Low-Resolution Editing is All You Need for High-Resolution Editing

Supplementary Material

A. Pseudo-code of ScaleEdit

We provide an abstract overview of the proposed method by
outlining its core procedure in Algorithm 1.

Algorithm 1 ScaleEdit

1: Inputs: Conditioning images Iigh, 1o, [1oW hyper-
parameter 7
/I 1. Forward process
:fori<1,--- NMdo
Get {x S i] o, {x il } o, {y1" i} g
%r[i] X2, §rli] < yi2v i
: end for
/1 2. Transfer function optimization
6: fort < T,--- 1, i+ 1,--- , NM do
7: if t < 7 then
8: Optimize ¢¢ using Eq. (6)
9: Aht [Z] — ¢9 (ht [’L], t)

10: else

11: Ahfi] - 0

12: end if

13: Get X;_1]t] using Eq. (7)
14: end for

/1 3. Detail injection with synchronization
15: fort < T,--- ,1do
16: Get y;—1[i] usingEq. Q) for1 <i < NM
17: if ¢ < 7 then
18: Gety;*P[i] using Eq. (13) for1 <i < NM
19: Get §;—1[i] using Eq. (14) for1 <i < NM
20: end if
21: end for
22: IMEY ¢ Decode(Composite({Fo[i] }NA))

ref .
23: Output: Target image Irh;fgh

B. Detailed explanation on synchronization

To synchronize adjacent patches, we introduce an auxiliary
latent A.[,7¢ + 1], constructed by spatially blending the
bottom half of §;°"[i] and the upper half of y;""[i + 1] at
timestep ¢. Since each patch is denoised independently, their
latent trajectories may diverge, often producing visible dis-
continuities along their boundary. However, A[i,i + 1]
contains the boundary region, and therefore its Tweedie esti-
mate may naturally captures a smoother transition between
the two patches. By blending the Tweedie estimate of an
auxiliary patch with those of the original patches, the bound-
ary between neighboring patches becomes more coherent,
reducing artifacts and enhancing spatial continuity.

For the spatial blending, we first apply Eq. (2) to obtain
the original patches’ Tweedie estimates:

XLy + 1] = Xo(Ay[i, i + 1], 1) (15)
%;0li] = %o(F1P[i], 1). (16)

Then we define L(%X:0li],x3"%[i,¢ + 1]), a blended
Tweedie estimate that is used to swap the X term in Eq. (1)
during the reverse process of y;°"[i]. Let 77 be the vertical
translation operator defined in [0, H,] x [0, W} as follows:

0, 0<v< Hpy/2,

(17)
f(u,'u - HP/2)7 HP/Q S v S HP’

-

where W), and H, denote the patch width and height, respec-
tively. Thus, T1X3"%[i,7 + 1] repositions X3%[¢, ¢ + 1] so
that its top edge aligns with the midpoint of X;_,¢[¢]. Then
we define a spatial weight mask M (u, v, t) for smooth tran-

sition across the overlap:

M, ( ) 0, 0<v< Hy/2,
1\u, v, = v—Hp/2
a2 (1- 1), Hy/2<v<H,
(18)
The blended Tweedie estimate is then computed as
L(ﬁtao[l]vf{?go[%l‘k 1]) (19)

=(1—-M) O Xiolt] + My © Tix5 (6,4 + 1].

For the rest of the paragraph, we detail the case of y;°"[i +
1]. Let T2 and Ma(u, v, t) defined in the vertically-flipped

manner compared to 77 and M (u, v, t):

H,/2), 0<v<H,/2

Tof (u,v) = flu,v+ Hy/2), 0<v<Hy/ 0

0; Hp/2<’[}<Hp’

H,/2—v ¢

o (1—-1%), 0<v<H,/2

MQ(U,U,t): Hy/2 ( 7—)7 <v < 1/
0, H,/2 <v < Hp,.
(21)

Subsequently, the blended Tweedie estimate is calculated as:

L(Xeoli 4 1], %54, i + 1)) (22)
= (1 —=Ms) ©X¢oli + 1] + Mo @ Tox3W5[4,¢ + 1].

