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This supplementary material provides additional details and results to support the findings presented
in the main paper. It is organized into the following sections:

* More Details on SPIDER (Section Al): We elaborate on key architectural components of our
method, including the decoupled cross-attention mechanism, the training process of degradation
removal module, and the degradation pipeline.

* More Discussions on SPIDER (Section B): We provide additional qualitative and quantitative
analyses on the effectiveness of using GFPGAN for preprocessing low-quality images to obtain
more accurate captions. We also examine the impact of prompt design and image captioning
quality under various degradation conditions.

¢ More Results on SPIDER (Section 0): This section includes extended ablation studies, addi-
tional blind face restoration results under diverse degradation settings, and visualizations that
demonstrate the effectiveness of both the Degradation Mapper and Remover.

* Limitations (Section I): We acknowledge and discuss the current limitations of our method.

A More Details on SPIDER

A.1 Details of the Decouple Cross Attention mechanisms in ControlNet.

ControlNet comprises several Decouple Cross Attention (DCA) blocks, each connected to corre-
sponding blocks in the SD model via skip connections. These connections inject structural control
into the SD model at multiple levels. This design enables structured, controllable generation by lever-
aging intermediate representations from both ControlNet and the pre-trained SD pipeline. Notably,
this connection strategy is inspired by the SeeSR framework [T0].

A.2 Details of the Training Process of the Degradation Removal Module

In Stage I, we aim to encode both clean and degraded face images into a unified textural repre-
sentation space. By aligning their content-consistent features, the model refines representations of
degraded faces while suppressing degradation-induced noise. Notably, this process requires no ex-
plicit degradation annotations, making it suitable for real-world scenarios with diverse and unknown
corruptions.

The Degradation Removal Module (DRM) comprises two key components: the Degradation Mapper
and the Degradation Remover. Both components are implemented as four-layer MLPs and trained
on the FFHQ dataset [8]. For Mapper training, we use two types of inputs derived from FFHQ: the
original high-quality (HQ) images and their degraded counterparts (LQ), which are generated using
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Figure 1: Overview of the integration between ControlNet and the pre-trained Stable Diffusion
model.

the second-order degradation pipeline described in the previous section. The degradation parameters
and sampling strategy are identical to those described in Section B3. Notably, these HQ and LQ
samples are not paired during Mapper training; instead, they are treated as unpaired data to promote
generalizable representation learning under diverse and unannotated degradation conditions.

The Mapper generates a representation Fiyapper, Which is wrapped as a pseudo-text prompt in the
format "a photo of Fuupper” and injected into the cross-attention layers of the pretrained Stable
Diffusion model via its Key and Value branches. The Mapper is trained to reconstruct images with
consistent quality (i.e., high-quality (HQ) inputs produce HQ outputs, and low-quality (LQ) inputs
produce LQ outputs). Its training objective is defined as:

Lstage[—mapper = ]Ezo,eNN(O,I),t He — €9 (Zta i, Fmapper)”i} : M

After training the Mapper, we freeze its weights and train the Degradation Remover to purify Fiapper
by removing degradation cues, resulting in a refined embedding Fi.mover that retains content seman-
tics while eliminating quality-related distortions. In contrast to the unpaired setting used for the
Mapper, the Remover is trained using paired data, where each LQ image corresponds to its original
HQ version from FFHQ. The refined representation is also wrapped as "a photo of Fremover” and
injected into the same attention pathways. In this setup, the Remover receives LQ inputs and is
trained to generate HQ outputs, thus enforcing a textual-level transformation guided by latent-space
alignment. Its training objective follows the same diffusion loss formulation:

['stagel-remover = Ezo,ew,/\/'(o,]),t [”5 - 69(Zt7 t, -Fremover) ||§} . 2)

A.3 Details of the Degradation Pipeline

We train all models on the FFHQ dataset [S], which contains 70,000 high-quality face images resized
to 512 x 512. To generate realistic LQ training inputs, we follow the second-order degradation
strategy proposed in Real-ESRGAN [U]. Each HQ image (y) undergoes two sequential degradation
processes, and the overall degradation process in one stage can be formulated as:

r=[(y®ky) Ir +n5]JPEGq ) 3)

where x is the resulting low-quality (LQ) image. The degradation includes Gaussian blur (k,),
downsampling by a factor r ({,-), additive Gaussian noise ns, and JPEG compression with quality
factor ¢ (JPEG,). Each degradation stage shares this structure but uses independently sampled
parameters. Specifically, following DiffBIR [f], we randomly sample the degradation parameters o,
r, §, and ¢ from the ranges [0.2, 3], [0.15, 1.5], [1, 30], and [30, 95] in the first degradation stage, and
[0.2,1.5],]0.3,1.2], [1, 25], and [30, 95] in the second stage, respectively.
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B More Discussions on SPIDER

B.1 Effect of Prompt Design and Image Quality on LLaVA Outputs.

