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In the supplementary material, we first provide further
details of the compared prior works in Sec. A. Additional
ablations and analyses on out-of-distribution tasks are pre-
sented in Sec. B, and Sec. E examines the sensitivity of
VDC to its hyperparameters. We then analyze the compu-
tational complexity of VDC in Sec. C. Finally, Sec. F dis-
cusses the limitations of our approach, and Sec. G includes
extended visual comparisons for all compared methods.

A. Further Details on Prior Works

We provide additional details on prior works used for com-
parison, highlighting their reliance on language.

Text-Prompt Editing Methods (T-Edit). These methods
require a complete text description of the input image. We
use this description as the text prompt to condition both the
inversion and generation processes. To enable each edit, we
manually append the visual attribute corresponding to the
target task. Captions are generated using BLIP [8].

The text prompt for each degradation type is constructed
as follows: (i) Rain: “[Text Description] + in the rain”,
(ii) Fog: “[Text Description] + in the fog”, (iii) SR: “Low-
resolution image of [Text Description]”, (iv) Blur: “Blurry
image of [Text Description]”, (v) Noise: “Noisy image of
[Text Description]”, (vi) Colorization: “Grayscale image of
[Text Description]”

e Prompt-to-Prompt (P2P) [6]: Manipulates cross-
attention during generation to adjust visual features as-
sociated with specific prompt words. For our tests, we
mask cross-attention features tied to the degradation be-
ing removed (e.g., rain, fog, noise).

e Null-Text Optimization (Null-Opt) [14]: Improves
DDIM inversion for image editing. We apply this opti-
mization jointly with P2P for all edits.

* Negative Condition [13]: Replaces standard null-text
conditioning in classifier-free guidance with negative
prompts describing the unwanted degradation (e.g., “fog,
foggy, haze, hazy, blurry, blur” for dehazing; noise,
noisy, low quality” for denoising).
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Text-Instruction Editing (I-Edit.) These methods take
an input image and a natural-language instruction describ-
ing the desired edit. Each model is trained or fine-tuned to
apply edits according to the instruction. We use the default
configurations provided in the authors’ open-source imple-
mentations.

For text instruction, we used: for DeRain "Remove rain
and water drops from the image”, for DeHaze "Remove fog
and haze from the image”, for SR “Increase image resolu-
tion, improve quality and remove noise”, for DeBlur “In-
crease image sharpness, improve quality and remove noise”
for DeNoise "Remove noise from the image”, for Coloriza-
tion ’Color this grayscale image”.

Zero-Shot Image Restoration (Zero-IR). Zero-IR meth-
ods solve inverse problems using diffusion models as strong
generative priors. They require a degradation kernel that
models the corruption in the input image. These methods
search the diffusion latent space for an image that degrades
to an image that matches the input. We use the released
code and default task-specific settings for each method.
For colorization, we adopt the kernel settings from Zero-
Null [20]. For the remaining tasks, we use the kernels de-
fined in DPS [3].

Image Exemplar-based Editing (IE-Edit). These meth-

ods infer an edit from a before/after image pair and apply it

to a new image. For fair comparison, we use the same ref-
erence example images employed to optimize our method.

» VISII [15]: Builds on the text-instruction editing model
Instruct-Pix2Pix [2]. It optimizes a text instruction that
reproduces the edit shown in the example pair, then ap-
plies the resulting instruction to new inputs.

* Analogist [5]: Uses Stable Diffusion Inpainting [17] to-
gether with a large language model that extracts the trans-
formation between example images. It then applies this
transformation to new inputs via inpainting.

* EditClip [19]: Fine-tunes the CLIP image encoder [16]
to capture relationships between the example images. It
further fine-tunes Stable Diffusion [17] to condition on
these relationships. The model is trained on hundreds of
thousands of edited images paired with text instructions.



