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Face2Scene: Using Facial Degradation as an Oracle for Diffusion-Based Scene
Restoration

Supplementary Material

1. Datasets

In this section, we provide details regarding the datasets
considered in our paper: (i) the synthetic dataset gener-
ated by InfiniteYou, (ii) real gallery images (synthetically
degraded for evaluation), and (iii) the real-world mobile-
captured data, with real-world degradations.

1.1. InScene Synthetic Validation Dataset

We first construct a synthetic dataset of 12,595 samples
by sampling faces from 1,005 identities in the CelebRef-
HQ [13] dataset and using InfiniteYou [10] to generate full-
body images in diverse scenes. We use the Stage 1
weights from InfiniteYou for generation, as they provide
stronger identity preservation compared to Stage 2. Gen-
eration is guided by an anti-blur LoRA' to reduce exces-
sive background blur, resulting in varied and visually rich
scenes that better highlight the effectiveness of our restora-
tion pipeline. The diversity of these scenes is illustrated via
a word-cloud visualization in Figure 1, where semantic tags
are extracted from each image using the RAM++ [32] im-
age tagging model.

As illustrated in Figure 2, we also provide example
prompts: the first and second sentences describe the sub-
ject, while the third and fourth sentences describe the back-
ground in detail to increase the chance of generating highly
detailed scene images.

To ensure identity consistency, we compute the Arc-
Face [3] embedding similarity between each generated im-
age and its corresponding reference images, and discard
samples with identity scores below 0.55. After filtering,
we retain 11,266 images from 905 identities for training
and 100 identities for the evaluation. For each generated
sample, as shown in Figure 2, we store metadata including
the prompt, image resolution, detected face bounding box,
facial landmarks, the File ID (identity index in CelebRef-
HQ [13]), and the ArcFace identity similarity score between
the generated face and the reference identity image used
during generation.

1.2. InScene Real Validation Dataset

As illustrated in Figure 3, we preprocess the real-world
gallery and evaluation images using a three-stage pipeline
that standardizes resolution, content, and perceptual quality
before training and evaluation.

Inttps://huggingface . co/Shakker - Labs /FLUX . 1-
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Figure 1. Scene diversity visualization. Word-cloud representa-
tion of the semantic tags extracted from our synthetic dataset using
the RAM++ [32] image-tagging model. Larger words indicate tags
that occur more frequently across generated images, highlighting
the broad diversity of scenes captured in our dataset.

Stage 1: Image size. We first apply a resolution filter and
discard any image whose shorter side is smaller than 1000
pixels, ensuring sufficient spatial detail for both face and
scene restoration. We then run a YOLOv8-based [17] face
detector’ and reject images in which no face is detected. For
the remaining images, we normalize the spatial support by
resizing such that min(H, W) = 1024 and cropping to a
1024 x 1024 square while preserving the full detected face
bounding box.

Stage 2: Image content. Next, we refine the face bounding
box and measure its area relative to the full image. Im-
ages are discarded if the face occupies less than 1% of the
image area, which removes cases where the subject is too
small or dominated by background. Following prior work
[5], we also apply a blur measure based on the variance of
the Laplacian, to identify overly blurred samples and reject
images that fall below a blur-awareness threshold, keeping
only images with sufficiently sharp facial and scene details.

Stage 3: Image quality. In the final stage, we perform
no-reference image quality assessment using three metrics:
MUSIQ [11], CLIP-IQA [19], and MANIQA [24]. We re-
tain only images that satisfy MUSIQ > 65.0, CLIP-IQA
> 0.65, and MANIQA > 0.40, filtering out low-quality or
heavily degraded samples. This pipeline yields a curated
real dataset with consistent resolution, reliable face content,
and high perceptual quality, suitable for robust training and
evaluation of our restoration framework.

2htt ps://github.com/YapaLab/yolo-face
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Prompt: First, full-body photography of woman
in a bare deciduous forest in winter. Second,
vertical orientation, direct perspective, wide-angle
view 1.2, balanced exposure, distant background
fully detailed, small aperture f/16-f/22, ultra high
detail, distant canopy detail preserved. Third, a
stone lanterns and mossy steps in the background,
with distant dust plume, distant objects clearly
rendered, edge-to-edge clarity. Fourth, sea grass
blades and barnacle clusters stay legible, consistent
detail across near and far surfaces, cinematic
realism, ultra high detail.

Image Size: 1024 x 1024

Face BBox: [X_min, Y_min, X_max, Y_max],
Landmark

Identity Number: 00379

Prompt: First, full-body photography of woman
in a montane cloud forest. Second, vertical
orientation, direct perspective, wide-angle view
1.2, distant background fully detailed, everything
in frame clearly visible, ultra high detail, balanced
exposure, textured bark and moss rendered clearly.
Third, a rusted pipes, grates, and riveted beams in
the background, with silver overcast light, distant
objects clearly rendered, edge-to-edge clarity.
Fourth, plaster texture and wood grain remain
defined, consistent detail across near and far
surfaces, cinematic realism, ultra high detail.

