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Abstract

Face recognition in the presence of age and quality variations
poses a formidable challenge. While recent margin-based
loss functions have shown promise in addressing these vari-
ations individually, real-world scenarios such as selfie ver-
sus ID face matching often involve simultaneous variations
of both age and quality. In response, we propose a compre-
hensive framework aimed at mitigating the impact of these
variations while preserving vital identity-related information
crucial for accurate face recognition. The proposed adaptive
margin-based loss function AQUAFace exhibits adaptiveness
towards hard samples characterized by significant age and
quality variations. This loss function is meticulously designed
to prioritize the preservation of identity-related features while
simultaneously mitigating the adverse effects of age and qual-
ity variations on face recognition accuracy. To validate the
effectiveness of our approach, we focus on the specific task
of selfie versus ID document matching. Our results demon-
strate that AQUAFace effectively handles age and quality dif-
ferences, leading to enhanced recognition performance. Ad-
ditionally, we explore the benefits of fine-tuning the recogni-
tion model with synthetic data, further boosting performance.
As a result, our proposed model, AQUAFace, achieves state-
of-the-art performance on six benchmark datasets (CALFW,
CPLFW, CFP-FP, AgeDB, 1JB-C, and TinyFace), each ex-
hibiting diverse age and quality variations.

Code — https://sadigebrahim.github.io/AQUAFace/

Introduction

Selfie versus ID face matching, a task centered around veri-
fying a person’s identity by comparing their face in a selfie
with that in their official identification (ID) document, holds
significant importance in various real-life scenarios. This
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Figure 1: Examples of image pairs depicting variations in
age, quality, and combined age + quality factors. The top
row illustrates easy pairs with high recognizability, the mid-
dle row depicts pairs of medium difficulty in recognition,
and the bottom row showcases hard pairs posing challenges
in verification. It is evident that the combined effect of age
and quality variations notably reduces recognizability.

verification process is pivotal in domains such as security,
digital identification systems, and authentication processes.
The task presents a multifaceted challenge due to the di-
verse array of factors influencing facial appearance, such
as variations in image quality, resolution, illumination, fa-
cial expressions, and age-difference between selfies and ID
document photos (Shi and Jain 2019; Albiero et al. 2020;
Agarwal et al. 2023). Figure 1 depicts the impact of age and
quality variations on the recognizability of face pairs in the
context of selfie versus ID face matching. The partitioning of
face pairs into easy, medium, and hard categories highlights
the varying degrees of difficulty encountered in matching
faces across different quality and age scenarios. It is evi-
dent that recognizability decreases notably when faced with
combined age and quality variations, describing the intricate
nature of the task.



Margin-based classifiers have emerged as powerful tools
in the domain of Face Recognition (FR), particularly in mit-
igating the impact of quality variations during the recogni-
tion process. These classifiers operate by defining a margin,
or threshold, between classes in the feature space, thereby
facilitating more effective discrimination between samples.
ArcFace (Deng et al. 2022), for example, enforces a large
margin between intra-class and inter-class variations, lead-
ing to improved performance by scaling feature vectors to
lie on a hypersphere and encouraging greater class separa-
tion. AdaFace (Kim, Jain, and Liu 2022), on the other hand,
dynamically adjusts the margin based on input sample qual-
ity, effectively pulling easy samples closer to the class cen-
ter while pushing hard samples farther away, thus enabling
more precise classification in scenarios with varying image
quality. Recent advancements like MagFace (Meng et al.
2021) and QMagFace (Terhorst et al. 2023) have further ex-
tended the capabilities of margin-based classifiers by incor-
porating quality awareness into the training process. Mag-
Face employs quality-aware loss functions to handle im-
age quality variations, enhancing the system’s robustness,
while QMagFace integrates quality-aware features into the
margin-based classification framework, facilitating more ac-
curate recognition even in the presence of image quality
variations.