Table 4. VDC compared to fine-tuning and with different generative models. FID ({) and LPIPS(]) are reported on the full RGB images.
Our method highly surpasses diffusion fine-tuning methods in low data regime. Additionally, VDC can be utilized with different conditional

generative models. The best performances are highlighted.

Tyvpe Method Num. SR DeBlur DeNoise DeRain DeHaze Colorization

M Samples FIDJ| LPIPS| FID| LPIPS| FID| LPIPS| FIDJ] LPIPS| FID| LPIPS| FID| LPIPS|
& ControlNet [25] 200 110.62 0.4291 80.03 0.3225 145.01 04777 153.29 04803 50.00 0.2750 143.50 0.4093
P~ PairEdit [12] 8 98.68 0.3134 67.08 0.3959 168.68 0.4561 148.59 0.3924 85.69 0.3924 150.32 0.5089

One-Shot 1 4141 02666 3551 0.2654 89.51 0.2801 87.12 0.2559 3552 0.1633 107.70 0.2908
a Multi-Shot 8 4589 0.2654 42.62 0.2651 88.58 0.2846 69.52 0.2214 34.18 0.1584 107.80 0.2744

MS+Inv-Correc 8 45.00 0.2624 41.09 0.2593 82.57 0.2768 66.92 0.2155 33.23 0.1560 105.26 0.2729
< One-Shot 1 50.20  0.2900 40.33 0.2587 82.72 0.2510 93.61 0.24807 29.20 0.1414 107.74 0.26254
% Multi-Shot 8 4825 0.2478 3399 0.2140 73.57 0.2485 98.80 0.2432 2946 0.1403 104.97 0.2596
“ MS+Inv-Correc 8 4581 0.24834 3238 0.2134 69.65 0.24816 97.54 0.2446 28.70 0.1398 105.13 0.2603

Table 5. OOD Generalization. We compare our method to state-
of-the-art All-in-One Image Restoration (IR) on real image De-
Rain. We utilize RealRain-1k-L [10] dataset for testing. Our
method is able to generalize to real data while prior works fail.
Best results are highlighted.

Methods Instruct-IR [4]  MOoCE-IR [23]  VDC (ours)
FID | 124.82 154.94 106.89
LPIPS | 0.2553 0.3646 0.2154

Input Instruct-IR MOE-IR

VDC (ours)

Figure 9. Visual comparison for OOD samples. We compare our
method to SOTA restoration models on real data. Our method is
able to work on real data, whereas IR methods trained on syntactic
data fail to generalize. We utilize RealRain-1k-L [10] for Derain,
and SIDD [1] for denoising.

B. Ablations on Generalization

B.1. VDC is model-agnostic

To demonstrate that our method is not tied to a specific gen-
erative model and can generalize to any conditional genera-
tive framework, we adapt the SANA model [22]—a condi-

tional generative model based on Flow Matching [11]—for
image editing using VDC. As shown in Tab. 4, VDC
successfully enables SANA to perform image editing
and restoration, and even surpasses the Stable Diffusion
(SD)-based version on several tasks (DeNoise and De-
Haze), benefiting from SANA’s more advanced generative
prior. These improvements stem from SANA’s stronger
prior, which yields higher-quality reconstructions of the in-
verted image. However, SANA’s latent encoder applies a
significantly higher compression rate (8x for SD versus 32x
for SANA), which can limit the preservation of fine details
in the latent space—an effect visible in the DeRain results.
Our inversion correction module is likewise model-agnostic
and can be used with Flow Matching models. As shown,
it consistently improves performance, particularly on tasks
that rely heavily on detail preservation. Finally, the visual
comparisons in Figs. 14—19 further illustrate that VDC suc-
cessfully adapts SANA for high-quality image editing and
restoration.

