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Figure 1. Data construction pipeline of F-bench and content overview of FaceQ database. From left to right, (a) Diverse input source
data for face generation, customization, and restoration. (b) F-Bench benchmarks 29 face generative models, including 14 face generation
models, 6 face customization models, and 9 face restoration models. (c) Multi-dimensional subjective preference evaluation in F-Bench.
(d) 3D scatter plots of MOS distributions across FaceQ three subsets.

Abstract

Recent artificial intelligence (AI) generative models have
demonstrated remarkable capabilities in image production,
and have been widely applied to face image generation, cus-
tomization, and restoration. However, many AI-generated
faces (AIGFs) still suffer from issues such as unique dis-
tortions, unrealistic details, and unexpected identity shifts,
underscoring the need for a comprehensive quality evalua-
tion method for AIGFs. To this end, we introduce FaceQ,
the first comprehensive AI-generated Face image database
with fine-grained Quality annotations aligned with human
preferences, which consists of 12K images and 491K ratings
across multiple dimensions. Using the FaceQ database, we
establish F-Bench, a benchmark for comparing and evalu-
ating face generation, customization, and restoration mod-
els, highlighting strengths and weaknesses across various
prompts and evaluation dimensions. Additionally, we as-
sess the performance of existing image quality assessment
(IQA) methods on FaceQ, and further propose a large mul-
timodal model (LMM) based Face quality Evaluator (F-

∗ Equal contribution. † Corresponding author.

Eval) to accurately assess the multi-dimensional quality of
generated faces in a one-for-all manner. Extensive experi-
mental results demonstrate the state-of-the-art performance
of our F-Eval. The project page is: https://mediax-
sjtu.github.io/F-Bench/.

1. Introduction

Generative models, including VAE [47], GAN [26], and dif-
fusion models [33, 74, 80], have made remarkable progress
in recent years, and have been extended to the fields of text-
to-image generation [3], text-driven image editing [44], im-
age restoration [99], etc, leading to high-quality artificial
intelligence generated images (AIGIs). As an important
aspect of AIGIs, many studies have also investigated face
generation [100], face customization [57, 108], and face
restoration [62, 87], producing creative, high-quality face
images. Despite these advances, many AI-generated faces
(AIGFs) still suffer from perceptual deficiencies.

Many natural face image quality assessment databases
have been established in the literature [48, 51, 59, 86].
However, natural images are mainly degraded by distor-
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Table 1. Comparison between FaceQ and existing AIGC quality assessment databases (top) as well as natural face quality assessment
databases (bottom). FaceQ is the first large-scale AI-generated, customized and restored face quality assessment database.

Database Domain Source Images Scores Dimensions

AGIQA-3K (TCSVT2024) [51] General AI-generated 2,982 MOS Perception, Alignment
AIGCIQA (CVPR2024) [86] General AI-generated 2,400 MOS Quality, Authenticity, Correspondence
RichHF-18K (CVPR2024) [59] General AI-generated 17,760 MOS Plausibility, Aesthetics, Text-image Alignment, Overall
PIQ23 (CVPR2023) [13] Face Real 5,116 Pair Overall, Details, Exposure
FaceQ Face AI-generated, customized and restored 12,255 MOS Quality, Authenticity, ID Fidelity, Correspondence

tions such as noise, blur, compression [23, 66, 110], etc.,
while AIGIs generally suffer from unique distortions in-
cluding unrealistic structures and text-image inconsisten-
cies [59, 86], etc. Recently, many studies have investigated
human preferences for AIGIs [39, 50, 59, 86, 103]. How-
ever, these general AIGI quality assessment works may not
be well aligned with human preferences on AIGFs, since the
perceptual quality of AIGFs can be significantly affected by
small deviations in facial attributes,(e.g., eye size, skin tex-
ture, identity shifts), while the number of AIGFs in these
AIGI databases is limited. Moreover, current AIGI quality
assessment works mainly focus on the image generation,
while human preferences for face customization have rarely
been considered, where identity fidelity is significant.

The above limitation highlights the necessity of estab-
lishing a comprehensive quality evaluator for AIGFs. To
this end, we propose FaceQ, the first AI-generated Face im-
age Quality assessment database with three popular tasks.
Specifically, FaceQ contains 12K+ images obtained from
29 generative models across three tasks: 1) face generation,
2) face customization, and 3) face restoration, as shown in
Fig.1. Based on the generated images, we collect 491K+
quality ratings from multiple dimensions including qual-
ity, authenticity, identity (ID) fidelity, and text-image corre-
spondence, respectively, finally forming 32K+ mean opin-
ion scores (MOSs). Using FaceQ, we establish a human
preference benchmark, i.e., F-Bench, for face generation,
customization, and restoration models, and thoroughly ana-
lyze the generation performance across different evaluation
perspectives, models, and categories. In addition, we also
compare the correlation of existing image quality assess-
ment (IQA), face quality assessment (FQA), AIGI quality
assessment, and preference evaluation metrics with human
preferences.