Age-separated face pairs present a critical challenge in
recognition, particularly in scenarios like selfie vs ID face
verification. Previous studies have highlighted the detrimen-
tal effect of increasing age differences on FR accuracy,
underscoring the need for robust solutions in this domain
(Zhao, Yan, and Feng 2022). One approach to address this
challenge involves developing explainable face verification
models to understand the decision-making process of black
box models prevalent in FR systems (Mery and Morris 2022;
Popescu et al. 2022). However, despite efforts to explore
the influencing regions in probe images and improve model
transparency, significant gaps remain in understanding how
age differences interact with quality-aware FR models (Xie,
Pun, and Lam 2022). Thus, there exists a compelling scope
for further research to delve into this intersection and de-
velop more comprehensive solutions in age-invariant and
quality-aware FR.

In light of the challenges posed by quality variations and
age differences in face verification, this paper aims to ad-
dress the following research questions:

RQ1: How effective are FR models specifically designed
for quality-aware FR and age-invariant FR when confronted
with these challenges in a combined manner, as observed in
the task of selfie versus ID face verification?

RQ2: Is it feasible to develop a unified loss function ca-
pable of discerning between easy, medium, and hard sam-
ples based on variations in quality and age difference, and
subsequently quantify their discriminability based on recog-
nizability?

RQ3: Can synthetic data effectively address privacy con-
cerns associated with real data in the context of selfie vs.
ID face verification, and how effective is it for training FR
models compared to real data?

Motivated by the observed inverse correlation between in-
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creasing age difference and decreasing facial quality, which
directly influences face recognition performance (Popescu
et al. 2022; Terhorst et al. 2023), our contributions are de-
signed to address critical challenges in this domain. Com-
bining individual losses addressing quality and age varia-
tions separately may introduce complexities that cause dif-
ficulty in maintaining subject identity. Therefore, a unified
loss function is useful to effectively average the impacts of
quality and age variations while preserving subject identity.
Additionally, to streamline the loss function’s complexity,
it’s crucial to incorporate recognizability metrics for train-
ing samples, considering both quality and age differences in
a combined manner. Towards this end, the contributions of
this paper are:

1. We present AQUAFace, a novel approach that adeptly
handles age and quality differences in a unified manner,
offering a comprehensive solution for FR tasks.

2. To overcome the privacy concerns imposed by private
datasets, we generate Syn_AM, a synthetic dataset com-
prising 56,612 images of 14,017 subjects. The images
are sourced from the AgeDB (Moschoglou et al. 2017)
and MORPH (Ricanek and Tesafaye 2006) datasets to in-
corporate significant age and quality variations in a com-
bined manner by leveraging advanced GAN-based tech-
niques.

3. We assess and compare the effectiveness of the proposed
method, trained on both real and synthetic data, against
state-of-the-art FR models through comprehensive eval-
uations on 8 benchmark datasets with diverse age and
quality variations.

Literature Review
General Face Recognition

Inrecent years, FR has become increasingly prevalent in var-
ious domains, playing a pivotal role in modern technologi-
cal applications (Zhao et al. 2003; Jain and Li 2011). One
prominent application is in the field of security, where FR
systems are employed for access control, surveillance, and
identity verification. Several notable methodologies have
emerged recently within the domain of deep representational
learning for FR, each offering distinct approaches to ad-
dress the challenges inherent in this field (Chopra, Hadsell,
and LeCun 2005; Schroff, Kalenichenko, and Philbin 2015;
Wang et al. 2017; Deng et al. 2019; Meng et al. 2021). Arc-
Face (Deng et al. 2022) introduces an Additive Angular Mar-
gin Loss (ArcFace loss), enhancing the discriminative power
of FR models by incorporating margins into the softmax loss
function, effectively maximizing class separability. Elastic-
Face (Boutros et al. 2022) relaxes the fixed penalty margin
constraint seen in prior marginal penalty softmax losses, en-
abling more flexible class separability learning by utilizing
random margin values. EQFace (Liu and Tan 2021) intro-
duces a method that generates a quantitative quality score
during feature extraction, eliminating the need for annotated
datasets. CurricularFace (Huang et al. 2020) incorporates
adaptive curriculum learning into the loss function, enabling
the model to handle easy and hard samples at different train-
ing stages. CAFace (Kim et al. 2022) presents a two-stage



