-anchored bit routing accepts editing
updates at selected coordinates and copies the evolving source state at all remaining coordinates.
To stabilize these routing decisions across refinement steps, we therefore introduce adaptive spatial
freezing (AdaSF), which freezes spatial selection at the switch step when the initial editing response
is sufficiently strong. Meanwhile, finite bit locking (FBL) retains editing permission for recently se-
lected bits over a short window, so temporary probability fluctuations do not immediately interrupt
their refinement. These two novel techniques in our method RefineEdit operate directly on binary
codes, without external editing masks or attention control.

In our experiments, we compare RefineEdit with existing methods across nine editing categories of
PIE-Bench [2024). RefineEdit achieves the best background-preservation scores in PSNR,
LPIPS, MSE, and SSIM, together with the highest whole-image and edited-region CLIP scores
among the compared methods. To summarize, our contributions are as follows:

* Based on our observation that refinement is inherently editable, we introduce RefineEdit,
the first training-free prompt-to-prompt image editing framework built on GRN. RefineEdit
couples edit localization with content generation, allowing editing evidence to evolve with
the visual state.

* We develop source-anchored bit routing, which uses signed probability differences to se-
lect editable positions and bits while anchoring the remaining bits to the evolving source.
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AdaSF limits unnecessary expansion of the editing region, and FBL maintains editing per-
mission for recently selected bits to support continued refinement.

» Experiments across nine editing categories of PIE-Bench demonstrate that RefineEdit ef-
fectively follows editing prompts while preserving unrelated source content. Ablation stud-
ies further show the complementary roles of AdaSF and FBL in stabilizing edit localization
and supporting bitwise editing.

2 RELATED WORK

2.1 TEXT-TO-IMAGE GENERATION

Text-to-image generation has evolved through several generative paradigms. Diffusion and flow
models have established strong image fidelity and text alignment (Peebles & Xiel 2023} Sauer et al.,
2024; |Podell et al., 2024; Rombach et al., 2022; [Esser et al., |2024; [Ma et al., [2024). Recent autore-
gressive models show that, with improved visual tokenizers and model scaling, discrete next-token
prediction can achieve competitive or even superior generation quality (Ramesh et all, 2021} [Yu
et al.} 2022; |Sun et al., [2024). However, their causal order prevents earlier tokens from being re-
vised once generated. Visual autoregressive models reorganize generation as next-scale or bitwise
prediction (Tian et al) [2024; |[Han et al.l [2025)), improving efficiency and discrete modeling but
still committing to a fixed coarse-to-fine order. GRN (Han et al.l [2026) overcomes this restriction
through near-lossless Hierarchical Binary Quantization and global random refinement, allowing ev-
ery binary coordinate to be repeatedly reconsidered. Its globally revisable binary representation
provides a natural interface for image editing, enabling changes to be localized and controlled at the
bit level.

2.2 TRAINING-FREE IMAGE EDITING

Training-free image editing repurposes pretrained generators without parameter updates. Diffusion
approaches commonly use mask blending, attention control, or intermediate-feature injection to in-
troduce target semantics while retaining source structure (Hertz et al., 2023} |Avrahami et al.| 2022;
Cao et al., 2023} Brooks et al., |2023; [Tumanyan et al., 2023} |Li et al.|, |2026; Brack et al., 2024;
Lu et al.l 2026; [Wu et al., 2026). However, such continuous control often trades edit strength for
background fidelity. Flow methods improve semantic transport and efficiency by constructing paths
between source and target distributions (Kulikov et al.}|2025; Rout et al.| [2025), yet editable support
remains implicit rather than enforced at native coordinates. Discrete autoregressive editing instead
exploits token-distribution differences to localize changes (Wang et al., 2025 Hu et al., 2025), but
its control follows a fixed causal order and does not directly match GRN’s globally revisable gen-
eration (Xie et al.,[2026). In this paper, our proposed RefineEdit uses aligned-trajectory contrast to
route only prompt-sensitive bits to editing and anchor the rest to the evolving source.

3 PRELIMINARIES

Binary image representation. A frozen Hierarchical Binary Quantization (HBQ) tokenizer Eupq
encodes an image I as Y = Eupq (1) € {0,1}V <P, where N is the number of spatial positions and
D is the number of bits per position. Each coordinate (n, d) identifies one bit at spatial position n.

Generative refinement. GRN initializes Y, = Z, where each bit of Z is sampled once as 0 or 1
with equal probability. The same random code is reused throughout refinement. Given the current
binary input Y; and text condition ¢, GRN predicts all binary coordinates in parallel:

P, = softmax(Gy(Y:, ¢, 1)), Y, ~ Cat(FP;). (D

Here, Gy is the frozen GRN Transformer, which outputs two logits per binary coordinate. Softmax

converts these logits into the distribution P;(n, d, -) over {0, 1}. Cat samples each bit of ¥; from its
corresponding distribution.

The next state combines sampled predictions with the fixed random code:

Vg1 =8 0Y+(1-5)62Z, )



Preprint

Next Refinement Step .
Source trajectory
Source prompt: “spiderman on the roof”
ez [—— |
! \
|
o] otz] 030] 030 0] 1] o [ il HB I
ol o] oh GRN 045/ 00 076 059 INAD Combination i folo Q ! I
o[ = o74] 027] 039 0sal Decoder ! |
o 4] 02 ololol olofolo I
1ofofo 078] 041/ 026 | 070) 1ol ] [ }
s LT . Original Image
Current Bits Code Probabilities Sampled Bits [ 117¢ - Next Bits Code Original Image
N N S S5 1 ] o
7 - YiIY] > Y¢ P;/ P§ AN olo[0 ol NoiseZ Yi1 /Y
o[olal1 [ |
I I
ANND 028054 044 049 o ] o o Bit Routing e I I
o GRN_ 055020 076 0.5 ] o o RN Combination 1ofof \\“:“ Kl)"““'“g‘ Decoder } }
o il 0.26/073/061/0.83 ofafof o 1]o]1 rigina | |
i ofo]o 0.78/0.41 025 070 ] AEIENE] | |
Editing Image
Editing prompt: “robot on the roof” Editi N s 8
Next Refinement Step Itlng traleCtory

Not Frozen

082 045 036] 040

s
oss[o o7 o] | | P

. - . .:‘:_ R P
PS(V5 74| 027 030 02| [ 2 . A . .
t(YH 78] 01 026 70
Spatial Mask Adaptive & & &
sl o . Signed Probability meanp (A,) > Topa Spatial Freezing Finite