Furthermore, we present F-Eval, the first generated Face
image quality Evaluation method designed to perform com-
prehensive multi-dimensional quality evaluation for gener-
ated, customized, and restorted faces in a one-for-all man-
ner. Specifically, F-Eval leverages large multimodal mod-
els (LMMs) [11] and adopts instruction tuning [63] for
preference-related vision-language adaption. We also ap-
ply low-rank adaptation (LoRA) [35] techniques for more
efficient feature refining. Extensive experimental results
demonstrate that F-Eval outperforms existing quality as-
sessment methods in terms of multiple dimensions relevant
to human preference for all three tasks. The main contribu-

tions of our work are highlighted as follows:

• We construct FaceQ, the first generated face quality
assessment database consisting 491K+ human prefer-
ence ratings from quality, authenticity, ID fidelity, corre-
spondence dimensions, on 12K+ generative face images
across three tasks.

• We establish F-Bench, a comprehensive human prefer-
ence benchmark for 29 face generation, customization,
and restoration methods. It also extensively evaluates the
alignment of 26 existing quality assessment methods with
human preferences.

• We present F-Eval, a LMM-based quality assessment
model to predict multi-dimensional human preference on
generated faces. Extensive experiments demonstrate the
state-of-art QA performance of the proposed F-Eval.

2. Related Work

Face Generation & Customization & Restoration.
(1) For face generation models, earlier works such as
GANs [26, 43, 85] have demonstrated significant influ-
ences. Recently, diffusion models [73, 74, 77] have
achieved rapid developments in text-to-image generation.
These models can be categorized into pixel-space diffusion
models [1, 72, 73, 76], and latent space diffusion mod-
els [17, 58, 71, 74]. (2) For face customization, this is a
recently defined task that aims to create images of a spe-
cific person with the input of an identity reference image
and prompts [98]. It can be divided into two categories
including conventional test-time optimization [24, 49, 75]
and tuning-free customization methods utilizing pre-trained
diffusion models [20, 30, 57, 91, 101, 108]. (3) For face
restoration, which aims to restore high-quality face im-
ages from their low-quality counterparts. Some traditional
restoration methods utilize geometric priors [16, 19, 46]
or reference priors [54, 55] while in recent years, exploring
generative prior such as GAN priors [15, 28, 94, 107, 113]
and diffusion priors [36, 37, 62, 84, 87, 97, 109] has become
a prevalent trend. Despite these improvements, the gener-
ated, customized, and restored images may suffer from var-
ious quality issues, highlighting the necessity of evaluators.
Face Image Quality Assessment Database. Existing face
image quality assessment (FIQA) can be divided into Bio-
metric FIQA [12, 31, 60, 69] and Generic FIQA [13, 18,
82, 92]. BFIQA methods are most developed to evaluate
the biometric utility for face recognization. GFIQA meth-
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Figure 2. Rating comparisons of eight dimensions. Each column presents a pair of intuitive examples of each dimension, with red
indicating the better rating and blue indicating the worse one. From left to right, the subsets are face generation, face customization, and
face restoration subsets. The last row displays the corresponding prompts, reference image-prompt pairs, and the GT-LQ image pairs.

ods [82] focus on perceptual degradation in face restoration
task. Both of these databases consist of natural face images,
which has distinctly different nature with generated faces.
AIGC Quality Assessment Database. In recent years,
plenty of researchers have raised interest in assessing AI-
generated images(AIGIs) quality assessment [23, 40, 48,
51, 86, 104] by building various databases as shown in
Tab 1. All of these existing database contain various cat-
egories of general AIGI images, leaving a notable gap in
datasets dedicated to AI-generated face images.

3. FaceQ Database Construction
In this section, we introduce the proposed generative face
quality assessment database FaceQ. The database includes
12,255 images and 491,130 human opinion ratings. Our
FaceQ demonstrates the merits of comprehensive generated
visual content and multi-dimensional labeling, which can
significantly facilitate the advancement of AIGC research.

3.1. Data Collection
3.1.1. FaceQ-Gen Subset Collection
Prompt Sources. The prompts in FaceQ-Gen subset are
sourced from MS-COCO [61] [57] and GPT-4o [10]. These
face-centric prompts can be categorized into nine types:
General, Accessories, Clothes, Action, View, Expression,
Background, Style, and Facial Attributes.
Models Collection. We collect 14 representative face gen-
eration models, including Deep Floyd [1], Stable Diffu-
sion V1.5 [74], Stable Diffusion V2.1 [74], SD-XL [71],
Realistic Vision [8], Stable Cascade [70], ProtoVision
V6.6 [7], SD3 [9], Playground V2.5 [52], Kolors [6],
PixArt-alpha [17], Hunyuan [58], and Flux-dev [3]. Neg-
ative prompts and safe sensors are enabled. In total, FaceQ-
Gen includes 4,032 generated face images.

3.1.2. FaceQ-Cus Subset Collection
Identity and Prompt Sources. Face customization relies
on a reference identity image and a guiding prompt. The
reference images in FaceQ-Cus are partially self-collected,

with the rest sourced from [57]. The prompts are selected
and filtered from the FaceQ-Gen prompt list.
Models Collection. We collect six representative face
customization methods, including ELITE [98], FastCom-
poser [101], IP-Adapter-FaceID [4], InstantID [91], IP-
Adapter-Face-ID-Plus [5], and PhotoMaker V2 [57]. Here,
we use single reference image as input. In total, FaceQ-Cus
includes 4,200 generated face images.