The performance of LLaVA [[7] is highly dependent on well-crafted prompts [8]. We use the prompt:
"Provide a detailed yet concise description of this person’s face. Include their face shape, eyes, nose,
mouth, eyebrows, skin texture and tone, expression, and any notable features like moles, freckles,
or wrinkles." to focus the output on detailed facial component structures. We show LLaVA outputs
under three prompt types and varying degradation levels. As illustrated in Figure D, facial description
prompts yield more face-specific details, and LLaVA remains robust to various degradations.

General Prompt Face Description Prompt (Ours) Facial Attributes Prompt

The woman in the image has a heart-shaped

N The image features a beaufiful young face with a prominent nose and blue eyes.

gender: female age: young-adult

woman wearing a white veiland a blue . Ny . . H nose: normal lips: full
" . She is wearing a white veil and a white ; .
! dress, likely a wedding dress. eyes: large brows: arched
L dress,which suggests that she is a bride. Her o N L
skin tone is fair, and she has a smilini hair: blond facial_hair: none
on her wedding day. The ! 9 skin: fair face: oval

expression on her face. She is also wearing
earrings, which adds to her elegant
appearance.

woman's hair isstyled in a bun, adding
to her elegant appearance.

makeup: natural
accessories: earrings

(a) Comparison of general prompt, face description prompt and facial attributes prompt

The woman in the image_has a heart-shaped face with a prominent nose and full lips. Her eyes are almond-shaped, and

FIDI;?SO her eyebrows are arched. She has a smooth, olive-toned skin with a hint of freckles on her cheeks. The woman is
smiling, which adds a warm and friendly expression to her face.
The woman in the image has a heart-shaped face with a prominent nose and full lips. Her eyes are brown, and her
LQ eyebrows are arched, giving her a slightly surprised expression. Her skin has a warm, olive tone, and she has a few
FID=250 freckles on her face. The overall expression of the woman is neutral, and she appears to be looking directly at the

camera.

(b) Comparison of face description output under different image qualities

Figure 2: Comparison of different prompt types and their effects on face description across varying
image qualities.

B.2 Effect of Using GFPGAN to Preprocess Images.

Table M shows that using GFPGAN to preprocess low-quality images improves restoration qual-
ity. Figure O further demonstrates that this enhances LLaVAs ability to generate more accurate and
faithful descriptions. Similarly, FaithDiff employs BSRNet for preprocessing to improve caption-
ing performance. Inspired by these results, we adopt GFPGAN as a preprocessing module before
LLaVA to produce more precise outputs.

Table 1: A quantitative evaluation of image quality metrics on the WIDER and LFW datasets, exam-
ining the effect of applying GFPGAN as a preprocessing method for low-quality images.

Metric WIDER LFW

w/o GFPGAN w/ GFPGAN w/o GFPGAN w/ GFPGAN
MUSIQ t 73.35 73.37 75.06 75.08
MANIQA 1 0.5612 0.5630 0.5755 0.5784
CLIP-IQA 1 0.7325 0.7342 0.7313 0.7320
FID | 35.07 34.58 39.39 39.74
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LQ

The person in the image has a square-
shaped face with a prominent nose and
thin lips. The eyes are wide-set, and the
eyebrows are arched. The skin tone is

The man in the image has a prominent nose
and a distinctive mustache.His face shapeis
oval,and he has a prominent chin. Hiseyes are

wo/ GFPGAN light, and the face appears to be brown, and his eyebrows are thickand arched.
somewhat blurry. The man's expression is [/ 3  His skin tone s light, and hehas a few
neutral, and there are no notable features [ wrinkles around his eyes andmouth. The man
like moles, freckles, or wrinkles visible in is wearing glasses, whichadds to his overall
the image. appearance.
The person in the image has a square- The man in the image has a prominent
shaped face with a prominent nose and a . 9 P .
thin, closed mouth. Their eyes are half- noseand a thin,angular face shape. His
Iclosed ivin ihem a sleepy or eyesare narrow and squinted, giving him a
contem Iali;/g exi gression The ?eyebrows somewhat stern expression.His mouth isset in
w/ GFPGAN P P . Y a straight line, and his eyebrowsare arched,

are arched, adding to the overall shape of
the face. The skin tone is light, with a
slightly rough texture. The person appears |
to be a young man with a somewhat
serious expression.

adding to his seriousdemeanor.His skin has a
slightly roughtexture,and his overall
appearancesuggests that he is a middle-aged
man.

Figure 3: Comparison of image restoration and description accuracy for low-quality inputs with and
without GFPGAN.

C More Results on SPIDER

C.1 More Ablation Studies Results.

We conduct additional ablation experiments on more datasets to further validate our findings. As
shown in the Table [, on the mildly degraded LFW dataset [3], although our method exhibits slightly
lower performance than other settings on a few metrics, it achieves overall the best results. On the
heavily degraded WIDER dataset [I1], our method significantly outperforms the other two settings,
highlighting its superior robustness under complex degradation conditions.

Table 2: Ablation results showing the effectiveness of the DRM and the different module orders on
WIDER and LFW datasets. The best results are marked in red, and the second best in blue.

