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Abstract. This paper introduces ID-PreFeR, a robust identity-preserving
face restoration method that tackles the ill-posed face restoration prob-
lem by incorporating personalized identity information. Existing approaches
often suffer from high training and storage costs and are sensitive to
the quality of reference images. To address these issues, we propose a
lightweight personalization injector that enables efficient personalization
without the need for regularization data. We also introduce an iden-
tity–quality disentanglement training strategy to ensure robust identity
learning, even when some reference images are of poor quality. Further-
more, we propose an identity-preserving sampling strategy to enhance
identity fidelity during inference. Extensive experiments on both syn-
thetic data and a newly collected real-world mobile-phone dataset verify
the effectiveness and practicality of the proposed method.

Keywords: Diffusion · Face Restoration · Image Enhancement

1 Introduction

Low-quality (LQ) facial images are ubiquitous in practice, e.g ., small faces in
mobile photos or unclear portraits collected online. Face restoration aims to re-
construct high-quality (HQ) facial images from degraded LQ inputs affected by
blur, low resolution, noise, and compression artifacts. This problem is inherently
ill-posed because multiple plausible HQ faces can correspond to the same LQ
observation, and the challenge is amplified by real-world variations in illumi-
nation, pose, and expression. Because human perception is highly sensitive to
facial details, even small deviations can noticeably alter perceived identity. As
shown in Fig. 1, as degradation increases, a representative blind face restoration
method [32] is more likely to drift from the input identity. These observations
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Fig. 1: The restoration results of the proposed method and a reference-free face restora-
tion (RFFR) method [32], with different types of degradation. The more the degra-
dation, the less identity information (measured by ID score [10]) exists in the input
image, showing the effectiveness of the proposed method for identity preservation.

motivate a restoration model that jointly recovers realistic facial details and
preserves identity.

Previous face restoration methods have substantially improved visual qual-
ity by leveraging generative priors from GANs [27,41,48,57], codebooks [13,15,
67], and diffusion models [8, 51, 55]. However, pretrained priors typically lack
identity-specific information, which can lead to identity inconsistency and loss
of crucial facial cues. To improve faithfulness, early personalized face restora-
tion methods [12, 29–31] use multiple HQ references of the same identity to
guide restoration. Yet differences across references (pose, illumination, makeup,
and accessories) can cause misalignment and weaken feature transfer. Recent
methods [5,11,43] instead fine-tune diffusion models [39] on identity-specific ref-
erences to form personalized representations. Benefiting from diffusion priors,
these methods generally improve visual quality and identity preservation.

Despite recent progress, two key challenges remain for personalized face
restoration. (1) Heavy personalization burden. Many personalized meth-
ods [5, 11] fine-tune most or all diffusion-model parameters [39] and store a full
model per identity. They also require substantial regularization data, often far
larger than the reference set, to reduce catastrophic forgetting [40], which in-
creases both training and storage cost. (2) Strong HQ dependency. Existing
personalized methods [5,11,31,37,43] are typically learned from HQ references,
so performance strongly depends on reference quality, yet in realistic scenarios
one cannot guarantee that all acquired references are HQ. As illustrated in Fig. 2,
the performance of prior methods degrades as the proportion of LQ references
increases. A lightweight and robust personalized framework under mixed-quality
references is therefore essential.



ID-PreFeR: ID-Preserving Face Restoration with Mixed Data Quality 3

DMDNet OursRef. images
#HQ=1

#HQ=5

Input

Ground truth

FaceMe Gen2Res

Fig. 2: The quality of results from previous personalized face restoration methods
deteriorates as the quality of reference images decreases. In contrast, the proposed
method maintains robust performance.

To address these challenges, we propose ID-PreFeR, a robust ID-Preserving
Face Restoration framework. To reduce personalization cost, ID-PreFeR learns
a lightweight personalized injector by fine-tuning only cross-attention weights
with low-rank adaptation (LoRA) [20]. Trained once per identity from a small
reference set with the diffusion backbone frozen, the injector forms an identity-
specific adapter stored and loaded on demand, greatly reducing both training
and storage cost versus full-model personalization. To mitigate the impact of
LQ references, we introduce an ID-quality disentanglement strategy that uses
a multi-modal large language model [60] to provide quality-aware prompt cues,
encouraging the model to focus on identity-consistent characteristics instead
of degradation patterns. We further propose an ID-preserving sampling strat-
egy that uses references to guide reverse diffusion and improve identity fidelity.
Adding only about 0.25% trainable parameters to the SDXL backbone [38], ID-
PreFeR achieves efficient personalization and remains robust even when only one
reference image is HQ, as shown in Figs. 1 and 2. Moreover, because many prior
personalized benchmarks [31,43] rely on celebrity images collected online [31,35],
we collect a mobile-phone dataset to evaluate performance in realistic scenarios.

Our contributions are:

– a regularization-free personalized injector that eliminates the need for exter-
nal regularization data, substantially reducing the optimization burden.

– an ID–quality disentanglement strategy that improves robustness to low-
quality references, mitigating the reliance on high-quality reference images.

– an ID-preserving sampling strategy that enhances identity consistency at
inference time without modifying the base restoration model.