3.1.3. FaceQ-Res Subset Collection
Low Quality Images Source. (1) Synthetic: We con-
struct two degraded pipelines following previous works [15,
93, 95, 97] to simulate real-world degradations on both in-
domain data from VFHQ [90], CelebRef [56] and out-of-
domain self-collected high-quality Asian face images (2)
Real-world: Real-world low-quality images are sourced
from various public datasets, including AgeAB [68], Cele-
bChild [28], Wider [105], LFW [38] and MegaFace [45],
ensuring the degradation diversity.
Models Collection and Face Image Restoration. We
evaluate both diffusion-prior-based methods such as Diff-
BIR [62], DifFace [109], StableSR [87], and GAN or
Transformer-based methods GFPGAN [94], GPEN [107],
CodeFormer [113], VQFR [28] and Face-SPARNet [15].
Each method is benchmarked on both the F-Res synthetic
dataset and the real-world dataset. In total,FaceQ-Res in-
clude 4023 restored images, with 2007 images in the real-
world case and 2016 images in the synthetic case.

3.2. Human Preference Dimension Design
The evaluation dimensions of generated faces need specific
design to adequately reflect human preference, given the
complexity of perceptual factors involved. To the end, we
decompose “quality” into four core dimensions: Quality,
Authenticity, ID Fidelity, and Correspondence.
Quality. This dimension evaluates the overall perceptual
quality of the image, considering factors such as color ac-
curacy, blur, noise, and artifacts. It is used in all tasks.
Authenticity. This dimension evaluates how closely the
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(a) Face generation MOS distribution (b) Face customization MOS distribution (c) Face restoration MOS distribution

(d) Hunyuan-DiT (f) InstantID (e) SD3 (h) StableSR (synthetic) (g) VQFR (real world) 

Figure 3. Mean Opinion Score (MOS) distribution histograms and kernel density curves. (a)-(c) MOS distributions for three subsets.
(d)-(h) Model-wise MOS distributions. MOS Distributions of other methods are provided in the supplementary material.

generated image resembles a natural, real-life photograph,
with particular emphasis on realistic skin texture, facial de-
tails, and wrinkles. It is used in face generation task.
ID Fidelity. This dimension evaluates how well the identity
of the reference image is preserved in the customized or re-
stored image in face customization and restoration tasks.
Correspondence. This dimension evaluates text-to-image
alignment in face generation and customization tasks.

3.3. Subjective Experiment
Main Assessment. To ensure a comprehensive, fair, and re-
liable subjective assessment, 180 participants with normal
or corrected-to-normal eyesight are recruited for the exper-
iment. They first take expert-led tutorials before the main
assessment. In the main assessment, participants are asked
to rate the image by dragging a sliding window from 0 to 5
with a two-digit decimal from different dimensions. All im-
ages are displayed on 27-inch 4K Dell monitors, randomly
presented, at their original resolution under standard light-
ing conditions. The experiment follows the ITU-R BT.500-
14 guidelines [78] for subjective evaluations.
Subjective Score Processing. To eliminate the inter-
annotator variability, outlier detection based on Kurtosis is
conducted with a rejection rate of 3% [78]. As a result,
each image is rated by at least 15 subjects. These valid rat-
ings are converted and scaled into Z-scores ranging from
[0, 100] with the following formulas:

zij =
rij − µi

σi
, z′ij =

100(zij + 3)

6
, (1)

µi =
1

Mi

Mi∑
j=1

rij , σi =

√√√√ 1

Mi − 1

Mi∑
j=1

(rij − µi)2, (2)

Here, rij represents the original ratings provided by the
i-th evaluator for the j-th image,Mi denotes the total num-
ber of images that were assessed by the i-th participant in
this group. Finally, the mean opinion score (MOS) of the
image j (MOSj) is computed by averaging the rescaled

z-scores as follows:

MOSj =
1

Nj

Nj∑
i=1

z′ij (3)

where Nj denotes the number of valid subjects for image j,
and z′ij denotes rescaled z-scores.

4. F-Bench: Benchmarking Current Genera-
tive Face Models

In this section, we establish a human preference benchmark
F-Bench for today’s state-of-the-art face generation, cus-
tomization, and restoration methods, from quality, authen-
ticity, ID fidelity, and correspondence dimensions. This
benchmark analyzes the strengths and weaknesses, provid-
ing new insights and potential directions for future work.

4.1. Perspective Analysis
Fig.3 demonstrate the MOS distribution across eight dimen-
sions in the three subsets, highlighting distinct variations
between dimensions. (1) In the face generation task, the
Correspondence score is the highest among the three di-
mensions, indicating that existing generative models per-
form well in aligning with prompts. The distribution of Au-
thenticity is skewed towards lower scores, suggesting that
current face generation models still fall short in generating
photorealistic face images that satisfy human preferences.
(2) In face customization, models perform the worst in the
Quality dimension overall, demonstrating the difficulty of
injecting identity information without compromising image
quality. Identity Fidelity shows a bimodal distribution, re-
flecting the dichotomous nature of human judgment regard-
ing whether the generated face accurately represents the
same identity. (3) In face restoration, models perform better
in Quality than in Identity Fidelity.