Image Size: 1024 X 1024

Face BBox: [X_min, Y_min, X_max, Y_max],
Landmark

Identity Number: 00945

Y4

Prompt: First, full-body photography of man in a\

glass-walled network operations floor. Second,
vertical orientation, direct perspective, wide-angle
view 1.2, ultra high detail, distant background fully
detailed, edge-to-edge clarity, everything in frame
clearly visible, textured bark and moss rendered
clearly. Third, a gnarled roots, ferns, and slick
stones in the background, with warm window
glows at dusk, distant objects clearly rendered,
edge-to-edge clarity. Fourth, rope fibers and rusted
fittings appear clearly resolved, consistent detail
across near and far surfaces, cinematic realism,
ultra high detail.

Image Size: 1024 x 1024

Face BBox: [X_min, Y_min, X_max, Y_max],
Landmark

Identity Number: 00309

Prompt: First, full-body photography of woman
in a frozen lake shore. Second, vertical orientation,
direct perspective, wide-angle view 1.2, ultra high
detail, wide-angle lens, everything in frame clearly
visible, distant background fully detailed, distant
canopy detail preserved. Third, an epiphytes
clinging to damp trunks in the background, with
cloudy soft light, distant objects clearly rendered,
edge-to-edge clarity. Fourth, glass seams and
architectural lines are razor-defined, consistent
detail across near and far surfaces, cinematic
realism, ultra high detail.

Image Size: 1024 x 1024

Face BBox: [X_min, Y_min, X_max, Y_max],
Landmark

Identity Number: 00063
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Figure 2. Four representative images of our synthetic InScene dataset. Each sample is shown alongside its structured prompt. We also
show the stored metadata, including facial landmarks, bounding boxes, and associated identity labels.
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Figure 3. Real dataset preprocessing pipeline. Our real-world images are standardized through a three-stage filtering process. Stage 1
removes images with insufficient resolution and ensures a detectable face is present. Stage 2 enforces content quality by verifying that
the face region is sufficiently large and the image is not overly blurred (e.g., due to defocus blur in the background, as in the example
image shown above). Stage 3 applies no-reference image quality metrics (MUSIQ, CLIP-IQA, and MANIQA) to retain only high-quality
samples.

1.3. InScene Real Test Dataset. ages were recorded in RAW format with automatic expo-
sure and ISO values set to 3200, 1600, and 800 to em-

W tured 100 real-world test i f 10 different
© captre oamworie Tesl Tmages wom Leren ulate diverse real-world degradations. To further intro-

identities using a Samsung S25 Edge smartphone. All im-



duce motion-related degradations, we additionally captured
a subset of images with a motion blur. We then processed
the RAW files using the rawpy library’ to obtain RGB im-
ages. These processed RGB images serve as the real de-
graded inputs for evaluating our model under realistic cap-
ture conditions.

2. Implementation Details
2.1. FaDeX Details

Figure 4 illustrates the contrastive training setup used for
FaDeX, which follows a momentum-encoder design sim-
ilar to MoCo [6]. Given HQ-LQ face pairs produced by
the Ref-FR module, we feed two independent inputs of
the concatenated faces, where they share a similar degra-
dation, into a principal encoder branch and a momentum
encoder branch. Both branches share the same architec-
ture: a stack of 3x3 convolution, BatchNorm [9], and
LeakyReLU blocks followed by a projection head (Lin-
ear + LeakyReLU + Linear). The principal branch is up-
dated by standard backpropagation, while the momentum
branch is an exponential moving average of the principal
encoder parameters and is never directly optimized. The
output of each branch is passed through the projector to
obtain d-dimensional face-degradation embeddings. Em-
beddings from the momentum branch are enqueued into a
first-in—first-out negative queue that maintains a large, con-
stantly refreshed set of past samples. At each iteration, for
a given sample ¢ in the current mini-batch, the embedding
from the principal branch acts as the query, ¢;, embeddings
from other samples with the same degradation operator, G,
form the positive set, and embeddings drawn from the queue
(and non-matching samples in the batch) serve as negatives.
The contrastive degradation loss, Lp.g, is then computed
over this large set of negatives. After the gradient update
on the principal branch, we update the momentum branch
via EMA and refresh the negative queue by enqueuing the
current momentum embeddings and dequeuing the oldest
ones. This implementation stabilizes training, enlarges the
pool of negative degradations without increasing batch size,
and yields robust, degradation-discriminative FaDeX fea-
tures that we subsequently freeze and use as conditioning
for the one-step restorer.

