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A B S T R A C T

Current periocular and face recognition approaches utilize computationally costly deep neural networks,
achieving notable recognition accuracies. Deploying such solutions in applications with limited computational
resources requires minimizing their computational demand while maintaining similar recognition accuracies.
Model compression techniques like model quantization can be used to reduce the computational costs of
deep models. This approach is widely studied and applied to different machine-learning tasks, however it is
understudied and investigated for biometrics. We propose in this work to reduce the computational cost of face
and periocular recognition models using fixed- and mixed-precision model quantization. Specifically, we first
quantize the full-precision models to fixed 8 and 6 bits, reducing the required memory footprint by 5x while
maintaining, to a very large degree, the recognition accuracies. However, our achieved results demonstrated
that by quantizing the models to extremely low b bits, e.g., below 6 bits, the accuracies significantly dropped,
which motivated our investigation on mixed-precision quantization. Hence, we propose to utilize an iterative
mixed-precision quantization scheme. In each iteration, the least important parameters are selected based on
their weight magnitude and quantized to low b-bit precision and the model is fine-tuned. This approach is
repeated until all parameters are quantized to low b-bit precision, achieving extreme reduction in memory
footprint, e.g., 16x times, without significant loss in the model accuracies. The effectiveness of mixed- and
fixed-precision quantization for biometric recognition models is studied and proved for two modalities, face
and periocular, using three different deep network architectures and using different b bit precision.
1. Introduction

The use of biometric recognition of people based on their physical
or behavioral characteristics is becoming more and more common in
everyday life (Jain et al., 2004). The most commonly used physical
characteristics are the fingerprint, the face or parts of the face like the
iris or the periocular region (Jain et al., 2004; Spolaor et al., 2016;
Boutros et al., 2022d). Especially for mobile devices, using biometric
recognition is an easy way to balance device security and usability (Spo-
laor et al., 2016; Sharma and Ross, 2022). Modern smartphones are
equipped with front-facing cameras, allowing easy capture of the face
or its regions (Spolaor et al., 2016). When face recognition (FR) is used,
the entire facial image is used in the recognition task. To successfully
perform recognition if the face is occluded, e.g. by masks (Boutros et al.,
2021b), the periocular region can be used instead (Zanlorensi et al.,
2020a). This region around the eye includes the eye itself, the eyebrow,
the eyelid, and parts of the cheekbone (Sharma and Ross, 2022; Kumari
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and Seeja, 2019). This region contains enough discrepancy and unique-
ness to perform periocular recognition (PR) successfully (Zanlorensi
et al., 2020a; Kolf et al., 2022, 2023b).

The success of current state-of-the-art FR and PR systems is based on
over-parameterized deep neural networks (DNN) (Boutros et al., 2022a;
Deng et al., 2019a; Krizhevsky et al., 2012; Wang and Deng, 2021).
However, these DNN are associated with high computational cost and
a large memory footprint (Boutros et al., 2022a; Deng et al., 2019a;
Cao et al., 2018). Especially in battery-powered mobile devices with
shared resources, the use of DNN is limited by these restrictions (Cai
et al., 2020; Deng et al., 2019b; Martínez-Díaz et al., 2021).

In order to utilize the high performance of DNN-based PR and FR
systems on mobile devices, various techniques are used (Kolf et al.,
2023a; Caldeira et al., 2024; Boutros, 2022). Efficient, small DNN ar-
chitectures are being developed to reduce the number of computational
operations and the amount of memory required while maintaining simi-
lar performance levels compared to conventional DNN designs (Boutros
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et al., 2022e; Li et al., 2020, 2019; Zhang et al., 2022). For example,
this technique is used by ShuffleFaceNet (Martindez-Diaz et al., 2019),
MobileFaceNets (Chen et al., 2018), and MixFaceNets (Boutros et al.,
2021a), among others. Knowledge Distillation is a different approach,
which uses a complex and high performing teacher network to train
a compact student network (Boutros et al., 2020, 2022c; Liu et al.,
2022). This method reduces the number of computational operations,
but the performed calculations still use floating-point numbers that rely
on special, dedicated hardware that also incurs a high computational
effort (Boutros et al., 2022b).

To minimize the hardware-based computational complexity and the
memory footprint, model quantization is used. In this approach, the
calculations are not performed with floating-point, but with integer
values. The integer values used have a reduced bit width compared to
the floating-point numbers, which reduces both the computational cost
and the memory requirements of the used DNN (Gholami et al., 2021).
Model quantization also speeds up inference, i.e. the execution of DNN,
by a factor between 2 to 4, as integer operations are performed faster
ased on the underlying hardware (Fei et al., 2021; Wu et al., 2016; Kr-
shnamoorthi, 2018; Paszke et al., 2019). Typically, fixed bit widths are
sed for all integer parameters, such as 8, 6 or 4 bit (Krishnamoorthi,
018; Gong et al., 2018; Jacob et al., 2018; Jin et al., 2022; Banner
t al., 2019; Yao et al., 2021; Zhuang et al., 2018). This technique
as successfully applied for FR (Boutros et al., 2022b; Bunda et al.,
022). Previous works (Kolf et al., 2022, 2023b) proposed the usage
f model quantization for PR. These works have shown that model
uantization with 8, 6 and 4 bit integers can be successfully used for
R and 8 and 6 bit integers for PR to reduce the computational cost
f inference while maintaining recognition performance at a similar
ompetitive level when compared to full-precision floating-point mod-
ls. However, considering the FR and PR task, the performance drops
apidly when quantizing the utilized models with the applied method
o low bit widths, e.g. 4 bit (Kolf et al., 2022; Boutros et al., 2022b) or
bit (Bunda et al., 2022). This indicates that the immediate reduction

f the parameter’s value range of the considered models is not sufficient
o ensure a high recognition performance on FR and PR tasks.

Having all parameters of a model quantized to the same low preci-
ion value might not be optimal in terms of the trade-off between model
emory footprint and its performance. This could be due to the fact

hat certain parameters might a greater influence on the performance
f the DNN than other parameters (Liu et al., 2024; Cheng et al.,
023). In such a case, it is advantageous to assign a more meaningful
alue range with a higher bit width to the more influential parameters
nd to reduce the bit width for less influential parameters (Li et al.,
023). In this way, the performance of the DNN can be maintained to
large degree while the computational effort and memory footprint

re reduced (Gholami et al., 2021; Liu et al., 2024). This approach is
chieved through mixed-precision quantization (Rakka et al., 2022).
n this approach, the bit width is not set the same for all integer
alues, but for each parameter the optimal bit width is determined.
his minimizes the loss of information and allows the DNN to be
etter adapted to the reduced bit widths. Different methods use linear
rogramming (Ma et al., 2023), reinforcement learning (Wang et al.,
019) or iterative techniques (Li et al., 2023) to calculate the bit widths
er parameter. While these techniques have been successfully used in
arious computer vision tasks, these techniques have been applied with
imited evaluation for FR (Bunda et al., 2022) and have not yet been
pplied and evaluated for PR in previous work (Sharma and Ross, 2022;
olf et al., 2022, 2023b; Boutros et al., 2022b; Raja et al., 2019; Reddy
t al., 2018a; Zhang et al., 2018a).

This work is an extension of our previous work (Kolf et al., 2022)
ublished at the IEEE International Joint Conference on Biometrics
IJCB 2022) (Anon, 2022). In this paper, we extend our previous work
n model quantization for PR (Kolf et al., 2022) and show that mixed-

recision quantization can be successfully applied for PR. Furthermore,

2 
as an additional contribution, we investigate the performance of mixed-
precision quantization on FR and extend the evaluation significantly
beyond that of previous work (Bunda et al., 2022). We apply the MPQ
framework (Li et al., 2023) and quantize FR and PR DNN iteratively
to a minimum bit width of 2. In a wide range of test scenarios for
FR and PR, for different backbone networks, the success of mixed-
precision quantization is shown. E.g., our 2 bit quantized models are
outperforming their respective 8 bit fixed-precision quantized and FP32
model counterparts on PR.

Section 3 presents the framework used, including the applied fixed-
and mixed-precision quantization methodologies. In Section 4, the
experimental setup for PR and FR including the respective datasets,
evaluation metrics, and the quantization details are presented. The
results of the experiments are discussed in Section 5 and the effects
of different quantization levels are analyzed. The final conclusion is set
out in Section 6.

2. Related work

In recent studies, various techniques were applied to achieve effi-
cient DNN as well as efficient PR and FR models, specifically aimed for
mobile and embedded devices.

