PEdit: Pareto-Guided Image Editing via Dynamic Latent Trajectory Control
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A. Experimental Details

In this section, additional experimental details of the pro-
posed method are provided. First, the analysis that moti-
vates the approach is described (Section A.l), focusing on
the investigation of editing behaviors within the DiT archi-
tecture. Next, the methodology of the zero-guiding experi-
ment is outlined (Section A.2), followed by the correspond-
ing experimental results on the Kontext model (Section A.3)
and Qwen-ImageEdit (Section A.4).

A.1. Motivation

Fig. A shows that applying a fixed, unified condition
strength in DiT-based architectures leads to imbalanced at-
tention between text and source-image conditions, resulting
in biased information flow. Previous T2I studies have at-
tempted to regulate such imbalance through explicit atten-
tion control mechanisms [2, 5, 12], which amplify token-
level attention scores to strengthen semantic transmission
and improve text-image alignment. However, image editing
fundamentally differs from T2I, it requires not only seman-
tic fidelity to the text condition but also structural preserva-
tion of the source image. Balanced semantic transmission
can only be achieved when the ratio between TCA and ICA
remains near an optimal equilibrium.

As illustrated in Fig. A (right), structural failure cases
(blue) appear similar to optimal cases (green) when viewed
in the attention space. However, despite this similarity, the
model ultimately fails to preserve structural information.
This observation suggests that attention alone is insufficient
to determine whether structural cues are properly conveyed.
This limitation contrasts with UNet-based diffusion mod-
els, where image conditions are concatenated along spa-
tial channels, allowing explicit propagation of spatial fea-
tures. In DiT, however, both text and image conditions are
sequencially concatenated, enhancing semantic correspon-
dence, but weakening spatial fidelity, leading to structural
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Figure A. Visualization and statistical results of naive editing
and corresponding attention distributions. Left: Qualitative
examples show that transformer based architectures fail to prop-
erly edit image. The model either ignores the given input condi-
tions or responds solely to the semantics of the editing prompt,
neglecting spatial structural information. This failure is evident in
the contrasting cross-attention maps. In the first denoising step,
samples with unsuccessful editing exhibit biased attention-score
distributions, indicating an imbalance between the two condition-
ing sources. Right: The statistical plots show the distributions of
TCA ICA across different editing cases. Over-edited cases tend
to have higher TCA scores, implying excessive reliance on tex-
tual guidance, whereas under-edited cases exhibit higher ICA val-
ues, reflecting stronger dependence on visual information from the
source image. In structural failure cases, the distributions display
intermediate characteristics between Optimal and Overedit, with
degraded spatial consistency.

distortion (see Fig. A, left). This implies two key require-
ments: (1) maintaining an optimal balance between TCA
and ICA to prevent bias toward either condition, and (2)
introducing an auxiliary mechanism beyond cross-attention
to preserve spatial information. To this end, SSNR is intro-
duced to quantify the degree of structural preservation.

A.2. Zeroing Experiment

A zeroing experiment is conducted using two DiT-based
models, Kontext and Qwen-ImageEdit. As described in
Section 3.3, this ablation study sequentially zeros out the
text or image condition within each Transformer block. Us-
ing the same initial noise and denoising steps, the resulting
images are compared to analyze how each condition con-
tributes to text-guided edit and source-image preservation.
For FLUX, 28 denoising steps and 57 Transformer
blocks are used, while Qwen-ImageEdit uses 50 steps
across 60 blocks. Experiments are conducted on the Emu-
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Figure B. Visualization of zeroing experiment setup. The DiT
model is composed of transformer blocks [10], where text and
source image conditions exist independently in the latent space
(blue tokens represent text latents, and pink tokens represent im-
age latents). This separation enables independent analysis of their
functional contributions. To examine the behavior of each block,
the corresponding condition is zeroed out and the editing outcomes
are evaluated using CLIP-Dir and SSIM [40].

Edit validation set, with results averaged over inference out-
puts. CLIP-Dir and SSIM are used to evaluate text align-
ment and structural preservation, respectively, and only
cases where one metric improves are considered for clarity.

It is observed that zeroing a condition at certain blocks
can produce counterintuitive effects: removing the image
condition may further emphasize the source image, while
removing the text condition can strengthen textual empha-
sis. This indicates block-dependent behavior, where sup-
pressing a condition can instead amplify its effect. These
findings suggest that block-wise condition scaling enables
fine-grained control over how different layers influence the
final edit.