feature fusion paradigm, Cluster and Aggregate, for scalable
and order-invariant fusion in unconstrained face recognition.
MagFace (Meng et al. 2021) introduces loss functions that
learn universal feature embeddings to mitigate performance
degradation in diverse environments. QMagFace (Terhorst
et al. 2023) enhances recognition by combining quality-
aware comparison scores with a magnitude-aware angular
margin loss, showing consistent improvements across vari-
ous datasets. Despite these advancements, there is still a gap
in the literature concerning methodologies that concurrently
tackle both quality and age variations. Our paper fills this
gap, enhancing the performance of face recognition systems,
especially in applications like selfie versus ID face verifica-
tion.

Selfie vs ID Face Matching

Initial research efforts on the selfie vs. ID face verification
task (earlier referred to as scanned and digital face match-
ing) have primarily focused on preprocessing frameworks
aimed at enhancing the quality of scanned document images
to minimize variance between the gallery and probe images
(Starovoitov, Samal, and Sankur 2000; Vatsa et al. 2010;
Bourlai, Ross, and Jain 2011). These preprocessing steps
typically include Discrete Wavelet Transform (DWT) fusion
and linear denoising for image quality enhancement, Eigen
transforms and rank transformation to reduce variance be-
tween digital and scanned images, and mutual information-
based functions to decrease age variance. Subsequent re-
search has explored solutions based on two-stage training se-
tups (Shi and Jain 2018; Zhu et al. 2019). More recently, re-
searchers have proposed target domain invariant face recog-
nition, where a model is trained on multiple source domains
to adapt to any unconstrained target domain, such as self-
ies and ID documents (Guo et al. 2020). Addressing age
and quality variations present in scanned images at the fea-
ture level is paramount for achieving robust and reliable face
recognition systems. Our paper underscores the significance
of this aspect by proposing a novel loss function that dynam-
ically adapts to the utility of each sample for recognition,
considering both quality and age differences.

Age-Invariant Quality Adaptive Face
Recognition
AQUAFace Loss

Softmax based classifiers focus on sample-to-center com-
parison that results in lack of uniformity between train-
ing and testing scenarios. Therefore, there is a need for a
quality-aware training process that is generalizable across
all quality levels during testing (Liu and Tan 2021). A
quality-aware function should adaptively guide the softmax
center to pay attention to low quality samples. Similarly,
an age-invariant function should emphasize samples with
higher age-difference, and significant aging effect. By lever-
aging the linear relationship between qualities and com-
parison scores, as well as the inverse relationship between
age-difference and comparison scores enforced by the em-
ployed loss function, our age-invariant quality-aware com-
parison function becomes highly generalizable and efficient
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particularly in addressing the complex challenges of selfie
vs ID face verification. Angular margin-based softmax loss
projects the centres in unit so that they capture the intra-class
compactness and inter-class separability in a better manner
(Deng et al. 2022). In an ideal scenario, margin based classi-
fiers work on increasing the inter-class distances, but in case
of unrecognisable samples, the angular disparity is usually
very large, but that is because of poor image quality rather
than the difference in identity. The target is to weigh sam-
ples for training based on their age-difference, quality and
recognizability. The overview of the proposed AQUAFace
model is presented in Figure 2.