Face Recognition: The current aim of efficient state-of-the-art DNN
based FR models is to design lightweight models (Boutros et al., 2021a),
which require less computational costs than larger and more com-
plex DNNs (Boutros et al., 2022e). Examples of lightweight FR mod-
els include MobileFaceNet (Chen et al., 2018), SqueezeFaceNet (Yu
and Li, 2019), VarGFaceNet (Yan et al., 2019), MixFaceNet (Boutros
et al., 2021a), ShuffleFaceNet (Martindez-Diaz et al., 2019), and Ghost-
FaceNets (Alansari et al., 2023). MobileFaceNet (Chen et al., 2018)
adopts MobileNetV2 (Sandler et al., 2018) architecture and utilize fast
down sampling strategies and global depth-wise convolutions to create
a compact network with under 1M parameters. SqueezeFaceNet (Yu
and Li, 2019) use SqueezeNet (Iandola et al., 2016) as base architecture
and modify it to have reduced element-wise operations, resulting in
a model with 0.74M parameters. VarGNet (Zhang et al., 2019) is
adopted by VarGFaceNet (Yan et al., 2019) that uses variable group
convolutional network, creating a FR model with 5M parameters. Mix-
FaceNet (Boutros et al., 2021a) modifies MixConv (Tan and Le, 2019)
block, adding channel shuffle operations, resulting in a compact FR
model with 3.07M parameters. ShuffleFaceNet (Martindez-Diaz et al.,
2019) adapts ShuffleNet (Ma et al., 2018) and utilizes global depth-
wise convolutional layers instead of global average pooling, creating a
model with 2.6M parameters. GhostNet (Han et al., 2020) is utilized
by GhostFaceNets (Alansari et al., 2023) to create a compact FR model
that contains 4.09M parameters. These lightweight architectures find a
balance between computational complexity and accuracy. While these
models have reduced the computational time through architecture
design, their execution remains computational challenging, as the in-
ference with floating-point parameters requires dedicated hardware to
be executed efficiently. With the aim to create efficient and small DNN
architecture specifically tailored to FR, Neural Architecture Search and
AutoML techniques were successfully applied (Boutros et al., 2022e;
Savchenko et al., 2023).

Apart from efficient architectures, model quantization was also
examined. Fixed-precision model quantization was applied in Boutros
et al. (2022b) and Bunda et al. (2022). Later, solution presented in
the 2023 Efficient FR competition (Kolf et al., 2023a) adapted this
approach to achieve compact FR models. In their approach, the au-
thors quantized different backbone architectures to small bit width,
reducing computational complexity and model footprint while main-
taining competitive performance. Mixed-precision quantization was
shortly evaluated in a limited experimental setup in Bunda et al. (2022),
lacking evaluation on various benchmarks and bit widths.

From the previous works, model quantization proved to largely

reduce the memory footprint of FR models while maintaining the
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performance (Boutros et al., 2022b; Bunda et al., 2022). Based on
underlying hardware and processors, speedups from up to two folds
can be observed when quantizing a floating-point model to 8 bit.
However, it was reported (Boutros et al., 2022b; Bunda et al., 2022)
that quantizing FR models to extremely low precision levels (to 4
and 2 bits) impacts the model convergence during the fine tuning
process, resulting in extremely low performances. In order to stabilize
convergence at low bit widths, other optimizers and hyper parameters
were used in Bunda et al. (2022). However, this still results in a low FR
performance with quantization to 2 bits. Previous works have shown
the fundamental success of model quantization. In order to further
enhance the deployability of DNN and reduce the computational effort,
the main motivation of this work is to reduce the required bit widths
of the DNN parameters even further while maintaining recognition
performance to a large degree.

Periocular Recognition: In Park et al. (2009) the authors con-
ucted a feasibility study using the periocular region with Local Binary
atterns (LBP) for recognition, which was followed up and adapted
y similar approaches (Bharadwaj et al., 2010; Xu et al., 2010). Ad-
itionally, Scale Invariant Feature Transformation (SIFT) has been
pplied (Ross et al., 2012; Alonso-Fernandez and Bigun, 2014; Ahuja
t al., 2016; Raja et al., 2014). SIFT adopted for mobile devices was
ntroduced in Raja et al. (2014). Leung-Mallik filters used to acquire
ultiple features of the periocular region were utilized in Tan and
umar (2012).

Deep learning mechanisms have also been used to perform PR
n mobile devices. In Nie et al. (2014) a convolutional version of
estricted Boltzman Machines was applied to learn features in an unsu-
ervised approach which were then fused into a metric learning system.
eatures of the iris and periocular region extracted from a convolu-
ional neural network (CNN) were fused for PR recognition in Zhang
t al. (2018a). Raja et al. (2016) used deep learning to create features
rom the periocular region for recognition. Feature learning with a
onvolutional autoencoder in an unsupervised learning approach was
roposed in Reddy et al. (2019), outperforming a supervised ResNet50.
n Proença and Neves (2017) a data augmentation pipeline to modify
he periocular area was developed, increasing recognition performance.
o reduce within-class variability in unconstrained PR, Zanlorensi et al.
2020b) proposed to utilize generative models. In Alonso-Fernandez
t al. (2022) several feature extractors were combined and validated
ith cross-spectrum experiments between visible and near-infrared

mages, achieving good recognition rates. Various algorithms were
valuated in a competition (Rattani et al., 2016) targeting mobile
evices under different conditions.

To reduce the computational effort for PR on mobile devices, Oc-
larNet was proposed in Reddy et al. (2018b). It uses multiple small
NNs to extract features from six overlapping patches from the peri-
cular region, and combined them into a feature vector. This model
utperformed a ResNet50 model, despite being 15.6x smaller. Pruning
echniques were applied in Almadan and Rattani (2021) to create

small and efficient NN for ocular recognition on mobile devices.
nowledge distillation was applied in recent works (Boutros et al.,
020, 2022c) to transfer the knowledge learned by larger networks
o smaller ones, either in a traditional manner (Boutros et al., 2020)
r on the template level (Boutros et al., 2022c). A recent work (Kolf
t al., 2022) was the first to propose to use fixed-precision model
uantization for PR. Parameters were quantized to 8, 6 and 4 bit, which
ielded efficient and compact models that retained their recognition
erformance when quantized to 8 and 6 bit. The quantization to 4 bit
esulted in a significant decrease in performance, suggesting that direct
uantization to a low bit width can lead to a significant drop in
erformance. Such as for FR, PR model quantization proved to be a very
fficient technique to achieve high performances with models having
uch smaller memory footprint. However, as stated for PR and FR,

oing to a very low quantization precision (lower than 6 bits) resulted

n a huge loss in performance.

3 
This performance loss, when quantizing FR and PR models to very
low precision levels might be due to the need of higher precision
parameters to achieve accepted performances. However, these required
higher precision parameters are not necessary all the parameters of
the network. Thus, optimizing the quantization process depending on
the precision needs in different networks parts might be the solution
that enables extreme model compression. Based on previous success of
mixed-precision quantization on different tasks (Li et al., 2023; Zhou
et al., 2016), this work proposes and investigates the use of mixed-
precision quantization for PR and FR tasks to overcome the current
limitations of fixed-precision quantization in these domains.

3. Methodology

This section presents our approach for reducing the computational
cost and memory footprint of DNN used for PR and FR by utilizing
model quantization. Towards that, we first propose to quantize the
model weights and activations using fixed-precision quantization. As
the quantization model accuracies (as will be demonstrated in Sec-
tion 5) significantly dropped when we utilized a very small low bit
value, we theorize that this quantization effect on the performance is
not necessarily the same for all quantized parameters. Therefore, as one
of the first works, we propose to apply mixed-precision quantization for
PR and FR (Kolf et al., 2022, 2023b,a). This aims at quantizing each
parameter to a different 𝑏 bit value based on the contribution of this pa-
rameter to the model prediction. An overview of the proposed approach
is shown in Fig. 1. This section first presents additional theoretical
background to model quantization. Then, this section presents the
utilized approach for fixed-precision quantization and the conceptual
differences between fixed and mixed-precision quantization. Finally, we
present the utilized approach for mixed-precision quantization.

3.1. Theoretical background

The core concept of model quantization is to replace the computa-
tionally challenging floating-point parameters, often represented with
32 bit (FP32), with 𝑏 bit integer parameters (Gholami et al., 2021). Typ-
ical bit widths for 𝑏 are 8, 6, 4, 2, or 1 (Gholami et al., 2021; Li et al.,
2023). The advantages of this approach are twofold, since storing fewer
bits reduces the memory footprint during inference and, depending on
the underlying hardware, integer operations are performed much more
efficiently than floating point operations, increasing DNN throughput
and decreasing its computational cost (Krishnamoorthi, 2018; Paszke
et al., 2019; Weng, 2021). The weights and activation functions of a
DNN are typically quantized to a fixed bit precision. However, the im-
pact of quantization on different parameters may vary. Consequently, it
is beneficial to utilize mixed-precision quantization, where different pa-
rameters are quantized to different precision levels, to achieve a more
optimal trade-off between model memory footprint and performance.
In fixed-precision quantization, all parameters and activation functions
are quantized to 𝑏𝑝 and 𝑏𝑎 bit, respectively (Jacob et al., 2018; Guo,
2018). In mixed-precision quantization, the bit width 𝑏 is individually
set for each parameter and activation function (Gholami et al., 2021).

To maintain the performance of the FP32 DNN, quantizing a param-
eter to 𝑏 bit must result in a behavior similar to that of the full-precision
parameter. However, quantizing FP32 values with a continuous value
range to a discrete, lower-dimensional value range of integers is asso-
ciated with a loss of information. Therefore, in practice, the quantized
DNN has to be adapted, i.e. calibrated, and fine-tuned, to the reduced
value range with additional training steps (Gholami et al., 2021).
This procedure is called Quantization-Aware Training (QAT), which is
explained in more detail in this section.