– a real-world mobile-captured dataset to evaluate personalized face restora-
tion, featuring diverse degradations and practical capture conditions.
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2 Related Works

2.1 Face Restoration

Face restoration requires strong facial priors to maintain realism and fidelity.
Earlier methods exploit geometric priors such as segmentation [6,42], facial land-
marks [3, 25, 36, 45], and 3D face shapes [21, 22, 68], but these are reliable only
for high-quality inputs and become fragile under severe degradation. Generative
priors are another major direction, leveraging GANs [4, 6, 23, 47, 68], vector-
quantization codebooks [15,52,67], and diffusion models [32,51,55,61] to model
realistic face distributions. Owing to their strong visual quality, diffusion mod-
els are now a central focus: DR2 [51] uses a low-pass filter to guide denoising,
DiffBIR [33] first restores structure and then synthesizes details using the LQ
input as control [63], and AuthFace [32] adds an adversarial loss over Control-
Net [63] to enhance authenticity in sensitive regions. However, these methods
are conditioned only on the LQ input and may drift from the source identity.

Given reference images of the same subject, personalized methods recover
more identity-specific details: GWAINet [12] warps reference image to the in-
put, ASFFNet [29] uses landmarks to select the most similar reference, DMD-
Net [31] aligns input and reference features via a learned dictionary, and PFS-
torer [43] fine-tunes personalization blocks over ControlNet [63]. Recent identity-
preserving diffusion methods (InstantRestore [62], RestorerID [59], ReF-LDM [19],
FaceMe [34]) further improve fidelity but are learned from HQ references. These
methods all struggle when the references are themselves low-quality; we instead
learn a neural identity representation with ID-quality disentanglement, reducing
dependence on HQ references.

2.2 Text-to-Image Personalization

Text-to-image personalization adapts a generative model to a specific identity
given reference images, by fine-tuning model components [1, 26, 40, 53, 58], opti-
mizing concept-specific embeddings [1,7,14], or adding conditioning and prompt-
control strategies [2, 17, 44, 63]. These often require many regularization images
to avoid language drift [40] or incur high optimization cost [1,14]. In contrast, we
fine-tune only LoRA [20] adapters on cross-attention modules and avoid explicit
regularization-image sets by anchoring to a frozen backbone.

3 Methodology

Given several portrait references of an individual, ID-preserving face restora-
tion aims to restore low-quality portraits while preserving the subject’s identity.
As illustrated in Fig. 3, ID-PreFeR separates a short per-identity personaliza-
tion stage that learns a compact LoRA injector from a few references, and a
restoration stage that reuses the frozen backbone with the stored injector. We
thus do not train a single universal LoRA across identities: each identity is per-
sonalized once into a cached adapter, after which any number of inputs can
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Fig. 3: Overview of ID-PreFeR. Left: per-identity personalization (training).
Given reference images of a target identity, we optimize the LoRA weights of the
cross-attention layers of the U-Net decoder (orange) and the learnable prompt tokens.
The diffusion loss uses an identity prompt y (containing the identifier token [V] and
quality tokens), while a latent prior loss computed with a class prompt y∗ (without
[V]) regularizes the personalized network against the frozen backbone θ∗ to prevent
language drift. Right: restoration (inference). For a low-quality input image, we
run conditional latent diffusion with the learned injector. An ID-preserving sampling is
applied, by taking a small number of gradient steps on the predicted noise at denoising
step, to further increase the portrait similarity between the intermediate decoded result
and the reference set.

be restored, with ID-preserving sampling applied optionally at inference. After
briefly reviewing diffusion preliminaries (Sec. 3.1), we present three complemen-
tary components: a lightweight personalized injector (Sec. 3.2) that modifies only
a fraction of the text-conditioning parameters to learn who the subject is; an
ID-quality disentanglement strategy (Sec. 3.3) that prevents reference quality
from being encoded as identity and exploits mixed-quality references; and an
ID-preserving sampling strategy (Sec. 3.4) that corrects residual identity drift
during generation, even when few HQ references are available.

3.1 Preliminaries

Diffusion models. In summary, diffusion models [18,49] aim to learn a mapping
from the noise distribution to a desired image distribution. With a fixed forward
process that adds noise to an image, diffusion models learn a denoising process
that removes noise to approximate the original image. The denoising process is
performed with a U-Net or Transformer parameterized by θ, and the predicted
noise is denoted as ϵθ. It is usually conditioned on an intermediate result xt in
the process of denoising, and the current timestep t. To control the generated
results towards any desired distribution, the input prompts y are turned into
text embeddings τ(y) with a pretrained text encoder τ , and serve as a condition
for the denoising process as well.

For efficiency, diffusion models are adapted to the latent domain [39], where
an encoder E first maps the input image x into a latent representation z = E(x)
with a lower resolution but richer information, and a decoder D maps z back
into pixel domain as x′ = D(z). The latent diffusion model (LDM) operates on
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the latent z and is trained with the following diffusion loss:

LLDM = ∥ϵ− ϵθ (zt, t, τ(y))∥22 , (1)

and the diffusion process and denoising process is given by

zt =
√
ᾱtz +

√
1− ᾱtϵ, ẑ =

zt −
√
1− ᾱtϵθ(zt, t, τ(y))√

ᾱt
, (2)

where ϵ ∼ N (0, 1) is the added noise to zt, and zt is the noised latent represen-
tation at timestep t. ẑ is the estimated denoised latent representation, while αt

is the scaling factors that control the noise level at each timestep. ᾱt =
∏t

i=1 αi

is the cumulative scaling factor.
ControlNet [63] extends LDM with extra conditioning signals such as edge

maps or segmentation masks. It freezes the noise prediction network and trains
a copy of the encoder, initialized with the original weights and connected to the
decoder through a zero-convolution, thereby leveraging the pretrained Stable
Diffusion knowledge while guided by another condition c. The loss function for
ControlNet is:

LCtrl = ∥ϵ− ϵθ (zt, t, τ(y), c)∥22 . (3)

A naive solution for general image restoration is to condition the denoising
process of ControlNet on the LQ image, as done by previous methods [32, 33].
However, such formulations remain severely under-determined and tend to drift
from the actual identity.

