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(a) Reference-based Face Restoration Results

(b) Controlling Restoration with Face Attribute Prompts

Figure 1: The proposed MGFR model demonstrates an exceptional ability in restoring low-quality face images,
yielding more outstanding visual effects with the addition of reference images, particularly in situations of
extreme degradation, shown in (a). Furthermore, the model is capable of target-specific restoration in (b),
directed by facial attribute prompts. This encompasses defining facial age characteristics (Case 1), adjusting the
restoration process based on attribute prompts (Case 2), and executing precise modifications to facial elements
(Case 3). w/o Reference Image means the results of our model without introducing reference image.

ABSTRACT

We introduce a novel Multi-modal Guided Real-World Face Restoration (MGFR)
technique designed to improve the quality of facial image restoration from low-
quality inputs. Leveraging a blend of attribute text prompts, high-quality reference
images, and identity information, MGFR can mitigate the generation of false facial
attributes and identities often associated with generative face restoration methods.
By incorporating a dual-control adapter and a two-stage training strategy, our
method effectively utilizes multi-modal prior information for targeted restoration
tasks. We also present the Reface-HQ dataset, comprising over 21,000 high-
resolution facial images across 4800 identities, to address the need for reference
face training images. Our approach achieves superior visual quality in restoring
facial details under severe degradation and allows for controlled restoration pro-
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cesses, enhancing the accuracy of identity preservation and attribute correction.
Including negative quality samples and attribute prompts in the training further
re�nes the model's ability to generate detailed and perceptually accurate images.

1 INTRODUCTION

Real-World Face Restoration (FR) aims to reconstruct high-resolution, high-quality (HQ) facial im-
ages from their degraded, low-resolution observations. Recent works, leveraging powerful generative
priors and diffusion models, have achieved signi�cant progress (Menon et al., 2020; Yang et al.,
2021b; Wang et al., 2021b; Lin et al., 2023; Wang et al., 2023b), particularly in addressing severely
degraded facial images. However, the information contained in the low-quality (LQ) inputs is limited.
FR inevitably introduces the illusion of generation, producing results with different facial attributes or
even different identities from the target image. For example, in Figure 1 (a) and Figure 2, we cannot
effectively predict the eye colour and skin characteristics of the person in the LQ input, resulting
in the output results – even the quality can be improved – having an apparent perceptual distance
from the target image. Many applications �nd this unacceptable, as humans can readily identify these
�aws. Achieving optimal facial image recovery requires effectively tackling false hallucinations.

Practically, we �nd that for the restoration of speci�c face images, we can obtain a lot of prior
information. For example, we may know this person's various attributes and identity, and there may
even be other clear images of this person in the photo album. Suppose we can use this information
as additional guidance to guide the restoration. In that case, we can alleviate the impact of false
illusions on key issues, thus helping to generate facial details that better suit our needs. For example,
in Figure 2 (a), when we provide an additional key description of gender and age, we can correct the
illusion. In Figure 1 (a) and Figure 2 (b), additional high-quality images are used as reference, and the
details of the eyes and skin texture can be accurately generated. What is even more gratifying is that
this kind of prior information can be widely obtained, making this problem of application signi�cant.

This work proposes a method called Multi-modal Guided Real-World Face Restoration (MGFR). We
aim to use multiple control methods to consider diverse multi-modal prior information in FR to restore
face images in a targeted manner. Speci�cally, MGFR uses attribute text prompts, HQ reference
images, and identity information as priors for collaborative guidance during restoration. We designed
a dual-control adapter with a two-stage training strategy to balance the complex multi-modal and multi-
source prior information. This dual controller is compatible with pre-trained generative diffusion
models (Rombach et al., 2022) and prioritizes restoration tasks while incorporating additional multi-
modal guidance. In addition, we collect theReface-HQdataset to address the scarcity of reference
image samples containing over 4800 identities and 21000 high-resolution facial images. Based on
the FFHQ (Karras et al., 2019a) and the proposed Reface-HQ datasets, we develop a high-quality
synthetic dataset for model training enriched with attribute text prompts. Furthermore, we adopt
a counterintuitive strategy to integrate negative-quality samples with negative-quality prompts and
negative-attribute prompts into training to enhance perceptual quality and detail generation.

The proposed MGFR model shows exemplary performance in the FR task, achieving superior visual
quality in facial details, especially under severe degradation conditions. MGFR can take a high-
resolution reference image as prior information and restore important details based on the reference
image that cannot be displayed in the LQ input. The identity information provided by the reference
image will also be considered in FR to ensure that the restoration does not change the identity
characteristics. In addition, MGFR can also provide a certain degree of control over the restoration
process through attribute text prompts, signi�cantly enhancing the feasibility of FR. As shown in
Figure 1 (b), textual prompts ful�l a dual function: they signi�cantly reduce facial attribute illusions,
such as “big eyes” or “old”, and also guide the restoration of speci�c facial features, such as “wearing
glasses” and “young”.

2 RELATED WORKS

Real-World Face Image Restoration Real-world face restoration (FR) concentrates on the chal-
lenging task of reconstructing HQ face images from LQ inputs. These LQ inputs are often blemished
by various forms of quality degradation, such as low-resolution (Chen et al., 2018; Dong et al.,
2014; Lim et al., 2017), blur (Kupyn et al., 2018; Shen et al., 2018), noise (Zhang et al., 2017),

2




	Introduction
	Related Works
	Methodology
	Stage One: Text-guided Face Restoration
	Stage Two: Multi-modal-guided Face Restoration
	Negative Samples and Prompt

	Experiments
	Experimental Setting
	Comparisons with State-of-the-art Methods
	Controlling Restoration with Attributes Prompts
	Ablation Study
	Limitations and Discussion

	Conclusion
	Reface-HQ Dataset
	Ablation Experiment

	Attribute Prompt
	More Qualitative Comparisons For Our Model without Reference Images.
	Additional Supplement to Table 1

	Training and Inference Consuming Analysis
	Controlling with Attributes Prompts
	Controlling Restoration
	Sensitivity Analysis

	User Study
	Ablation Study for Negative Prompt
	Impact Statements
	More Qualitative Comparisons For MGFR Model
	Scalability of MGFR for real-world video face restoration
	Model stability
	Brief Overview of Evaluation Metrics
	Qualitative Comparison with SUPIR