The range of values of an FP32 parameter 𝑟 is 𝑟 ∈ [−3.4 × 1038, 3.4 ×
1038] (Van Der Walt et al., 2011) and is defined in the respective IEEE
standard (Zuras et al., 2008). While FP32 numbers have a wide range

of values, in practice DNN do not fully utilize this range. This is because
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Fig. 1. Overview of the proposed fixed- and mixed-precision quantization approach. In fixed-precision quantization, an FP32 model is quantized to 𝑏 bit (8, 6, and 4 bit). In
mixed-precision quantization, an FP32 model is first quantized to 8 bit using symmetric quantization and the weights are stored. In each mixed-precision quantization iteration, the
initial weights are loaded and the model is trained until convergence. For 𝑝 percent of parameters with the smallest weight magnitude, the bit width is halved, reducing average
bit width of the model. The iterative quantization ends when all parameters are quantized to 2 bit.
various activation functions have certain fixed value ranges. Also, the
regularization and normalization terms in the optimization procedure
prevent individual parameters from growing too big or too small.

For an FP32 parameter 𝑟 within a DNN, let 𝑟 ∈ [𝛼, 𝛽] (Gholami
et al., 2021). The value range of a signed 𝑏 bit integer 𝑟𝑄 is defined
as 𝑟𝑄 ∈ [−2𝑏−1, 2𝑏−1 − 1] and contains 2𝑏 different values. A suitable
mapping function is required to map the values from 𝑟 to 𝑟𝑄. The
mapping can be performed uniformly, where the values are equally
distributed to [−2𝑏−1, 2𝑏−1 − 1], or non-uniformly, where the distances
between individual values in 𝑟 in the new value range are different.
Uniform distribution is due to its simple implementation the most
prevalent method (Gholami et al., 2021; Guo, 2018).

A further distinction can be made between symmetric and asym-
metric quantization (Gholami et al., 2021). In symmetric quantization,
the boundaries of the FP32 value range 𝑟 are set to equal values,
i.e. 𝛼 = −𝛽. While in asymmetric quantization, the boundaries 𝛼 and
𝛽 are determined during a calibration process and are based on the
current FP32 value range of a single parameter or parameter group.
Therefore, in asymmetric quantization 𝛼 ≠ −𝛽. In this work, we follow
the asymmetric quantization scheme of Kolf et al. (2022), Boutros et al.
(2022b) for the fixed-precision quantization (Cai et al., 2020). For
mixed-precision quantization, we follow and adapt the procedure of Li
et al. (2023), which uses the symmetric quantization method (Zhou
et al., 2016). Both techniques, mixed and fixed-precision quantization,
are explained in more detail in the following section.

Most quantization schemes do not directly replace FP32 parameters
with integer parameters (e.g. int8, int16), but simulate integer quan-
tization (Gholami et al., 2021). As modern DNN frameworks such as
Pytorch (Paszke et al., 2019) only train DNN that utilize floating point
values, the parameters are quantized from FP32 to 𝑏 bit integers and
are immediately dequantized from integer to FP32 during training. This
ensures that the associated loss of information incurred by quantization
is included in the training process. Therefore, the network is adapted
to this loss of information, and it can be trained using deep learning
accelerators such as Pytorch (Paszke et al., 2019).

3.2. Fixed-precision quantization

The adapted fixed-precision quantization technique (Cai et al.,
2020) uses an asymmetric and uniform mapping between the FP32
4 
and the integer value range. This quantization procedure is defined
as (Gholami et al., 2021; Jacob et al., 2018):

𝑟Q-Int = 𝑄𝐴,𝑏(𝑟) = 𝑟𝑜𝑢𝑛𝑑
( 𝑟FP32

𝑆

)

−𝑍, (1)

where the operation 𝑟𝑜𝑢𝑛𝑑(⋅) rounds the floating-point number to the
nearest integer. The 𝑏 bit signed integer value 𝑍 is the zero-point. It
specifies the zero-point shift of the mapping from the range of values of
𝑟FP32 and that of 𝑟Q-Int. The constant 𝑆 is the scaling factor and divides
the value range into equal-sized partitions. Since the range of values
from 𝑟FP32 can be asymmetric (−𝛼 ≠ 𝛽) 𝑆 and 𝑍 are defined as (Jacob
et al., 2018)

𝑆 =
𝛽 − 𝛼
2𝑏 − 1

, (2)

𝑍 = 𝑟𝑜𝑢𝑛𝑑
(

𝛽 ⋅
2𝑏 − 1
𝛽 − 𝛼

− 2𝑏 − 1
)

. (3)

To reconstruct the original FP32 value from a quantized value, there
is the dequantization operation (Gholami et al., 2021; Jacob et al.,
2018):

𝑟𝑄 = 𝐷(𝑟Q-Int) = 𝑆 ⋅ (𝑟Q-Int +𝑍). (4)

The range of 𝑟, limited by 𝛼 and 𝛽, can be calculated statically or dy-
namically. If it is calculated dynamically, the minimum and maximum
values for individual parameters are stored during retraining, and after
a specified number of calibration steps this calculation is frozen and the
values are set as 𝛼 and 𝛽 (Gholami et al., 2021). In this work, dynamic
calibration is used to obtain a better parameter mapping.

The parameter ranges can also be calculated for different groups
of parameters, which is called quantization granularity. In CNN, layers
consists of multiple channels (i.e. filters), that each can have different
value ranges, which can therefore be quantized differently. There are
three different methodologies with increasing granularity (Gholami
et al., 2021; Xiao et al., 2023): Layerwise, groupwise, and channelwise
quantization. In layerwise quantization, all convolution channels of an
entire layer are considered in order to determine 𝛼 and 𝛽. Groupwise
quantization increases the granularity, as the channels of a layer are
divided into groups for which the range of values is determined. Chan-
nelwise quantization increases the granularity even further. There, the
range of values is determined for individual channels of a convolutional
layer. Due to its high popularity and good performance, channelwise
quantization is used for asymmetric quantization in this work (Huang
et al., 2021; Zhang et al., 2018b).
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3.3. Mixed-precision quantization

While previous works have shown that model quantization to 8,
and 4 bit for FR (Boutros et al., 2022b; Bunda et al., 2022) and 8

nd 6 bit for PR (Kolf et al., 2022) can be applied without a major
erformance impact, quantizing models directly to low bit width can
esult in major performance degradation (Gholami et al., 2021), as
hown in Kolf et al. (2022), Boutros et al. (2022b), Bunda et al. (2022).
ne way to balance accuracy and model size is to use mixed-precision
uantization. Parameters that have a large impact on accuracy are
uantized to integers with a larger bit width, while parameters with less
nfluence are reduced to smaller bit widths, resulting in a significant
ecrease in the number of bits needed on average, while still providing
erformance comparable to FP32 models.

We adopted the approach presented by Li et al. (2023) for mixed-
recision quantization. It is based on an iterative quantization method,
esulting in models with an average low bit width, but with similar
erformance as the respective full-precision DNN.

At the start, a bit mask 𝑚 is created that sets the desired start bit
idth 𝑏 for all parameters 𝑊 in the DNN. Each parameter 𝑤𝑖 ∈ 𝑊

eceives its individual bit width 𝑏𝑖 ∈ 𝑚. At the beginning of the initial
raining, all 𝑏𝑖 are set to 𝑏. The individual bit widths in 𝑚 are used to
uantize all parameters 𝑊 and the DNN is trained until it converges.
fter the initial training, the weights 𝑊0 of the DNN are stored and

used as the starting weights for each iteration.
In each iteration of the quantization procedure, the weights 𝑊0 and

it mask 𝑚 are loaded and each parameter 𝑤𝑖 is quantized to bit width
𝑖 ∈ 𝑚. The DNN is again trained until convergence and its weights

are saved for evaluation. To reduce the average bit width of the
arameters, 𝑝 percent of parameters that have a current bit width > 2

and that have the lowest absolute weight value, i.e. |𝑤𝑖|, are selected.
For these parameters, their respective bit width 𝑏𝑖 ∈ 𝑚 is updated
s 𝑏𝑖 = ⌊

𝑏𝑖
2 ⌋, reducing the average bit width of all parameters. The

updated bit mask 𝑚 is saved and loaded in the next iteration, the stored
parameters 𝑊0 used at the start of every iteration remain unchanged.
This iterative process is repeated until all parameters are set to 2 bit.

To quantize the weights of a model to a desired bit width 𝑏 during
ach iteration, the DoReFa method introduced by Zhou et al. (2016) is
sed, following Li et al. (2023). It is a parameter-free, symmetric, and
niform quantization method that relies only on the desired bit width
. An FP32 value 𝑟FP32 ∈ [0, 1] is quantized to 2𝑏 different values using
he symmetric mapping function (Li et al., 2023; Zhou et al., 2016)

Q-FP32 = 𝑄𝑆,𝑏(𝑟FP32) =
1

2𝑏 − 1
𝑟𝑜𝑢𝑛𝑑((2𝑏 − 1)𝑟FP32), (5)

here the operation 𝑟𝑜𝑢𝑛𝑑(⋅) rounds the floating-point number to the
earest integer. The function 𝑄𝑆,𝑏 simulates the influence of integer
uantization while 𝑟Q-FP32 ∈ [0, 1] is an FP32 value.