A.3. Kontext Blockwise Function

Zeroing analysis on Kontext reveals two distinct functional
tendencies among Transformer blocks. Zeroing the image
condition at certain blocks leads to higher CLIP-Dir but
lower SSIM, indicating edit-oriented behavior (blocks 0, 1,
2,13, 36, 39, 43,47, 51). In contrast, zeroing the text condi-
tion increases SSIM, reflecting source-preserving behavior
(blocks 1, 3,4, 5,7, 8, 11, 12, 14, 16, 17, 18, 19, 20, 22,
23, 25, 26, 28, 31, 35, 39, 40, 41, 44, 46, 47, 49, 51, 54).
Additionally, high CLIP-Dir scores are observed when ze-

roing the image condition at blocks 29, 31, 32, 37, and the
text condition at blocks 9, 24, 27, 32, 37, 38, 43, 45, 48, 50,
52.

Fig.C illustrate the qualitative results of the zeroing ex-
periments. In each grid, the left set corresponds to the
image-zeroing results, while the right set shows the text-
zeroing results. For each set, the first image (highlighted
with a red border) represents the original input, and the sec-
ond image (highlighted with a blue border) depicts the edit-
ing result under the baseline (naive inference). Images high-
lighted with a border indicate blocks where zeroing
the corresponding condition leads to better preservation of
the source image. Conversely, images highlighted with a
green border represent blocks where zeroing the condition
results in stronger editing behavior.

A 4. Qwen-ImageEdit Blockwise Function

The blockwise behavior of Qwen-ImageEdit is also ana-
lyzed. Compared to Kontext, less pronounced changes are
observed under layer-wise zeroing, and the separation be-
tween source preservation and editing behavior is less dis-
tinct. While Kontext injects source and text information
through clearly separated pathways, Qwen-ImageEdit en-
codes source information through both the image condition
and the textual prompt, leading to more entangled roles.
Using the same zeroing protocol, layers related to source
preservation and editing are identified. Zeroing the image
condition at block 19, and the text condition at blocks 4,
19, 31, 44, and 50 increases SSIM. In contrast, zeroing the
image condition at blocks 26 and 57, and the text condi-
tion at blocks 3 and 56 yields higher CLIP-Dir, indicating
edit-oriented behavior. Fig. D shows the results.

A.5. PEdit Algorithm Details.

In PEdit, Stage 1 performs an optimization-based search to
identify the optimal condition scales over n iterations, with
early stopping applied to reduce computation. The process
terminates if the loss falls below 6 of the initial value. Em-
pirically, # = 0.7 and n = 2.

In Stage 2, the method adaptively updates the condition
combination according to the current editing state, guided
by the auxiliary condition of M, and M,. However, when
the update trajectory in Stage 2 deviates from the Pareto
front, the system switches back to Stage 1 and re-performs
condition optimization.

Furthermore, if the current state fails to satisfy Pareto
dominance with respect to M, and M for m steps consec-
utively, specifically when the SSNR ordering deviate from
SSNR(z;) > SSNR(z) > SSNR(z.) and TCR(z.) >
TCR(zx) > TCR(z), it returns to Stage 1. The value of m
is set to 3 empirically.



Algorithm 1 Stage 1: PEdit Optimization Algorithm

Require: Model M with initial condition configuration, maximum iterations N

Ensure: Optimized model M* with controlled condition configuration

1:
2:
3:

19:
20:

Initialize parameters of M and optimizer
Let M., M; € C be two reference configurations
forn=1,...,N do

Compute (SSNR 2x ), TCR(zy )

Compute (SSNR ze), TCR(z. )

Compute (SSNR 2s), TCR(z) )

if MSE(SSNR(z), SSNR(zy)) < MSE(SSNR/(z. ), SSNR(z)) then

‘Calign-target +— MSE (Me s MX)
else

Ealign-target +— MSE ( ]V[g 5 Mx)
end if

NR(z NR(z.
SSNR (2urge) SSNR(z) + SSNR(z)

2

TCR(s) « TCRE) + TCR(z)

Lsor < MSE(SSNR(2y), SSNR(zlargcl))