B.2. VDC improves over Fine-Tuning

Fine-tuning (F-T) and diffusion adaptation methods like
ControlNet [25] rely on massive supervision. Tab. 4 shows
that fine-tuning fails in the low-data regime: ControlNet
[25] trained on 200 samples suffers from severe domain
shift. Even a few-shot fine-tuning method like PairEdit [12],
based on LoRA and fine-tuned on 8 samples, yields poor fi-
delity. Additionally, it requires optimizing a new content
LoRA for each inference image, requiring around 20-30
minutes of inference time. In contrast, VDC achieves strong
results using only a single example and with zero inference
overhead.

B.3. Out-of-distribution performance

A key advantage of adapting generative models for editing
is the ability to leverage their real-data generative priors,
enabling strong generalization to out-of-distribution inputs.
In our framework, the generative model itself performs
the edit—VDC simply provides a mechanism to commu-
nicate the desired transformation. In contrast, task-specific



restoration or editing models learn directly from training
data, making their performance heavily dependent on the
distribution and realism of that data. As a result, models
trained on synthetic degradations often struggle to general-
ize to real-world scenarios. Despite using only synthetic
examples to optimize the steering condition, our method
generalizes effectively to real data. As shown in Tab. 5,
VDC achieves strong real-world DeRain performance us-
ing just eight synthetic examples, successfully handling rain
patterns that differ substantially from those in the examples.
Meanwhile, specialized restoration models fail to general-
ize even when trained on large-scale synthetic datasets.

As shown in Fig. 9, the gap between synthetic and real
rain patterns causes traditional image restoration methods
to fail at detecting and removing real rain streaks. In con-
trast, our approach leverages the generative model’s priors
to correctly identify and remove these streaks, resulting in
accurate edits. A similar trend is observed on real-world
denoising data, where our method continues to generalize
effectively while baseline restoration methods struggle.

B.4. Performance on general editing tasks

We center our benchmark on fine-detail edits, global adjust-
ments, and image restoration tasks—categories where exist-
ing methods often struggle due to visual-text misalignment.
Nonetheless, our approach is a general editing framework:
it extracts the transformation from a given example and ap-
plies it to a new input.

As illustrated in Fig. 10, by simply increasing diffusion
path length (60%), our method supports a wide range of
edits, including semantic and object-specific modifications,
compared to EditCLIP [19], which is trained for visual-
instruction—guided editing. Our method more reliably inter-
prets the edits present in the example pair, particularly for
global adjustments. EditCLIP may introduce unintended ar-
tifacts as its behavior is influenced by CLIP representation
abilities and common patterns in its large training corpus.

Semantic & Non-Rigid Edits. We clarify that VDC tar-
gets visual attribute steering (e.g., restoration, stylization)
where text is ambiguous. To ensure high fidelity, we rely
on pixel-space losses, which inherently prioritize structural
preservation over non-rigid flexibility (e.g., pose changes).
However, VDC resolves this by supporting textual control:
as shown in Fig. 11, VDC handles visual patterns (DeRain)
while text drives semantic shifts (e.g., bears—cats) and non-
rigid edits (e.g., closing eyes).

C. Complexity Analysis

As shown in Tab. 7, the complexity of other methods is
largely determined by the inference requirements of their
underlying generative models. Zero-IR methods, in partic-
ular, incur significantly higher cost due to their sampling-

EditCLIP

£l

VDC (ours)

—
VE-Before VE-After VE-Query

Figure 10. General Image Editing. We show the output of our
method on general edits. Our method is not just limited to fine
details or global edits but can also extend to semantic and object-
specific edits. Images from TOP-Bench [27] Dataset.

Input + ’Cats” Input
Figure 11. Composability of VDC. VDC is used to steer the visual
style while text independently controls the semantic content.

+ ”Eyes Closed”

based search procedures. In contrast, by directly optimiz-
ing the steering condition for the chosen sampling path,
our approach minimizes the number of required inference
steps. This yields the highest efficiency among the com-
pared methods, requiring only 20 total steps for editing (10
DDIM inversion steps and 10 sampling steps) while still
achieving the best performance. When the inversion cor-
rection module is used, the total number of steps increases,
but this module is optional and can be enabled based on the
task or available computational resources.