As in general 𝑟FP32 ∉ [0, 1] for a parameter 𝑟FP32 in a pre-trained
FP32 DNN, an additional scaling operation is performed using tanh(⋅)
hat scales each input to the value range 𝑟FP32 ∈ [0, 1]. The full
uantization method quantizes an FP32 parameter to 2𝑏 different values
nd outputs the dequantized FP32 value 𝑟Q ∈ [−1, 1] (Li et al., 2023;
hou et al., 2016):

Q = 2 ×𝑄𝑆,𝑏

( tanh(𝑟FP32)
2 ⋅ max(|tanh(𝑟FP32)|)

+ 1
2

)

− 1 (6)

To quantize the activation functions, the PACT methodology in-
troduced by Choi et al. (2018) is utilized. It learns an adaptive clip
threshold 𝛼 per layer in the network. The function is defined as (Li
et al., 2023; Choi et al., 2018)

𝑎FP32 = PACT(𝑟FP32) =

⎧

⎪

⎨

⎪

0, 𝑟FP32 ∈ (−∞, 0)
𝑟FP32, 𝑟FP32 ∈ [0, 𝛼) (7)
⎩

𝛼, 𝑟FP32 ∈ [𝛼,+∞)

5 
Similar to DoReFa quantization, the activation value 𝑎FP32 is quan-
tized and immediately dequantized using the formula (Li et al., 2023;
Choi et al., 2018)

𝑎𝑄 = 𝑟𝑜𝑢𝑛𝑑
(

𝑎FP32 ⋅
2𝑏 − 1
𝛼

)

⋅
𝛼

2𝑏 − 1
. (8)

3.4. Quantization-aware training

The mappings utilized between floating-point and integer num-
bers involve a loss of representativeness of the DNN, as the learned
parameters of the DNN are not trained to deal with the lower expres-
siveness of each parameter. This results in a loss of performance due
to quantization. To counteract this, the DNN is fine-tuned to adjust
the quantized parameters (Gholami et al., 2021). This process is called
quantization-aware training (QAT).

4. Experimental setup

This section presents the experimental setups followed in this work
to train and evaluate full-precision, fixed-precision, and mixed-precision
FR and PR models.

4.1. Dataset and evaluation protocols

Face Recognition: The baseline FR models are trained on the
MS1MV2 dataset (Guo et al., 2016; Deng et al., 2019a). It is a refined
version of the MS-Celeb-1M (Guo et al., 2016) dataset. MS1MV2 con-
tains 5.8M images of 85k identities that are cropped by the dataset
authors to 112 × 112 pixels using the procedure described in Deng et al.
(2019a).

The full-precision and quantized FR models are evaluated on La-
beled Faces in the Wild (LFW) (Huang et al., 2007), Celebrities in
Frontal-Profile in the Wild (CFP-FP) (Sengupta et al., 2016), Cross-
age LFW (CALFW) (Zheng et al., 2017), AgeDB30 (Moschoglou et al.,
2017), and Cross-Pose LFW (CPLFW) (Zheng and Deng, 2018) datasets.
Following the respective evaluation protocol of each benchmark, we
report the verification accuracy in percent.

AgeDB (Moschoglou et al., 2017) is an in-the-wild dataset for the
evaluation of age-invariant face verification, containing 16,488 images
from 568 identities. We present the results for AgeDB-30 (30 year age
difference), which is the most widely reported and difficult subset of
AgeDB.

The Labeled Faces in the Wild (LFW) dataset (Huang et al., 2007) is
an unrestricted face verification dataset. It consists of 13,233 images
of 5749 identities collected from the web. The performance of the
LFW is measured using the ‘‘unrestricted with labeled outside data’’
protocol and the standard 6000 comparison pairs, 3000 genuine and
3000 imposter pairs (Huang et al., 2007).

The Celebrities in Frontal-Profile in the Wild (CFP-FP) dataset (Sen-
gupta et al., 2016) focuses on the comparison between frontal and
profile faces. It consists of 7,000 images of 500 different identities, with
10 frontal and 4 profile pictures per identity. The evaluation protocol
for CFP-FP includes 3,500 genuine pairs and 3,500 imposter pairs.

The Cross-age LFW (CALFW) dataset (Zheng et al., 2017) is based on
the Labeled Faces in the Wild LFW dataset, with a focus on comparison
pairs that have an age gap, though not as large as AgeDB-30. The
age gap distribution of CALFW is described in Zheng et al. (2017).
It consists of 3000 genuine comparisons, and the negative pairs are
chosen to be of the same gender and race in order to reduce the
influence of attributes.

The Cross-Pose LFW (CPLFW) dataset (Zheng and Deng, 2018) is
a collection of 3000 genuine comparison pairs with pose differences,
taken from the LFW dataset. Negative pairs are chosen to be of the
same gender and race.

Periocular Recognition: To evaluate, train, and quantize DNN for

PR, the UFPR-Periocular dataset (Zanlorensi et al., 2020a) is selected.
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It is one of the largest periocular databases available for research
and is composed of 33,660 images of periocular regions, taken from
both sides of the face, captured from 1,122 subjects in 3 sessions
with 196 different mobile devices. These images were not taken in
an ideal setting and have variations in blur, obstruction, and lighting
to demonstrate real-world capturing scenarios. The images are aligned
and cropped by the authors of the dataset, the procedure is described
in Zanlorensi et al. (2020a). The images are cropped to 224 × 224
ixels. The UFPR dataset is selected as it is the most diverse dataset
or periocular images with a large and diverse set of capturing devices.

The dataset contains three different training and evaluation proto-
ols. The first protocol is the closed world protocol and represents an
dentification scenario. There, all identities contained in the training set
re also contained in the validation and test set. The other two protocols
re for the verification scenario. In both verification protocols, the test
et does not contain images of the identities that are included in the
raining set. These protocols are noted as the open world scenario.
he difference between the two verification protocols is that in the
irst protocol, the identities from the training set are included in the
alidation set, which is called open world/closed validation. In the
erification protocol, there are different identities in the training, vali-
ation, and test set (i.e. identity-disjoint). This protocol is called open
orld/open validation. Each protocol is divided into three different

olds, for each of which there is a training, validation, and test set.
or a more detailed description of the dataset, please refer to the work
f Zanlorensi et al. (2020a). We follow the procedure of Uzair et al.
2013) and flip images containing the left eye horizontally so that they
ave the same orientation as images with the right eye. Images from
he left and right eyes are considered to have the same identity in our
xperimental setup. All images are scaled to size 224 × 224. We follow
he process described in Zanlorensi et al. (2020a) and train and evaluate
he models and quantization for both the closed world identification
rotocol and the open world/closed validation verification protocol.
he benchmark in each protocol is run and evaluated for all three folds.
s described in Zanlorensi et al. (2020a), the rank 1 and rank 5 metrics,
alculated from the pairwise cosine similarity between the embedding
ectors, as well as the area under the curve (AUC), the equal error rate
EER) and FNMR at different FMR are calculated for the identification
rotocol. The metrics are explained in more detail in the following
ection. For the evaluation of the verification scenario, the AUC, EER,
nd FNMR at different FMR operation points are used.

.2. Metrics

The rank metric used for identification scenarios indicates in what
ercentage of the cases examined the identity of a person in the
atabase is the 1st place (rank 1) or is within the first five rankings
rank 5). The ranking is created by the cosine similarity between
he input and the database, the test set, and is sorted in descending
rder according to the similarity score. The Equal Error Rate (EER)
s defined as the operation point where the false match rate (FMR) is
qual the false non-match rate (FNMR), based on the ISO/IEC 19795-
(Mansfield, 2006) standard. For further evaluation, different FNMR

t FMR are given. The receiver operating characteristics (ROC) curve
ives the individual 1−FNMR and FMR for more operation points (Jain
t al., 2004). The area under curve (AUC) metric specifies how good the
erification performance is. A 1.0 metric means that the system can
erfectly distinguish comparisons between the identical identity and
oreign identities.

.3. Backbone architectures and baselines

We follow the previous works (Kolf et al., 2022; Boutros et al.,
022b) and utilize the DNN architectures ResNet18 (He et al., 2016a),
esNet50 (He et al., 2016a) and MobileFaceNet (Chen et al., 2018). All
6 
models are trained with a Stochastic Gradient Descent optimizer with
a momentum of 0.9 and a weight decay of 5𝑒 − 4.

Face Recognition: Following Boutros et al. (2022b), the FP32
odels are trained using Arcface (Deng et al., 2019a) loss and a margin

alue of 𝑚 = 0.5 and a feature scale of 𝑠 = 64 for 180k iterations on
MS1MV2 dataset. The initial learning rate is 0.1. It is reduced by a
factor of 10 after 100 k and 160 k iterations. A mini-batch size of 512
is chosen for each optimization step.

Periocular Recognition: We train all baseline FP32 models with a
learning rate of 0.1 for 20 epochs with Arcface loss (Deng et al., 2019a),
following Kolf et al. (2022). The model with the best performance on
the validation set is selected. For a better comparison with mixed-
precision quantized models, additional training is performed with 20
epochs using a learning rate of 0.01, which is divided by 10 after 4
epochs. The Arcface margin value is set to 𝑚 = 1.0 and the feature
scale is set to 𝑠 = 64, following our previous work (Kolf et al., 2022).

e follow Boutros et al. (2022a), and decrease the learning rate by a
actor of 10 after the 8th and 15th epochs. A mini-batch size of 32 is
hosen for each optimization step.