3.2 Personalized Injector

The diversity of plausible face distribution calls for a design that injects the
identity prior into the denoising process. Inspired by previous works on person-
alization [26,40], we finetune the cross attention layers of the decoder part in the
noise prediction network on the provided reference images with the LoRA [20]
technique, and optimize with the diffusion loss defined in Eq. (1). However, the
finetuning inevitably hinders the generative capability by causing the language
drift problem [28,40], though the change is limited to a low rank.

To preserve the generative prior, previous works [40] constrain the training
with regularization images, by supervising on the images from the class where
the subject belongs. More recent works have alleviated the need for regulariza-
tion image, and turned to the original diffusion model weights θ∗ for supervision.
Based on the intuition that using the class prompts without the personalized to-
ken should yield a similar response, researchers have supervised on intermediate
representations, such as the text embedding [50], the attention response [66],
the noise prediction results [54]. Due to the implicit nature of attention response
and text embedding, we preserve the generative prior by regularizing on the
predicted noise with a latent prior loss:

Lreg = ∥ϵθ(zt, t, τ(y∗))− ϵθ∗(zt, t, τ(y
∗))∥22 (4)
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where y is the prompts with the identifier token, and y∗ is the prompts for the
class. For example, if y is “a photo of a [V] face”, y∗ should be “a photo of a
face”. The regularization is applied in the latent domain for finer control, since
latent distance aligns better with pixel error than attention response does. It
encourages the personalized branch to change only what is needed for identity-
specific restoration, while keeping general facial priors and language semantics
anchored to the pretrained model.

3.3 ID-Quality Disentanglement

Learning the identity precisely from several photos requires that each reference
contributes meaningfully. However, the quality of these reference images can
vary significantly, ranging from high-quality (HQ) portraits with clear details
to low-quality (LQ) images degraded by noise, blur, or compression artifacts.
If directly optimized on LQ images, the model may learn the artifacts as a
property of the identity to personalize. To address this challenge, we propose
an ID-quality disentanglement strategy that separates identity information from
quality degradation in the reference images.
Quality-token construction. We model quality with two learnable tokens, one
for HQ references and one for LQ references. Each reference image is assigned
a binary quality label (HQ/LQ) by a lightweight MLLM-based classifier, and
the corresponding token is inserted into the training prompt. Concretely, we use
prompts of the form “a [Q] [V] face”, where [V ] is the identity token and [Q] ∈
{[QHQ], [QLQ]} is the quality token. In our implementation, [QHQ] and [QLQ]
are initialized from the text embeddings of “sharp” and “blurry”, respectively,
and are jointly optimized with [V ]. At inference, quality tokens are removed and
only [V ] is retained, so that restoration is driven by identity rather than quality-
specific cues: [V ] captures identity-consistent cues shared across references, while
[Q] explains quality-dependent variation.

We view the disentanglement from another perspective: each LQ reference
can be seen as a shared identity-consistent latent zHQ plus a per-reference resid-
ual, defined by z

(i)
LQ = zHQ + ϵ

(i)
deg, where zHQ is the high-quality component

shared across all references of the identity, and ϵ
(i)
deg is the unknown per-sample

degradation residual. Substituting the LQ reference latent z = zLQ into the
forward process of Eq. (2) yields the noise combination

zt =
√
ᾱtzHQ +

√
1− ᾱt(ϵ+ ωtϵdeg), (5)

where ωt = ( ᾱt

1−ᾱt
)

1
2 . Since the diffusion models are trained to fully denoise the

image, the output of the pretrained backbone should be close to a slightly altered
noise ϵ+ ωtϵdeg, instead of ϵ.

To separate degradation from identity, the jointly optimized quality tokens
absorb ϵdeg while [V ] captures the identity-consistent cues shared across refer-
ences. We further employ the Min-SNR-γ weighting during training, and Eq. (1)
is modified to

LLDM= min
(
γ · ω−2

t , 1
)
·∥ϵ−ϵθ(zt, t, τ(y))∥22 , (6)
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where γ = 5 is a fixed hyperparameter (selected from a small sweep over
{1, 2, 5, 10}). Note that ω2

t = ᾱt/(1 − ᾱt) is the signal-to-noise ratio (SNR).
At a high timestep the SNR is low and ωt→0, so the degradation term ωtϵdeg is
dominated by ϵ and vanishes on its own; the harmful regime is a low timestep,
where the SNR is high and ωtϵdeg would otherwise push the injector to repro-
duce the degradation. The Min-SNR-γ weighting caps this contribution precisely
when the SNR is high, offering more robust training [16], reducing overfitting
to high-frequency artifacts from LQ references, and emphasizing stable identity
structure. A detailed derivation is provided in the supplementary material.

3.4 ID-Preserving Sampling

Despite the ID-quality disentanglement strategy, an insufficient number of HQ
reference images can still degrade performance, since the degradation in LQ
images renders the target data distribution less well-defined. To mitigate this,
we propose an ID-preserving sampling strategy that explicitly injects identity
information into the reverse diffusion trajectory.