2.2. Additional One-Step Diffusion Model Imple-
mentation Details

During training, we adopt an online negative prompt learn-
ing scheme inspired by previous work [30]. For each mini-
batch, with probability, p,, we replace the ground-truth
HR target with its synthesized LR counterpart to form a
negative target, while the remaining samples keep their

3ht tps://github.com/letmaik/rawpy

original HR targets as positives. We pair negative tar-
gets with a fixed negative prompt (e.g., “oil painting, car-
toon, blur, dirty, messy, low quality, deformation, low res-
olution, oversmooth”) and positive targets with a generic
high-quality prompt (“a high-resolution, 8K, ultra-realistic
sharp image, vibrant colors, and natural lighting”). Dur-
ing inference, we apply classifier-free guidance [7] with
both prompts: the VAE encoder, Ey, and UNet denoiser,
€p, produce features for the positive and negative prompts,
Zpos = EG(EQ(ILR)atpos) and Zneg = 69(:E¢9(ILR)»tneg)7 and
the final representation is obtained as

Zout = Zneg 1 )\cfg(zpos - Zneg)7

where A, is the guidance scale. This teaches the model
to associate negative prompts with low-quality artifacts and
positive prompts with desired restoration quality, while
reusing synthesized LR images and thus adding no extra
overhead to the training pipeline. We use Ac;; = 1.10 in all
our experiments.

Degradation Attention Implementation We implement
the degradation attention module, DegAttn with eight
heads, 512 input channels, and 1024-dimensional output to-
kens that match the cross-attention embedding size of the
diffusion model. Starting from the FaDeX feature map
e € REBX256XHXW "\ye first apply an overlapping patch
embedding, which halves the spatial resolution and expands
the channels to 512. We then split this tensor along the
channel dimension into two branches, F; and F5, and flat-
ten them into token sequences that serve as the two inputs to
DegAttn. Inside DegAttn, we build separate queries and
keys from F; and F3, each using half of the eight heads
(four heads per branch), yielding two self-attention maps
A; and As. Values are computed from the concatenation
[F1; F»], so that each head operates on a richer 2d}, value
vector that jointly encodes both streams. A learnable scalar,
A, controls how much the second branch’s attention should
be subtracted from the first. The result Y, is normalized
with RMSNorm and projected back to 256 channels. From
Yen, we derive multi-scale degradation tokens using three
pooling stages described in the method section.

2.3. Reference-Based Face Restoration Model Se-
lection

Among the public and open-source reference-based restora-
tion models that outperform simple restoration models, we
found InstantRestore [31], FaceMe [16], Ref-LDM [8], and
RestorerID [26]. Unfortunately, most methods are not pub-
licly available. Among these, FaceMe gave the best re-
sults while being efficient at inference. Therefore, we adopt
FaceMe as our Ref-FR model to generate a high-quality
face given reference images.
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Figure 4. Overview of FaDeX contrastive learning. Momentum-encoder contrastive training setup with dual encoders and a queue of

negatives to learn degradation-discriminative face embeddings.

2.4. FaDeX Cosine-Similarity Experiment

In the paper, we evaluate whether FaDeX encodes degra-
dations while being invariant to image content. To this
end, we apply four fixed RealESRGAN-style degradation
presets to 10 randomly selected images and compute co-
sine similarities in the FaDeX embedding space. We denote
these degradation settings by d, . . ., d4 and keep all hyper-
parameters deterministic, so each d; corresponds to a repro-
ducible degradation operator. Each preset uses the standard
two-stage RealESRGAN pipeline.

e di: strong downscale + strong blur + high JPEG.
Stage one applies a strong downscale, isotropic Gaus-
sian blur, gray Gaussian noise, Poisson noise, and high-
quality JPEG compression. Stage two keeps the resolu-
tion, applies a milder isotropic blur and very high JPEG
quality, followed by a final sinc filter. This yields heav-
ily smoothed, downsampled images with strong blur and
mild JPEG artifacts.

¢ dy: strong upscale + low JPEG, then downscale +
anisotropic blur. Stage one strongly upscales the im-
age, adds colored Poisson noise, anisotropic Gaussian
blur, and low JPEG quality. Stage two downsamples the
image, adds additional Poisson noise, applies anisotropic
blur, and uses low—mid JPEG quality, without a final sinc
filter. Overall, d> produces moderately blurred images
with strong Poisson noise and noticeable JPEG artifacts.

¢ d3: almost-clean identity with sinc filtering. Both
stages keep the original resolution and use maximum
JPEG quality. Stage one has no Gaussian noise and min-

imal Poisson noise with a sinc filter; Stage two adds only
a very small Gaussian noise and another sinc filter. This
preset produces nearly artifact-free images with very mild
sharpening/sinc effects and negligible noise.

