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A. More Challenge Methods and Teams
A.1. UpHorse
Description. The proposed diffusion-prior-based implicit
representation joint face restoration method, DSS (Fig. 1),
utilizes three SOTA restoration and SR models for the joint
restoration of degraded images. Specifically, the process
begins with fine-tuning DiffBIR [7] to recover the funda-
mental structure of the image. Next, StableSR [10] is em-
ployed to precisely align the facial regions in real-world
scenarios. Finally, SUPIR [12] is used to further enhance
the facial details. By effectively leveraging the strengths
of each model, DSS achieves comprehensive, high-quality
restoration of degraded images, ensuring superior perfor-
mance across various aspects of the restoration process.
Implementation Details. For images with varying degra-
dation levels across different scenes, they apply three sepa-
rate models for individual restoration. Experimental Fig. 2
results show that, in the initial restoration phase, Diff-
BIR [7] achieves superior results, while StableSR [10]
and SUPIR [12] tend to restore more details. Based on
these observations, they propose a three-stage face restora-
tion framework: first, DiffBIR [7] is used for preliminary
restoration to address the basic structure of the image; then,
StableSR [10] is employed to further align the facial fea-
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tures with real human faces; finally, SUPIR [12] is applied
to enhance facial details, thereby achieving comprehensive
and high-quality restoration.

To improve the degradation removal performance of
DiffBIR [7] in the first stage, they fine-tune the first-stage
SwinIR [6] of DiffBIR [7] using 50,000 FFHQ [3] images.
Specifically, they crop the input images to 512×512, set the
learning rate to 1e-4, and train for 150K iterations on an
NVIDIA 4090 GPU. Considering the varying degradation
levels in the test data, they divided the degradation settings
into different ranges to better accommodate different levels
of image degradation. The loss function used is the Mean
Squared Error (MSE) loss Equation. 1.

ISW = SW (Ilq), L = ∥ISW − Ihq∥22, (1)

Where SW refers to SwinIR, ISW represents the output of
SwinIR, Ilq denotes the low-quality image, and Ihq denotes
the high-quality image.

In terms of the cfg scale parameter setting, larger values
result in lower fidelity and more details. Given the input
data distribution requirements of subsequent models, they
set the cfg scale to 6 during the restoration process with
DiffBIR [7], thus achieving a balance between the restora-
tion quality and the input requirements for subsequent detail
enhancement. Other parameters remain unchanged from the
original DiffBIR [7]. Experimental Fig. 3 results demon-
strate that the fine-tuned DiffBIR [7] achieves significantly
improved performance in degradation removal.

The experiments in Fig. 4 and Fig. 5 (“+” and “++” in-
dicate cumulative improvements over the previous method)
show that in the second stage, using StableSR [10] on top
of the first-stage restoration achieves further alignment with
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Figure 1. Team UpHorse. Overall pipeline.

Figure 2. Team UpHorse. The results in initial restoration stage.

Figure 3. Team UpHorse. The scores in initial restoration stage.

real-world faces and enhances fine details. They kept the
inference settings of StableSR [10] unchanged. In the third
stage, using SUPIR [12] based on the second stage further
enhances the texture details of the face.

Given SUPIR’s [12] powerful super-resolution capa-
bilities and considering limited computational resources,
they removed the language-guided restoration module
LLaVA [8]. Instead, they upsampled the input images by a
factor of 3 and then downsampled them to create relatively
low-quality input images, which are specifically targeted by
SUPIR [12]. This adjustment led to an improvement in the

Figure 4. Team UpHorse. The restoration results at each stage.

Figure 5. Team UpHorse. The scores at each restoration stage.

results after using SUPIR [12] for restoration. Additionally,
they experimented with various forward and reverse prompt
combinations to replace the original prompt, leading to fur-
ther breakthroughs in the results.

A.2. CX
Description. Their network design, shown in Fig. 6, is ex-
actly the same as DiffBIR. They only performed data filter-
ing and processing on FFHQ and then fine-tuned based on
the pre-trained model of DiffBIR.
Implementation Details. The proposed method achieves a



Figure 6. Team CX.