4.2. Model-wise Comparison
Face Generation. Fig.4a presents the average MOS scores
across three dimensions: Quality, Authenticity, and Corre-
spondence. Correspondence scores show a steady increase
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(a) (b) (c)

Figure 4. Average MOS score comparison across all models and dimensions. (a) Face generation. (b) Face customization. (c) Face
restoration. The models are arranged in a clockwise order by release date.

Figure 5. Violin plots of quality, authenticity and correspondance scores in FaceQ-Gen subset across nine prompt categories.

over time, indicating consistent improvement in text com-
prehension. Quality scores generally rise with the release
year, although Hunyuan [58] and Dreamlike [2] exhibit
deviations. Hunyuan [58] oversmoothes the facial details
and performs worse compared to its contemporaries, while
Dreamlike [2] performs the opposite. Authenticity scores
exhibit the greatest variation among models, suggesting that
current face generation models place insufficient emphasis
on authenticity. Except for Realistic Vision [8], SD3 [9],
Flux-dev [3], and Dreamlike [2], most models lag in au-
thenticity relative to quality, highlighting a common phe-
nomenon of high-quality but less realistic outputs in gen-
erative models. Fig.3d,e give some examples of MOS dis-
tributions of different methods, revealing a reasonable fine-
grained performance difference.
Face Customization. Fig.4b is the performance radar chart
for face customization models. IP-Adapter-FaceID-Plus[5]
achieves the best performance across all dimensions, fol-
lowed by PhotoMaker [57]. This highlights their great ro-
bustness in identity encoders. ELITE [98] scores the lowest
in all dimensions. IP-Adapter-FaceID [4] produces high-
quality images but lacks accuracy in Identity Fidelity. This
may be because the base model [71] introduces many AI ar-
tifacts, which affect both Identity Fidelity and Quality. In-
stantID [91] and FastComposer [101] score well in Iden-
tity Fidelity but underperform significantly in Quality and
Correspondence, indicating strong identity preservation but
limited text-driven editing capabilities. Fig.3h illustrate the
model-wise MOS distributions, revealing similar trends to
those observed in the radar chart.
Face Restoration. Fig.4c displays the average performance
comparison of nine face restoration models. DR2 [97] ex-
hibits the weakest performance in both Quality and Iden-
tity fidelity. This may be due to the degradation removal
process of DR2 [97], which results in the loss of fine de-

tails and excessive smoothing. In contrast, StableSR [89]
and CodeFormer [113] achieve the best overall performance
among the nine face restoration models, successfully pre-
serving both intricate details and accurate identity represen-
tations. When comparing the performance on real-world
and synthetic data, most methods struggle to achieve satis-
factory results on complex real-world degradations, except
for SAPRNet [15] and DiffBIR [62]. StableSR [89] and
GFPGAN [94] show strong robustness, performing consis-
tently well on both real-world and synthetic data.

4.3. Class-wise Comparison
For the face generation task, we analyze the Mean Opin-
ion Score (MOS) distributions of Quality, Authenticity, and
Correspondence across nine prompt categories, as shown in
Fig.5. The violin plots highlight distinct performance pat-
terns across these categories. The Action, Expression, and
Facial Attributes categories exhibit lower MOS values in all
three dimensions, with notable variability. In the Action cat-
egory, limited visibility of the face due to body movements
affects the generation of fine facial details, resulting in re-
duced scores, especially in Quality and Correspondence.
The Expression category poses challenges in maintaining
spatial relationships and physical constraints, leading to dis-
tortion and artifacts in expressions with exaggerated facial
movements, such as laughing or crying, thereby impact-
ing both Quality and Authenticity. For Facial Attributes,
generating images with precise attributes (e.g., specific eye
color, hair style) is challenging, particularly when multiple
attributes are specified, which lowers the scores. In contrast,
the General and Background categories achieve the high-
est MOS scores across all dimensions, as simpler or less
specific prompts are easier for the model to interpret accu-
rately. The Clothes and Accessories categories also perform
well, indicating that the model handles clothes and acces-
sory prompts effectively. Overall, prompts with specific or
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space by trained projectors. A pre-trained large language model is utilized to fuse the features while fine-tuned with four LoRA experts.
Specific LoRA will be activated by dimension ID, which is classified by a trainable router.

complex attribute requirements tend to result in lower MOS
scores, while general or simple prompts yield consistently
high scores across dimensions. This can be attributed to the
absence of high-quality fine-grained text-face pair datasets
during the training of generative models.

5. F-Eval Method
In this section, we introduce our one-for-all generated
face quality assessment method, F-Eval, towards predict-
ing quality scores from multiple dimensions for three tasks
using one model.

5.1. Overall Architecture
The overall architecture of F-Eval is depicted in Fig. 6. As
shown on the left, F-Eval can assess four dimensions: qual-
ity, authenticity, text-image correspondence, and identity fi-
delity, with multimodal inputs, i.e.text prompts, image and
optional reference image, to output quality-related answers.
On the right, the input image(s) can originate from all three
tasks. F-Eval employs a vision encoder and a face encoder
to extract visual features, with projectors projecting both
into a unified language space. User prompts are encoded
into textual embeddings through a tokenizer. These multi-
modal features are concatenated and fed into a pre-trained
large language model for the final output.