Y Difference

o
e (Ps f ! A=Pi(TY) - PE(Y) Bitwise Mask Bit Locking B

Pi(ry) o)) Ae> Tpow {’" . c
028 054 044049 R R p ) -
osslozolorsoes| | Pt ® "W 1 ;s b Final Editing Mask
0.26 0.73 0.61 0.83| L - 3 N z'? ': = L JC
078 0.41 026070 i S & s

GRN Refinement Pipeline Editing Trajectory () Source Trajectory (") RefineEdit Control Adopt Mask ® Discard Mask

Figure 3: Overview of RefineEdit. The editing branch inherits the source state at the switch step.
Both branches retain GRN’s global prediction and random refinement, while bit routing selects
editing updates or copies the evolving source state.

where © denotes the element-wise multiplication operator. The selection mask .Sy satisfies Sy , g ~
Bernoulli(Az41): it equals 1 with probability A;41 and 0 otherwise. Thus, A;41 controls the ex-
pected proportion of predictions retained in the next state. As this proportion increases, refinement
moves from random bits toward a complete image. The selection mask S; is resampled at every
step, so a coordinate may return to its initial random value. All coordinates are predicted again at
the next step rather than permanently fixed.

4 METHOD

In this section, we present RefineEdit, a training-free prompt-to-prompt image editing framework
built on GRN. Section ff.T|describes how we derive editing masks from aligned bit probabilities and
use them to route source and editing updates. Section[4.2]introduces spatial and temporal stabiliza-
tion to limit mask expansion and sustain bitwise editing. Figure 3] provides an overview.

4.1 REFINEMENT-GUIDED BIT ROUTING

Given a source prompt ¢’ and an editing prompt c®, RefineEdit first runs source refinement under c°.
At the switch step ¢, we initialize the editing branch from the current source state, Y;° = ¥;*. Both
branches then continue refinement under their corresponding prompts, using the same “fixed random
code Z and refinement schedule. The editing branch therefore inherits the intermediate structure
from the source branch. We use differences between the two branches’ bit probabilities as editing
evidence to identify coordinates that may depart from the source.

Editing evidence. At each editing step, the two branches produce P and Pf with Eq. I 11l We denote
the source-sampled bit at coordinate (n, d) as ¥ n,q = Yt "».q- 1ts signed probability difference is:

At,n,d = Pts(na d, Z/\t,n,d) - Pte(na d, Z/\t,n,d)- 3)

A positive value means that the editing branch assigns less probability to the source-sampled bit,
providing evidence for allowing that coordinate to depart from the source. The branches share the
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same input only at the switch step. During the following refinement steps, the probability differences
reflect both the respective prompts and the evolving branch states. We use these differences to
determine where editing is allowed and which bits may change.

Spatial and bitwise mask selection. We express the two decisions described above through in-
stantaneous spatial and bitwise masks. Averaging the evidence across all D bits at each position

gives the spatial score ¢;, = D! 25:1 Ay n.a- The spatial mask a; € {0,1} and bitwise mask
my € {0,1}V*P are then defined as:

At.n = 1[qt,n > Tspa]a Mt n,d = At,n 1[At,n,d > Tpow}: (4)

where 1[-] equals 1 when its condition holds and 0 otherwise. The spatial threshold selects positions,
while the power threshold determines which bits within those positions receive editing permission.
For a fixed spatial mask and fixed probabilities, lowering 7,0, relaxes bit selection. Changing these
selections alters subsequent branch states and predictions, so bitwise control can also influence later
spatial masks. These masks specify editing permissions, which we apply through source-anchored
routing.

Source-anchored routing. Standard GRN refinement in Eq. produces the next source state ;% 4
and an editing proposal Y, ;. We then route their bits using m;:

Vi =m0 Y+ (1—my) Y. )

Selected coordinates take values from the editing proposal; all other coordinates copy the source
state at the same refinement step. Both branches therefore retain global GRN refinement; the mask
controls which updates enter the next editing state. At the final step, we route the sampled source
and editing predictions and decode the resulting HBQ code, without mixing in Z.

Eq. [ selects masks from the current predictions. As the predictions evolve, the spatial mask may
expand into unrelated regions, and previously selected bits may lose editing permission. Section[4.2]
addresses these issues by two novel techniques before the masks are used in routing.

4.2 MASK STABILIZATION

Adaptive spatial freezing (AdaSF). As mentioned above, mask expansion can introduce changes
in unrelated regions. To address this problem, we adapt the freezing decision to each sample using
its initial editing response. This response determines whether to freeze the spatial mask at the switch
step or continue updating it. It is formulated as:

z : Q(qt n - 7_spa)
Q = n = 1 = ne 2 6
{’I’L | Qt,, }’ r ax(l, |Q|) ) ( )

Here, () contains the positions selected at the switch step, and |(2| is their number. The response r
measures their average score margin above 7y, with 7 = 0 when no position is selected. When
T > Tiy, We retain the initial spatial mask by setting a; = a;, for all t > ¢,. Otherwise, a; continues
to follow Eq. E} We use T, = 27,5, by default.

The decision is made once at the switch step and affects only spatial selection; bitwise selection
and content refinement continue. Even within a frozen spatial mask, changes in bit probabilities can
deactivate previously selected bits.

Finite bit locking (FBL). To reduce these interruptions, FBL retains a bit’s editing permission if it
was selected by the instantaneous bitwise mask in Eq. [ at least once within the latest K steps. This
replaces the instantaneous rule for m, with:

m = max i 1[Aj g > T . 7

bd =m0 100> o) 9

Here, j indexes the latest finite K editing steps, including the current step. The maximum imple-
ments a logical OR over their instantaneous activations. Setting K = 1 recovers the instantaneous
rule. When spatial selection remains adaptive, a recently activated bit may remain editable even
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if its position is excluded by the current spatial mask. Thus, the spatial mask gates instantaneous
activations, while m; also retains recent ones.

Locking preserves editing permission, not the bit value. Selected bits therefore continue to undergo
prediction and random refinement. A bit loses permission once it has not passed the selection tests
for K consecutive steps.

Overall, bit routing, AdaSF, and FBL balance source preservation with continued refinement of
edited content. Bit routing anchors unselected bits to the evolving source, while AdaSF and FBL
address unnecessary mask expansion and interruptions to bitwise editing. The complete training-free
editing procedure is given in Algorithm T]

5 EXPERIMENT

5.1 EXPERIMENTAL SETUPS

Benchmarks. RefineEdit uses a pretrained GRN without additional training and generates images
at 1024 x 1024 resolution. We evaluate it using the source and editing prompt pairs from nine editing
categories of PIE-Bench (Ju et al.| [2024): object replacement, addition and removal, content and
pose modification, color and material modification, background modification, and style transfer. All
prompts are taken directly from PIE-Bench. For each prompt pair, GRN generates a source image
from the source prompt. All baselines edit this same source image using the corresponding editing
prompt, providing a common source reference across methods. We use Grounded-SAM (Ren et al.,
2024) to obtain foreground masks for regional evaluation. These masks are shared across methods
and are separate from the dynamic masks predicted by RefineEdit. Since the baselines produce
512x 512 images in our setup, we resize the GRN source images and RefineEdit outputs to 512 x 512
before evaluation. The evaluation masks are aligned to the same resolution. We additionally evaluate
on EditEval v2 (Huang et al.| |2025) using the same settings from PIE-Bench without retuning.
Details of the PIE-Bench and EditEval v2 evaluations are provided in Appendices and
respectively.