AQUALR: To incorporate age and quality into the like-
lihood ratio, we utilize a Gaussian Mixture Model (GMM)
to estimate the joint density of the comparison score along-
side the associated quality and age. Unlike the approach in
(Nandakumar et al. 2008), where quality is factored into
the likelihood ratio by estimating the joint density of the
match score and quality, our method extends this by also
considering age, ensuring that the resulting likelihood ra-
tios reflect the combined influence of both factors on the
comparison score. In this way, we obtain likelihood ra-
tio taking into account the quality and age labels. During
training, at every n-th minibatch, we train GMM to ob-
tain Age and QUAlity-based Likelihood Ratio (AQUALR).
For each n-th iterations, we compute pairwise comparison
scores of features extracted from ArcFace, and thereafter, at
every n-th iteration, GMM is used to estimate the density of

positive comparison scores ( fj0s) and negative comparison

scores (fneq) along with their quality () and age (a) labels.
AQUALR(z, ¢, a) is given by,

AQUALR(z, ¢, a) = Jros(%:2:0)

f neg (xa q, a‘)

Adaptive-margin based contrastive loss: We utilize
contrastive loss (Hadsell, Chopra, and LeCun 2006) to en-
hance the distinction between positive and negative pairs
within the embedding space. However, in contrast to the
fixed margin introduced in (Hadsell, Chopra, and LeCun
2006), we incorporate an adaptive margin in the contrastive
loss. We leverage AQUALR to dynamically adjust this mar-
gin, as it gauges the subject’s likelihood of belonging to ei-
ther the positive or negative pair, considering all age and
quality variations. The adaptive-margin based contrastive
loss is given as,

(D

1
Loongg = 5 (¥ * D? 4+ (1-Y) xmax(0,maq — D)*) (2)

where, Y = 1 for positive pair and Y = 0 for negative pair.
D is the distance metric calculated between the pair embed-
dings. We calculate cosine similarity as a distance metric
and mygq is the adaptive-margin, which is calculated as:

Maqq = m x AQUALR(z, ¢, a) 3)

where, m is the fixed margin used in contrastive loss. The
adaptive margin imposes a greater penalty on hard pairs be-
cause the AQUALR for these samples tends to be closer to
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Figure 2: An overview of the proposed AQUAFace model for face recognition.

—1, thereby pushing hard pairs further apart from positive
pairs.

Identity-preserving loss: The margin-based softmax loss
demonstrates its effectiveness in learning more discrimina-
tive features related to subject identity. We use a state-of-
the-art pre-trained FR model, ArcFace, and finetune it for
the task of selfie versus ID matching. We utilize the Arc-
Face loss (Deng et al. 2022) to preserve the identity features,
which is given by,

1 N
Lig=—— ;le log (
4)

where, N is the batch size, 0,,, represents the cosine similar-
ity between the input feature vector and the weight vector of
the true class y;, m is the angular margin, and s is a scaling
factor. Finally, we optimize the contrastive loss and iden-
tity loss during training, and we term this combined loss as
AQUATface loss, given as,

es cos(0y, +m)

es cos(By, +m) =+ Zj;ﬁy» es cos(0;)

= Lconad + Eid (5)

LAQUAface

Results and Analysis

We present the Grad-CAM analysis diagram to highlight the
need for addressing facial quality and age variations. Fig-
ure 3 illustrates the impact of quality and age differences on
model attention. When there is minimal quality and age dif-
ference between images, attention remains focused on con-
sistent facial regions, supporting reliable recognition. How-
ever, significant age differences and poor image quality lead
to dispersed attention across the face. This highlights the
need for effective strategies to manage quality and age vari-
ations in FR.

Experimental Setup

Quality estimation using an unsupervised assessment
model: In training age-invariant quality-aware face recog-
nition models, it is crucial to carefully choose verification
pairs that offer the right level of difficulty—neither too easy
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Figure 3: The motivation for addressing age-variations.
Grad-CAM visualization demonstrates that attention is
given to the key-regions of the face, irrespective of the sub-
ject’s age. LightCNNv29 (Wu et al. 2018) is used as a back-
bone for visualization. Samples are taken from the AgeDB
database (Moschoglou et al. 2017).

nor too hard to recognize. This approach suggests training
models on challenging samples, avoiding cases where the
probe is unrecognizable and the model may learn random
features for difficult instances (Kim, Jain, and Liu 2022;
Ebrahimi Saadabadi et al. 2023). In light of this, our moti-
vation is to partition the data into three bins—easy, medium,
and hard—based on quality or age-difference, to enhance the
model’s discriminative ability across a range of recognition
challenges.