5.2. Model Design
Vision Encoding. For input image(s), F-Eval adopt a vi-
sion encoder to extract global features and a face encoder
captures face features related to facial structure and identity.
Specifically, the vision encoder, Qwen-VL-2.5-ViT [11], is
tuned on FaceQ to adjust different dimensions. Face en-
coder is Arcface [22], which is frozen. Two two-layer multi-
layer perception projectors then map the features .

Feature Fusion via the LLM. For input prompts, it is to-
kenized into text tokens and then concatenated with visual
tokens. Here, Qwen-VL2.5-7B [11] is employed as the pre-
trained LLM backbone to combine visual tokens and text
tokens to perform multi-modal learning.. Finally, the out-
put features of the LLM are decoded with a text decoder and
then projected to the prompt-corresponded quality space.

5.3. Multi-Expert LoRA Tuning
Instruction Tuning. Previous IQA methods are often de-
signed for specific dimensions [106, 112], addressing only
one aspect of the problem or requiring retraining of model
weights for different dimensions. Leveraging the general-
ization ability of LLMs, instruction tuning allows for the
integration of different dimensions within a unified frame-
work. Therefore, we construct diverse instruction data for
the four facial quality evaluation dimensions in the Face-
Q dataset and fine-tune F-Eval by adjusting the visual en-
coder, projector, and LLM parameters to adapt it to the spe-
cific task. As a result, F-Eval is capable of evaluating facial
quality using unified weights.
Mixture of LoRA Experts (MoLE). Tuning a holistic
quality model for different dimensions using a single LoRA
expert introduces inherent interference between dimen-
sions. Hence, F-Eval integrates four LoRA experts for four
dimensions when tuning vision encoder and LLM, consti-
tuting MoLE modules. A router is trained to classify in-
put prompts into the four dimensions and output the cor-
responding dimension ID k. Specifically, for a frozen lin-
ear layer h = Wx with input x ∈ Rdi and weight matrix
W ∈ Rdo×di , a LoRA expert is trained to learn a low-rank
decomposed update:

h = Wx+∆Wx = Wx+
α

r
BAx, (4)
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Table 2. Performance comparison on FaceQ-Gen and FaceQ-Cus subsets. ♠, ♣, ♢, and ♡ denote traditional IQA models, face IQA
models, classical deep learning-based IQA models, and AIGC IQA models respectively. * indicates fine-tuned results.

Task Face Generation Face Customization
Dimension Quality Authenticity Correspondence Quality ID Fidelity Correspondence

Model SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑
♠NIQE [67] 0.1726 0.1142 0.2553 0.0869 0.0571 0.1346 0.0752 0.0507 0.1098 0.1365 0.0899 0.1436 0.1490 0.0991 0.1310 0.1186 0.0784 0.1245
♠ILNIQE [111] 0.1981 0.1319 0.3159 0.0675 0.0445 0.1505 0.0889 0.0591 0.1665 0.2032 0.1327 0.2479 0.2192 0.1452 0.2778 0.1878 0.1251 0.2275
♠HOSA [102] 0.2537 0.1708 0.2972 0.1103 0.0728 0.1446 0.122 0.0814 0.1495 0.1019 0.0688 0.0597 0.0753 0.0506 0.0552 0.1036 0.0696 0.0748
♠BPRI-PSS [64] 0.2362 0.1595 0.2413 0.1700 0.1142 0.1772 0.1673 0.1121 0.1647 0.0238 0.0166 0.0314 0.1425 0.0972 0.1758 0.1100 0.0729 0.1067
♠FISBLIM [27] 0.0901 0.0595 0.0433 0.0028 0.0003 0.0175 0.1000 0.0665 0.0196 0.1614 0.1024 0.1690 0.0256 0.0173 0.0126 0.0852 0.0559 0.0854

♣ArcFace[22] N/A N/A N/A N/A N/A N/A N/A N/A N/A 0.3099 0.2094 0.3605 0.5062 0.3439 0.5572 0.1837 0.1243 0.2244
♣SER-FIQ[83] 0.1552 0.1034 0.1561 0.0470 0.0314 0.0575 0.1130 0.075 0.1110 -0.1241 -0.080 -0.1241 -0.0109 -0.0078 0.0042 -0.1680 -0.1121 -0.1911
♣DSL-FIQA[18] 0.5606 0.3927 0.5945 0.3156 0.2096 0.3960 0.3706 0.2514 0.4355 0.3615 0.2450 0.3651 0.2429 0.1652 0.2519 0.1040 0.0703 0.0974
♣IFQA[41] 0.2313 0.1549 0.3261 0.1597 0.1062 0.2097 0.1597 0.1077 0.2260 0.2401 0.1614 0.2220 0.1503 0.0973 0.1739 0.3731 0.2546 0.3941