Evaluation Metrics. We evaluate structural consistency, preservation of unedited content, and
alignment with the editing prompt. Structure Distance (Tumanyan et al., 2022)) measures struc-
tural differences between source and edited images. PSNR (Wang et al.,2004), LPIPS (Zhang et al.,
2018), MSE (Wang & Bovik, 2009), and SSIM (Wang et al., 2004) measure content preservation
in unedited regions. We assess semantic alignment using CLIP (Radford et al.l 2021} similarity
between the editing prompt and the edited image, computed over both the whole image and the
designated editing region. We denote these two scores by CLIPg and CLIPqj¢, respectively. All
methods use the same evaluation images, masks, and metric implementations. Metrics details are
provided in Appendix [C.2]

Table 1: Quantitative comparison across nine editing categories of PIE-Bench. Methods are grouped
by generation paradigm. Bold and underlined values indicate the best and second-best results, re-

spectively. Background colors represent a diverging heatmap normalized by performance: for
worst, white for average, and for best.
Method Model Struct. Background Preservation CLIP Sim.
etho ode Dist.] PSNR{T LPIPS| MSE| SSIMT Wholet Editedt
Diffusion Methods
P2P (Hertz et al.|[2023) SD 1.4 0.0572  19.02 0.149 00172  0.771 24.88 2226
MasaCtrI (Cao et al.][2023} SD 1.4 0.0297 2225 0.092  0.0088  0.838 24.30 21.78
Pix2Pix-Zero (Parmar et al.[2023) SD 1.4 0.0798 19.45 0.170 0.0184 0.771 23.94 21.92
PP (Tumanyan et al.J2023} SD 1.5 0.0271  22.80 0.091  0.0074  0.842 25.51 2274
PnP-Directlnv (Ju et al.|2024) SD 1.5 0.0229 2337 0.081  0.0064  0.852 25.57 22.77
LEDits++ (Brack et al.]|2024} SD 1.5 0.0414  20.59 0.100  0.0120  0.820 26.22 23.29
ChordEdit (Cu et al.|[2026] SD-Turbo 0.0266  23.02 0.097  0.0071  0.812 24.94 22.41
Flow Methods
FlowEdit (Kulikov et al.][2025] FLUX.l-dev  0.0162  25.03 0.062  0.0046  0.902 24.85 21.95
RF-Inversion (Rout et al.|2025) FLUX.l-dev  0.0484  19.73 0.176  0.0148  0.711 25.04 22.44
GRN Method
RefineEdit (Ours) GRN 0.0266  30.36 0.032  0.0045  0.950 26.59 23.44
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Comparison Methods. We compare RefineEdit with nine training-free image editing baselines,
grouped by the generative backbones used in our evaluation. Flow baselines include FlowEdit (Ku-
likov et al., [2025) and RF-Inversion (Rout et al., 2025)). Diffusion baselines include MasaCtrl (Cao
et al.l 2023), Prompt-to-Prompt (P2P) (Hertz et al.| |2023), Pix2Pix-Zero Parmar et al.| (2023),
PnP (Tumanyan et al.l [2023), PnP-Dirlnv (Ju et al., 2024), LEDits++ (Brack et al., 2024), and
ChordEdit (Lu et al.| 2026). Comparison methods details are provided in Appendix |C.3]

Implementation details. RefineEdit uses a frozen pretrained GRN without attention control. We
select ¢, Tspa, and T by editing category, while fixing K = 4 and 7y, = 27p,. Each inference
run uses a single NVIDIA A100 GPU. Category-specific settings are provided in Appendix [A.2]

5.2 EXPERIMENTAL RESULTS

Figure [1| presents a qualitatively comparison of representative editing results. RefineEdit replaces
spiderman with a robot while retaining the crouching pose and roof layout. LEDits++ and ChordEdit
alter the pose or roof, whereas FlowEdit largely retains the source appearance. RefineEdit also adds
a goat while preserving the mountain scene, removes sunglasses while retaining the car interior, and
changes a woman’s gaze without disturbing the bouquet. For color editing, it turns the butterfly
green while retaining the surrounding composition. These examples illustrate localized changes
with limited disruption to unrelated content. More qualitatively results are provided in Appendix [E]

Table[I]reports quantitative comparison results over all nine editing categories. RefineEdit achieves
the best scores on all four background-preservation metrics and both CLIP metrics. Compared
with FlowEdit, it improves PSNR by 5.33 dB. Its edited-region CLIP score exceeds LEDits++ by
0.15, while whole-image alignment also ranks first. The gains in MSE and CLIP are modest, and
FlowEdit remains stronger in Structure Distance. Overall, these results show strong preservation
of unedited content without sacrificing alignment with editing prompts. On EditEval v2, Refi-
nekEdit also achieves strong content preservation and competitive alignment with editing prompts

(Appendix [C.4).

5.3 ABLATIONS AND ANALYSIS

Latency. We measure runtime on Table 2: Runtime comparison with two diffusion and
a single NVIDIA A100 GPU. Each two flow editing methods. Type denotes the generation
editing operation is repeated ten paradigm. Time is the average runtime per editing opera-
times, and we report the average run- tion over ten runs, excluding I/O time.

time excluding I/O time. As shown Method Type Resolution  Time (s)J,
in Table 2| RefineEdit takes 26.77 orp Diffoc T .70
. n 1rrusion .

seconds per edit at 1024 x 1024 p b b0 Diffusion 1K 79.65
resolution. Its runtime is compara-

ble to FlowEdit and lower than RF- RF-Inversion Flow 1K 32.05
Inversion, while providing approxi- FlowEdit Flow 1K 27.15
mately threefold speedup over PnP RefineEdit (Ours) GRN 1K 26.77

and PnP-Directlnv.

Effects of hyper-parameters. We qualitatively examine the three core parameters: the switch step 5,
the spatial threshold 7, and the bitwise threshold 74y Figure shows the trade-off in choosing
when to begin editing. Branching too early introduces target semantics before a clear source layout
has emerged, allowing changes to spread into the background. Branching too late better preserves
the source structure but leaves the intended transformation incomplete. This is consistent with a
more established visual state being harder to change and fewer remaining steps for editable target
refinement; the qualitative comparison alone does not distinguish these effects. In Figure[d] ¢, = 18
provides a suitable balance between editability and preservation.