Lir + MSE(TCR/(2), TCR(Ziarget))

l:align <~ ['align—largel

£t0lal < Ossr Essnr + Qver ‘thr + Qalign £mign

Update M by taking an optimizer step with respect to Lo
end for
return M*

> see Eq. 6 and Eq. 9

> see Eq. 12
> see Eq. 13

Algorithm 2 Stage 2: Algorithm for Maintaining the Pareto Front

Require: Model M, reference configurations M., M € C from Stage 1
Ensure: Optimized model M * with controlled condition configuration

I:

—
—

Compute (SSNR(z), TCR(z)) from M

Compute (SSNR(z), TCR(z,)) from M

Compute (SSNR(z.), TCR(z)) from M,

Aligned_SSNR < False

Aligned.TCR - False

if SSNR(z;) > SSNR(z) > SSNR(z.) then
Aligned_SSNR ¢ True

end if

if TCR(z5) < TCR(zy) < TCR(z.) then
Aligned.TCR ¢ True

. end if

if Aligned_SSNR and not Aligned_TCR then
M+ M,
M ==
else if not A1igned_SSNR and Aligned_TCR then
M+M.
M ===
else if not A1igned_SSNR and not A1igned_TCR then
Go to Stage 1

: end if
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(a) Text editing prompt: "change the background to a line of kids waiting for lunch.”

(c) Text editing prompt: ”change the background so that there is a hillside.”

Figure C. Qualitative examples of blockwise zeroing analysis in Kontext.



(a) Text editing prompt: ”Create a serene beach scene with gentle waves lapping against the shore, palm trees swaying in the breeze, and a clear blue sky
overhead.”
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(b) Text editing prompt: ”Create a serene lakeside setting with a tranquil lake, lush greenery, and a quaint wooden cabin nestled among the trees.”
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(c) Text editing prompt: ”Convert it into ink painting.”

Figure D. Qualitative examples of blockwise zeroing analysis in Qwen-ImageEdit.



B. Additional Experiments

In this section, additional experimental details and results
that could not be included in the main paper due to page
limitations are provided.

B.1. Edit Optimization Stage

NG
Pareto Align ! g X
1 1 0051 0970 0233 0.007
Sunthed 300 0.069 0.979 0.243 0.006
ynthetie 500 0.050 0.981 0.231 0.005
(HQ-Edit)
1 0041 0972 0228 0.012
500 1 0.047 0.945 0232 0.020
1 1 0.103 0919 0285 0.067
Real 300 0.084 0.921 0277 0.065
ca
(EmuEdit 500 0.097 0.924 0.278 0.054

1 0.093 0917 0.278 0.068
500 1 0.106 0.940 0.283 0.047

Table A. Experiment on Pareto loss and align loss weights. The
colored rows indicate the weight actually used in our main exper-
iments. The optimal weights differ between synthetic (HQ-Edit)
and real (Emu-Edit) data.

Stage 1 is an optimization-based stage. Suitable loss
weights for the Pareto losses, LSSNR and LTCR, and the
alignment loss Lajign are determined by varying their rel-
ative ratios and evaluating the results using CLIP-Dir [3],
CLIP-1, CLIP-T, and L2 loss for non-edited region preser-
vation. Following [12], a wide range of weight ratios is
explored.

Five configurations are evaluated, as summarized in
Tab. A, and the optimal ratio is observed to depend on the
dataset. Synthetic data (HQ-Edit) and real data (Emu-Edit)
require different loss weights, which is attributed to differ-
ences in the model’s initial behavior.

When the model is not strongly biased, increasing L Align
helps correct small deviations and leads to faster, stable
convergence. This is typically observed in synthetic data,
where severe failure modes are less frequent. In con-
trast, real data often exhibits stronger bias toward either
the source image or the editing prompt. In such cases, in-
creasing Lalign alone is insufficient, and larger weights on
Lssnr and Lrcr are required to guide optimization toward
a balanced region.

Overall, the optimal loss-weight ratio in Stage 1 depends
on the model’s current state, and properly balancing the
Pareto and alignment losses enables stable progression to-
ward well-balanced edits.