We use a facial quality assessment algorithm to ac-
complish this task. The unsupervised algorithm, SER-FIQ
(Terhorst et al. 2020) takes an image as an input and yields
a score in the range of [0, 1], where O signifies the lowest
quality and 1 denotes the highest quality.

Mean-standard deviation based partitioning: Based on
the quality scores acquired by the quality assessment model,
we compute the value of mean and standard deviation of the
whole set, represented as

v; = pu+ 0.50 (6)

Next, the dataset is divided into two partitions, p; and po,



Dataset Subjects I + Pairs - Pairs Age  Quality
LFW 5749 13233 3,000 3,000 % High
CFP-FP 500 7,000 3,500 3,500 X High
AgeDB 570 16,488 179,490 164,955 /  High
CALFW 4005 12,174 3,000 3,000 /  High
CPLFW 3930 11652 3,000 3,000 x  High
UB-B 1,845 12,115 10270 8,000,000  x  Mixed
LB-C 3531 23124 19557 15638932  x  Mixed
TinyFace 5139 169403 12308 588,530,780 x  Low
VerifyMe (ours) 12,100 48400 36,300 363,000 v/ Mixed
SynAM (ours) 14017 56,612 42459 141,640 v Mixed
Table 1: Description of datasets.
based on the value of v;.
p1 = {a¢il¢; >=v1} and pa = {qilq; < v1} @)
V2 = [ip, + 0.50p, and vz = p,, + 0.50,, (8)

where p1,,, and 0}, are mean and standard deviation of py,
and p,, and o,, are mean and standard deviation of ps.
Based on the values of these variables, a query image I, is
classified as follows:

I, € Easy(P),

I, € Medium(Py),

I, € Hard(Ps),

if {qi|lq; >=va}
if {Qi|v2 > q; >= ’1}3}
if {qi|qi < v3}

Implementation details: The experiments are conducted on
an Nvidia A40 GPU. We use a pre-trained ArcFace model
(trained on CASIA-WebFace) with ResNet18 backbone and
finetune it for 25 epochs on our dataset for the selfie vs
ID face verification task. Dataset preprocessing involves
random horizontal flipping, normalization, and resizing to
112 x 112 pixels to enhance generalization. The Stochastic
Gradient Descent (SGD) optimizer is used, configured with
a learning rate of 0.001, momentum of 0.9, and weight de-
cay of be — 4. We leverage the scikit-learn library to train
GMM for every 120 iterations.

©))

Datasets

Synthesized AgeDB + MORPH: A synthetic dataset con-
taining 14, 017 subjects, made by leveraging single images
of each identity from the AgeDB and MORPH datasets. The
Lifespan Age Transformation Synthesis (LATS) model (Or-
El et al. 2020) was used to perform age transformations
on these images, generating synthetic images at three target
ages: 15 — 19, 30 — 35, and 50 — 65. To simulate real-world
conditions, the generated images were further degraded us-
ing an algorithm akin to the one used in GFPGAN (Wang
et al. 2021), introducing variations in image quality. There is
a significant difference between the original images and the
generated images in terms of quality and age. The images
were degraded using the following degradation function.