With the switch step fixed, Figure [5] shows how the two thresholds control spatial coverage and
bitwise edit strength. Increasing 7,p,, from left to right reduces the selected region in Figure [5] (b),
leaving more bread unchanged in FigureE] (a). Increasing 7,y from top to bottom reduces the frac-
tion of active bits, producing lighter density maps and weaker edits. The thresholds interact through
refinement: bit selection changes the editing state and the probability evidence used for later spatial
masks. In these examples, stronger bitwise editing also expands the mask, highlighting the balance
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“an [angel -> demon] with wings and a golden light”

PP Y
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Original Image ts =12

Figure 4: Effect of the t,.

ts =24

Earlier branching permits stronger changes but can disturb the back-

ground, whereas later branching retains more source appearance and may leave the edit incomplete.

"bread on a wooden
table with tomatoes
and a napkin”

->

"meat on a wooden
table with tomatoes
and a napkin”

Tspa

Tpow

(a)

(b)

Figure 5: Joint effects of spatial and bitwise thresholds. (a) Edited images. (b) Corresponding bit-
density maps, where darker pixels indicate more active bits. Columns use 7gp, = 0.1,0.2,0.3 from
left to right; rows use 70w = 0.12,0.16, 0.20 from top to bottom.

between editing coverage and background preservation. Controlled quantitative comparisons are

provided in Appendix [A3]

Effects of mask stabilization. Fig-
ure [6] compares variants without
AdaSF or FBL, with other set-
tings unchanged. Without AdaSF,
the editing mask spreads into
the roof and background near
the robot’s hands, introducing un-
wanted changes. Without FBL, the
mask remains more localized, but
the fingers are not fully edited. To-
gether, the two mechanisms bal-
ance spatial control with contin-
ued refinement of edited content.
Quantitative results are provided in

Appendix[A4]

Original Image

-

(a) w/o Adaptive Spatial Freezing  (b) w/o Finite Bit Lock (¢) Full Model
r 3

Spatial Mask _ Bitwise Mask  Spatial Mask ~ Bitwise Mask  Spatial Mask  Bitwise Mask

i b @*@

Figure 6: Qualitative mechanism ablation. Removing freezing
edits the roof around the robot; removing bit locking leaves
the fingers incompletely edited. Spatial masks and bit-density
maps show the corresponding changes in editing support.

[ Roof Preservation
Hand Detail
Bit density: white=0, black=1 *,
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6 CONCLUSION

In this paper, we presented RefineEdit, a training-free framework that adapts GRN to prompt-to-
prompt image editing. Starting from an intermediate source state, it uses aligned bit probability
differences to guide editing while preserving unselected source coordinates. It incorporates two
stabilization techniques, adaptive spatial freezing and finite bit locking. Adaptive spatial freezing
limits unnecessary expansion of the editing region, while finite bit locking keeps recently selected
bits editable across refinement steps, reducing interruptions to the refinement of edited content.
Experiments across nine PIE-Bench editing categories show strong preservation of unedited content
and alignment with editing prompts. These results support our central insight that refinement is
inherently editable: edit localization and content generation can evolve within the same process.
Exploring this insight beyond GRN could open new directions for training-free image editing.
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A IMPLEMENTATION AND HYPERPARAMETER SETTINGS

A.1 Fi1XeED GRN SETTINGS

We use the pretrained GRN-2B text-to-image model with the frozen HBQ tok-
enizer and UMT5-XXL text encoder. All network weights remain fixed. Table [3]lists the shared
inference settings. Images are generated at 1024 x 1024 resolution. The corresponding HBQ code
has 64 x 64 spatial positions and 256 bits per position, obtained from 64 latent channels and four
quantization rounds. Generation starts from random binary labels, with each bit sampled as 0 or 1
with equal probability. The two branches share this initial random code, which is reused whenever
a coordinate returns to a random label. We use separate random generators for source and editing
sampling, seeded with 42 and 43, respectively.

Both branches follow the same global refinement schedule and finish at step 49. For the input to
zero-based step ¢, the nominal prediction-retention ratio is

7t

Ar = 0.95 {1—(}08 (249)} t=0,...,49. (8)

The selection mask is sampled at each step, so its realized prediction fraction can differ slightly from
this nominal ratio. The implementation uses the realized source fraction for the shared progress em-
bedding. At the final step, we decode the sampled predictions after applying source/edit routing,
rather than decoding the intermediate state that still contains random labels. We do not add refine-
ment steps or restart the noise schedule after editing begins. A switch step ¢, therefore leaves 50 — ¢
editing iterations, including the branching step itself.
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Table 3: Fixed GRN settings used for RefineEdit. These settings are shared across editing categories.

Setting Value

Generative backbone GRN-2B, T2I checkpoint 251600

Visual tokenizer HBQ, 64 channels, 4 quantization rounds
Tokenizer checkpoint Image/video tokenizer dated 2026-06-26
Text encoder UMTS-XXL

Generation resolution 1024 x 1024

Spatial code grid 64 x 64

Refinement iterations 50, indexed from O to 49

Classifier-free guidance scale 3.0

Sampling temperature 1.1

Bit sampling Multinomial sampling over {0, 1}
Prediction-retention schedule Cosine schedule, maximum ratio 0.95
Schedule shift 1.0

Source / editing random seeds 421743

Negative prompt Empty string

Inference autocast precision bfloat16

Additional attention control None

Table 4: Category-specific settings used in the quantitative comparison. All categories use K = 4
and Tg, = 2Tgpa.

Subset Editing category Images ts Tepa Tpow
1 Object replacement 80 15 0.013 0.20
2 Object addition 80 15 0.016 0.10
3 Object removal 80 10 0.020 0.16
4 Content modification 40 12 0.016 0.18
5 Pose modification 40 12 0.018 0.16
6 Color modification 40 11 0.020 0.16
7 Material modification 40 16 0.020 0.20
8 Background modification 80 10 0.012 0.16
9 Style transfer 80 6 0.016 0.14

A.2 RefineEdit HYPERPARAMETERS

We select the switch step ¢, spatial threshold 7gp,, and bitwise threshold 7,0 for each editing
category. Table 4] lists the configurations used in the main quantitative comparison. All images
within a category share the same configuration.