* ds: moderate downscale + light noise + very low
JPEG, then upscale + plateau blur. Stage one mod-
erately downsamples the image, adds light colored Gaus-
sian noise, mild Poisson noise, plateau-anisotropic blur,
and very low JPEG quality. Stage two then upscales the
image, applies plateau-anisotropic blur again, very low
JPEG quality, and a final sinc filter. This yields images
with structured blur, strong JPEG artifacts, and a slight
scale inconsistency.

3. Experimental Results

3.1. Quantitative Results: InScene Test Dataset

In Table 1, we compare models on the InScene real test
dataset captured by the Samsung S25 Edge phone. As there
is no ground-truth image in this case, we report on com-
monly used non-reference image quality assessment met-
rics (MUSIQ, Clip-IQA, MANIQA, LIQE, and TOPIQ).
The results show that our approach compares favorably to
other baselines, being either best or second-best according
to four of the five models. In particular, compared to the
second best model in the table, DiffBIR, our model outputs
sharper images with more details, as observed in Figures 15,
16, and 17.



Table 1. Quantitative comparison on the InScene Test Dataset.
Since real-world photographs do not have a ground-truth image
against which to compare, we quantitatively evaluate on our In-
Scene Test data via no-reference IQA models. Arrows indicate
whether lower () or higher (1) values are better. C-IQA and M-
IQA denote CLIP-IQA and MANIQA, respectively. Each cell is
color-coded to represent the best and second-best performance.

InScene Test Dataset

Methods | MUSIQt C-IQAT M-IQAT LIQE! TOPIQ?
SUPIR [27] | 604119 03506 03108 2.8347 04210
DiffBIR [15] | 71.4031 [WOGTONNO52380 4.3273  0.6751
ResShift [28] | 65.8328 05414 03827  3.7667  0.4916
PASD [25] 716666 05920 04849 43644  0.6483
OSEDIff [23] | 72.6963  0.6327  0.4819 44864  0.6583
SinSR [21] 716175 05965 04947 43157  0.6746
InvSR [29] 727069 04559 04145 43888  0.6665
S3Diff [30] 69.4941 05423 04014  4.1888  0.5805

Face2Scene ‘ 73.3047 0.6407 0.4859 | 4.6973 0.6846

3.2. Qualitative Results
3.2.1. InScene Synthetic and Real Validation Datasets

As shown in the qualitative comparisons on the InScene
synthetic (Figures 7, 8, 9, 10, 11, and 12), and real val-
idation datasets (Figures 13, and 14) conditioning only on
the face-derived degradation prior enables our method to re-
store substantially more coherent backgrounds with richer
textures, directly aligning with our core motivation. In the
facial regions, our approach also produces more human-like
appearances with fewer distortions than existing restoration
or diffusion-based generative models. These qualitative ob-
servations hold consistently for both the synthetic and real
validation sets and align with the quantitative trends, where
our method achieves higher perceptual scores and stronger
no-reference image quality metrics. Together, these results
confirm that estimating degradation solely from faces pro-
vides an effective prior that improves both global scene
quality and facial fidelity across synthetic and real data.

3.2.2. InScene Test Dataset

Figures 15, 16, and 17 show real test examples captured
by the Samsung S25 Edge mobile device and restored by
different methods. As can be observed in the examples,
our method reconstructs a higher quality face with less arti-
facts. Further, on the background regions, our model yields
sharper outputs with more details and less noise. In partic-
ular, the reconstructed face generated by our method tends
to maintain better fidelity to the LQ input, meaning it can
recover from blurriness and noise, yet also avoid halluci-
nated artifacts. For example, in Figure 16 (rightmost col-
umn), our model is able to deblur the face with plausible de-
tails, whereas either output a blurry face (most other meth-
ods) or an artifacted one (OSEDiff and S3Diff). Aside from
the face, we also see high frequency detail recovery is im-
proved; for instance, in Figure 15 (left columns), the hor-
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Figure 5. Model complexity comparison. We compare infer-
ence time across different diffusion-based restoration models. For
Face2Scene, we show the separate time costs of the reference-
based preprocessing and our final restoration as two different
shades. While our method is not as efficient as standard one-step
models, which do not require an initial face restoration step, it is
still considerably faster than current multistep models, despite per-
forming on-par or better than them, in terms of image quality and
restoration fidelity.

izontal stripes are preserved sharply by our method, while
others blur them, restore them in a slightly cartoonish man-
ner, or remove them entirely.