Figure 7. Team AIIALab.

runtime of 5 seconds per image (512x512) on an NVIDIA
RTX 4090. It utilizes the DiffBIR model (version: v1 face)
and is trained exclusively on the FFHQ dataset. The train-
ing process uses Adam as the optimizer with a learning rate
of 1.17e-6 for 80k iterations, conducted on a 512×512 reso-
lution using 5 NVIDIA A5000 GPUs with a batch size of
30 (6 per GPU). During testing, 50 steps are performed
with an empty positive prompt and a negative prompt of
“low quality, blurry, low-resolution, noisy, unsharp, weird
textures”, without using any image captioner for guidance.
The method shows a 0.06 improvement in the final score:
the weighted score of original v1 face DiffBIR is 3.97, af-
ter finetuning on filtered FFHQ, the weighted score is 4.03.
The solution is based on filtering the FFHQ training set.

A.3. AIIALab

Description. They address the challenge of restoring high-
quality facial images from low-quality real-world inputs
while preserving ID consistency. To achieve high-fidelity
reconstruction with enhanced visual quality, they propose
a dual-model adaptive Mixture-of-Experts (MoE) architec-
ture that synergistically integrates the high-quality genera-
tive priors of diffusion models with the identity-preserving
capabilities of transformer networks. Specifically, their

framework combines the complementary strengths of Diff-
BIR (for quality enhancement through diffusion processes)
and CodeFormer (for structural fidelity via transformer-
based facial priors), implementing dynamic feature fusion
through their novel adaptive gating mechanism.

Implementation Details. DiffBIR[7] proposes a two-stage
framework for blind image restoration that systematically
decouples degradation removal and content reconstruction.
In the first stage, they employ dedicated restoration modules
to eliminate image-independent degradations (e.g., noise,
blur), leveraging existing or custom-trained models (e.g.,
swinir) tailored for specific distortion types. The second
stage focuses exclusively on semantic-aware content regen-
eration through their designed generation module, which
operates solely on the purified image content from the first
stage, thereby avoiding interference from residual artifacts.
Crucially, they implement independent optimization strate-
gies for both stages while maintaining inter-stage compat-
ibility. To achieve dynamic quality control, they further
develop a training-free adaptive guidance mechanism that
spatially modulates restoration intensity during the diffu-
sion sampling process, enabling a precise balance between
perceptual quality and structural fidelity across different im-
age regions. This architecture provides a unified yet flexible



solution that combines task adaptability with stable perfor-
mance across diverse blind restoration scenarios.

Codeformer[13] begins by integrating vector quanti-
zation principles to establish a semantic-aware codebook
through a self-reconstruction-driven pre-training process,
where they first train a quantized autoencoder to learn
discrete latent representations and their corresponding de-
coder. Building upon this learned codebook prior, they
then design a Transformer-based architecture to precisely
predict optimal code combinations directly from degraded
facial inputs, enabling targeted restoration of missing fa-
cial details. To dynamically balance perceptual quality and
identity preservation, they further develop a controllable
feature transformation module that adaptively adjusts fea-
ture representations during the restoration process. The en-
tire system follows a three-stage progressive training strat-
egy: codebook construction, code prediction optimization,
and fidelity-quality adaptive refinement, ensuring system-
atic alignment between prior knowledge extraction and
task-specific restoration objectives.