FIXED MASK STABILIZATION. We set K = 4 for all categories. A bit selected in any of the latest
four refinement steps remains eligible for editing, but its binary value can continue to change. For
adaptive spatial freezing, we fix the response multiplier to 2, giving 7, = 27gp,. This fixes the
multiplier, not the absolute threshold across categories. If the mean excess spatial response at the
switch step reaches this threshold, we freeze the spatial mask immediately. Otherwise, the mask
remains dynamic through the final step. These mechanisms are evaluated by removing each one
separately, rather than by sweeping their settings.

A.3 CONTROLLED HYPERPARAMETER COMPARISONS

Table 5] reports controlled comparisons for the three core parameters. The switch-step compari-
son uses the object-replacement subset, while the spatial and bitwise threshold comparisons use
the color-modification subset. Each block varies only the indicated parameter. The other two pa-
rameters, random seeds, GRN settings, K = 4, and the adaptive-freezing rule remain fixed. All
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entries are taken from completed grid runs, with the means verified against their per-image evalua-
tion records. These are slices of the existing search, not additional runs.

SWITCH STEP. Later branching improves background preservation in this comparison, while both
CLIP scores decrease. This supports a trade-off between retaining source structure and allowing
target changes. Because the endpoint stays fixed, changing ¢s changes both the inherited source
state and the number of editing iterations. These results do not isolate either factor as the sole cause.

SPATIAL THRESHOLD. On the color-modification subset, increasing gy, improves background
preservation but lowers edited-region CLIP. This illustrates the trade-off between restricting spatial
selection and allowing the requested semantic change. The comparison uses the full AdaSF rule, so
Tz SCales with 7gp,.

BITWISE THRESHOLD. Increasing 7, restricts the bits eligible for editing at each selected po-
sition. In this comparison, all reported background metrics improve, but both whole-image and
edited-region CLIP decrease. Stricter bit selection therefore favors source preservation at the ex-
pense of semantic editing.

A.4 MECHANISM ABLATIONS

We evaluate AdaSF and FBL on the object-replacement subset by disabling one mechanism at a
time. Without AdaSF, the spatial mask is updated at every step, with FBL still enabled. Without
FBL, only the current step’s candidate bits remain active, equivalent to K = 1, with AdaSF still
enabled. All other settings remain unchanged. Figure [6] and Table [6] present the qualitative and
quantitative comparisons, respectively.

Removing FBL improves background preservation but lowers both CLIP scores, indicating that re-
taining recent bit activations supports semantic editing. Removing AdaSF improves CLIP scores at
the cost of background preservation and structural consistency. These results illustrate their comple-
mentary roles: AdaSF restricts unwanted spatial expansion, and FBL sustains editing activity across
refinement steps.

Table 5: Representative controlled parameter comparisons. The switch-step comparison uses the
object-replacement subset, and the threshold comparisons use the color-modification subset. Only
one input hyperparameter varies within each block, with AdaSF and FBL enabled. Background
metrics are evaluated outside the reference edit mask. Higher PSNR, SSIM, and CLIP and lower
LPIPS are better.

Hyperparameters Background Preservation CLIP Similarity
ts Tspa Tpow PSNR?T LPIPS| SSIMt Wholet Edited?
Varying the switch step
15 0.016 0.14 26.08 0.042 0.939 26.04 20.12
18 0.016 0.14 29.18 0.027 0.959 25.05 19.33
20 0.016 0.14 31.14 0.019 0.969 24.34 18.57
Varying the spatial threshold
14 0.010 0.12 29.11 0.031 0.948 26.73 21.95
14 0.014 0.12 33.25 0.023 0.965 26.54 21.55
14 0.020 0.12 36.49 0.018 0.976 26.42 21.35
Varying the bitwise threshold
13 0.010 0.09 26.92 0.037 0.937 27.36 22.46
13 0.010 0.12 28.67 0.031 0.950 27.07 22.24
13 0.010 0.16 31.11 0.023 0.965 26.87 21.69
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Table 6: Mechanism ablations on the object-replacement subset. Each variant disables one mecha-
nism while keeping the other settings unchanged. Arrows indicate the better direction.

Method Structure Background Preservation CLIP Similarity
Distance PSNR?T LPIPS| SSIM?t Wholet Edited{

Full model 0.028 30.04 0.044 0.932 26.48 23.17

w/o Finite Bit Locking 0.028 31.04 0.041 0.938 26.34 23.01

w/o Adaptive Spatial Freezing 0.033 28.76 0.050 0.920 26.59 23.44

B USER STUDY

We conducted a user study with 20 participants 10.50%

to evaluate human preferences for our editing re- chordedg

sults against those of LEDits++, FlowEdit, and 11.50%

ChordEdit. The study comprised 20 sets of edit- Loy

Proportion 60.25%

ing results (400 votes in total) randomly sampled
of Votes Ours

from a pool spanning all editing categories. As
. . . .. 17.75%
illustrated in Fig.[8] participants were shown four Nowedit
candidate results with the method names hidden
and asked to select the best one. As shown in
Fig.[7} our method received a higher proportion

of preference votes than each baseline. Figure 7: Human preference results
from the user study.

Image Editing Quality Study -

Original image

Changed phrases are highlighted

a dog lying on the grass
a dog lying on the grass with
flowers

Select the highest-quality editing result

conseaeresitiocanine. [

Figure 8: User study interface.
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Table 7: Composition of our PIE-Bench-derived evaluation set. Examples summarize the edits
illustrated in Fig. 0]

Category Samples Description and example

Object replacement 80 Replace an object with another category, such as cars with boats.

Object addition 80 Introduce a new object, such as flowers on the grass beside a dog.

Object removal 80 Remove an existing object, such as a rose held by a teddy bear.

Content modification 40 Modify an object’s attributes or internal appearance, such as adding black
and yellow stripes to a tie.

Pose modification 40 Change an object’s pose, action, or orientation, such as making a girl look
toward the camera.

Color modification 40 Change an object’s color, such as turning a white kitten yellow.

Material modification 40 Change an object’s material appearance, such as giving a person a golden
appearance.

Background modifica- 80 Change the surrounding scene, such as replacing a beach view with a

tion garden.

Style transfer 80 Change the image’s overall visual style, such as converting a photograph

into a watercolor painting.

C EVALUATION DETAILS

C.1 DATASET

We construct a generation-to-editing evaluation set from PIE-Bench, containing 560 prompt pairs
across nine editing categories. Each pair consists of a source prompt and an editing prompt that
specifies the desired change. Table [7]summarizes the categories and their sample counts.

For each source prompt, we use GRN to generate a source image at 1024 x 1024 resolution. Re-
fineEdit edits the corresponding generation trajectory, while all baselines receive the same source
image. This shared source ensures that content preservation is evaluated against the same refer-
ence across methods. The source image serves as the reference for preservation, rather than as a
ground-truth edited target.