C. Implementation details

Latent decoding. After denoising N x M latent patches,
we first merge them into a single latent tensor. The merged
latent is then passed through the pretrained VAE decoder [1]

to obtain the final high-resolution image I rhc‘fh.



Adaptation to Stable Diffusion. For Stable Diffusion [8]
v2.1-base, the upsampling path of the U-Net [9] consists of
four upsampling blocks, each composed of three sub-blocks.
We insert a 1 x 1 convolution layer into the last sub-block
of each upsampling block, resulting in four additional 1 x 1
convolution layers in total.

Adaptation to FLUX. For FLUX.1-dev [2], we attach the
detail enhancement module to the linear layer located imme-
diately after the last single-stream block, which is followed
by a Layer Normalization operation. Since FLUX is based
on flow matching [3, 4], we apply ScaleEdit with several
additional modifications. The forward and reverse processes
follow deterministic ODE dynamics, defined as:

Xp1 =X+ (0 —00) - ve(xYL 1), (23)

X =X + (04-1 — o) - ve (x5, 1), (24)
where vy (-, -) denotes the pretrained vector field prediction
network. The clean data sample is estimated as:

)A{O(Xt7 t) = Xt — O'tVH(Xtv t)a (25)

which corresponds to the Tweedie estimate in diffusion mod-
els. In addition, the reverse process using the blended la-
tent differs from that of diffusion models. We calculate
the blended latent L(X;_,0[¢], X3"%,[¢, % + 1]) using the same
blending operation described in Sec. 4.5.1 of the main paper,
which corresponds to the blended Tweedie estimate in dif-
fusion models. We then compute the modified vector field
using the blended latent as follows:

NI (iUELL SO = TXES) R

Finally, we perform the reverse process using the modified
vector field:

Ve-1li] = FPli] + (001 —o0) V(O[] @27

In practice, to achieve accurate reconstruction, we cache the
output of each attention layer in the forward process and
reuse it in the reverse process.

D. Additional ablation studies

Impact of hyperparameter 7. As described in Algo-
rithm 1, ScaleEdit utilizes a hyperparameter 7. To inves-
tigate its effect, we conduct an ablation study by varying 7 in
15,25, 35 and evaluate the results using the same metrics as
the main experiment on a set of 60 (image, instruction) pairs.
As shown in Table 2, the default setting 7 = 15 achieves the
best performance across all configurations.

Table 2. Ablation study on 7 values.

7 HaarPSI1T M-MSE| M-SSIM1T M-PSNR?1 LPIPS |

15 0.335 0.042 0.573 17.430 0.472
25 0.326 0.043 0.561 17.097 0.471
35 0.308 0.044 0.537 16.308 0.496

Ablation on the design choice of transfer function. We
first analyze the effect of layers by varying the index of the
sub-block used within each block of the U-Net [9] that are
used for the detail transfer module. Specifically, for each
stage (down/middle/up), we select N-th sub-block from all
blocks in that stage. Variant of ¢y is also evaluated by re-
placing the convolution with constant mapping. Evalua-
tion is conducted using a total of 60 (image, instruction)
pairs. Tab. 3 shows our design (Up #3) performs best; while
maintaining the overall perceptual similarity (measured by
LPIPS [11]), it also preserves the intended editing effects
(quantified by CLIP-Sim [7] between target image and target
prompt). Alternatives still outperform most baselines but
fall short. Since the last (3rd) sub-blocks in up stage operate
at high-resolution, they are most effective at transferring
fine-grained details needed for high-resolution generation.

Table 3. Ablation study on design of detail transfer module.
Method Down #1 Down #2 Middle Up #1 Up#2 Up #3 Constant
LPIPS | 0.1718  0.1746 0.1913 0.1648 0.1663 0.1648 0.1781
CLIP-Sim. T 0.2676  0.2677 0.2674 0.2681 0.2681 0.2684 0.2683

Ablation on synchronization strategy. In Figure 8, we
illustrate the effect of the proposed synchronization method.
As shown, naive patch sampling without synchronization
brings noticeable edge artifacts along patch boundaries,
whereas our method effectively mitigates these artifacts.