Let ϵ̂t = ϵθ(zt, t, τ(y), c) denote the predicted noise at timestep t from the
personalized denoiser, where c is the conditioning signal from the LQ input (e.g .,
ControlNet features). We employ a frozen face recognition network fface [10] that
maps an image to a unit-normalized identity embedding. Given the reference set,
we precompute fface(xref) and select xref as the closest reference to the input in
the face-embedding space (or, when available, the best-quality HQ reference).

At each denoising step, we refine ϵ̂t by performing a small number of gradient-
ascent steps on the cosine similarity between the decoded intermediate prediction
and the selected reference embedding:

ϵ(k+1) = ϵ(k) + δ∇ϵ(k)

〈
fface

(
D(ẑ(ϵ(k)))

)
, fface(xref)

〉
, (7)

where ẑ(ϵ) = (zt −
√
1− ᾱt ϵ)/

√
ᾱt is the single-step latent estimate of Eq. (2)

evaluated at the current noise iterate ϵ. We initialize ϵ(0) = ϵ̂t and use ϵ(KID) as
the refined noise estimate for the subsequent diffusion update. In practice KID
is small (we use KID=1 by default) with step size δ=0.05, and the refinement
is applied only to the last few denoising steps, acting as a lightweight late-stage
identity correction while synthesis remains governed by the diffusion prior. The
full per-step procedure is summarized in Algorithm 1.

4 Experiments

4.1 Experimental Details

Baselines. For personalized face restoration, we select a CNN-based model
(DMDNet [31]) and two diffusion-based methods (FaceMe [34] and Gen2Res [11]).
We focus on baselines with public implementations and compatible protocols;
several contemporary personalization frameworks either require full-model tun-
ing with large regularization sets or are not released in a form suitable for con-
trolled comparison under the same reference setting. In addition, we include
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ALGORITHM 1: ID-Preserving Sampling (one denoising step)
Input: noisy latent zt, timestep t, prompt embedding τ(y), conditioning c,

reference image xref, step size δ, iterations KID

ϵ(0) ← ϵθ(zt, t, τ(y), c);
for k = 0 to KID − 1 do

ẑ ← zt−
√

1−ᾱt ϵ(k)
√

ᾱt
;

x̂← D(ẑ);
ϵ(k+1) ← ϵ(k) + δ∇ϵ(k) ⟨fface(x̂), fface(xref)⟩;

end
Output: refined noise ϵ(KID)

representative blind face restoration baselines with different generative priors:
GFPGAN [47], CodeFormer [67], DiffBIR [33], and AuthFace [32].
Datasets. The base model is trained on FFHQ [24] and the Unsplash dataset [9].
Following previous works [31, 43], quantitative evaluation is conducted on Cele-
bRef [31] with the same degradation pipeline for all compared methods. For
each identity, we randomly select K=5 images as references and use the rest for
evaluation; K=5 is a default rather than an intrinsic optimum, and ID-PreFeR
remains effective with fewer (including mixed-quality) references. To analyze ro-
bustness to the number of HQ references (#HQ), we replace part of the HQ
references with degraded versions. We additionally evaluate on real-world im-
ages captured by mobile phones under challenging conditions (low light, long
distance, motion blur, and compression).
Metrics. We evaluate pixel-wise, structural, and perceptual similarity to ground
truth using PSNR, SSIM, and LPIPS [64], identity similarity (“ID”) [10] as co-
sine similarity between face embeddings, and the no-reference quality metrics
CLIPIQA [46] and MANIQA [56].
Training setup. We personalize on SDXL [38] with a rank-16 (α=16) LoRA
on the decoder cross-attention layers, optimized by AdamW for 500 steps at
batch size 4 with a constant schedule in FP16; the LoRA weights use a

√
·-

scaled learning rate of 10−3, while the jointly trained quality tokens and [V ] use
5×10−4.
Inference setup. At test time, restoration uses the frozen backbone with the
stored identity-specific injector, requiring no parameter update except the op-
tional ID-preserving sampling (KID=1, δ=0.05) applied to late denoising steps.

4.2 Quantitative Results

Tab. 1 reports quantitative comparisons across baselines and our method, with
metrics of the input LQ images and ground truth for reference. The inputs al-
ready show relatively high PSNR/SSIM, in some cases comparable to the base-
lines, while other metrics reveal poor perceptual quality. ID-PreFeR attains the
lowest LPIPS [64], the best MANIQA [56], a competitive CLIPIQA [46] (sec-
ond only to RestorerID [59], which trades fidelity and identity for no-reference
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Table 1: Quantitative comparisons on CelebRef [31] of the proposed method with 4
blind face restoration methods (i.e., GFPGAN [47], Authface [32], CodeFormer [67],
and DiffBIR [33]) and 6 personalized/reference-based face restoration methods (i.e.,
DMDNet [31], FaceMe [34], Gen2Res [11], InstantRestore [62], RestorerID [59], and
ReF-LDM [19]). The specifications of reference images (Ref. spec.) are listed. ↑ (↓)
denotes higher (lower) values indicate better performance. Numbers colored in red
indicate the best performance, while blue for the second best. The metrics of the input
and ground truth are for reference.