.4. Fixed-precision model quantization

The pre-trained models are quantized using the asymmetric quan-
ization scheme and quantization-aware training, introduced in Sec-
ion 3.3 and Section 3.4, respectively.
Face Recognition: We follow Boutros et al. (2022b) and quantize

he weights and activations of the FP32 models to 8 and 6 bit. Quan-
ized models are fine-tuned for 11k iterations and a learning rate of
0−4 on the MS1MV2 (Guo et al., 2016; Deng et al., 2019a).
Periocular Recognition: The models for both the verification and

dentification task are quantized to fixed bit levels. During the quan-
ization, the weights and activations are quantized to the identical bit
evel. The models are separately quantized 8, 6 and 4 bits. Quantization-
ware training is conducted for 20 epochs using the UFPR periocular
ataset. The learning rate for the 8 and 6 bit quantization is 0.1, for
bit quantization, the learning rate is 0.01. A batch size of 8 was used

or ResNet18 and ResNet50 and a batch size of 16 for MobileFaceNet,
ollowing Kolf et al. (2022). After the 8th and 15th epochs, the learning
ate is reduced by a factor of 10.

.5. Mixed-precision model quantization

All activations of the FP32 models are quantized to 8 bit using the
ACT quantization scheme, following Li et al. (2023). The weights of
he models are quantized using the symmetric DoReFa quantization,
hich is described in Section 3.2. The starting bit width for the weights

s 8 bit, as previous work (Kolf et al., 2022; Boutros et al., 2022b)
as not shown a major performance loss for this bit width. The bit
idth of the weights is reduced after each iteration. After each step, the
it width is halfed for 50% of the weights with the least importance.
he quantization algorithm is performed for 12 iterations. In the final

teration, the bit widths of all weights are set to 2 bit.
Face Recognition: The quantized models are fine-tuned until con-

ergence for 8 epochs and a learning rate of 0.005 on the MS1MV2
ataset.
Periocular Recognition: The quantized verification and identifi-

ation models are fine-tuned for 20 epochs on the respective UFPR
raining dataset, following Kolf et al. (2022). A learning rate of 0.01
s used, which is reduced to 0.001 after the fourth epoch.
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Table 1
Comparison of Fixed and Mixed-Precision Quantized ResNet18, ResnNet50 and MobileFaceNet Models at Different Bit Levels on the Utilized Face Recognition Benchmarks LFW,
AgeDB30, CALFW, CPLFW and CFP-FP. The Verification Accuracy is Given in Percent. Models Quantized To Bit Widthx Below 6 Bit Using Fixed-Precision Quantization do
not Converge During the Fine-Tuning Process. Applying Mixed-Precision Quantization Results in Quantized Models with Low Bit Widths Not Possible With the Fixed-Precision
Quantization Scheme. The Low Bit Width Models Maintain Their Verification Accuracy To a Large Degree, when Compared to the Respective FP32 model.

Model Precision Avg. bits Size (MB) LFW (↑) AgeDB30 (↑) CALFW (↑) CPLFW (↑) CFP-FP (↑)

ResNet18

32.00 96.10 99.67 97.13 95.70 89.73 94.47
8.00 24.03 99.63 97.03 95.72 89.48 94.46Fixed (Boutros et al., 2022b)
6.00 18.02 99.52 96.55 95.58 88.37 93.23

Mixed

8.00 24.03 99.48 96.28 95.27 88.22 92.29
6.00 18.02 99.52 96.03 95.20 88.82 92.04
4.61 13.85 99.40 95.63 94.73 87.55 91.44
3.99 11.97 99.52 95.48 94.70 87.23 90.84
3.30 9.91 99.27 95.02 94.63 87.28 90.53
2.99 8.99 99.40 95.13 94.63 87.32 90.19
2.65 7.96 99.38 94.57 94.45 87.07 90.04
2.50 7.50 99.38 94.98 94.25 86.45 89.79
2.32 6.98 99.42 95.38 94.58 86.07 90.21
2.25 6.75 99.37 94.97 94.63 86.47 90.10
2.09 6.27 99.38 94.90 94.47 86.10 89.84
2.00 6.01 99.27 93.98 94.47 86.47 89.46

ResNet50

32.00 174.36 99.80 98.08 96.10 92.43 98.01
8.00 43.59 99.78 98.00 96.00 92.17 97.70Fixed (Boutros et al., 2022b)
6.00 32.69 99.70 97.17 95.87 90.17 95.00

Mixed

8.00 43.59 99.77 97.43 95.93 91.27 94.94
6.00 32.69 99.72 97.65 95.82 90.90 94.81
4.60 25.06 99.70 96.95 95.58 90.68 93.99
3.99 21.73 99.68 96.80 95.52 89.83 93.76
3.29 17.93 99.62 96.85 95.75 89.95 94.06
2.99 16.31 99.58 97.05 95.67 90.28 94.03
2.65 14.43 99.62 96.90 95.52 89.83 93.83
2.50 13.60 99.65 97.03 95.57 89.88 93.39
2.32 12.66 99.48 96.32 95.42 89.62 93.97
2.25 12.25 99.62 96.73 95.62 89.87 93.64
2.09 11.38 99.65 96.95 95.62 89.55 93.76
2.00 10.90 99.62 96.75 95.62 89.53 93.33

MobileFaceNet

32.00 4.01 99.47 95.62 95.15 87.98 91.59
8.00 1.00 99.43 95.47 95.05 87.95 91.40Fixed (Boutros et al., 2022b)
6.00 0.75 98.87 93.03 93.30 84.57 87.69

Mixed

8.00 1.00 99.27 94.33 94.18 85.82 89.57
6.00 0.75 99.20 93.70 93.82 85.77 89.14
4.64 0.58 98.27 89.17 92.03 77.90 81.36
3.97 0.50 98.05 89.67 91.50 79.38 82.27
3.28 0.41 97.50 85.97 89.12 73.40 77.40
2.97 0.37 97.32 86.37 89.12 75.72 78.56
2.64 0.33 97.30 85.35 89.98 73.78 78.31
2.48 0.31 97.75 85.70 89.52 72.05 77.70
2.32 0.29 97.35 86.42 90.18 74.33 78.56
2.24 0.28 96.88 84.90 88.38 73.02 77.64
2.09 0.26 97.12 85.27 88.60 71.88 76.84
2.00 0.25 96.88 86.17 89.12 73.42 76.96
5. Results

Table 1 shows the achieved face verification performance and Ta-
bles 2 and 3 show for comparison recent efficient FR results. In Table 4
and Table 5, the verification and identification results on the UFPR
periocular dataset are shown, respectively. The results are grouped
by the backbone model (ResNet18, ResNet50, MobileFaceNet) and the
quantization type (fixed and mixed-precision). When quantizing an
FP32 model to 8 bits, the model size is reduced by 75%, leading to
a much smaller memory footprint and a decrease in the computational
cost of model inference. Quantizing to 4 bits reduces the model size by
87.5%, and to 2 bits by 93.75%. In the following, we analyze in more
detail different aspects of the presented results.

5.1. Impact of mixed-precision quantization

The goal of the proposed solution is to achieve extremely low pre-
cision quantization, and thus memory footprint, while maintaining as
much performance as possible. The results of our extensive evaluation
7 
setting, explained in this Section, demonstrate that mixed-precision
quantization is indeed achieving remarkable results in low-bit width
scenarios.

Face Recognition: From Table 1 it is noticeable that fixed-precision
quantized models maintain the performance of the respective full-
precision model when quantized to 8 bits, with a very limited per-
formance drop. This performance drop is increased substantially when
moving to 6 bit quantization. As stated in Boutros et al. (2022b), mov-
ing to fixed-precision quantization lower than 6 bit showed that none
of the models converged during the fine-tuning process. The aim of the
proposed mixed-precision quantization is to achieve a lower average
quantization precision than 6 bit, while still preserving a significant
amount of performance.

The 8 bit mixed-precision quantized models have a slightly lower
performance than the 8 bit fixed-precision quantized models, as shown
in Table 1. This difference might result from the applied quantization
method and is not a major concern when evaluating the performance,
since the focus of the work is the lower bit width scenarios. At quantiza-
tion levels of 6 bit, the mixed-precision quantization method achieves
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Table 2
Comparison of our Mixed-Precision Quantized MobileFaceNet Model to Recent Efficient Face Recognition Models Evaluated During the Efficient Face Recognition Competition 2023
(Kolf et al., 2023a) on the Utilized Face Recognition Benchmarks LFW, AgeDB30, CALFW, CPLFW and CFP-FP. For Each Benchmark, the Verification Accuracy is Given in Percent.
Using the Proposed Quantization Schemes to Reduce the Bit Width of the Model Yields Comparable Results to other Evaluated FP32 Models, While Significantly Reducing the
Memory Footprint and Computational Overhead of the Quantized Model.