Ing = [(Inqg ®k) |+ +nslspPEG, (10)

The images were first convolved with a blur kernel &, which
includes Gaussian blur with standard deviation ¢ € 0:3
and motion blur with kernel size s € 0 : 7, followed by a
downsampling operation of scale € 0 : 3. After which, ad-
ditive Gaussian noise € 0:3 was added to the images,
and then JPEG compression with quality factor ¢ € 50 : 80
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Figure 4: Samples of AgeDB and MORPH datasets along
with their synthesized counterparts. The first column of each
figure represents the original image, while rest of the images
are synthetically generated.

was applied. Finally, we resize the low-quality image back to
256 x 256. The dataset was organized into pairs, which were
subsequently categorized into three bins—easy, medium,
and hard. This categorization was based on two criteria: the
age difference between the original and transformed images,
and the quality of the probe images. Samples belonging to
this dataset are represented in Figure 4. A ratio of 80 : 20
is maintained while partitioning this dataset into training
and testing sets. The pairs information associated with this
dataset is provided in the supplementary file.

A private dataset, VerifyMe pertaining to 12,100 subjects
is used along with several publicly available datasets. For
every subject, there are three scanned document images
(D1, D3 and D3) and a selfie image. While a selfie is a spot
face captured using an on-site camera device, the document
images are acquired from IDs scanned by employees of an
organization using their smartphones. Further details associ-
ated with this data are provided in the supplementary file.

Test Datasets: To assess the performance of the proposed
FR model in comparison with current state-of-the-art meth-
ods, we adhere to a standard experimental protocol using
established datasets. For high-quality evaluations, we em-
ploy datasets including LFW (Huang et al. 2008), CA-



Selfie vs ID (Real)

Selfie vs ID (Synthetic)

FR Model Easy Med Hard Easy Med Hard

01% 1.0% 01% 1.0% 01% 1.0% 01% 1.0% 01% 1.0% 01% 1.0%
LightCNN 67.66 79.23 4989 6871 17.08 3221 625 783 458 667 150 305
ElasticFace 7745  89.02 65.61 7823 17.87  33.15 753 86.7 68.1 792 183 329
MagFace 7329 85.46 5393 73.25 1418 27.66 736 853 513 749 123 265
AdaFace 64.69  79.23 4254 64.17 10.66  26.80 653  80.1 456  63.8 115 233
CurricularFace  83.09  89.91 6691 81.33 2092 39.58 863 906 753 80.4 253 429
EQFace 84.87 92.58 7714 87.45 2312 48.12 843 915 797 873 264  45.6
ArcFace 2938  49.85 2401 41.24 6.66 16.14 283 46.8 153 329 56 202
&%;‘?Face 85.46 93.18 7801  88.10 5133 66.93 96.82  98.59 92.09 97.40 8241 93.86
AQUAFace 88.56 94.71 80.89 89.37 4225 5938 97.59  99.16 9398  98.64 83.53 93.97
(Real+Syn)

Table 2: Performance evaluation of various face verification models on Real (VerifyMe) and Synthetic (Syn_AM) datasets after
bin-wise partitioning. We report GAR@0.1%FAR and GAR@ 1%FAR in easy, medium and hard categories.

Training Data LFW CALFW CPLFW CFP-FP AgeDB 1JB-B 1JB-C TinyFace
Accuracy TAR@FAR=0.01% Rank-1  Rank-5
VerifyMe 99.40 96.36 93.66 98.75 98.46 94.83 96.45 69.35 74.94
Syn_.AM 88.74 84.37 79.41 89.36 89.74 82.47 87.25 58.59 62.75
VerifyMe + Syn . AM ~ 99.79 97.82 94.57 99.03 98.99 95.23 96.97 70.12 75.87

Table 3: Comparison on benchmark datasets with the AQUAFace model trained on different data types. The first row represents
the model trained on real data (VerifyMe). The second row shows the model trained on the synthetic AgeDB and Morph
datasets. The last row presents the model’s performance when trained on VerifyMe and fine-tuned on the synthetic AgeDB and
Morph. 1:1 verification accuracy is reported, following the protocol from (Kim, Jain, and Liu 2022).