Method Ref. spec. PSNR↑ SSIM↑ LPIPS↓ CLIPIQA↑ MANIQA↑ ID↑

GFPGAN × 25.50 0.748 0.301 0.503 0.449 0.613
CodeFormer × 25.07 0.726 0.388 0.598 0.429 0.586
DiffBIR × 25.29 0.690 0.401 0.615 0.504 0.562
AuthFace × 25.32 0.683 0.294 0.699 0.643 0.649
DMDNet HQ 25.04 0.712 0.316 0.613 0.491 0.635
FaceMe LQ & HQ 25.82 0.724 0.265 0.646 0.504 0.704
Gen2Res LQ & HQ 24.30 0.748 0.424 0.491 0.331 0.446
InstantRestore HQ 24.65 0.722 0.297 0.561 0.488 0.769
RestorerID HQ 22.72 0.636 0.434 0.717 0.574 0.522
ReF-LDM HQ 23.58 0.676 0.244 0.669 0.562 0.695
Ours LQ & HQ 25.51 0.729 0.242 0.701 0.649 0.767

Input N/A 24.58 0.714 0.672 0.309 0.144 0.613
Ground truth N/A +∞ 1.000 0.000 0.650 0.546 1.000

quality), and a highly competitive ID score. Crucially, the only baseline with a
marginally higher ID score, InstantRestore [62], and the other strong identity-
preserving baselines (ReF-LDM [19], RestorerID [59]) all rely on HQ-only refer-
ences, whereas ID-PreFeR reaches a comparable ID score with mixed LQ&HQ
references, i.e., the realistic setting this work targets. It is the only method rank-
ing first or second on every metric, while baselines that lead one column (e.g .,
FaceMe [34] on PSNR or RestorerID on CLIPIQA) drop sharply on others,
showing that our gains do not trade one axis against another.

4.3 Evaluation on Additional Benchmarks

Larger reference benchmark. To verify that our conclusions are not specific
to CelebRef, we additionally evaluate on the larger FFHQ-Ref-Moderate bench-
mark (857 subjects) [19], where ID-PreFeR improves identity similarity (IDS)
and perceptual similarity (LPIPS/FID) by a clear margin over DMDNet [31]
and ReF-LDM [19]. Full results are provided in the supplementary material.
Real-world mobile dataset. For our mobile-phone dataset, pixel-aligned ground
truth is unavailable, so reference-based metrics that require pixel correspondence
are not applicable. We therefore report no-reference quality metrics (LIQE [65],
CLIPIQA [46], and MANIQA [56]) together with two complementary identity-
similarity measures: the ArcFace [10] feature similarity against a held-out HQ
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Table 2: Quantitative evaluation on the real-world mobile dataset. As paired ground
truth is unavailable, we report no-reference quality metrics and two identity-similarity
measures (ArcFace [10] feature similarity and a VLM-as-a-judge score, both higher is
better). Red and blue denote the best and second-best.

Method Reference-free quality↑ Identity similarity↑

LIQE CLIPIQA MANIQA ArcFace VLM

Gen2Res [11] 3.8491 0.6203 0.6375 0.5013 7.10
FaceMe [34] 4.5924 0.5503 0.5173 0.5750 7.62
InstantRestore [62] 4.0722 0.5072 0.4307 0.6093 6.84
RestorerID [59] 4.3060 0.7404 0.5594 0.5621 5.74
ReF-LDM [19] 4.8925 0.6757 0.5757 0.5969 8.86
Ours 4.8927 0.6850 0.6528 0.5972 8.92

reference, and a VLM-as-a-judge score that prompts Gemini-3-Pro to rate, on
a 1–10 scale, how closely the facial identity in the restored image matches that
reference (higher is more similar; full prompt in the supplementary material).
We use both because ArcFace embeddings become unreliable under the heavy,
mixed degradation of in-the-wild mobile captures, whereas the VLM judge as-
sesses holistic resemblance and is less sensitive to low-level corruption; their
agreement provides a more trustworthy identity signal than either alone. This is
also why the judge is introduced only here and not in Tab. 1, where CelebRef’s
pixel-aligned HQ ground truth already makes the ArcFace cosine reliable. As
shown in Tab. 2, ID-PreFeR ranks first or second on every metric, achieving
the best LIQE, MANIQA, and VLM identity scores while remaining competi-
tive on CLIPIQA and ArcFace similarity. To assess identity stability, we further
measure the standard deviation of the per-sample ArcFace similarity across the
mobile dataset, which serves as a proxy for long-term identity consistency. ID-
PreFeR attains a low variance of 0.0192, on par with RestorerID [59] (0.0210),
InstantRestore [62] (0.0198), and ReF-LDM [19] (0.0181), indicating robust iden-
tity preservation across diverse in-the-wild captures.

4.4 Qualitative Results

Since human perception is sensitive to facial details, we present qualitative com-
parisons to complement quantitative metrics. For an unbiased and informed com-
parison, we include cases of various skin colors. To keep the figures legible, the
qualitative panels focus on the most competitive baselines; CodeFormer [67] and
DiffBIR [33] are omitted given their weaker quantitative performance in Tab. 1,
while the additional personalized baselines (InstantRestore [62], RestorerID [59],
and ReF-LDM [19]) are compared quantitatively in Tabs. 1 and 2.