♢CNNIQA* [42] 0.4219 0.2895 0.3510 0.3037 0.2054 0.2973 0.2824 0.1931 0.2595 0.6244 0.4376 0.6620 0.6511 0.4441 0.6381 0.3765 0.2545 0.3264
♢VGG16* [79] 0.5846 0.4141 0.6006 0.5010 0.3508 0.5181 0.4349 0.2994 0.4723 0.7217 0.5324 0.7857 0.6735 0.4717 0.6636 0.5635 0.3932 0.5589
♢VGG19* [79] 0.5728 0.4043 0.5644 0.4681 0.3248 0.4479 0.4171 0.2873 0.4754 0.7952 0.6031 0.8096 0.7544 0.5417 0.7555 0.6585 0.4742 0.6465
♢ResNet18* [29] 0.6150 0.4417 0.6660 0.4600 0.3160 0.4604 0.4829 0.3360 0.4628 0.7966 0.6013 0.8006 0.7473 0.5335 0.7656 0.6308 0.4488 0.6191
♢ResNet34* [29] 0.6092 0.4354 0.6537 0.5564 0.3949 0.5401 0.4410 0.3065 0.5207 0.8141 0.6211 0.8151 0.7969 0.5878 0.8157 0.5708 0.4000 0.5810
♢HyperIQA* [81] 0.6333 0.4545 0.6591 0.6106 0.4406 0.6042 0.4235 0.2912 0.4240 0.8524 0.6631 0.8205 0.8419 0.6463 0.8588 0.6628 0.4757 0.6454
♢TReS* [25] 0.7766 0.5867 0.8047 0.6458 0.4703 0.6579 0.5708 0.4038 0.6270 0.8883 0.7083 0.8951 0.8330 0.6409 0.8658 0.7393 0.5497 0.7400
♢MANIQA* [106] 0.7871 0.5951 0.8150 0.7308 0.5436 0.7794 0.6278 0.4443 0.7066 0.8970 0.7185 0.8952 0.8590 0.6654 0.8796 0.7849 0.5941 0.7822
♢PromptIQA* [14] 0.7823 0.5907 0.8245 0.7232 0.5327 0.7558 0.6514 0.4698 0.7065 0.9071 0.7315 0.8821 0.8693 0.6792 0.8876 0.8348 0.6342 0.8281

♡CLIPScore [32] 0.0967 0.0642 0.1315 0.0640 0.0408 0.0817 0.2396 0.1591 0.2733 0.3126 0.2106 0.3185 0.1816 0.1218 0.1811 0.7008 0.5098 0.6986
♡BLIPScore [53] 0.1306 0.0872 0.1929 0.0935 0.0613 0.1569 0.2051 0.1364 0.2963 0.3073 0.2063 0.3136 0.1213 0.0796 0.1266 0.6707 0.4797 0.6123
♡ImageReward [103] 0.3849 0.2631 0.4358 0.2606 0.1736 0.3181 0.5155 0.3542 0.5871 0.3232 0.2166 0.3196 0.1905 0.1270 0.1839 0.7714 0.5673 0.7740
♡MINTIQA[88] 0.7002 0.5160 0.8047 0.6217 0.4450 0.6826 0.5491 0.3891 0.6584 0.5378 0.3775 0.5574 0.4088 0.2816 0.4041 0.2886 0.1932 0.2959
♡MINTIQA* [88] 0.8312 0.6474 0.8974 0.8177 0.6306 0.8511 0.7908 0.5991 0.8667 0.8904 0.7092 0.8816 0.8524 0.6697 0.8755 0.8391 0.6413 0.8318

F-Eval (Ours) 0.8486 0.6670 0.9085 0.8312 0.6585 0.8578 0.8471 0.6637 0.9106 0.9462 0.7961 0.9461 0.9188 0.7640 0.9322 0.9460 0.7959 0.9457

where A ∈ Rr×di and B ∈ Rdo×r are the low-rank matri-
ces, r ≪ min(do, di) is the rank, and α is scaling factor.
For prompt of certain dimension, the corresponding expert
is activated based on the dimension ID k, which can be for-
mulated as:

Ek(x) =
αk

rk
BkAkx, (5)

where Ek(·) is the k-th LoRA expert.

6. Experiments
6.1. Implementation Details
The LLM used in F-Eval is Qwen-2.5VL [11], with an input
token channel dimension of 3584. The vision encoder, face
encoder, and LLM are all frozen during training. The ranks
of LoRA experts are 16,32,16,16, respectively. The LoRA
alphas are set equal to LoRA ranks. LoRA dropout is set
as 0.05. The model is trained on 2 NVIDIA GeForce RTX
3090 GPUs with flash-attn [21] enabled. We use AdamW
Optimizer to train the network for 10 epochs with a batch
size of 4 and learning rate 1e−4.

6.2. Comparison with existing QA Models
We conduct comprehensive experiments on the proposed
FaceQ database to evaluate the effectiveness of both current
quality assessment methods and our proposed methods, as
shown in Tab.2, Tab.3, and Tab.4. The evaluation metrics
are Spearman rank-order correlation coefficient (SRCC),
Kendall rank order correlation coefficient (KRCC), and
Pearson linear correlation coefficient (PLCC), which as-
sess the correlation between predicted scores by the QA

methods and the MOS scores provided by humans. Higher
metrics indicated better alignment with human preferences.
The comparison QA models falls into four categories: 1)
Traditional IQA Models. NR-IQA models include NIQE
[67], ILNIQE [111], HOSA [102], BPRI-PSS [64], FIS-
BLIM [27]. FR-IQA models include LPIPS [112], SSIM
[96] and PSNR [34]. 2) Classical Deep learning-based IQA
Models. This category includes CNNIQA [42], VGG16
[79], VGG19 [79], ResNet18 [29], ResNet34 [29], Hyper-
IQA [81], TReS [25], MANIQA [106],PromptIQA[14].
All models are retrained on FaceQ with an 80:20 train-
ing/testing split. 3) AIGC IQA Models. This category in-
cludes pre-trained vision-language models, including CLIP-
Score [32], BLIPScore [53], zero-shot metric ImageReward
[103], and the AIGC-specific QA model MINTIQA [88]. 4)
Face IQA Models. This category includes SER-FIQ [83],
DSL-FIQA [18], ArcFace [22], IFQA[41].