Although our method is entirely train-free, it still re-
quires optimizing the steering condition for each adapted
task. This optimization consists of 200 full-path itera-
tions (2000 diffusion steps) and needs to be performed only
once per task. On an RTX 4090 GPU, this process takes



Table 6. User Study. This table represents the preferences of the participants in the user study from the compared methods’ outputs across
different aspects. We report the choice percentage averaged across participants. ‘-’ represents unreported results. Best results are bolded.

Method . SR . . DeRain .

Perceptual % Artifact-Free % Preservation % Overall % Perceptual % Artifact-Free % Preservation % Overall %
Negative-Cond [13] 1 35 6 1 35 23.5 20.5 18.5
OmniGen [21] 0.5 4.5 22 0.5 26.5 26.5 41.5 20
PSLD [18] 67 23.5 33.5 47.5 - - - -
EditClip [19] 0 0 3.5 0 4.5 1 10.5 0
VDC 31.5 68.5 35 51 34 47.5 27.5 61.5

roughly 30 minutes. This is comparable to other train-free
methods that rely on test-time optimization—such as Null-
Opt [14] (500 diffusion steps) and VISII [15] (5000 diffu-
sion steps)—but with the advantage that our optimization is
performed per task rather than per inference. Overall, train-
free approaches remain substantially more efficient than
methods that require training or fine-tuning on hundreds of
thousands of images across multiple GPUs for several days.

D. User Study

To better evaluate the tested methods, the mean opinion
score (MOS) was calculated through a user study by asking
participants to choose their favorite output. For a clear un-
derstanding and accurate evaluation of the underlying task,
the chosen user study participants are 10 imaging experts,
including professional photographers. The user study was
conducted on 2 different tasks (SR and DeRain) on 20 sam-
ples from each task, selected randomly, and were fixed for
all participants. We hide the names of the methods and
randomly shuffle their position in the comparison grid to
eliminate method bias. The comparison includes 5 differ-
ent methods chosen by selecting the best overall performing
method for its own type (Text Edit, Instruction Edit, etc).
Our one-shot VDC version is the one included in the com-
parison. We asked participants to choose their favorite out-
put for four different categories: Best Perceptual Quality,
Least Artifacts, Best Content Preservation, and Best Overall
for the task. MOS for all categories is represented in Tab. 6.
As we see from the results, our method is the most preferred
by the participants, with 51% and 61% choice as the pre-
ferred method in SR and DeRain, respectively. In SR PSLD
[18] produces sharper images, which results in a higher per-
ceptual quality; however, this method produces noticeable
artifacts and noise (Fig. 14, 15), resulting in our method
being chosen as the best for the task. For DeRain, we no-
tice a similar trend as other methods tend to create artifacts
and content changes to the input, resulting in our method
still being preferred. Additionally, we can appreciate our
method’s consistency across different tasks and aspects.

E. Ablations on Hyperparameters

Performance Stability.  Fig. 13 reports the variance
across 10 models optimized on distinct reference pairs. De-

Table 7. Complexity Analysis. NFEs | are Neural Function Eval-
uations. Our method sets a new state-of-the-art while being the

most inference-efficient. ‘-’ represents unreported results. The
best performances are highlighted.

Type Method Train-Free NFEs Deblur DeRain

b P2P [6] v 100 45.62 139.19
D Null-Opt [14] v 600 51.89 167.61
F  Negative-Cond [13] v 100 43.61 96.19
_ Instruct-Pix2Pix [2] X 100 14291 179.93
E OmniGen [21] X 50 46.18 119.87
—  SuperEdit [9] X 100 56.22 185.98
ICEdit [26] X 28 4554 149.44
ﬁl PSLD [18] v 1000 42.89 -
g TReg[7] v 200 52.07 -
N  DAPS[24] v 150  59.85 -
5 VISII[I5] v 40  122.63 203.83
B Analogist [5] v 50 75.06 158.29
= EditClip [19] X 50 78.75 174.93
o  One-Shot v 20 3551 87.12
g Multi-Shot v 20 42,62 69.52
MS-+Inverse-Correction v 220 41.09  66.92

Table 8. Number of Visual Examples. Increasing the number of
visual examples can introduce more variety for a more robust op-
timized condition at the expense of increasing optimization time,
which can affect the performance negatively. Best results are
bolded; the final setup is highlighted.