In Fig. 4, we present qualitative comparisons on synthetic CelebRef [31] with
mixed HQ/LQ references (average #HQ=3), where each row shows the input,
two reference-free baselines, the reference set, three personalized methods, our
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Input Ground TruthRef. imagesAuthFace DMDNet OursGFPGAN FaceMe Gen2Res

Fig. 4: Restoration results on synthetic degraded images, compared with reference-free
face restoration baselines (orange titles) and personalized face restoration baselines
(blue title, using a combination of HQ and LQ reference images).

result, and the ground truth. Reference-free methods (GFPGAN [47], Auth-
Face [32]) recover plausible textures but reshape identity-bearing landmarks
(e.g ., jawline and lips) and wash out subject-specific details under strong degra-
dation. Among personalized baselines, DMDNet [31] is geometrically unstable
around mouth, ears, and hairline; FaceMe [34] introduces appearance incon-
sistencies under mixed quality and pose; and Gen2Res [11] overfits to reference
texture and shifts identity-defining attributes. In contrast, our method is sharper
and more consistent with the ground truth, better preserving facial geome-
try, hairline/ear placement, and fine-grained identity traits, without component
alignment and while remaining robust to mixed-quality, pose-diverse references.

The top two rows of Fig. 5 show Internet images with diverse compression
artifacts differing from the synthetic training distribution, and the bottom two
rows show real-world mobile-phone frames captured in low-light, dynamic scenes
with mixed noise, blur, low resolution, and compression. Reference-free methods
(GFPGAN [47], AuthFace [32]) and Gen2Res [11] produce realistic faces but shift
identity cues (e.g ., beard and eye shape), while DMDNet [31] and FaceMe [34]
can fail under alignment difficulty or strong compression. In comparison, our
method restores identity and subtle expressions more faithfully; the eyes and
glasses are preserved even when the glasses are absent in some references. Addi-
tional qualitative comparisons on synthetic and Internet images are provided in
the supplementary material.

4.5 Ablation Study

To validate the effectiveness of the proposed method, we conduct an ablation
study on different components.



ID-PreFeR: ID-Preserving Face Restoration with Mixed Data Quality 13

Ref. imagesGFPGAN AuthFace DMDNet OursInput FaceMe Gen2Res

Fig. 5: Restoration results of degraded images from the Internet (top 2 rows) and
captured by mobile phones (bottom 2 rows).

Table 3: Quantitative ablation study. Numbers in red indicate the best performance,
while blue for the second best. “CA” and “SA” refers to the cross attention and self
attention layers, respectively.

Method #Params PSNR↑ SSIM↑ LPIPS↓ CLIPIQA↑ MANIQA↑ ID↑

W/o prior preservation 6.41 M 25.52 0.731 0.245 0.699 0.624 0.746
W/o ID-quality disent. 6.41 M 25.57 0.698 0.279 0.674 0.555 0.766
W/o ID-preserving samp. 6.41 M 25.07 0.696 0.281 0.666 0.554 0.734

LoRA all CA 11.82 M 25.34 0.709 0.289 0.621 0.489 0.745
LoRA all CA & SA 12.57 M 25.45 0.720 0.290 0.599 0.472 0.756

Ours 6.41 M 25.51 0.729 0.242 0.701 0.649 0.767

As shown in the first row of Fig. 6, removing the latent prior loss causes color
drift (often toward magenta) and more facial artifacts, especially with fewer HQ
references; In the second row, removing quality cues and Min-SNR-γ produces
visibly blurrier results under low-HQ settings; In the third row, removing ID-
preserving sampling weakens salient identity cues (e.g ., iris color consistency).

These observations are corroborated by the quantitative comparisons in Tab. 3.
The complete model uses only 6.41M parameters, far lighter than optimizing
LoRA on all cross-attention (CA) or all attention (CA&SA) layers, yet performs
stronger on most metrics. Since PSNR/SSIM do not always correlate with per-
ceptual quality [64], the highest ID score is particularly important for validating
identity preservation.
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Input Ground truth
#HQ = 3 #HQ = 5#HQ = 1

W/o prior preservation
#HQ = 3 #HQ = 5#HQ = 1

Complete Model

Input Ground truth
#HQ = 3 #HQ = 5#HQ = 1

W/o ID-quality disentanglement
#HQ = 3 #HQ = 5#HQ = 1

Complete Model

Input Ground truth
#HQ = 3 #HQ = 5#HQ = 1

W/o ID-preserving sampling
#HQ = 3 #HQ = 5#HQ = 1

Complete Model

Fig. 6: Ablation study on the latent prior loss (first row), the ID-quality disentangle-
ment strategy (second row), and the ID-preserving sampling (third row).

4.6 Robustness to Mixed Quality and Computational Cost

A central claim of ID-PreFeR is robustness to the number of high-quality refer-
ences (#HQ). Tab. 4 sweeps #HQ∈ {5, 3, 1} while holding the reference-set size
fixed and replacing the remaining references with degraded versions. ID-PreFeR
maintains a nearly constant identity similarity (0.7671/0.7641/0.7613) as #HQ
decreases. Removing ID-preserving sampling lowers identity similarity by a clear
margin at every #HQ (to 0.7338/0.7325/0.7317), confirming that this compo-
nent is the main driver of identity fidelity; removing ID-quality disentanglement
leaves the ID score almost unchanged but, as the qualitative comparisons show,
degrades perceptual quality and fine detail when HQ references are scarce, so
both components contribute to mixed-quality robustness along complementary
axes. Indeed, at the hardest #HQ=1 setting the disentanglement-free variant
even edges out ours in ID (0.7632 vs. 0.7613), confirming that disentanglement
buys perceptual quality under scarce HQ references rather than the ID score it-
self. The personalized baselines Gen2Res [11] and FaceMe [34] stay at a markedly
lower identity level throughout.