We use Grounded-SAM to obtain source-aligned region annotations for evaluation. The reference
editing masks specify which regions may change and are distinct from the masks predicted by Refi-
neEdit. They are used only for evaluation and are not provided to our method during inference.

Before evaluation, source and edited images are resized to 512 x 512 using interpolation. Reference
masks are decoded at their encoded resolution and resized using nearest-neighbor interpolation to
preserve their binary values. This protocol standardizes the evaluation resolution across methods.

Figure 9] presents one example from each category, including the prompt change, source image, and
outputs from RefineEdit and representative baselines. These examples cover both localized object
edits and broader changes to the scene or style.

C.2 EVALUATION METRICS

We evaluate structural consistency, preservation of unedited content, and alignment with the editing
prompt. Let I° and I° denote the source and edited RGB images, and let c® denote the editing
prompt. Let M € {0, 1}7>W be the reference editing mask, where M = 1 indicates an editable
region. The images used to evaluate preservation are

U=(1-M)oI*, V=(01-MoI, 9)

where the mask is broadcast across RGB channels. Thus, editable regions are set to zero in both
images.

Although we refer to these measures as background preservation, they evaluate all content outside
the editing mask. For background modification, this preserved content may instead be the fore-
ground subject.
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original -> editing prompt: “[cars -> boats] driving on a highway at sunset”

| T — =
B H “ - h “

“a dog lying on the grass [with flowers]"”

/;. /;! I_))i

"a teddy bear sitting on a box [with-a-rose]”

£ 8

“a man wearing a [tie -> black and yellow stripes tie]”

Subset: change sth's content
[ i [ !g B i L | i .

“a young girl in traditional clothing making bread [looking at the camera]”

Subset: add object

_—

Subset: delete object

N

Subset: change sth'’s pose

Subset: change sth's color

Subset: change sth’s material

Subset: change background

Subset: change style

Figure 9: Examples from the nine editing categories. Each row shows a source image and the
corresponding results from RefineEdit, LEDits++, FlowEdit, and ChordEdit. Prompt annotations
indicate the content to replace, add, or remove.
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STRUCTURE DISTANCE. (TUMANYAN ET AL., [2022)) Structure Distance measures changes in
the relationships between image tokens using a pretrained DINO ViT-B/8. Let k;(I) denote the
concatenated attention-key features of token 7 from the final Transformer layer, following the pre-
processing used by our evaluation implementation. The token self-similarity matrix is

ki(1) "k (1)
max(||k; (I)]|2]/k; (I)]l2,€)’

where e ensures numerical stability. Structure Distance is the mean squared difference between the
source and edited self-similarity matrices:

Ai;(I) = (10)

[M]=

T
1
Dstructure = ﬁ E (Az](lg) - Aij(le))Q, (1 1)
=1 j=1

where 7' is the number of image tokens, including the class token used by the implementation. This
metric is computed on the full images. Lower values indicate stronger structural consistency.

MEAN SQUARED ERROR (MSE). (WANG & BOVIK,|2009) MSE measures pixel differences in
the masked preservation images. With RGB values normalized to [0, 1], it is computed as

3
MSE = ——— > (Unwe = Viwe)” - (12)

Following the evaluation implementation, the denominator is the size of the full RGB image, rather
than the number of unmasked coordinates. Lower values indicate better preservation.

PEAK SIGNAL-TO-NOISE RATIO (PSNR). (WANG ET AL.,|2004) PSNR expresses pixel recon-
struction fidelity on a logarithmic scale. For images normalized to [0, 1], it is

PSNR = 101log;, ( (13)

1
MSE /’
where MSE is defined in Eq. Higher PSNR indicates better preservation of the source content.

LEARNED PERCEPTUAL IMAGE PATCH SIMILARITY (LPIPS). (ZHANG ET AL.,|2018)) LPIPS
measures perceptual differences using pretrained visual features. We use the SqueezeNet implemen-
tation. Let ¢4 (U)pq and ¢¢(V)pe be the channel-normalized features at layer ¢ and spatial position
(h,w). LPIPS is

1
LPIPS = 22: m hz w; (¢€(U)h1u - ¢€(V)hw)®2 ; (14)

where w, contains learned channel weights and ©2 denotes element-wise squaring. The masked
images are mapped from [0, 1] to [—1, 1] before LPIPS preprocessing. The metric is evaluated on
the complete masked images, without additional normalization by the preserved area. Lower values
indicate greater perceptual similarity.

STRUCTURAL SIMILARITY INDEX MEASURE (SSIM). (WANG ET AL.,|2004) SSIM compares
local luminance, contrast, and structure. For corresponding local windows « and v from U and V/,

(QMUMU + Cl)(2auv + CQ)

IM =
SSIM (u, v) (12 + p2 + C1) (02 + 02 + Cy)’

15)

where p,, and ., are local means, 05 and 05 are local variances, and o, is their covariance. For the
unit intensity range, we use C; = 0.012 and Cy = 0.032. Local statistics use an 11 x 11 Gaussian
window with standard deviation 1.5. The final score averages the local SSIM values over the masked
images and RGB channels. Higher values indicate better preservation.
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CLIP SIMILARITY. (RADFORD ET AL.,|2021)) We measure semantic alignment using CLIP ViT-
L/14. Let f; and fp denote its image and text encoders, including their respective preprocessing.
The image-text score is

(16)

C(I,c) = 100 max (O f1)! fr(c) ) .

(D2 fr(e)ll2

We report alignment with the editing prompt for both the full image and the edited region:
CLIP,, = C(I¢,c%), CLIPogit = C(M © I¢,¢°). 17)

For edited-region CLIP, pixels outside the reference editing mask are set to black before CLIP pre-
processing; the image is not cropped to the mask’s bounding box. Both scores use the complete
editing prompt. Higher values indicate stronger target alignment.

The evaluator additionally records source-image alignment, C'(I®,c®), where ¢® is the source
prompt. This score describes the generated source image and is not an editing-performance measure.

AGGREGATION. Metrics are computed per image and averaged over finite values using the same
rule for all methods. For metric m, let V,;, contain samples with finite scores. The reported mean is

_ 1

Each valid image receives equal weight, rather than each category. Undefined scores and infinite
PSNR values are excluded, not replaced by zero. Valid counts can therefore differ across metrics
and methods. PSNR is averaged per image, rather than computed from the pooled MSE.

C.3 COMPARED METHODS

We compare RefineEdit with nine training-free editing methods based on pretrained diffusion or
rectified-flow models. We group the baselines by the generative backbones used in our evaluation.
Diffusion methods use SD 1.4, SD 1.5, or SD-Turbo, while flow methods use FLUX.1-dev.