Model Avg. bits Size (MB) LFW AgeDB30 CALFW CPLFW CFP-FP

MobileFaceNet Q8-bit (Boutros et al., 2022b) 8.0 1.10 99.43 95.47 95.05 87.95 91.40
MobileFaceNet Q6-bit (Boutros et al., 2022b) 6.0 0.79 98.87 93.03 93.30 84.57 87.69
PocketNetM-256 (Boutros et al., 2022e) 32.0 7.0 99.58 97.17 95.63 90.03 95.66
PocketNetM-128 (Boutros et al., 2022e) 32.0 6.74 99.65 96.78 95.67 90.00 95.07
Idiap EdgeFace-XS(𝛾 = 0.6) (Kolf et al., 2023a) 32.0 7.17 99.68 95.72 95.25 91.88 94.46
Idiap EdgeFace-XXS-Q (Kolf et al., 2023a) 8.0 1.73 99.50 93.77 94.68 89.65 93.11
Mobilenet_V2_visteam (Kolf et al., 2023a) 32.0 3.38 98.58 83.65 88.63 82.90 89.39
SAM-MFaceNet eHWS V1 (Kolf et al., 2023a) 32.0 4.40 99.55 95.57 95.10 91.35 95.01
SAM-MFaceNet eHWS V2 (Kolf et al., 2023a) 32.0 4.40 99.65 95.72 94.90 91.28 94.73
SQ-HH (Kolf et al., 2023a) 32.0 4.55 98.07 84.28 87.17 84.13 91.60
ShuffleNetv2 × 0.5 (Kolf et al., 2023a) 32.0 0.77 97.72 80.33 86.00 83.48 87.76
ShuffleNetv2 × 1.5 (Kolf et al., 2023a) 32.0 7.90 98.95 88.78 91.08 89.73 93.44

MobileFaceNet [Our]

8.00 1.00 99.27 94.33 94.18 85.82 89.57
6.00 0.75 99.20 93.70 93.82 85.77 89.14
4.64 0.58 98.27 89.17 92.03 77.90 81.36
3.97 0.50 98.05 89.67 91.50 79.38 82.27
3.28 0.41 97.50 85.97 89.12 73.40 77.40
2.97 0.37 97.32 86.37 89.12 75.72 78.56
2.64 0.33 97.30 85.35 89.98 73.78 78.31
2.48 0.31 97.75 85.70 89.52 72.05 77.70
2.32 0.29 97.35 86.42 90.18 74.33 78.56
2.24 0.28 96.88 84.90 88.38 73.02 77.64
2.09 0.26 97.12 85.27 88.60 71.88 76.84
2.00 0.25 96.88 86.17 89.12 73.42 76.96
Table 3
Comparison of our Mixed-Precision Quantized MobileFaceNet Model to Fixed-
Quantization QMobileFaceNet Model proposed by Bunda et al. Bunda et al. (2022)
on LFW (Huang et al., 2007) and AgeDB30 (Moschoglou et al., 2017) Benchmarks.
The Comparison is Limited Based on Results Provided in Bunda et al. (2022). For
Mixed-Precision Quantization, the Authors Provide no Results. It is Evident That
Our proposed Mixed-Quantization Approach is Outperforming the Fixed-Precision
Quantization Approach utilized in Bunda et al. (2022).

Model Avg. bits Size (MB) LFW AgeDB30

QMobileFaceNet
(Bunda et al., 2022)

32 4.01 98.85 90.38
8.00 1.00 98.68 88.79
4.00 0.50 98.63 88.20
2.00 0.25 93.45 75.62

MobileFaceNet [Our]

32 4.01 99.47 95.62
8.00 1.00 99.27 94.33
6.00 0.75 99.20 93.70
4.64 0.58 98.27 89.17
3.97 0.50 98.05 89.67
3.28 0.41 97.50 85.97
2.97 0.37 97.32 86.37
2.64 0.33 97.30 85.35
2.48 0.31 97.75 85.70
2.32 0.29 97.35 86.42
2.24 0.28 96.88 84.90
2.09 0.26 97.12 85.27
2.00 0.25 96.88 86.17

competitive results to the fixed-precision quantization method. At bit
width below 6 bit, the mixed-precision quantization method achieve
competitive results to the fixed-precision quantization when consider-
ing the recognition performance together with memory requirements of
the model. It is noteworthy that the mixed-precision models converge
even at low bit widths, while fixed-precision quantization does not
converge at low bit widths (Boutros et al., 2022b).

As expected, quantizing the model using mixed-precision to average
bit width of 4-bit or lower, the verification error increases in com-
parison to 8 bit mixed-quantized or FP32 models. For example, the
verification accuracy of the FP32 ResNet18 model on CFP-FP bench-
mark is 94.47%. This verification accuracy in an extremely low bit
scenario (2 bit) decreases to 89.46%. However, the required memory
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footprint, in this case, is significantly reduced from 96.10 MB to 6.01
MB. Similar drops in performance can be seen on other benchmarks,
however, it comes with a great reduction in the required memory
footprint. The same is true for ResNet50, when comparing the 2 bit
quantized model to the FP32 ResNet50 model. However, the reduction
in the model size drops by 16 times.

A similar observation can be made when the quantized model is
MobileFaceNet. The large error of the 2 bit quantized model compared
to the 2 bit ResNet18 and ResNet50 models may be attributed to
the fact that MobileFaceNet has fewer parameters. The 2 bit quan-
tization reduces the representativeness of the individual weights and
layers, which could be compensated for with more parameters, as with
ResNet18 and ResNet50. However, MobileFaceNet appears to lack the
necessary amount of parameters to make up for the loss of information.

When comparing our mixed-precision quantized MobileFaceNet to
recent efficient FR models ( Table 2) evaluated within the Efficient
FR Competition held at IJCB 2023 (Kolf et al., 2023a), it is evi-
dent that the low bit quantized models achieve a significantly smaller
memory footprint when compared to participants of the competition
while maintaining competitive verification accuracies on the evaluated
benchmarks. The 6 bit quantized MobileFaceNet is outperforming the
ShuffleNetv2x0.5 model, which has a comparable memory size to the
MobileFaceNet. This further highlights the success of mixed-precision
quantization to small-bit widths.

In Bunda et al. (2022), the authors utilized a fixed-precision quan-
tization approach to quantize MobileFaceNet model (QMobileFaceNet)
to 8, 4, and 2 bit, achieving stable convergence even on low bit width.
When comparing our proposed mixed-precision quantization approach
to QMobileFaceNet, as shown in Table 3, it is evident that the proposed
mixed-quantization approach maintains competitive FR performance
even when quantized to low bit width, e.g. 2 bit, in comparison
to QMobileFaceNet, whichs performance degrades when quantized to
2 bit.

Periocular Recognition: The results for verification (Table 4) and
identification (Table 5) scenarios show that the 8 bit mixed-precision
quantized models achieve a lower error rate when compared to their
8 bit fixed-precision quantized and FP32 counterparts. In the identifi-

cation scenario, the 8 bit mixed-precision quantized models achieved
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Table 4
Comparison of Fixed and Mixed-Precision Quantized ResNet18, ResnNet50 and MobileFaceNet Models at Different Bit Levels on the Verification Protocol of the UFPR Dataset. The

Metrics are Given in Percent. Models Quantized To 4 Bit Using Fixed-Precision Quantization are Significantly Loosing in Performance when Compared to the FP32 models. Unlike
With Fixed-Precision, Applying Mixed-Precision Quantization Results in Quantized Models with Low Bit Widths That Maintain or Outperform the Performance of the Respective
FP32 Models. Furthermore, the Mixed-Precision Quantized Models Outperform the Fixed-Precision Quantized Models at Similar Bit Widths.

Model Precision Avg. bits Size (MB) Verification (1:1)

AUC (↑) EER (↓) FNMR@
FMR=10−2 (↓)

FNMR@
FMR=10−3 (↓)

FNMR@
FMR=10−4 (↓)

FNMR@
FMR=10−5 (↓)

FNMR@
FMR=10−6 (↓)

ResNet18

32.00 250.24 98.51 5.76 13.22 25.45 38.86 52.38 65.92
8.00 62.56 98.40 5.99 13.83 26.10 40.02 55.15 72.33
6.00 46.92 98.34 6.16 14.23 26.94 40.88 55.01 74.42Fixed

4.00 31.28 75.69 29.18 95.05 98.90 99.79 99.99 100.00

Mixed

8.00 62.56 98.70 5.28 11.61 22.85 35.73 50.43 66.50
6.00 46.92 99.47 3.01 5.06 11.27 19.72 32.02 50.86
4.58 35.82 99.60 2.63 4.21 9.54 17.16 29.74 52.51
3.64 28.46 99.47 3.05 5.32 11.79 21.10 33.77 49.80
3.06 23.93 99.39 3.31 5.92 12.96 22.57 35.18 50.90
2.69 21.04 99.37 3.41 6.15 13.40 23.03 36.42 52.40
2.45 19.16 99.36 3.43 6.24 13.42 23.25 35.49 52.33
2.29 17.91 99.43 3.19 5.58 12.36 21.15 34.36 47.83
2.19 17.13 99.41 3.22 5.58 12.18 21.42 36.04 54.37
2.12 16.58 99.42 3.17 5.56 11.99 21.24 35.18 53.82
2.04 15.95 99.42 3.23 5.67 12.39 21.74 33.52 49.76
2.00 15.64 99.38 3.26 5.71 12.52 22.11 34.63 53.06

ResNet50

32.00 328.50 98.47 5.88 13.21 25.19 38.26 51.80 70.16
8.00 82.13 98.39 6.00 13.66 25.81 39.26 53.84 72.82
6.00 61.59 98.29 6.28 14.47 27.09 40.70 56.20 73.92Fixed