Their method’s pipeline is shown in Fig. 7. Their frame-
work introduces an adaptive Mixture-of-Experts (MoE)
module to dynamically integrate the outputs of DiffBIR
and Codeformer, optimizing the selection of high-fidelity
and visually plausible restored facial images. Specifi-
cally, the MoE module operates through three key mech-
anisms. 1) The Diffusion Expert leverages iterative denois-
ing to recover fine-grained details but may introduce iden-
tity shifts under severe degradations, while the Codebook
Expert utilizes a pretrained vector-quantized autoencoder
to enforce identity consistency through discrete code pre-
diction, albeit with limited detail recovery capability. 2)
A lightweight gating network analyzes multi-scale degra-
dation features (e.g., noise distribution, blur kernels) and
semantic cues (facial landmarks, identity embeddings) from
the low-quality input. It predicts dynamic weights wdiff and
wcode = 1 − wdiff via a Sigmoid-activated MLP, priori-
tizing DiffBIR for noise/blur-dominated inputs and Code-
former for identity-critical scenarios (e.g., extreme low-
resolution or occlusions). 3) The final output is computed
as Ifinal = wdiff ·Idiff+wcode ·Icode, jointly optimized by a hy-
brid loss combining pixel-level reconstruction (LL1), iden-
tity preservation (LID), and adversarial training (Ladv).
Training datasets. They use 70k FFHQ as their train
datasets, no other data. All images are randomly cropped
to 512 × 512 during training. And they used data augmen-
tation methods such as random rotation and flipping to ex-
pand the diversity of the dataset.
Training strategy. In the DiffBIR [7], they train the restora-
tion module for 150k iterations (batch size=96). Then, they
adopt Stable Diffusion 2.1-base1 as the generative prior,
and finetune the proposed IRControlNet for 80k iterations
(batch size=256). Adam is used as the optimizer. The learn-

ing rate is set to 10−4 for the first 30k iterations and then
decreased to 10−5 for the following 50k iterations.

In the codeformer [13], they represent a face image of
512 × 512 as a 16 × 16 code sequence. For all stages of
training, they use the Adam optimizer with a batch size of
16. They set the learning rate to 8×10−5 for stages I and
II, and adopt a smaller learning rate of 2×10−5 for stage
III. The three stages are trained with 1.5M, 200K, and 20K
iterations, respectively.

In the training process of the above two models, they
also added perceptual loss and AdaFace loss to obtain high-
fidelity and high-quality facial images, with weights of 0.01
for both losses.

After that, they also apply the DT-BFR[5] method to
finetune the SwinIR model and Codeformer model (SwinIR
model is used as the DiffBIR stage 1 model). They first
generate pseudo targets using a diffusion model and then
use the generated targets to fine-tune the two pre-trained
restoration models. For fine-tuning the SwinIR model,
they set the weights of the losses to be λLPIPS = 0.1 and
λGAN = 0.1 for all the experiments. For CodeFormer, they
follow their training setup and empirically found that only
adopting their code-level losses to optimize the code pre-
diction module and the VQ-GAN encoder gives better fine-
tuning performance than the image-level losses.

A.4. ACVLab
Description. As Fig. 8, they proposed a two-stage restora-
tion approach for blind face restoration that combined GFP-
GAN [11] and DiffBIR [7] to enhance real-world degraded
facial images. GFPGAN is applied to the cropped face im-
ages to perform coarse restoration. This step effectively re-
constructs missing facial details and provides an initial en-
hancement of the global structure while maintaining iden-
tity consistency. Afterwards, the output of GFPGAN is
fed into DiffBIR, a diffusion-based blind image restoration
model for fine-grained-level restoration and refinement.
Implementation Details. The training process utilizes the
FFHQ [3] and FFHQR [9] datasets at a resolution of 512
× 512 pixels. They performed image degradation realisti-
cally via the standard degradation pipeline offered by the
organizer on Codalab. The degraded input images undergo
initial alignment and normalization to ensure consistency
across different samples. RetinaFace [1] is applied to lo-
cate facial regions, which are then cropped and resized to a
standard resolution.

For training GFPGAN, their training utilizes several key
optimization parameters. Adam optimizer [4] is employed
for both generator and discriminator networks with a learn-
ing rate of 2 × 10−3. A MultiStepLR scheduler is imple-
mented with milestones at 600,000 and 700,000 iterations
(gamma 0.5). The total training process consists of 800,000
iterations. The discriminator is trained at a frequency of
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Figure 8. Team ACVLab.
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2. Method details

2.1. Overview of the method

Our method relies on Diffbir[1] and Codeformer[2]. Diffbir
is a two-stage image restoration model. In the first stage, a
base restoration model is responsible for generating a high-
fidelity preliminary result. In the second stage, a diffusion
model based on ControlNet conditional control is employed
to add high-frequency details to the output of the first stage.
We utilize Codeformer as the first-stage model of Diffbir,
combining it with Diffbir’s second-stage model to achieve
high-fidelity and high-quality portrait restoration.