LFW (Zheng, Deng, and Hu 2017), CP-LFW (Zheng and
Deng 2018), CFP-FP (Sengupta et al. 2016), and Age-DB
(Moschoglou et al. 2017). Mixed-quality performance is
evaluated using the IJB-B (Whitelam et al. 2017) and 1JB-
C (Maze et al. 2018) datasets, while the TinyFace (Cheng,
Zhu, and Gong 2018) dataset is utilized for low-quality as-
sessments. A brief description of these datasets, including
their characteristics and relevance, is provided in Table 1.

Results

Table 2 summarizes the performance evaluation of various
state-of-the-art FR models on the VerifyMe and Syn_AM
datasets, partitioned into easy, medium, and hard categories
based on sample complexity related to quality and age differ-
ences. The metrics reported include GAR@0.1% FAR and
GAR@1% FAR using the ResNet18 backbone.

The evaluation includes state-of-the-art quality-aware FR
models alongside the proposed AQUAFace model. Results
reveal that AQUAFace consistently outperforms other mod-
els across all categories. Specifically, AQUAFace demon-
strates superior performance on synthetic data compared to
real data, and it excels when trained on real data and fine-
tuned on synthetic data. However, in the hard category for
real data, the performance of the model fine-tuned on syn-
thetic data is lower than that of the model trained solely on
real data, indicating a deficiency in hard pairs within the syn-
thetic data. This highlights the need for future research to fo-
cus on generating hard pairs in synthetic datasets to improve
model performance in challenging scenarios.
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Table 3 provides a comparative analysis of the AQUAFace
model’s performance when trained on different types of
data: real data (VerifyMe), synthetic data (Syn_AM, which
includes synthetic counterparts of AgeDB and Morph
datasets), and a combination of both. The table is structured
into three rows, each representing a different training ap-
proach. The first row shows the performance of AQUAFace
when trained solely on the real dataset, VerifyMe. The ac-
curacy reported here serves as a baseline for comparison.
In the second row, the model is trained exclusively on syn-
thetic datasets (Syn_AM), which includes synthetic aging
and quality variations in AgeDB and Morph. The results in-
dicate the challenges of relying solely on synthetic data, as
it fails to capture the complexities of age and quality vari-
ations found in real-world data, leading to the lowest per-
formance among the three methods. The third row presents
the results of a hybrid approach, where the model is initially
trained on the real dataset (VerifyMe) and then fine-tuned on
the synthetic datasets (Syn_AM). This combination yields
the highest performance, demonstrating the effectiveness of
synthetic data in enhancing model accuracy when used for
fine-tuning. The real data provides a strong foundation by
capturing authentic age and quality variations, while the syn-
thetic data adds value by introducing further intra-class vari-
ations.

The performance reported across standard high quality,
low quality, and mixed quality datasets highlights the po-
tential of synthetic data in improving face recognition mod-
els, particularly when used as a supplementary tool for fine-



High Quality Mixed Quality Low Quality
Method Train Data LFW CALFW CPLFW CFP-FP AgeDB 1JB-B 1JB-C TinyFace
Accuracy TAR@FAR=0.01% Rank-1  Rank-5
Backbone-R100
CosFace MS1IMV2 99.81 95.76 92.28 98.12 98.11 94.80 96.37 61.27 65.14
ArcFace MS1IMV2 99.83 95.45 92.08 98.27 98.28 94.25 96.03 63.81 68.05
CurricularFace MSIMV2 99.80 96.20 93.13 98.37 98.32 94.80 96.10 63.68 67.65
MagFace MSIMV2 99.83 96.15 92.87 98.46 98.17 94.51 95.97 64.32 69.97
AdaFace MS1IMV2 99.82 96.08 93.53 98.49 98.05 95.67 96.89 68.21 71.54
Backbone-R18
ArcFace CASIA-WebFace 99.14 92.25 90.78 91.63 94.59 91.69 93.52 59.71 63.58
MagFace CASIA-WebFace 99.35 91.64 89.38 92.85 93.30 91.44 92.93 61.63 66.27
AdaFace CASIA-WebFace 99.13 92.65 87.00 92.59 92.72 90.61 91.29 61.34 65.31
AQUAFace VerifyMe+Syn_AM  99.79 97.82 94.57 99.03 98.99 95.23 96.97 70.12 75.87