6.3. Performance Analysis

Traditional IQA Models. Traditional IQA methods, in-
cluding both NR-IQA and FR-IQA models, generally per-
form poorly across all tasks and dimensions, with low
SRCC, KRCC, and PLCC scores.
Classical Deep Learning-based IQA Models. After be-
ing trained on our dataset, deep learning-based IQA models,
such as MANIQA [106] and HyperIQA [81], significantly
outperform traditional models in terms of quality and au-
thenticity. However, these methods face challenges in text
understanding, leading to unsatisfactory correlations.
AIGC IQA Models. CLIPScore [32] BLIPScore [53], and
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Table 3. Performance comparison on FaceQ-Res synthetic sub-
set. ♠, ♡, ♣, and ♢ denote traditional NR-IQA models, FR-IQA
models, face IQA models, and classical deep learning-based IQA
models respectively. * indicates fine-tuned results.

Dimension Quality ID Fidelity
Model SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑
♠BMPRI[65] 0.2161 0.1428 0.1862 0.1113 0.0739 0.1069
♠NIQE[67] 0.1798 0.1213 0.1642 0.2193 0.1480 0.2118
♠ILNIQE[111] 0.2505 0.1727 0.3180 0.2696 0.1857 0.3321
♠HOSA[102] 0.3758 0.2522 0.3748 0.3418 0.3455 0.2301
♠BPRI-LSSn [64] 0.1398 0.0957 0.0999 0.1244 0.0837 0.0973
♠BPRI [64] 0.1637 0.1065 0.1480 0.0195 0.0121 0.0281
♠FISBLIM [27] 0.1589 0.1089 0.2038 0.1054 0.0709 0.1715
♡LPIPS[112] 0.3909 0.2658 0.4643 0.4372 0.3018 0.4870
♡SSIM[96] 0.1017 0.0675 0.0488 0.0933 0.0601 0.0504
♡PSNR [34] 0.0198 0.0113 0.0536 0.0986 0.0662 0.1212
♣ArcFace[22] 0.3466 0.2327 0.3774 0.5728 0.4030 0.5762
♣SER-FIQ [25] 0.3813 0.2584 0.3746 0.3951 0.2641 0.3707
♣DSL-FIQA [18] 0.6387 0.4508 0.6528 0.4882 0.3360 0.5379
♣IFQA [41] 0.2273 0.1527 0.3348 0.3214 0.2185 0.3874

♢CNNIQA* [42] 0.4661 0.3197 0.3836 0.4678 0.3216 0.4288
♢ResNet18* [29] 0.7254 0.5295 0.6982 0.6662 0.4802 0.6527
♢ResNet34*[29] 0.6693 0.4916 0.6550 0.5905 0.4170 0.6084
♢VGG16* [79] 0.7487 0.5513 0.7101 0.6177 0.4413 0.6381
♢VGG19* [79] 0.6994 0.5126 0.6722 0.6038 0.4278 0.5999
♢HyperIQA* [81] 0.8269 0.6323 0.8228 0.7615 0.5585 0.7471
♢MANIQA* [106] 0.8287 0.6403 0.8778 0.7704 0.5660 0.7619
♢TReS* [25] 0.8656 0.6830 0.8622 0.7951 0.5879 0.7829
♢PromptIQA* [14] 0.8519 0.6661 0.8733 0.8220 0.6275 0.8254
F-Eval (Ours) 0.8692 0.6855 0.9009 0.8507 0.6731 0.8726

Table 4. Performance comparison on FaceQ-Res real-world
subset. ♠, ♣, and ♢ denote traditional IQA models, face IQA
models, and classical deep learning-based IQA models respec-
tively. * indicates fine-tuned results.

Dimension Quality ID Fidelity
Model SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑
♠BMPRI[65] 0.1582 0.1093 0.2799 0.0149 0.0108 0.1386
♠NIQE[67] 0.1783 0.1186 0.1962 0.1245 0.0810 0.1701
♠ILNIQE[111] 0.2230 0.1610 0.2291 0.1964 0.1362 0.2340
♠HOSA[102] 0.3927 0.4277 0.2654 0.3328 0.2234 0.3813
♠BPRI-LSSn [64] 0.2715 0.1840 0.3022 0.2059 0.1380 0.2475
♠BPRI [64] 0.1920 0.1313 0.2200 0.0846 0.0570 0.1136
♠FISBLIM [27] 0.2512 0.1705 0.2725 0.2341 0.1581 0.2699
♣ArcFace[22] 0.2371 0.1565 0.4183 0.4956 0.3470 0.6330
♣SER-FIQ [25] -0.0482 -0.0299 0.1023 0.0421 0.0299 0.1584
♣DSL-FIQA [18] 0.6509 0.4641 0.6494 0.4840 0.3362 0.5118
♣IFQA [41] 0.0251 0.0210 0.1221 0.0893 0.0603 0.2086