Codeformer
Generation 
module of 

DiffBIR
LQ High fidelity image High quality image

Figure 1. Pipeline of our methods.

2.2. Experiments
Training strategy Our method integrates Codeformer
and DiffBIR, two existing approaches, and thus does not
require retraining. The training strategies for these methods
can be referenced in their respective papers.
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Figure 9. Team HH.

once per generator update. As for the objective function,
they follow standard setting from the official repository of
GFPGAN.

A.5. HH

Description. Their method (Fig. 9) relies on DiffBIR [7]
and CodeFormer [13]. DiffBIR is a two-stage image
restoration model. In the first stage, a base restoration
model is responsible for generating a high-fidelity prelim-
inary result. In the second stage, a diffusion model based
on ControlNet conditional control is employed to add high-
frequency details to the output of the first stage. they utilize
CodeFormer as the first-stage model of DiffBIR, combin-
ing it with DiffBIR’s second-stage model to achieve high-
fidelity and high-quality portrait restoration.
Implementation Details. Their method integrates Code-
Former and DiffBIR, two existing approaches, and thus does
not require retraining. The training strategies for these
methods can be referenced in their respective papers.

A.6. Fustar-fsr

Description. They present their model named Incremen-
tal Face Restoration Model. This model has a hierarchi-
cal face restoration framework, which integrates progres-
sive generative diffusion models and face prior guidance,
and is tailored to address the complex degradation issues in

real-world scenarios. By leveraging the unique capabilities
of PGDiff and GFPGAN, and incorporating post-stage im-
age enhancement, they aim to achieve superior restoration
results.

Implementation Details. Many current blind face restora-
tion methods are quite excellent, which is beneficial for
us to refer to them and achieve real-world face super-
resolution. For instance, methods based on Generative Ad-
versarial Networks (GANs), like GFPGAN (Generative Fa-
cial Prior-GAN), leverage the rich and diverse prior knowl-
edge contained in pre-trained face GANs (such as Style-
GAN2). This prior knowledge encompasses various fea-
tures and structural information of the face, including the
distribution of facial features, texture patterns, and col-
ors, to guide the face restoration process. In the context
of real-world face super-resolution, they can draw on this
prior knowledge to assist the model in better understanding
the structure and features of the face, thereby generating
more reasonable and natural details when upscaling the im-
age. For example, DiffBIR: It decomposes the blind image
restoration problem into two sub-problems: degradation re-
moval and detail generation. A two-stage framework is pro-
posed. In the first stage, the restoration module trained by
the MSE loss function is used to remove most of the degra-
dation contained in the image, obtaining a clean but smooth
image lacking local texture details. In the second stage, the



ControlNet module is used to leverage the generative power
of Stable Diffusion to compensate for lost texture details or
semantic information. Meanwhile, a controllable module
without the need for additional training-latent image guid-
ance, is introduced to balance image quality and fidelity.
And CodeFormer: It transforms the blind face restoration
problem into a code prediction task. A discrete codebook is
used to represent the local features of high-quality face im-
ages, and low-quality face images are mapped to the code
space of high-quality images. By introducing the codebook
lookup Transformer (CLT), it combines the advantages of
discrete codebooks and Transformers. The self-attention
mechanism is adopted to model the global and local fea-
tures in images. And a hybrid training strategy is used to
combine reconstruction error and perceptual loss to ensure
that the model can not only remove noise and blur but also
retain the realism and naturalness of the image during the
restoration process.