3.3. Model Complexity

To contextualize the efficiency of our approach, we com-
pare the inference time of Face2Scene against several state-
of-the-art restoration baselines (OSEDiff [23], S3Diff [30],
PASD [25], SUPIR [27], and DiffBIR [15]), as shown
in Figure 5. All timings are measured on an NVIDIA
A6000 48GB GPU using 1024x1024 input images, aver-
aged over 100 samples. For each model, we follow the
official inference pipeline. Notably, in our method, the
degradation extractor operates on the cropped face region,
whose size varies across images. Since the module is fully
resolution-agnostic, its runtime naturally scales with the
face-crop resolution: smaller faces lead to faster process-
ing than the reported average, whereas larger faces incur a
slightly higher cost.

4. Ablation Studies

4.1. Impact of CFG scaling factor

We study the effect of the classifier-free guidance (CFG)
scaling factor on our restoration pipeline. To isolate this be-
havior, we sweep the scaling value from 1.00 (using only the
positive prompt) up to 1.16 and evaluate performance on the
InScene Synthetic Validation set. Figure 6 presents the re-
sults, where the first row shows no-reference metrics (CLIP-
IQA, MUSIQ, MANIQA, TOPIQ, LIQE) and the second
row shows reference-based metrics (PSNR, LPIPS, DISTS,



SSIM, FID).

Overall, we observe a consistent trend: increasing the
CFG scaling factor improves no-reference metrics, indicat-
ing that the generated images become visually sharper and
more perceptually appealing. However, this comes at the
cost of reduced reference-based performance, where fidelity
to the ground-truth image gradually decreases as the scaling
factor increases. This trade-off reflects the classical balance
between perceptual sharpness and reconstruction accuracy
[2]; higher guidance pushes the model toward more confi-
dent, high-frequency outputs, while lower guidance yields
more faithful but slightly softer reconstructions. Based on
this analysis, we set the default value to A, = 1.10 for all
experiments, which provides a strong perceptual gain while
retaining competitive fidelity.

4.2. Impact of LoORA Rank

Table 2 shows how the LoRA rank for the VAE encoder
and UNet affects restoration quality. Very low ranks (4/4,
8/8) substantially degrade both fidelity (PSNR/SSIM) and
perceptual/no-reference metrics. Increasing the rank to
16/16 already yields strong gains, and the asymmetric set-
ting (VAE: 16, UNet: 32) further improves DISTS, LPIPS,
FID, and all no-reference scores, while keeping PSNR and
SSIM competitive. We therefore adopt the 16/32 config-
uration as our default trade-off between performance and
parameter efficiency.

4.3. Impact of Multi-scale Degradation Tokens

To understand how the granularity of degradation encod-
ing influences the restoration process, we ablate the number
of degradation tokens used for conditioning the diffusion
model. As shown in Table 3, we compare three configu-
rations: using only a single global token, adding a set of
intermediate-scale tokens, and finally incorporating the full
set of global, intermediate, and local tokens.

We observe a clear performance trend: increasing the
number of degradation tokens consistently improves most
perceptual and no-reference metrics. While global-only
conditioning captures coarse degradation properties, adding
intermediate tokens leads to modest gains and more stable
fidelity metrics (e.g., PSNR, SSIM). The full multi-scale
configuration, which uses 21 tokens, yields the strongest
performance across nearly all perceptual measures, indicat-
ing that richer degradation representations provide the dif-
fusion model with more precise conditioning.

In practice, the number of tokens is constrained by the
spatial embedding size of the degradation features. Our de-
sign uses a 4x4 grid at the latest scale, which implies that
the smallest usable face crop is 16 x 16 pixels; already a very
small face. Taking this constraint into account, we adopt the
21-token configuration as a good balance between expres-
sive multi-scale conditioning and robustness to small face

Crops.

4.4. Identity Preservation

In Table 4, we show the face identity preservation accuracy
of the different methods. In particular, for each model out-
put, we cropped the face region of the super-resolved image
and computed the ArcFace [3] cosine similarity between the
GT and restored face. The results show that our approach
most reliably preserves identity information.

4.5. Performance Comparison: Our Model vs.

S3Diff on Our Dataset

To provide a fairer comparison to our approach, in Table 5,
we compare against the closest model to ours (S3Diff [30])
trained on the same InScene dataset and using the exact
same experimental setup. We call this variant S3Diff™".
While the results of the two models are close on the syn-
thetic validation dataset, there is a noticeable gap in the real
validation dataset between our approach and S3Diff vari-
ants, especially for reference-based metrics. This is likely
due to having more diverse test examples in the real valida-
tion set, compared to the synthetic validation set. Indeed,
compared to the synthetic dataset (derived from celebrity
photos), the real data not only has a more complex distri-
bution of people, but the content of the images themselves
(e.g., the pose of the inserted people, or the level of detail in
the background) is more complicated. Overall, the results
suggest that the improvement gained by our model is more
generalizable to out-of-domain data. We hypothesize this
is due to more accurate degradation estimation and injec-
tion, which avoids overfitting to the training data, in part by
explicitly disentangling content from degradation.