Diffusion Editing Methods

PROMPT-TO-PROMPT (P2P). (HERTZ ET AL., 2023) Prompt-to-Prompt controls the cross-
attention maps that connect text tokens to image regions. By replacing, retaining, or reweighting
these maps during generation, it introduces changes specified by the editing prompt while preserv-
ing the source layout.

MASACTRL. (CAO ET AL., [2023) MasaCtrl replaces diffusion self-attention with mutual self-
attention, allowing the editing branch to retrieve related content and textures from the source branch.
Masks derived from cross-attention help distinguish foreground from background and reduce incor-
rect feature matching. This supports changes in pose and shape while preserving the source object’s
appearance.

P1X2PIxX-ZERO. (PARMAR ET AL.,|2023)) Pix2Pix-Zero represents a semantic edit as a direction
in the text-embedding space. It uses cross-attention guidance to retain the source attention maps
during editing, helping preserve content outside the intended change. The method requires no task-
specific training.

PLUG-AND-PLAY (PNP). (TUMANYAN ET AL., |2023)) PnP extracts spatial features and self-
attention information from the source diffusion trajectory and injects them into generation condi-
tioned on the editing prompt. These features preserve the source layout while the editing prompt
guides changes in appearance. The method requires no additional training or fine-tuning.

PNP WITH DIRECT INVERSION (PNP-DIRINV). (JU ET AL.,|2024)) This baseline combines PnP
with Direct Inversion, which separates source reconstruction from editing. The source branch pre-
serves the input, while the editing branch introduces the requested changes. PnP provides additional
structure control through feature injection. We evaluate this combination separately from standard
PnP.
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LEDITS++. (BRACK ET AL.,[2024]) LEDits++ combines an efficient, optimization-free inversion
procedure with semantic editing guidance. Its implicit masks restrict changes to relevant image
regions. The framework also supports multiple simultaneous edits.

CHORDEDIT. (LUET AL.,[2026) ChordEdit formulates editing as transport between distributions
defined by the source and editing prompts. Using dynamic optimal transport, it derives a smoothed,
low-energy editing field that reduces trajectory variance. This enables editing through a single large
integration step without additional training. We evaluate ChordEdit with the SD-Turbo backbone.

Flow Editing Methods

FLOWEDIT. (KULIKOV ET AL.,[2025) FlowEdit constructs an ordinary differential equation that
directly transports images between distributions defined by the source and editing prompts. It com-
bines the corresponding model fields to form an editing trajectory without first recovering a noise
latent. The method requires neither inversion nor test-time optimization.

RF-INVERSION. (ROUT ET AL., |2025) RF-Inversion supports reconstruction and editing with
pretrained rectified-flow models. It derives a controlled inversion field using a linear quadratic regu-
lator and relates the resulting dynamics to a rectified stochastic differential equation. The controlled
trajectory enables editing while retaining source content, without additional model training.

C.4 CROSS-DATASET EVALUATION ON EDITEVAL v2

Evaluation setup. 'We conduct an additional evaluation on EditEval v2 (Huang et al.,[2025) to as-
sess whether the category-specific settings selected on PIE-Bench transfer to another dataset without
retuning. EditEval v2 contains 150 source and editing prompt pairs across seven categories: object
replacement, object addition, object removal, action change, texture change, background change,
and style change. Each category uses the corresponding PIE-Bench configuration in Table[d] Action
and texture changes use the settings for pose and material modification, respectively. All other GRN
settings remain unchanged.

We follow the generation-to-editing protocol described in Appendix GRN generates a source
image from each source prompt, and all methods edit this same image using the editing prompt.
Thus, the evaluation uses EditEval prompt pairs with source images produced by GRN, rather than
the original benchmark photographs. Image preprocessing, regional evaluation, and metric aggrega-
tion follow the same protocol as our PIE-Bench experiments.

Results. Table |8 highlights the balance between content preservation and semantic editing. Refi-
neEdit achieves the best PSNR, LPIPS, and SSIM, together with the second-best whole-image and
edited-region CLIP scores among the evaluated methods. Although LEDits++ achieves higher CLIP
scores, this advantage is accompanied by substantially poorer performance on all four background-
preservation metrics. FlowEdit obtains lower Structure Distance and MSE, but shows weaker align-
ment with editing prompts and lower preservation performance on PSNR, LPIPS, and SSIM. In
comparison, RefineEdit combines competitive prompt alignment with leading performance on three
complementary preservation metrics. This balance is maintained on EditEval using the PIE-Bench
settings without retuning, supporting their transferability across datasets.

D ALGORITHM OF RefineEdit

Algorithm|l|summarizes RefineEdit using the notation introduced in the main text. SampleBits(P)
samples each binary coordinate from its predicted distribution over {0, 1}. Bernoulli sampling is
applied independently to each coordinate. The two branches share a fixed random code Z and the
same refinement schedule, but use separate random streams. For brevity, Gy includes the standard
GRN inference settings for guidance and temperature. The decoder D includes conversion from
HBAQ bits to image features.

The algorithm performs 7" prediction steps indexed from 0 to T'—1. For ¢ < T'—1, A,y controls the
prediction fraction used to construct the next input. At¢ = 7' — 1, we update the editing mask and
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Table 8:

metric, from

for best.

Quantitative comparison across seven editing categories of EditEval v2 under our
generation-to-editing protocol. RefineEdit reuses the corresponding PIE-Bench settings without
retuning. Methods are grouped by generation paradigm. Bold and underlined values indicate the
best and second-best results, respectively. Cell colors indicate normalized performance within each
for worst through white to

Method Model Stg‘uct. Background Preservation CLIP Sim:
Dist., PSNRT LPIPS| MSE| SSIMt Wholet Editedt

Diffusion Methods

P2p SD 14 0.049 17.97 0.168 0.0198 0.701 23.89 20.37

MasaCtrl SD 14 0.028 20.76 0.105 0.0112 0.776 22.85 19.64

Pix2Pix-Zero SD 14 0.079 16.90 0.228 0.0278 0.677 23.15 19.58

PnP SD 1.5 0.025 20.60 0.109 0.0107 0.773 24.33 20.69

PnP-Directlnv SD 1.5 0.024 20.82 0.108 0.0103 0.774 24.45 20.69

LEDits++ SD 1.5 0.044 18.94 0.124 0.0158 0.750 25.74 21.64

ChordEdit SD-Turbo 0.030 20.40 0.139 0.0120 0.717 24.00 20.22
Flow Methods

FlowEdit FLUX.1-dev 0.019 22.06 0.092 0.0083 0.843 23.72 20.05

RF-Inversion FLUX.1-dev 0.045 18.07 0.228 0.0195 0.610 23.59 20.06
GRN Method

RefineEdit (Ours)  GRN 0.030 24.60 0.065 0.0112 0.892 25.12 21.19

directly decode the routed sampled predictions, without constructing another input state or using
Ar. In the algorithm, a; denotes spatial selection before freezing, and m; denotes instantaneous
bit selection before locking. The initial response r is computed once at ¢, and remains unchanged

throughout subsequent steps.
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Algorithm 1: RefineEdit: Training-Free Prompt-to-Prompt Image Editing

Input: Frozen GRN Gy and HBQ decoder D; source prompt ¢® and editing prompt ¢*; total prediction
steps T > 2, switch step 0 < ts < T', and prediction-ratio schedule {\:}_! with Ao = 0;
thresholds Tspa, Tpow, and 7e,; bit-lock duration K > 1.