Metric WIDER LFW

w/o DRM  DRM—Semantic Ours w/o DRM  DRM—Semantic Ours
MUSIQ (1) 70.12 71.54 73.37 75.05 75.02 75.08
MANIQA (1) 0.5165 0.5310 0.5630 0.5983 0.5885 0.5784
CLIP-IQA (1) 0.6971 0.7174 0.7342 0.7610 0.7556 0.7320
NIQE ({) 5.123 5.045 5.264 5.100 5.098 5.022
FID () 39.42 36.95 34.58 42.64 40.97 39.74

C.2 More Results on Blind Face Restoration.

More results on CelebA-Test dataset (Heavy synthetic degradations). Figure B shows a visual
comparison of face restoration results under severe degradation on a synthetically degraded CelebA-
Test dataset. Our approach, SPIDER (ours), demonstrates strong robustness to complex noise and
degradation. Unlike other methods that often generate artifacts or fail to recover facial structure,
SPIDER is capable of producing natural-looking faces even in extremely corrupted cases. Although
identity preservation is sometimes compromisedan unavoidable issue under such intense degrada-
tionthe ability to restore visually plausible and realistic faces highlights the effectiveness of our
model.

More results on LFW dataset (Mild real-world degradations). As shown in the Figure B, for
mildly degraded images, our method is able to accurately restore facial details while maintaining
consistency in eye color and eye gaze.



92 More results on Wider dataset (Heavy real-world degradations). As shown in Figure B, our
93 method reliably restores facial details under severe degradations, as evident in the first and second
94 rows. It preserves both structural integrity and subject identity. Additionally, as shown in the third
95 TOW, it reconstructs background subjects with high fidelity. Critical visual attributes, such as eye
96 color and gaze direction, are also well preserved. These results demonstrate the robustness and
97 semantic consistency of our approach across diverse challenging scenarios.

98 More results on SCface dataset (Extreme surveillance degradations). As shown in Figure [,
99 Figure B, and Figure B, our method consistently demonstrates strong denoising capabilities across
100 different camera views (i.e., under various degradation conditions), while preserving facial identity
101 more faithfully compared to other approaches.

v LQ GFPGAN  CodeFomer  DAEFR DR2 PGDIff ,DiffBIR FaithDiff ~ SPIDER(ours)

Figure 4: Visual comparison of different methods on the CelebA-Test [4] dataset.

GFPGAN DiffBIR FaithDiff

Figure 5: Visual comparison of different methods on LFW [B] dataset.
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Figure 6: Visual comparison of different methods on WIDER [[[1] dataset.
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Figure 7: Visual comparison of different methods across five camera conditions on SCface
dataset [2]. (Male)
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Figure 8: Visual comparison of different methods across five camera conditions on SCface
dataset [2]. (Female)

GFPGAN CodeFormer i i FaithDiff SPIDER gallery

Figure 9: Visual comparison of different methods on SCface dataset [I].

C.3 More Results on Degradation Removal Module.

Figure [0 and Figure T demonstrate the reconstruction ability of our Degradation Mapper trained
with unpaired data. Given either HQ or severely degraded LQ inputs, the Mapper generates seman-
tically consistent outputs, showing strong capability in encoding content and degradation patterns.
Although identity is not strictly preserved, the learned representations effectively support the subse-
quent degradation removal stage.

Figure 2 shows that our Degradation Remover, trained with paired LQ-HQ data, can generate high-
quality results from degraded inputs. It effectively removes various distortions and produces natural-
looking faces, demonstrating strong degradation removal capability, although identity consistency is
not strictly preserved.
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Mapper Output h Input: HQ Mapper Output Input: HQ

Mapper Output Input: HQ Mapper Outpu Input: HQ

Figure 10: Visual comparison of Degradation Mapper output (HQ) on the FFHQ [5] dataset.

¥~ &
Mapper Output Input: LQ

Mz.apper Output

N
Input: LQ

Mapper Output Mapper Output Input: LQ Input: LQ

Figure 11: Visual comparison of Degradation Mapper output (LQ) on the FFHQ [5] dataset.

D Limitations

Despite its promising performance, SPIDER still faces several limitations. First, the accuracy of im-
age generation depends on the recognition capability of LLaVA. Under conditions of severe image
degradation, LLaVA may produce inaccurate prompts, which can lead to the generation of incorrect
facial attributes, as illustrated in Figure B. This issue could potentially be mitigated by incorporat-
ing a more advanced vision-language model (VLM). In addition, since our method is built upon a
pretrained Stable Diffusion model, it inherits the typical tendency of diffusion models to emphasize
semantic and structural fidelity over background consistency [[I], potentially resulting in slight color
discrepancies in the background of the generated images.
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Remover Output
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Remover Output Input: LQ Target: HQ

Input: LQ Target: HQ Remover Output Input: LQ Target: HQ

Figure 12: Visual comparison of Degradation Remover output on the FFHQ [5] dataset.
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