After referring to those models, they primarily propose
a hierarchical face restoration framework based on a pro-
gressive generative diffusion model and face prior guidance,
and conduct further image enhancement in the subsequent
stage. As the first-step processing method, they present a
multi-stage cascaded framework. Specifically, this method
successfully integrates the temporally controllable genera-
tion ability of the progressive generative diffusion model
(PGDiff) with the structural semantic prior of the face prior
generation model (GFPGAN), achieving progressive face
restoration from coarse-grained to fine-grained levels.
(1) Utilization of PGDiff’s multi-scale diffusion guidance.
They make use of PGDiff’s conditional-guided diffusion
mechanism. During the diffusion process, they intro-
duce time-step-adaptive semantic constraints. By dynam-
ically fusing low-quality inputs (LQ) with pre-generated
face prior features of GFPGAN at different diffusion stages
(ranging from the high-noise level where t = T to the low-
noise level where t = 0), they realize progressive restora-
tion from the global structure to local details.
(2) Semantic prior embedding of GFPGAN They regard
GFPGAN as a semantic prior generator. Through adaptive
instance normalization (AdaIN), it encodes its pre-trained
knowledge of face structure (such as the distribution of fa-
cial features and texture patterns) into conditional vectors.
These vectors are then input as class-conditional (class-
cond) information during the reverse sampling process of
PGDiff, constraining the diffusion model to generate high-
resolution images that conform to the statistical characteris-
tics of real faces.
(3) Subsequent-stage image enhancement processing To ob-
tain more vivid images in terms of visual perception, they
draw on the methods in the HGGT paper and design an im-
age enhancement model aiming to further enhance the per-
ceptual quality of the restored face images. Specifically,

Figure 10. Team IPCV

they train an SR model named ELAN with L1 loss, percep-
tual loss, and adversarial loss, and apply it to HQ images
to further improve the perceptual quality of these images.
They use the commonly used DF2K as the training set and
degrade the HR images. Before inputting the degraded im-
ages into the model training, they resize them to the size
of HR images. Additionally, they remove the upsampling
layer in the model because, in order to obtain face images
with enhanced perceptual quality, the input and output need
to be the same size.

Training dataset. FFHQ is a high-quality image dataset of
human faces, originally created as a benchmark for gener-
ative adversarial networks (GAN). The dataset consists of
70,000 high-quality PNG images at 1024×1024 resolution
and contains considerable variation in terms of age, ethnic-
ity, and image background. It also has good coverage of
accessories such as eyeglasses, sunglasses, hats, etc. The
images were crawled from Flickr, thus inheriting all the bi-
ases of that website, and automatically aligned and cropped
using dlib. Only images under permissive licenses were col-
lected. Various automatic filters were used to prune the set,
and finally, Amazon Mechanical Turk was used to remove
the occasional statues, paintings, or photos of photos. The
participants are allowed to use extra data for training.

Training strategy. They use the Adam optimizer for training
their models. The optimizer’s parameters are set as follows:
β1 = 0.9, β2 = 0.999, and ϵ = 1e−8. These values have
been empirically found to provide stable convergence dur-
ing training.

A.7. Night Watch

Description. They use the initial weights provided by
https://github.com/XPixelGroup/DiffBIR.
Specifically, the original SwinIR was trained on ImageNet-
1k with CodeFormer degradation, and IRControlNet was
trained on filtered laion2b-en. For detailed training hyper-
parameters, please refer to the corresponding paper. They
fine-tune SwinIR using the FFHQ dataset.

https://github.com/XPixelGroup/DiffBIR


A.8. IPCV

Description. The Flux.1-dev-Controlnet-Upscaler is a deep
learning model designed for image upscaling, integrating
ControlNet with the Flux.1-dev architecture. It is based
on a 12-billion-parameter rectified flow transformer, orig-
inally designed for high-quality image generation. The in-
corporation of ControlNet allows for guided upscaling by
conditioning on additional inputs like depth maps, ensuring
better structure preservation. The training process involved
synthetic data degradation techniques, including Gaussian
and Poisson noise addition, image blurring, and JPEG com-
pression, making it robust for real-world image restoration.
The model can be used with the diffusers library to enhance
low-resolution images, and the implementation details are
available on its Hugging Face page [2], shown in Fig. 10.
He adjusted the 4x scaling to 1x to maintain the original
dimensions while enhancing pixel quality.

Implementation Details. No training, only used inference.
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