We next analyze computational cost. Personalization is a one-time, per-
identity procedure that trains only the LoRA injector (Sec. 3.2) with the back-
bone θ∗ frozen; its 6.41M parameters (∼0.25% of the SDXL backbone, ∼13 MB
in FP16) are far lighter than storing a full diffusion model per identity, and
personalization takes about 4.2 minutes, faster than the per-subject optimiza-
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Table 4: Robustness to the number of HQ references (#HQ) and computational cost.
ID↑ is reported under #HQ∈ {5, 3, 1}. Training time is per identity; inference time
and VRAM are per image. N/A denotes tuning-free methods without per-subject op-
timization. Red denotes the best value in each column.

Method ID↑ Train Inference

#HQ=5 #HQ=3 #HQ=1 time↓ time↓ VRAM↓

Gen2Res [11] 0.5576 0.5601 0.5676 11.4 min 8.9 s 3.26 GB
FaceMe [34] 0.5712 0.5722 0.5688 N/A 6.6 s 10.78 GB
Ours 0.7671 0.7641 0.7613 4.2 min 29.0 s 34.8 GB

w/o IDQ disent. 0.7664 0.7631 0.7632 4.2 min 29.2 s 34.8 GB
w/o IDPS 0.7338 0.7325 0.7317 4.3 min 5.6 s 24 GB

tion of Gen2Res. As the same table shows, the ID-preserving sampling accounts
for most of the inference cost (cf . the “w/o IDPS” row): each refinement step
in Eq. (7) decodes the intermediate latent through the VAE decoder D and
backpropagates the cosine-similarity gradient through both D and the frozen
face network fface, so disabling it reduces inference from 29.0 s and 34.8GB to
5.6 s and 24GB. Restricting the refinement to the last few steps with KID=1
already recovers most of the identity gain, and reducing this cost for on-device
deployment is a promising future direction.

5 Conclusion

In this work, we propose ID-PreFeR, a novel framework that personalizes the por-
trait restoration process, given a few reference images with mixed data quality.
It disentangles content from varying image quality through joint optimization,
enabling the model to focus solely on the shared identity information during
finetuning. To support reproducibility, we will release the code, checkpoints,
evaluation scripts, and the collected mobile dataset after acceptance.
Limitations. Variations across references in makeup, jewelry, and glasses may
cause feature cancellation during training, as the model learns only the shared
identity; ID-PreFeR may thus show diverse results in these attributes rather
than adhering to any single reference. This can be partially mitigated by filter-
ing the reference set, masking accessories and non-facial regions, or captioning
the references so that such attributes are conditioned on explicitly rather than
averaged away; we leave a thorough study to future work.
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A Justification for Min-SNR-γ Weighting

This section gives the formal argument behind the Min-SNR-γ weighted diffusion
loss of the main paper: why this weighting prevents reference-image degradation
from leaking into the identity injector. The key idea is to track how a degradation
component propagates into the ϵ-prediction objective at each timestep, and to
show that the weighting bounds its contribution.

Identity–degradation decomposition. Consider the K references of a single iden-
tity. Following the main paper, we decompose the latent z(i)LQ of the i-th reference
into an identity-consistent component zHQ, shared across all references of that
identity, and a sample-specific degradation residual ϵ(i)deg:

z
(i)
LQ = zHQ + ϵ

(i)
deg. (9)

Here zHQ is the component the injector is intended to encode, whereas ϵ
(i)
deg is a

per-sample nuisance that should not be attributed to the identity. Substituting
Eq. (9) into the forward process gives the diffused latent

z
(i)
t =

√
ᾱt zHQ +

√
1− ᾱt

(
ϵ+ ωt ϵ

(i)
deg

)
, ω2

t =
ᾱt

1− ᾱt
= SNR(t), (10)

so that, in the ϵ-prediction parameterization, the degradation manifests as an
additive residual ∆ϵt = ωt ϵ

(i)
deg =

√
SNR(t) ϵ

(i)
deg in the regression target.
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The degradation term grows at high SNR. The (unweighted) contribution of this
residual to the diffusion loss therefore scales as ∥∆ϵt∥22 = SNR(t) ∥ϵ(i)deg∥22, which
grows with SNR(t) and is largest at low-noise (high-SNR) timesteps. Conse-
quently, without re-weighting, these high-SNR steps dominate the gradient and
push the injector to reproduce the per-sample degradation ϵ

(i)
deg as if it were part

of the identity.

Min-SNR-γ caps the degradation gradient. Min-SNR-γ [1] applies the weight
wt = min

(
γ/SNR(t), 1

)
, which is exactly the factor min(γ ω−2

t , 1) used in the
main paper’s weighted loss. Its effect on the degradation contribution is to bound
it by a constant independent of t:

wt

∥∥ωt ϵ
(i)
deg

∥∥2
2
= min

(
γ

SNR(t) , 1
)
SNR(t)

∥∥ϵ(i)deg

∥∥2
2

= min
(
γ, SNR(t)

) ∥∥ϵ(i)deg

∥∥2
2

≤ γ
∥∥ϵ(i)deg

∥∥2
2
, (11)

where the first equality uses ω2
t = SNR(t). At high SNR (SNR(t) > γ) the

weight γ/SNR(t) exactly cancels the SNR(t) amplification and clamps the term
to γ ∥ϵ(i)deg∥22; at low SNR (SNR(t) ≤ γ) the weight is 1 and the term is al-
ready small. The weight scales the whole residual at a given timestep, not the
degradation term alone; identity survives this because the shared component
zHQ accumulates coherently across the K references, whereas the capped per-
sample residuals ϵ(i)deg are uncorrelated and cannot. Min-SNR-γ thus bounds how
much any single (high-SNR) timestep drives the injector toward the degrada-
tion residual, keeping quality-specific artifacts out of the learned identity and
complementing the quality-token disentanglement in the main paper.