4.00 41.06 66.01 37.78 95.62 99.13 99.78 100.00 100.00

Mixed

8.00 82.13 98.80 5.05 10.86 21.48 34.32 47.98 62.09
6.00 61.59 99.54 2.76 4.50 10.11 18.24 30.05 47.51
4.62 47.43 99.61 2.59 4.10 9.23 16.79 28.72 45.88
3.72 38.19 99.55 2.79 4.63 10.27 18.07 30.84 51.12
3.14 32.23 99.58 2.69 4.34 9.67 17.15 29.25 48.41
2.74 28.13 99.59 2.69 4.32 9.53 17.42 31.15 48.08
2.48 25.46 99.56 2.74 4.52 9.99 17.64 29.65 49.81
2.30 23.61 99.57 2.74 4.44 10.08 18.16 32.02 48.49
2.19 22.48 99.54 2.85 4.65 10.23 18.07 31.80 49.42
2.12 21.76 99.56 2.76 4.51 10.03 18.13 30.55 50.17
2.05 21.04 99.53 2.83 4.66 10.43 18.78 31.95 48.68
2.00 20.53 99.56 2.73 4.38 9.96 18.29 31.92 51.49

MobileFaceNet

32.00 5.10 99.23 3.86 7.52 15.87 26.21 38.66 53.23
8.00 1.28 99.18 4.02 7.87 16.74 27.50 40.10 53.45
6.00 0.96 99.11 4.22 8.72 18.13 29.34 40.96 54.39Fixed

4.00 0.64 55.01 50.50 99.99 99.99 99.99 99.99 100.00

Mixed

8.00 1.28 99.29 3.69 6.97 14.88 25.01 36.93 48.51
6.00 0.96 99.55 2.80 4.75 10.95 19.68 30.08 47.17
4.55 0.73 99.54 2.90 5.04 11.50 20.51 32.57 51.58
3.61 0.58 99.54 2.88 4.99 11.49 20.56 32.87 48.21
3.01 0.48 99.53 2.90 4.99 11.56 20.67 31.58 49.50
2.63 0.42 99.51 2.96 5.17 11.97 21.06 32.48 48.66
2.40 0.38 99.50 3.04 5.26 12.02 20.90 33.22 50.79
2.25 0.36 99.48 3.09 5.46 12.58 21.74 33.09 47.69
2.16 0.34 99.49 3.08 5.46 12.11 21.00 30.99 46.85
2.10 0.33 99.49 3.07 5.49 12.54 22.09 34.07 48.91
2.04 0.33 99.45 3.18 5.75 12.92 22.02 32.78 49.27
2.00 0.32 99.44 3.20 5.74 12.98 22.48 35.33 51.05
a higher (ResNet18, ResNet50) or equivalent (MobileFaceNet) rank 1
and rank 5 scores compared to the FP32 models.

Mixed-precision quantized models with 6 bit precision achieved
similar or even lower error rates compared to the FP32 models. E.g.,
the verification EER of FP32 ResNet18, 5.76%, drops to 3.01% when
the model is quantized to 6 bit using mixed-precision.

The 2 bit quantized models achieved lower EER than the respective
FP32 model, both in the identification and verification scenarios. In
low bit widths, the mixed-precision quantized models outperform the
respective FP32, 8, and 6 bit fixed-precision quantized models.

A 4 bit fixed-precision quantization does not achieve a stable con-
vergence. It is not able to achieve a competitive performance similar to
the FP32 model. However, if mixed-precision quantization to 4 bit or
less is used, an error rate similar to that of the FP32 model is obtained.
9 
Comparing our mixed-precision quantized models to the PR identi-
fication (Table 7) and verification (Table 6) models published in Zan-
lorensi et al. (2022), it can be clearly noticed that our models are
superior in terms of both the identification and verification metrics,
as well as model size. For instance, the pairwise approach (Zanlorensi
et al., 2022) is the smallest of the proposed methods (20MB model
size) and achieved 98.62% verification accuracy on the open world
set, while our 2 bit mixed-precision quantized MobileFaceNet (Chen
et al., 2018) model (0.32MB model size) achieved 99.44% verification
accuracy. Similar observations can be made for mixed-precision quan-
tized ResNet18 (He et al., 2016b) and ResNet50 (He et al., 2016b).
Both models can keep their identification and verification performance
when quantized to low bit width, surpassing proposed methods in Zan-
lorensi et al. (2022). Moreover, the mixed-precision techniques reduce
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Table 5
Comparison of Fixed and Mixed-Precision Quantized ResNet18, ResnNet50 and MobileFaceNet Models at Different Bit Levels on the Identification Protocol of the UFPR Dataset. The
Metrics are Given in Percent. Models Quantized To 4 Bit Using Fixed-Precision Quantization are Significantly Loosing in Performance when Compared to the FP32 models. Unlike
With Fixed-Precision, Applying Mixed-Precision Quantization Results in Quantized Models with Low Bit Widths That Maintain or Outperform the Performance of the Respective
FP32 Models. Furthermore, the Mixed-Precision Quantized Models Outperform the Fixed-Precision Quantized Models at Similar Bit Widths.

Model Precision Avg. bits Size (MB) Identification (1:N) Verification(1:1)

Rank 1 (↑) Rank 5 (↑) AUC (↑) EER (↓) FNMR@
FMR=10−2 (↓)

FNMR@
FMR=10−3 (↓)

FNMR@
FMR=10−4()

FNMR@
FMR=10−5 (↓)

FNMR@
FMR=10−6 (↓)

ResNet18

32.00 250.24 99.61 99.88 99.77 1.75 2.19 4.72 8.65 14.32 27.87
8.00 62.56 99.54 99.85 99.76 1.75 2.22 4.78 8.88 15.96 35.72
6.00 46.92 99.48 99.79 99.73 1.92 2.57 5.35 9.69 16.74 42.11Fixed

4.00 31.28 50.96 62.01 86.18 19.17 92.08 98.73 99.67 99.93 100.00

Mixed

8.00 62.56 99.66 99.90 99.83 1.43 1.67 3.76 6.98 12.57 26.97
6.00 46.92 99.90 99.97 99.93 0.67 0.57 1.27 2.59 4.64 10.97
4.58 35.82 99.94 99.98 99.95 0.64 0.53 1.19 2.28 3.89 9.39
3.64 28.46 99.90 99.96 99.93 0.72 0.64 1.48 2.84 4.90 14.21
3.06 23.93 99.90 99.98 99.93 0.79 0.72 1.64 3.24 5.74 14.73
2.69 21.04 99.90 99.97 99.92 0.84 0.79 1.80 3.49 6.30 16.17
2.45 19.16 99.92 99.98 99.93 0.73 0.64 1.54 3.05 5.37 12.13
2.29 17.91 99.87 99.96 99.93 0.73 0.63 1.50 2.87 5.16 12.16
2.19 17.13 99.92 99.97 99.93 0.72 0.64 1.52 2.93 5.31 11.81
2.12 16.58 99.91 99.96 99.93 0.76 0.66 1.53 2.99 5.25 12.04
2.04 15.95 99.92 99.96 99.93 0.73 0.61 1.50 2.94 5.13 14.61
2.00 15.64 99.92 99.96 99.93 0.72 0.63 1.52 2.93 5.29 11.84

ResNet50

32.00 328.50 99.54 99.81 99.75 1.76 2.25 4.83 8.74 15.45 32.95
8.00 82.13 99.49 99.82 99.75 1.74 2.24 4.84 8.93 16.63 39.92
6.00 61.59 99.34 99.71 99.73 1.95 2.59 5.62 10.13 17.87 51.17Fixed

4.00 41.06 33.24 46.29 80.55 26.75 91.82 98.28 99.51 100.00 100.00

Mixed

8.00 82.13 99.75 99.90 99.84 1.32 1.48 3.22 6.06 10.54 24.51
6.00 61.59 99.91 99.97 99.95 0.58 0.47 1.08 2.15 3.85 9.34
4.62 47.43 99.94 99.97 99.95 0.52 0.40 0.96 1.92 3.49 7.96
3.72 38.19 99.92 99.97 99.95 0.56 0.43 1.05 2.13 3.72 9.80
3.14 32.23 99.93 99.98 99.96 0.53 0.43 0.99 1.96 3.44 8.79
2.74 28.13 99.96 99.97 99.95 0.57 0.45 0.99 1.95 3.52 7.40
2.48 25.46 99.93 99.98 99.95 0.57 0.43 1.02 2.04 3.67 8.69
2.30 23.61 99.94 99.98 99.95 0.59 0.48 1.12 2.21 3.97 10.45
2.19 22.48 99.92 99.98 99.95 0.61 0.49 1.15 2.25 4.12 9.27
2.12 21.76 99.93 99.98 99.95 0.58 0.47 1.09 2.18 4.01 11.86
2.05 21.04 99.92 99.98 99.95 0.56 0.42 1.05 2.17 3.96 11.48
2.00 20.53 99.90 99.97 99.94 0.63 0.51 1.19 2.35 4.14 11.30

MobileFaceNet

32.00 5.10 99.82 99.92 99.86 1.26 1.41 2.98 5.27 8.69 14.63
8.00 1.28 99.79 99.90 99.86 1.17 1.25 2.73 4.97 8.14 13.62
6.00 0.96 99.80 99.90 99.86 1.22 1.34 2.89 5.21 8.81 15.85Fixed