B.2. Comparison with Previous Method
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Figure E. Only initial-noise optimization result. Given a source
image and an editing prompt, text-guidance scaling is applied to
TiNO-Edit [37], which optimizes only the initial noise and the
starting timestep. Despite adjusting the guidance strength, the
edited outputs fail to align with the target semantics. In the global
editing case (first row), where an indoor scene should transform
into an outdoor environment, almost no meaningful edit is pro-
duced while facial structures are severely degraded. In the local
editing example (second row), only faint hints of rabbit-like ears
are observed, without successfully generating an actual rabbit ap-
pearance. These observations indicate that optimizing only the
initial timestep is insufficient for controlling the editing trajectory
throughout the denoising process, resulting in unsuccessful and
unstable edits.

Within sample-wise optimization methods for image
editing, TiNO-Edit [37] is closely related, as it also per-
forms per-sample optimization to determine effective input
conditions. However, while our method optimizes the scal-
ing of internal condition pathways, TiNO-Edit adjusts only
the initial noise and diffusion timesteps.

This design introduces a limitation for text-driven edit-
ing, as the optimization is confined to early denoising steps
and does not account for the full editing dynamics across
later stages of the diffusion process.

As shown in Fig. E, optimizing only early steps fails
to achieve meaningful text-image alignment. In one case,
the model ignores the instruction to change the scene to an
outdoor environment, and in another, the requested trans-
formation from a fox to a rabbit is only weakly reflected
and remains semantically inconsistent. Increasing guidance
strength yields only marginal improvement, indicating that
editing behavior cannot be effectively controlled by manip-
ulating initial noise alone, but requires control throughout
the entire diffusion trajectory.

C. Qualitative Results

Additional qualitative results of the proposed method are
provided in Fig. F to Fig. L.
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Insert the image on a mountain background. Make the picture seem like it was taken at a baseball field dugout.

Figure F. Editing results of Kontext on the real image dataset of Emu-Edit, shown before and after applying PEdit.
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add_snow_on_the windowsill_and_snowflakes falling outside the window, with a cou alter_the breed to_a_Siberian Husky and change the eye color to_blue.
ple_of birds_in_flight_amidst_the_snowflakes

Alter the hanbok dress to have a full-length, flowing green skirt while maintaining the top Apply a texture and color adjustment to give the watch an antique, tarnished look
part of the dress and the sash.

i

Change the man to a young girl, replace the kilt with a tartan skirt, the blazer with a navy change the rural market to a vibrant urban scene with skyscrapers, digital billboards, and a
cardigan, the grey waistcoat with a white shirt, remove the sporran, flashes dense crowd of people

Change the time of day to dusk, add the aurora borealis in the sky, melt the ice to reveal the Fill the mug with a beverage, presumably coffee, given its dark color
green lake underneath, and place the fisherman in a boat on the water with floating ice

Replace the gymnast’s attire with a renaissance era dress and change the background to an Replace the lakeside background with an image of the Stockholom skyline, featuring
indoor setting with arches and a floral garden view. prominent buildings and a bridge over water with reflections

Replace the monarch butterfly with a honeybee. Change the dress to a floral pattern with a pinkish hue

Figure G. Editing results of Kontext on the synthetic dataset of HQ-Edit, shown before and after applying PEdit.
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Add BANANAS 39 cent over the bananas

Add a foal next to the horse

Add the word 'nike’ to the front of the white shirt the right girl’s wearing. Make the picture seem like it was taken at a flea market.

Remove the word Vibe from the yellow street sign. Change the bear into a black bear with a salmon in its mouth.

Figure H. Editing results of Qwen-ImageEdit on the real image Emu-Edit dataset, shown before and after applying PEdit.
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Add a layer of snow to the entire scene, change the lighting to a cooler tone, and add falling
snowflakes
A

Add more butterflies to create a night scene with a large butterfly shape made of butterflies Age progression to show them as an elderly person
in the center

Change the color of the leather pieces from brown to black and the spools of thread from Change his attire to a white astronaut suit with American flag patches, NASA logo, and
various colors to shades of brown other space mission patches, and add a helmet under his arm.

Change the sparrow’s brown feathers to a vibrant mix of green, blue, red, and yellow, and Change the sunflowers to tall grasses and add a bright full moon in the sky.
elongate its tail feathers.

Figure I. Editing results of Qwen-ImageEdit on the synthetic dataset of HQ-Edit, shown before and after applying PEdit.