B Full Results on FFHQ-Ref-Moderate

To verify that our conclusions are not specific to CelebRef, we additionally eval-
uate on the larger FFHQ-Ref-Moderate benchmark (857 subjects) proposed by
ReF-LDM [2]. As reported in Tab. 5, where † denotes the numbers reported by
ReF-LDM [2], ID-PreFeR improves identity similarity (IDS) and overall percep-
tual similarity (LPIPS) by a clear margin. On the tightly cropped facial area
(fLPIPS) it trails the two baselines slightly (0.105 vs. 0.088/0.096), as our gains
concentrate on whole-image restoration and identity rather than on the cropped-
patch metric. The restored images are also better aligned with the natural HQ
image distribution, as reflected by the lowest FID. A qualitative example from
this benchmark is shown in Fig. 7: ID-PreFeR yields the closest appearance
to the ground truth, especially when restoring the subject’s eyes and mouth.
Assessing fairness across demographic subgroups on the more demographically
balanced FairFace dataset [3] is a natural next step for a finer-grained subgroup
analysis.
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Table 5: Quantitative comparison on the larger FFHQ-Ref-Moderate benchmark [2]
(857 subjects). † denotes results reported by ReF-LDM [2]. Red and blue denote the
best and second-best.

Method IDS↑ fLPIPS↓ LPIPS↓ FID↓

DMDNet† [4] 0.810 0.096 0.348 36.60
ReF-LDM† [2] 0.840 0.088 0.332 33.05
Ours 0.891 0.105 0.202 32.63

Ground TruthInput Ours (ID-PreFeR) ReF-LDM DMDNet

Fig. 7: Qualitative comparison on the FFHQ-Ref-Moderate benchmark [2] (reference
images omitted). ID-PreFeR restores identity-bearing details, especially around the
eyes and mouth, most faithfully to the ground truth.

C VLM-as-a-Judge Identity Score

The VLM column of Tab. 2 uses Gemini-3-Pro as the judge. For each restored
image it is shown the restored face and the held-out HQ reference of the same
subject and returns an integer 1–10 facial-identity score with the exact prompt
below:

You are an expert face-identity verifier. You are given two
images of a face: (1) a restored image and (2) a high-quality
reference image of the same person. Rate, on an integer scale
from 1 to 10, how likely the two images show the SAME identity,
where 1 = clearly a different person and 10 = definitely the
same person. Judge only identity-bearing facial structure (face
shape/contour, eyes and brows, nose and mouth geometry, and
other person-specific traits). Ignore differences in pose,
expression, lighting, background, and image quality. Output
only the integer score.

The same prompt and image order are used for every method, and the reported
value is the mean over the mobile dataset.

D More Results

Fig. 8 compares the performance of the baselines and ID-PreFeR on synthetic
scenes, where the proposed method achieves the restoration closest to the ground
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truth. Compared with the baselines, which often generate visually plausible yet
slightly identity-drifting faces, our method better preserves identity-bearing fa-
cial geometry and fine local traits, yielding restorations that are consistently
closer to the ground truth in face contour, eye–brow configuration, nose–mouth
structure, and age-related texture.

Fig. 9 presents Internet photographs of celebrities that have undergone un-
known mixed compression. The proposed method restores their recognizable
facial identity. Compared with the baselines, which often generate plausible yet
slightly identity-drifting faces, our method better preserves identity-bearing fa-
cial geometry and fine local traits, yielding restorations that are consistently
closer to the ground truth in face contour, eye–brow configuration, nose–mouth
structure, and age-related texture.

Input Ground truthAuthFace DMDNet OursGFPGAN Ref. images FaceMe Gen2Res

Fig. 8: More qualitative comparisons on ID-preserving face restoration (ground truth
undergone synthetic degradation).

E Ethical Impact

E.1 Demographic Fairness

Face restoration systems are highly sensitive to visual identity cues that vary
with ethnicity, age, and other demographic factors. Without careful considera-
tion, such systems may show uneven performance across population subgroups.
Note that ID-PreFeR is designed to focus on identity-preserving features while
minimizing dependence on lighting and skin-tone–related signals, as validated in
the diverse qualitative cases throughout the paper. It is able to maintain consis-
tent restoration quality across ethnic groups. However, small residual disparities
remain, indicating the need for continued research in this area.



Supplementary of ID-PreFeR 5

GFPGAN AuthFace DMDNetInput Ref. images OursFaceMe Gen2Res

Fig. 9: More qualitative comparisons on ID-preserving face restoration (Internet im-
ages with compression and various degradations).

E.2 Privacy and Misuse Concerns

Technical advances are often accompanied by heightened concerns about mis-
use. The capacity to reconstruct high-fidelity facial images from degraded inputs
introduces potential misuse risks. In particular, applications involving surveil-
lance, de-anonymization, or forensic prediction without consent are explicitly
discouraged. We urge users to adhere to legal frameworks and ethical standards,
especially in contexts involving vulnerable or marginalized populations.

E.3 Transparency and Accountability

We support responsible deployment by releasing model evaluation protocols and
encouraging third-party audits on fairness and generalization. Further, we advo-
cate for the development of community benchmarks that better capture demo-
graphic variability and downstream societal effects.
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