E. Receptive field of generative models

In this work, we leverage a low-resolution image genera-
tion model to perform high-resolution image editing in a
patch-wise manner. Although FreeScale [6] modifies inter-
nal components of a low-resolution diffusion model (e.g.
via dilated convolutions) to generate high-resolution out-
puts, such architectural changes do not guarantee a strong
high-resolution image prior, as the model is not trained on
high-resolution image datasets.

In contrast, our patch-wise approach is well-suited for
extracting detailed information. Each patch matches the
resolution of the low-resolution model’s receptive field (e.g.
512 x 512 for the pretrained Stable Diffusion [8]), enabling
faithful detail reconstruction without modifying the under-
lying generator. The main challenge in the modified frame-
work lies in generating details that the model was not orig-
inally trained to produce. For these reasons, we adopt a
patch-wise strategy grounded in low-resolution image priors
instead of modifying diffusion architectures to synthesize
high-resolution content directly.



F. Additional results

We show the additional results of ScaleEdit in Figure 7 and
9. Figure 7 shows that our method is even applicable to
transformer-based [10] FLUX model [2], demonstrating the
robustness and generalizability of our method across back-
bone architectures. Then, we show the additional 1K- and
2K-editing results obtained with the pretrained Stable Dif-
fusion [8] in Figure 9. We emphasize that the proposed
method effectively transfers the fine-grained details of the
source image into the target image.

Source (1K)

Ours ( lK) Source (Zoomed) Ours (Zoomed)

7 “Replace the fox ith a wolf standing in the forest.”
Figure 7. [Best visualized when magnified.] Qualitative results of
our method combined with the pretrained FLUX.1-dev [2] model.

G. Discussion on computational cost

We evaluate the computational efficiency of our method
against baselines in terms of runtime and GPU memory
usage using a single NVIDIA A6000 GPU on 1K-editing
scenario. While baselines in half-precision typically re-
quire 0.74-88.06 seconds and 8.40-36.00 GB of VRAM,
our method currently operates in full-precision to ensure
numerical stability during optimization, requiring 20.29 GB.
Although our method currently has a higher overhead, we
anticipate that further refinement of the implementation will
enable comparable efficiency in half-precision without com-
promising performance.

We also note that our framework is compatible with Null-
text Inversion (NTI) [5] for accurate reconstruction. The
runtime without and with NTT are 234.77 and 635.51 sec-
onds, respectively; we clarify that latter case’s overhead
is mainly due to NTI’s iterative optimization rather than
our core components. Ultimately, these results represent a
justifiable trade-off for the state-of-the-art performance our
method achieves in Table 1 and Figure 4, consistently out-
performing baselines in high-resolution image editing. Note
that for the evaluation results reported in the main paper, all
methods were executed in full-precision whenever possible,
unless this led to out-of-memory errors.

H. Limitations

Our method may produce suboptimal results due to the lim-
ited performance of the pretrained generative models [2, 8].
Furthermore, since the proposed method relies on the low-
resolution reference image 1'% generated by existing low-
resolution image-to-image translation methods, some arti-
facts introduced by these edltmg methods can propagate to
the final high-resolution output m ot potentlally leading to

visible artifacts.

I. Societal impacts

The proposed method may generate some harmful images
due to the imperfections of the underlying pretrained genera-
tive models [2, 8]. Rare cases of undesired or inappropriate
results may arise, especially when the generative prior itself
produces such outputs under challenging conditions.



Source (1K) w/o Sync. (1K) Ours (1K) w/o Sync. (Zoomed)  Ours (Zoomed)

“Replace the feather with a bird flying through the ﬂames 7

Figure 8. [Best visualized when magnified.] Effectiveness of the proposed synchronization strategy. While images sampled without
synchronization incorporates a significant artifact on the patch boundaries, our method effectively alleviates the edge artifacts.
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“Replace the dragon with a large “Replace the turtle with a crab “Replace the temple with a castle “Replace the ship with a
bird with glowing wings.” on the sand.” under the sunset.” flying castle.”

Figure 9. [Best visualized when magnified.] We visualize the additional results of 1K-editing and 2K-editing. By conditioning on
low-resolution reference images, our method is successfully synthesizes high-resolution edited images.
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