4.6. Robustness to Reference Quality

We analyze the sensitivity of Face2Scene to the quality of
the reference-based face restoration module (Ref-FR) on In-
Scene Synthetic Validation Dataset. We generate Ref-FR
outputs with three different quality levels: good, medium
(default), and bad, using a controlled synthetic perturbation,
and compare the resulting scene restoration in Table 6. The
corresponding restored-face quality is shown in the last row
of the table, where the effect of the synthetic perturbation is
reflected in the quantitative results. As shown, Face2Scene
degrades gracefully as Ref-FR quality worsens and remains
competitive with S3Diff, indicating that Stage II does not
require near-perfect Ref-FR to be effective.

4.7. Comparison with Face Restoration Models

Face-only restoration methods are not directly comparable
to our primary setting, as they assume cropped and aligned
face inputs and do not reconstruct the full scene. Neverthe-
less, we evaluate Face2Scene on the dedicated face restora-
tion benchmark CelebA-Ref, which contains 100 identi-
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Figure 6. Effect of CFG scaling. We vary the CFG scaling factor from 1.00 to 1.16 on the InScene synthetic validation set. The top row
shows no-reference metrics and the bottom row shows reference-based metrics, illustrating the trade-off between perceptual quality and
fidelity. In particular, although there is some noise in the trends, one can see that the no-reference quality metrics tend to improve as the
CFG weight increases, while the low-level fidelity (PSNR and SSIM) tend to decline. The orange dot signifies the CFG weight that we
chose, which obtains high perceptual quality while maintaining fidelity (particularly according to the full-reference perceptual metrics).

Table 2. Impact of LoRA rank on the VAE encoder and UNet. We evaluate different LoRA rank configurations for the VAE and UNet
to analyze their effect on restoration quality across perceptual, fidelity, and no-reference metrics on the InScene synthetic validation set.
We observe that low ranks heavily damage performance, on both perceptual distances (LPIPS and DISTS) and no-reference quality. Our
16/32 configuration performs quite well on both types, though it is at the expense of pixel-level metrics (PSNR and SSIM). Increasing the
rank beyond this causes a slight decline according to most metrics.

InScene Synthetic Validation Dataset

VAE LoRA Rank  UNet LoRA Rank | DISTS, LPIPS, PSNRt SSIMt FID, | MUSIQt C-IQAT M-IQAT LIQE! TOPIQt
4 4 0.1771 04034 [2AHGIONN06IS3N 29.15 | 62.0885 05289 03093  3.6797  0.4913
8 8 0.1523 03505 239881  0.6035 2328 | 658073  0.6009 03433 39864  0.5469
16 16 0.1244 02881 234638 05834 1958 | 711710  0.6928 03906 43963  0.5984
16 32 ONMO070RA21I 22,9040  0.5574 |[WISR6NNTATE30NIN0T6400 04347 AT 06515
32 32 0.1076 02536 233672 05736 1661 | 73.7835  0.7545 [NOEE34AN 4.6329 [I0G607

ties (1064 images) that we used for the InScene synthetic
validation split and are unseen during training. Despite
not being designed as a specialized face restoration model,
Face2Scene achieves the best overall performance on most
metrics compared with strong non-reference face restora-
tion baselines (Table 7). This improvement is expected, as
our method leverages identity reference images that provide
consistent appearance and identity cues, whereas competing
methods must hallucinate missing facial details from a sin-
gle degraded face crop.

4.8. Spatially Varying Degradation

To evaluate robustness to spatially non-uniform degrada-
tions, we modify the first blur stage of the Real- ESRGAN
degradation pipeline to apply a spatially varying blur ker-
nel to generate new LQ samples for InScene Synthetic Val-

idation Dataset. Following Lin et al. [14], we model blur
as a position-dependent Point Spread Function (PSF) field,
yielding milder blur near the image center and progressively
stronger blur toward the image corners. Quantitative results
are reported in Table 8. Although Face2Scene is trained un-
der the assumption of globally consistent degradations, it re-
mains robust in this setting and outperforms S3Diff on most
perceptual and no-reference quality metrics. Representative
qualitative examples are also shown in Figure 15. We find
that Face2Scene restores facial regions reliably even under
this more challenging degradation, whereas most compet-
ing methods struggle to recover clear facial details. Some
background regions still exhibit mild residual blur, high-
lighting a limitation of the current formulation when the
degradation is not spatially uniform.



Table 3. Ablation on hierarchical components. We incrementally enable global, intermediate, and local components to assess their
impact on restoration quality across perceptual, fidelity, and no-reference metrics. Our complete configuration, which combines tokens
across scales, performs the best across all perceptual evaluation measures (i.e., excluding the low-level distortion measures, PSNR and
SSIM).