Table 4: Performance comparison of recent methods on benchmark datasets with the AQUAFace model for ResNet100 and
ResNel8 backbone. For high quality datasets, 1:1 verification accuracy is reported, following the protocol from (Kim, Jain,
and Liu 2022). For mixed quality datasets, TAR @FAR=0.01% is reported. For TinyFace, closed-set rank retrieval (Rank-1 and
Rank-5) is reported. Note: The performance of the pretrained models on MSIMV?2 is sourced from their respective papers.

tuning rather than as the primary training source.

Table 4 presents a performance comparison of recent FR
methods against the AQUAFace model using a ResNet18
and ResNet100 backbones, evaluated across different bench-
mark datasets. We report 1 : 1 verification accuracy, follow-
ing the protocol from (Kim, Jain, and Liu 2022) in the form
of True Accept Rate (TAR) at a False Accept Rate (FAR) of
0.01%, and closed-set rank retrieval, including Rank-1 and
Rank-5 accuracy.

These results highlight that the proposed AQUAFace
model outperforms current state-of-the-art FR models across
all dataset categories, including high-quality, mixed-quality,
and low-quality datasets. This performance is achieved by
addressing both age and quality variations simultaneously,
unlike existing models that focus on either quality-aware or
age-invariant FR. For additional details on the performance
with a ResNet100 backbone, please refer to the supplemen-
tary file.

Ablation Analysis

In our ablation analysis, we examine the impact of the hy-
perparameter m on the model’s performance. Here, m rep-
resents the maximum range of the angular margin as well
as the magnitude of the additive margin. From the results
presented in Table 5, we observe that the optimal perfor-
mance is achieved with m = 0.5. The motivation behind
our ablation study lies in understanding the influence of the
margin parameter ‘m’ on the treatment of quality and age-
difference in training samples. By adjusting ‘m’, we aim
to balance the emphasis on low-quality samples, typically
associated with higher age-difference, against high-quality
samples with minimal age-difference. This adjustment is
crucial as it directly impacts the positioning of the softmax
center and the delineation of class boundaries, ultimately af-
fecting the discriminative power of the model.
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VerifyMe Syn AM
Easy Med Hard Easy Med  Hard
02 7342 63.83 3025 89.76 8436 42.96
0.5 7449 66.54 39.39 9146 86.32 4647
1.0 7141 6592 37.01 86.17 8526 45.39

Table 5: Effect of hyperparameter ‘m’.

Conclusions

In conclusion, this paper addresses the challenges posed by
age and quality variations in selfie vs. ID face verification.
We provide a comprehensive analysis of the effectiveness of
state-of-the-art, quality-aware, and age-invariant FR models
in tackling these complexities. To address these challenges,
we introduce the AQUAFace model, a novel approach that
unifies the handling of age and quality variations while pre-
serving the subject’s identity. Our proposed model incor-
porates a unified loss function that balances the impact of
these variations, effectively capturing intricate details and
adjusting the margin to prioritize samples with poor quality
and significant age differences. In addition to these contribu-
tions, we evaluated the performance of the proposed model
when trained solely on real data, solely on synthetic data,
and when fine-tuned on synthetic data after being trained on
real data. Our experiments reveal that synthetic data can en-
hance performance when used for fine-tuning alongside real
data. However, the fine-tuned model’s performance lags be-
hind its pretrained counterpart when tested on the hard cat-
egory of real data, highlighting the need for generating hard
samples in synthetic datasets. AQUAFace outperforms cur-
rent state-of-the-art models across high-quality, low-quality,
and mixed-quality datasets, validating its effectiveness in
unconstrained selfie vs. ID face verification and achieving
state-of-the-art performance on CALFW, CPLFW, CFP-FP,
AgeDB, 1IB-C, and TinyFace.
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