♢CNNIQA* [42] 0.3650 0.2506 0.4705 0.3252 0.2197 0.3112
♢VGG16*[79] 0.4996 0.3439 0.4269 0.4117 0.2859 0.4622
♢VGG19* [79] 0.5871 0.4181 0.5133 0.3054 0.2044 0.3594
♢ResNet18* [29] 0.5977 0.4221 0.5722 0.5554 0.3909 0.6161
♢ResNet34* [29] 0.6259 0.4475 0.6168 0.5036 0.3539 0.6136
♢HyperIQA* [81] 0.7926 0.5965 0.7926 0.7783 0.5845 0.8163
♢MANIQA* [106] 0.8356 0.6482 0.8467 0.7597 0.5655 0.8081
♢TReS* [25] 0.8287 0.6391 0.8501 0.7287 0.5441 0.8009
♢PromptIQA* [14] 0.8115 0.6186 0.8645 0.7398 0.5526 0.8297
F-Eval(Ours) 0.8448 0.6577 0.8705 0.7957 0.6057 0.8366

ImageReward [103] exhibit weak correlations with human
preference, likely due to their focus on high-level seman-
tics rather than low-level details crucial for image qual-
ity assessment. MINTIQA [88] achieves best performance
among current AIGC IQA methods, but its performance is
still unsatisfactory, particularly on the customization task.
Fine-tuning on our dataset leads to significant improve-
ments, highlighting the great potential of FaceQ.
Face IQA Models. ArcFace similarity [22] demonstrates
its ability to extract identity-related features. However, it
lacks perceptual sensitivity for image quality, leading to
poor performance in quality assessment. DSL-FIQA [18],
as the latest method, achieves the best performance in pre-
dicting quality scores among face IQA methods, but it is

still far from satisfactory. SER-FIQ fails to align with hu-
man perception across most dimensions and tasks. Experi-
ments confirm that these natural face evaluation algorithms
struggle to assess the complex characteristics of AIGFs,
highlighting the need for an effective AIGF evaluator.
F-Eval (Ours). Our method achieves optimal performance
across all tasks and dimensions, with the most significant
gain in the customization task, as existing methods rarely
focus human preferences in face customization. Among the
four dimensions, the improvements in correspondence and
ID fidelity stand out, thanks to dual-stream vision encoding
and the powerful LLM backbone for text understanding and
modality fusion. The MoLE technique allows the model to
learn distinct features for each dimension.

6.4. Ablation Study
We conducted the ablation study to validate the utility of the
core components of F-Eval in Tab. 5.
Effectiveness of Vision Encoding. 1) The effectiveness of
the face encoder is demonstrated by comparing the second
and last rows. Without the face encoder, a significant per-
formance drop is observed, indicating that the extracted fea-
tures help the LLM interpret face images. 2) Removing the
projector leads to a dramatic performance drop.
Effectiveness of MoLE. We conducted three sets of LoRA
adaptation experiments: fine-tuning a single LoRA for all
dimensions and tasks, fine-tuning three LoRA experts for
three tasks, and fine-tuning four LoRA experts for four di-
mensions. The results show that fine-tuning multiple di-
mensions with a single LoRA leads to performance dete-
rioration, which further confirms the independence of the
characteristics across different dimensions.
Table 5. Ablation study of the proposed F-Eval method. Here only
present SRCC due to space limitations.

Feature & Strategy Face Generation Face Customization Face Restoration syn Face Restoration rw

Vision Projector Face Single LoRA Task LoRA Dim. LoRA Quality Authen. Corres. Quality ID. Corres. Quality ID. Quality ID.
✔ ✔ ✔ 0.808 0.750 0.846 0.924 0.843 0.927 0.777 0.776 0.707 0.478
✔ ✔ ✔ 0.815 0.752 0.835 0.924 0.855 0.921 0.812 0.783 0.716 0.603
✔ ✔ ✔ ✔ 0.793 0.776 0.819 0.941 0.885 0.942 0.838 0.823 0.802 0.671
✔ ✔ ✔ ✔ 0.823 0.780 0.838 0.942 0.873 0.942 0.824 0.826 0.754 0.638
✔ ✔ ✔ ✔ 0.849 0.831 0.847 0.946 0.919 0.946 0.869 0.851 0.845 0.796

7. Conclusion
In this work, we conduct a pioneering generative face im-
age quality assessment study. Specifically, we introduce
FaceQ, the first generated face quality assessment database
comprising 12,255 face images and 491,130 human prefer-
ence ratings. Then, we establish F-Bench, a benchmark for
evaluating the capabilities of existing face generation, cus-
tomization, and restoration models, while also reveals the
limitations of current Image Quality Assessment (IQA) and
Face Quality Assessment (FQA) methods. Furthermore,
we propose an evaluation model F-Eval to accurately pre-
dict human preferences on generated face images, which
demonstrates state-of-the-art performance. We believe this
work will contribute to advancing generative models and
help overcome current limitations in AIGC community.
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