InScene Synthetic Validation Dataset

Configuration | DISTS| LPIPS| PSNR{ SSIMt FID| | MUSIQ? C-IQAT M-IQAT LIQET TOPIQt
Global only (1 Token) 0.1180 02671 23.6223 0.5862 1950 | 72.0117  0.6497 03769 42772  0.5942
Global + Intermediate (5 Tokens) 0.1294 02997 [237742200059210 21.92 | 69.9288  0.6582  0.3665 42190  0.5820

Global + Intermediate + Local (21 Tokens) | 0.1007  0.2421 | 22.9040 0.5574 | 15.26 | 74.7630 0.7640 0.4347 47157  0.6515

Table 4. Identity similarity on the InScene validation datasets. Our ID score measures similarity in terms of identity, meaning higher
values indicate better identity preservation. Since our reference-aware degradation estimator explicitly discards non-degradation informa-
tion, including identity, we investigated identity preservation as a metric specifically. We find that our method still performs best, in terms
of retaining or inferring identity. This suggests our degradation estimation is accurate enough to help the model recover the true underlying
face details, thereby preserving the correct identity as well.

Dataset ‘ Metric T ‘ SUPIR [27] DiffBIR [15] ResShift [28] PASD [25] OSEDiff [23] SinSR[21] InvSR[29] S3Diff [30] Face2Scene

0.4434 0.4433 0.4477 0.4030 0.4477 0.4239 0.4055 0.4684 0.4867
0.4333 0.4286 0.4692 0.4333 0.3766 0.4334 0.3892 0.4598 0.4881

Synthetic

Real ID Score

Table 5. Quantitative comparison on the InScene synthetic and real validation sets. To investigate the importance of training with
our dataset and provide a fairer comparison, we retrain the S3Diff model on our InScene dataset under the same experimental settings,
resulting in the model denoted S3Diff™*. Although doing so does result in improved performance over the standard S3Diff, our approach
still outperforms S3Diff"™ by a significant margin, particularly according to the full-reference metrics on the Real set. Since our method
is built upon S3Diff, this suggests our novel reference-derived degradation estimation module is necessary to obtain strong performance.
Arrows indicate whether lower ({) or higher (1) values are better. C-IQA and M-IQA denote CLIP-IQA and MANIQA, respectively. Each
cell is color-coded to represent the best and second-best performance.

InScene Synthetic Validation Dataset

Methods ‘ DISTS, LPIPS, PSNRtT SSIMt FID| ‘ MUSIQT C-IQAT M-IQAT LIQET  TOPIQt
S3Diff [30] 0.1131 0.2557 23.5955  0.5916  18.06 72.1764 0.6980 0.3858 4.4248 0.6233
S3Diff*™ 0.1039 0.2486 224990  0.5382  15.81 74.5945 0.7605 0.4384 4.7127 0.6450

Face2Scene (ours) 0.1007 0.2421 229040  0.5574 | 15.26 74.7630 0.7640 0.4347 4.7157 0.6515

InScene Real Validation Dataset

Methods | DISTS, LPIPS, PSNR? SSIMt FID| | MUSIQ? C-IQAT M-IQAT LIQEt TOPIQt
S3Diff [30] 0.2231 05149  17.1439  0.4804 3864 | 73.8209  0.6734 04480 47060  0.6627
S3Diff™ 02176 05069 169445  0.4702 37637 74.6644  0.6872 [PUOETAST 47249  0.6613

Face2Scene (ours) ‘ 0.1178 0.2502 22.8975 0.6197 4221 ‘ 75.3739 0.7015 0.4714 4.8044 0.6777

Method | DISTS LPIPS| PSNRT SSIM? FID | MUSIQt C-IQAT M-IQAT LIQET TOPIQt
Face2Scene | 0.099/0.101/0.106 0.239/0.242/0251 23.01/22.90/22.86 0.562/0.557/0.562 15.03/15.26/17.83 | 74.40/74.76/74.81 0.762/0.764/0.770 0.431/0435/0.442 4.70/4.72/4.76 0.643/0.652/0.652
S3Diff 0.113 0.256 23.60 0.592 18.06 7218 0.698 0.386 442 0.623

FaceMe ‘0219/0.227/()‘238 0.375/0.403/0.452  25.65/24.73/22.98 0.729/0.711/0.515 58.74/6273/68.37‘74.21/74.57/7429 0.676/0.684/0.688 0.558/0.564/0.562 4.90/4.93/4.89 0.679/0.681/0.680

Table 6. Robustness to reference restoration quality on the InScene Synthetic validation set. For Face2Scene, the Stage I Ref-FR
model produces reference faces at three quality levels (good / medium / bad). The table reports the resulting scene restoration performance
when these references are used in Stage II. As the reference quality decreases, Face2Scene shows only moderate degradation across
perceptual and no-reference quality metrics, indicating that the scene restoration stage is robust to imperfect face restoration. In particular,
even with degraded references, Face2Scene remains competitive with S3Diff, demonstrating that Stage II does not require near-perfect
reference faces to operate effectively.