Output: Source image /° and edited image 1°.

1 Z,,q ~ Bernoulli(1/2) for every binary coordinate (n, d);
2 Y5+ Z;
// Source-only refinement
3 fort=0,...,ts —1do
4 P? «+ softmax(Go (Y, %, 1)) ; // Eq.
5 f’ts + SampleBits(P;);
6 St n,a ~ Bernoulli(As11);
7| Yo« SioY+(1-8)0Z; // Eq. [
8 YS <Y, // Shared-state branching; Sec.
// Coupled edit localization and refinement
9 fort=ts,..., T —1do
10 for u € {s,e} do
11 P «+ softmax(Go (Y, c" 1)) ; // Eq.
Y + SampleBits(P});
// Compare probabilities of the same source-sampled bit
13 @\t,n,d <~ Y:n,d;

14 At,n,d — Pts(na d, :/y\t,n,d) - Pte(nv d, i/\tan7d) B // Eq.
15 qt,n — % ZdD:1 At,n,d;
16 at,n — 1[qt,n > Tspa] 5 // Eq. E

// AdaSF: compute the initial response only once
17 if t = ¢ then
18 L Q< {n|a,n=1}

R // ea. [f

// Rpply the fixed freezing decision at every editing step
20 if » > 74, then

21 ‘ at < Qi 3 // Reuse the initial spatial mask
22 else
23 L as < Q¢ ; // Use the current spatial mask
24 Mt n,d < Qt,n ]-[At,n,d > Tpow] 5 // Eq.
// FBL: retain recent editing permissions
t _—
25 me < \/j:max(ts,thJrn mj; // Eq.

// Construct the next input only before the final step
26 ift <T — 1 then

27 for u € {s,e} do

28 St'n.a ~ Bernoulli(As11);

29 Vi, < StoYr+(1-SM0eZ; /) 5a [
30 Yo« 1~/ts-|-1; _

3 Vi e me O Y5 + (1 -me) 0¥ // Eq.

// Decode final sampled predictions without mixing with Z
32 I« DYi_,):
33 [° «+ D(mT,1 ® i}f_l + (1 — mTfl) ® ?7%—1);
34 return I°, ¢
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E ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative comparisons across the nine editing categories in our evaluation
set. Figures show how different methods introduce the requested changes while preserving
content unrelated to the editing prompt. These examples complement the quantitative evaluation in
the main text.

“[fishes -> sharks] in the ocean”

- S -
o = v

o i o
Fves

“a gfrl v;/ith black hair ar;d a white shirt i holding a [phone -> coffee]".

(a) Original (b) Ours (¢) LEDits++  (d) FlowEdit () ChordEdit

Figure 10: Qualitative comparison on object replacement. The editing prompt replaces a source
object with another category while leaving unrelated scene content unchanged.
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"a pink zebra [and a cat] painted on a wall”

“a painting of a waterfall [and angels] in the mountains”
» v, == , -

e CGSa

on unsurfced road [with a rock on the rond]"

(a) Original (b) Ours (¢) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 11: Qualitative comparison on object addition. The task introduces new objects specified by
the editing prompt while preserving existing content and integrating the additions into the scene.
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“a girl in red dress standing in a field [surreunded-by-balleens]”

& R¥)
0. Q. ¥ ta "

. e 4% "’_’::%

“two cups of coffee [with-aleaf-design] on the top, coffee beans”

N

(a) Original (b) Ours (c) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 12: Qualitative comparison on object removal. The specified object should be removed and
its former region filled coherently, without unnecessary changes elsewhere.
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“painting of a [shepherd -> poodle] dog sitting in a laundry room next to a washing machine”

—

b | s N

(a) Original (b) Ours (c) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 13: Qualitative comparison on content modification. The task changes an object’s attributes
or internal appearance, such as its expression or pattern, while retaining unrelated object and scene
characteristics.
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“a light brown bear [sitting -> stand] on the ground”

“a woman in a hat and dress [walking -> running] down a path at sunset”

“anime, the garden, pink, flowers, trees, [curving] path”

B »,
e 4

= 7 4

Ll ——

(a) Original (b) Ours (c) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 14: Qualitative comparison on pose modification. The editing prompt changes a subject’s
pose, action, or orientation. Successful editing requires the corresponding structural changes while
maintaining a coherent subject and scene.
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“a [brown -> black] bear is sleeping with a sign that says no sleep”

Wer- X Ke, v 4 Dhe S #

“a [black and white -> colorful and detailed] drawing of a woman with long hair”

T \| [0

“a [brown -> golden] cabin in the snow near a lake”

3

(a) Original (b) Ours (c) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 15: Qualitative comparison on color modification. The specified color change should remain
localized to the target object while preserving its shape and the appearance of unrelated regions.
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“a [woman -> golden woman sculpture] in a kimono standing in a river”

(a) Original (b) Ours (¢) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 16: Qualitative comparison on material modification. The task changes the target object’s
material appearance, including its texture and reflectance, while retaining its overall form and sur-
rounding content.
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“a colorful cat with splashes of paint on its head [with a blue background]”

‘ 4.‘ b s
ik 4" et
N 2 el

S

“a man in a white shirt standing in front of [trees -> mountains]”

"a man is sitting at a desk [in a chaotic office]”
sva
g

"a brown dog with a collar on is looking at the camera [on the grass -> in the water]”
- .

"a field with [mountains -> cities] in the background”

(a) Original (b) Ours (¢) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 17: Qualitative comparison on background modification. The surrounding scene is changed
according to the editing prompt, while the foreground subject should remain consistent with the
source image.
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“a [cartoon -> watercolor] giraffe sitting down on a white background”

- ST - ”

“a [anime] bird is perched on a branch with blue flowers"

(a) Original (b) Ours (c) LEDits++ (d) FlowEdit (e) ChordEdit

Figure 18: Qualitative comparison on style transfer. The target style is applied across the image
while preserving recognizable scene content and composition. Unlike localized editing, this task
permits changes throughout the image.
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