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A OVERVIEW
This supplementary material includes:

• more details of the training process (Section B) ;
• more ablation studies (Section C);
• user study on real-world dataset (Section D);
• more test results on CelebA dataset (Section E).

Apart from this document, we have supplemented the source code
of our LD-BFR to provide more implementation details.

B MORE DETAILS OF OUR LD-BFR
B.1 More Training Details
Due to space constraints, we introduce the settings of the train-
ing dataset and some training hyper-parameters in the Experiment
Section. This section will show more training details of the VQ-
GAN and the diffusion model.

At first, we follow the settings of the LDM [2] and train a VQ-
GAN model and a latent diffusion model on a high-quality face
dataset.

Secondly, we individually adjust the Encoder and the Decoder
of the VQ-GAN. For the Encoder, we add a Dual Cross-Attention
module after the original Encoder and finetune it with an HQ-LQ
paired dataset. It should be noted that the parameters of the code-
book and the Decoder are frozen when training the Encoder.

Finally, we train the HQI module of the diffusion model. The
other modules of the diffusion model reuse the parameters of the
pre-trained model and their parameters are frozen while training
the HQI module. The HQ feature input of the HQI module is from
the output of the LQ-Encoder with the cross-attentionmodule.The
pair feature for training is extracted from the HQ face image from
the HQ-Encoder.

C MORE ABLATION STUDIES
In Section 4.2 of the main paper, we qualitatively study the effec-
tiveness of the dual cross-attention module, the diffusion process,
and the HQI module. Here, we present quantitave study of these
modules.

For convenience, we show the quantitative ablation in one table.
As is shown in Tab. 1, the DCAM is the Dual Cross-Attention mod-
ule, the DQE represents the Diffusion Quality Enhancement mod-
ule, and the conv stands for using the conv method to inject con-
dition. We only use the FID metric and experiment on the CelebA-
Test dataset.

D USER STUDY ON REAL-WORLD DATASET
In this Section, we conduct a user study in which users sort the re-
sults of three methods, i.e., two state-of-the-art competitors (Code-
Former [6], DR2 [4]) and our method. In total 10 groups of images
are evaluated in this user study. Note that all these 10 groups are
randomly chosen from the test set. Our method outperforms the

Table 1: Quantitative results of ablation studies with FID↓
score.

DCAM DQE Conv E-HQI D-HQI FID↓
66.1826

✓ 54.3621
✓ ✓ ✓ 48.4688
✓ ✓ ✓ 44.4849
✓ ✓ ✓ 42.8421
✓ ✓ ✓ ✓ 38.9823

Figure 1: User study results of CodeFormer, DR2 and our
method.

other comparison methods in most groups in terms of restoration
quality.

We have invited 12 participants to complete our user study, and
the results of the user study are summarized in Fig. 1. Results demon-
strate the advantage of our method, where 55% votes chose our
method as the best among the three methods.

E MORE TEST RESULTS ON CELEBA
DATASET

For more comprehensive comparisons with previous methods [1,
3–6, 6] on different levels of degraded datasets, we provide qualita-
tive results on each split of the CelebA-Test dataset in Figures 2, 3
and results on real-world dataset in Figure 4.
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Figure 4: More results on the real-world dataset.
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