SR DeRain

Num Samples FID| LPIPS| FID| LPIPS]

1 41.41 0.2666 87.12 0.2559
4 46.24 0.2668 72.94 0.2197
8 45.89 0.2654 69.52 0.2214
16 47.30 0.2735 71.16 0.2227

spite minor fluctuations in complex tasks (DeRain), per-
formance remains robust regardless of the chosen example.
This aligns with Fig. 8, which shows optimized conditions
for the same task are closely similar regardless of the chosen
visual example, proving reliable single-shot extraction.

Number of Visual Examples. Increasing the number of
visual examples helps optimize a more robust steering con-
dition, especially for tasks with complex and highly variable
patterns such as deraining. As shown in Tab. 8, performance
improves on the DeRain task as the number of examples in-
creases. However, more examples also raise the optimiza-



Table 9. Ablations on sampling steps and steering condition scale. (a) Increasing DDIM sampling steps improves editability but also
introduces more optimization constraints. (b) Increasing the steering condition scale allows stronger deviations from the generative path,
enhancing edit strength at the cost of fidelity. Best results are bolded, and the final chosen configuration is highlighted.

(a) DDIM Sampling Steps. (b) Steering Condition Scale.
Steps SR DeRain Scale SR DeRain
p FID| LPIPS| FID] LPIPS] FID| LPIPS| FID] LPIPS]
50 45.43 0.2858 87.41 0.2566 5 47.17 0.2801 89.24 0.2612
100 41.41 0.2666 87.12 0.2559 7 41.41 0.2666 87.12 0.2559
200 49.79 0.2815 91.94 0.2598 9 45.73 0.2877 92.62 0.2733

Figure 12. Diffusion path length effect. Extending the diffusion
path increases variation, resulting in undesirable edits, while de-
creasing the path limits edibility.

SR - o
DeBlur - —e—
DeRain = —e—
DeNoise — 70—
DeHaze —k = =1 T T T T T T
0.16 0.18 0.20 0.22 0.24 0.26 0.28 0.30 0.32
LPIPS (!)

Figure 13. Sensitivity analysis. We assess sensitivity by optimiz-
ing 10 models on unique examples; reporting the variance per task.

tion burden. When additional examples do not introduce
new visual patterns, the added complexity can negatively
impact performance.

DDIM Sampling Steps. Using more DDIM sampling
steps provides additional opportunities to apply edits, im-
proving the method’s editability. However, increasing the
sampling length also expands the number of conditions that
must be optimized, making optimization more difficult and
potentially degrading results. This trade-off is evident in
Tab. 9a.

Steering Condition Scale. A higher steering condition
scale increases the allowed deviation from the uncondi-
tioned generative trajectory (i.e., deviation from the input),
which boosts editing strength at the cost of fidelity. As
shown in Tab. 9b, a small scale limits the model’s ability
to apply the desired edits, while an excessively large scale
expands the output space too aggressively, reducing perfor-
mance.

Diffusion path length effect. As discussed in Tab. 3
starting the sampling process deeper in the diffusion trajec-

tory injects more noise into the latent, enlarging the output
space but lowering fidelity. This effect is visible in Fig. 12,
where a longer diffusion path introduces unwanted content
changes. Conversely, using too short a path overly restricts
the output space, preventing the model from reaching suit-
able solutions and resulting in suboptimal edits.