5. Failure Modes is inherently difficult, these issues are also due in part to
using stable diffusion (SD) 2.1 [18] as our diffusion back-
bone, which we observe has limitations in handling text and
reconstructions with small contexts. Using FLUX [1] or

We show some failure cases of our model in Figure 18. In
particular, we observe that our model has difficulty restor-
ing the text regions and small faces. Though such content



Method | DISTS, LPIPS, PSNRt SSIM{ FID| | MUSIQ? LIQEf
CodeFormer [33] 0.1665 02504 260058 07089 2627 | 753111  4.8531
OSDFace [20] 0.1606 02485 247144 07009 = 2231 [[754782 4.8672
RestoreFormer++[22] | 02012 03925 204579 05954 2667 | 745379  4.7613

Face2Scene ‘ 0.1432 02180 264253  0.7367  19.21 ‘ 74.6088 4.8789

Table 7. Face restoration comparison on CelebA-Ref.
Face2Scene achieves the best performance on most metrics against
dedicated face restoration baselines. This is consistent with the use
of reference images, which provide additional identity and appear-
ance cues.

Method | DISTS, LPIPS, PSNRT SSIM{ FID, | MUSIQt C-IQAT M-IQAT LIQE! TOPIQt

0.1137 0.2599 229552 0.5571  17.88 ‘ 73.9026 0.7586 0.4269 4.6433 0.6405

Face2Scene

S3Diff 0.1275 0.2794 23.8162  0.5923  19.55 70.9485 0.6870 0.3800 4.2837 0.6143

Table 8. Comparison under spatially varying blur. We replace
the first blur stage of the Real-ESRGAN degradation pipeline with
a position-dependent blur field, such that blur is weaker near the
center and stronger toward the corners. Although trained assum-
ing globally consistent degradations, Face2Scene remains robust
and outperforms S3Diff on most perceptual and no-reference met-
rics, indicating better perceptual restoration under spatially vary-
ing blur.

Method | DISTS, LPIPS, PSNRT SSIM{ FID, | MUSIQt C-IQAT M-IQAT LIQEt TOPIQt

Face2Scene 0.1007 0.2421 229040  0.5574  15.26 | 74.7630 0.7640 0.4347 4.7157 0.6515
RedegNet [12] 0.1675 0.3868  24.7300  0.6290  36.06 | 66.9653 0.4893 0.3056 3.1354 0.5181

Table 9. Comparison between Face2Scene and RedegNet [12]
on InScene Synthetic Validation Dataset. Face2Scene achieves
better perceptual quality and no-reference image quality metrics,
while RedegNet attains higher PSNR and SSIM. ReDegNet learns
realistic degradation representations from face images and trans-
fers them to natural images to synthesize degraded training data
for blind image super-resolution.

SD3.5 [4], which generate bigger images with more de-
tails and can also better handle text, would help overcome
these limitations. Separately, another limitation is restor-
ing different degrees of blur due to depth of field. As our
method’s degradations are based on the face region, it does
not account for different levels of degradations (i.e., spatial
variation). This problem can be alleviated, for example, by
adding a depth-dependent blur estimation module to com-
pensate for such cases.
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Figure 7. Visual comparison on InScene Synthetic dataset across seven methods.
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Figure 8. Visual comparison on InScene Synthetic dataset across seven methods.
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Figure 9. Visual comparison on InScene Synthetic dataset across seven methods.
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Figure 10. Visual comparison on InScene Synthetic dataset across seven methods.
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Figure 11. Visual comparison on InScene Synthetic dataset across seven methods.
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Figure 12. Visual comparison on InScene Synthetic dataset across seven methods.
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Figure 13. Visual comparison on real validation across seven methods.
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Figure 14. Visual comparison on real validation across seven methods.
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Figure 15. Visual comparison across restoration methods on real test samples.
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Figure 16. Visual comparison across restoration methods on real test samples.
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Figure 17. Visual comparison across restoration methods on real test samples.
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Figure 18. Failure Cases. Our method, like other SD 2.1-based restorers, struggles to recover fine text and very small faces, reflecting the
backbone’s limited text rendering ability and difficulty preserving details in tiny spatial regions. More advanced backbones such as FLUX
or SD3.5, which provide higher native resolution and stronger text/face modeling, could alleviate these issues.
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