F. Limitations

Our method leverages strong generative priors to handle
complex edits on real images, but its performance ulti-
mately depends on the capabilities of the underlying gen-
erative model. Although we move beyond the limitations of
text-based conditioning to operate entirely in the visual do-
main, our results still reflect the strengths and weaknesses
of this visual latent space. As seen in Figs. 14—-19, some
fine textures may be lost due to the limited generative fi-
delity of Stable Diffusion [17], particularly when editing
images processed through inversion. These limitations can
be mitigated by adopting a more capable generative model,
as demonstrated in Tab. 4.

However, latent diffusion models introduce an additional
constraint: images are compressed into latent representa-
tions that may lose fine details. This affects both recon-
struction quality and the ability to recognize subtle visual
features. For instance, in Tab. 4, SANA-based methods un-
derperform on the DeRain task due to SANA’s higher com-
pression ratio. Employing a latent encoder specifically op-
timized for detail preservation could alleviate this issue.

Additionally, VDC prioritizes structural fidelity over
non-rigid flexibility to prevent hallucinations, which lim-
its large changes. Moreover, complex patterns (e.g., gen-
eralization to real rain) can challenge one-shot alignment.
However, Tab. 5 confirms that simply adding more visual
examples (synthetic) effectively mitigates this.

G. Visual Results

In Figs. 14-19, we provide additional visual comparisons
across all baseline methods, as well as all variants of our ap-
proach using different generative models—Stable Diffusion
(SD) and SANA—and different setups: One-Shot (OS),
Multi-Shot (MS), and Multi-Shot with Inversion Correction
(MS+IC).
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Figure 14. Visual comparison on SR task. Text- and example-based approaches either fail to recognize the required edits or produce
undesired changes and artifacts in the output. Our one-shot (OS) VDC yields clean results, with multi-shot (MS) and inversion correction
(IC) modules improving generalization and fidelity.

,«"’—T“

\

Null-Opt Negative-Cond Ins-Pix2Pix

Edit-Clip VDC-SD-0S VDC-SD-MS VDC-SD-IC VDC-SANA-OS VDC-SANA-MS VDC-SANA-IC

Figure 15. Visual comparison on DeBlurring task. Text- and example-based approaches either fail to recognize the required edits or
produce undesired changes and artifacts in the output. Our one-shot (OS) VDC yields clean results, with multi-shot (MS) and inversion
correction (IC) modules improving generalization and fidelity.
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Figure 16. Visual comparison on DeNoising task. Text- and example-based approaches either fail to recognize the required edits or produce
undesired changes and artifacts in the output. Our one-shot (OS) VDC yields clean results, with multi-shot (MS) and inversion correction
(IC) modules improving generalization and fidelity.

VD-SANA-OS VDC-SANA-MS VDC-SANA-IC

dit-Clip VDC-SD-0S VDC-SD-MS VDC-SD-IC
Figure 17. Visual comparison on DeRaining task. Text- and example-based approaches either fail to recognize the required edits or produce
undesired changes and artifacts in the output. Our one-shot (OS) VDC yields clean results, with multi-shot (MS) and inversion correction

(IC) modules improving generalization and fidelity.
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Figure 18. Visual comparison on DeHazing task. Text- and example-based approaches either fail to recognize the required edits or produce
undesired changes and artifacts in the output. Our one-shot (OS) VDC yields clean results, with multi-shot (MS) and inversion correction
(IC) modules improving generalization and fidelity.

Edit-Clip VDC-SD-0S VDC-SD-MS VDC-SD-IC VDC-SANA-OS VDC-SANA-MS VDC-SANA-IC

Figure 19. Visual comparison on Colorization task. Text- and example-based approaches either fail to recognize the required edits or
produce undesired changes and artifacts in the output. Our one-shot (OS) VDC yields clean results, with multi-shot (MS) and inversion
correction (IC) modules improving generalization and fidelity.
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