4.00 0.64 5.53 11.19 62.28 42.50 99.96 99.96 99.96 99.98 100.00

Mixed

8.00 1.28 99.80 99.91 99.88 1.08 1.12 2.47 4.53 7.57 12.68
6.00 0.96 99.85 99.94 99.92 0.82 0.76 1.69 3.33 5.49 9.87
4.55 0.73 99.86 99.93 99.92 0.83 0.74 1.78 3.49 5.86 10.22
3.61 0.58 99.90 99.95 99.92 0.86 0.81 1.87 3.64 6.27 10.60
3.01 0.48 99.88 99.95 99.92 0.84 0.77 1.93 3.72 6.55 11.45
2.63 0.42 99.87 99.94 99.92 0.88 0.83 2.08 4.06 6.88 11.37
2.40 0.38 99.85 99.93 99.91 0.94 0.91 2.19 4.08 6.64 11.15
2.25 0.36 99.89 99.94 99.91 0.94 0.91 2.17 4.13 7.09 12.13
2.16 0.34 99.88 99.95 99.91 0.94 0.90 2.18 4.13 7.10 12.10
2.10 0.33 99.88 99.94 99.92 0.95 0.92 2.25 4.40 7.46 13.05
2.04 0.33 99.86 99.93 99.89 1.00 1.00 2.27 4.44 7.50 12.10
2.00 0.32 99.87 99.94 99.91 0.98 0.98 2.32 4.38 7.46 12.47
Fig. 2. The average bit width per layer for the mixed-precision quantized ResNet18 backbone is shown for PR (UFPR verification (a), UFPR identification (b)) and FR (c). Only
convolutional and fully-connected layers are plotted. In each iteration of the mixed-precision quantization scheme, 50% of weights > 2 bit have their bit width halfed.
the computational overhead, providing an additional benefit over the
models compared to.

Analysis of Bit Width Reduction per Layer: The average bit
width per layer of the convolutional and fully-connected layers of
the ResNet18 backbone, which are quantized using mixed-precision
quantization, is shown in Fig. 2. It is clear that there is no significant
difference between the quantized models trained on the verification
scenario of the UFPR dataset (Fig. 2(a)) and on the identification
scenario (Fig. 2(b)).

It is also noticeable that the bit width of certain layers (e.g. layer
5) is on average much higher than the bit width of other layers. This
indicates that the importance of these layers is much greater than

the importance of layers whose bit width is reduced in nearly every

10 
iteration (e.g. layer 2). These layers are the first convolutional layers
of each ResNet18 block.

When comparing the average layer bit width of PR models to the
ResNet18 FR model (Fig. 2(c)), one can notice that the quantization
and bit width behavior of the models differ between the FR and PR
tasks. In FR, the importance of layers, based on the average layer bit
width, is more evenly distributed throughout the network for average
bit widths of the model above 4 bits. Convolutional layers (e.g. layers
6–9) have a similar bit width behavior over each quantization iteration
as downsampling layers, which is different in the PR case. When
the average bits of the ResNet18 backbone are reduced further and
below an average of 4 bit, earlier layers in the FR model have a
higher average bit width than deeper layers inside the network. This

suggests that extracting features in the early stage requires a higher
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Table 6
Comparison between Mixed-Precision Quantized ResNet18, ResnNet50 and MobileFaceNet Models and Recent Models Reported in Zanlorensi
et al. (2022) at Different Bit Levels on the Verification Protocol of the UFPR Dataset. The Metrics are Given in Percent. Our Models Quantized to
Low Bit Width using Mixed-Precision Quantization are Either Outperform the Recent Models or Achieve Competitive Results on This Benchmark.
Especially MobileFaceNet Outperforms Other Models in Terms Of Performance and Model Size.

Model Avg. bits Size (MB) Verification (1:1)

AUC (%) EER (%)

VGG16 (Simonyan and
Zisserman, 2015;
Zanlorensi et al., 2022)

32.0 1088 97.38 8.52

VGG16-Face (Parkhi
et al., 2015; Zanlorensi
et al., 2022)

32.0 1088 97.70 7.78

InceptionResNet
(Szegedy et al., 2017;
Zanlorensi et al., 2022)

32.0 445 99.10 4.61

ResNet50V2 (He et al.,
2016b; Zanlorensi et al.,
2022)

32.0 400 98.73 5.69

ResNet50 (He et al.,
2016a; Zanlorensi et al.,
2022)

32.0 198 98.60 5.98

ResNet50-Face (Cao
et al., 2018; Zanlorensi
et al., 2022)

32.0 198 99.18 4.38

Xception (Chollet, 2017;
Zanlorensi et al., 2022)

32.0 176 98.93 5.23

DenseNet121 (Huang
et al., 2017; Zanlorensi
et al., 2022)

32.0 64 99.51 3.39

Multi-task (Zanlorensi
et al., 2022)

32.0 37 99.67 2.81

MobileNetV2 (Sandler
et al., 2018; Zanlorensi
et al., 2022)

32.0 26 99.56 3.17

Siamese (Zanlorensi
et al., 2022)

32.0 21 97.27 8.10

Pairwise (Zanlorensi
et al., 2022)

32.0 20 98.62 5.77

ResNet18
Mixed-Precision

8.00 62.56 98.70 5.28
6.00 46.92 99.47 3.01
3.06 23.93 99.39 3.31
2.19 17.13 99.41 3.22
2.00 15.64 99.38 3.26

ResNet50
Mixed-Precision

8.00 82.13 98.80 5.05
6.00 61.59 99.54 2.76
3.14 32.23 99.58 2.69
2.19 22.48 99.54 2.85
2.00 20.53 99.56 2.73

MobileFaceNet
Mixed-Precision

8.00 1.28 99.29 3.69
6.00 0.96 99.55 2.80
3.01 0.48 99.53 2.90
2.16 0.34 99.49 3.08
2.00 0.32 99.44 3.20
representativeness than feature extraction in later stages. This behavior
is not as pronounced in the PR scenario and might be attributed to the
circumstance that mixed-precision quantization of PR models achieve
better performance than FR models when compared to the respective
FP32 models.

This further highlights the advantages of mixed-precision quantiza-
tion, as the early feature extraction layers can use a larger bit width
and thus extract more meaningful features that can be used by layers

quantized to lower bits deeper inside the network.

11 
5.2. Fixed vs. mixed-precision quantization

Fig. 3 illustrates the performance difference between fixed-precision
and mixed-precision quantization for different bit widths on the respec-
tive FR and PR test benchmarks. As demonstrated in the verification
scenario for FR (Fig. 3(a)) as well as in the identification scenario
for PR (Fig. 3(b)), and verification scenario for PR (Fig. 3(c)), mixed-
precision quantization outperforms fixed-precision quantization in low
bit widths. Using fixed precision quantization, the model accuracy is

significantly dropped when the model is quantized to a bit width lower
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Table 7
Comparison between Mixed-Precision Quantized ResNet18, ResnNet50 and MobileFaceNet Models and Recent Models Reported in Zanlorensi et al. (2022) at Different Bit Levels
on the Identification Protocol of the UFPR Dataset. The Metrics are Given in Percent. Our Models Quantized to Low Bit Width using Mixed-Precision Quantization are Either
Outperform the Recent Models or Achieve Competitive Results on This Benchmark. Especially MobileFaceNet Outperforms Other Models in Terms Of Performance and Model Size

Model Avg. bits Size (MB) Identification (1:N) Verification (1:1)

Rank 1 (%) Rank 5 (%) AUC (%) EER (%)

VGG16 (Simonyan and
Zisserman, 2015;
Zanlorensi et al., 2022)

32.0 1088 50.56 68.73 99.41 3.59

VGG16-Face (Parkhi et al.,
2015; Zanlorensi et al.,
2022)

32.0 1088 56.29 73.84 99.43 3.44

InceptionResNet (Szegedy
et al., 2017; Zanlorensi
et al., 2022)

32.0 445 65.16 81.53 99.78 1.85

ResNet50V2 (He et al.,
2016b; Zanlorensi et al.,
2022)

32.0 400 63.18 77.79 99.74 2.24

ResNet50 (He et al., 2016a;
Zanlorensi et al., 2022)

32.0 198 71.06 85.22 99.89 1.41

ResNet50-Face (Cao et al.,
2018; Zanlorensi et al.,
2022)

32.0 198 73.76 86.86 99.83 1.74

Xception (Chollet, 2017;
Zanlorensi et al., 2022)

32.0 176 57.43 75.88 99.77 2.19

DenseNet121(Huang et al.,
2017; Zanlorensi et al.,
2022)

32.0 64 75.54 88.53 99.93 1.11

Multi-task (Zanlorensi
et al., 2022)

32.0 37 84.32 94.55 99.96 0.81

MobileNetV2 (Sandler
et al., 2018; Zanlorensi
et al., 2022)

32.0 26 77.98 90.19 99.93 1.13

Siamese (Zanlorensi et al.,
2022)

32.0 21 – − 98.94 4.86

Pairwise (Zanlorensi et al.,
2022)

32.0 20 – − 99.44 3.06

ResNet18
Mixed-Precision

8.00 62.56 99.66 99.90 99.83 1.43
6.00 46.92 99.90 99.97 99.93 0.67
3.06 23.77 99.90 99.98 99.93 0.79
2.19 17.05 99.92 99.97 99.93 0.72
2.00 15.64 99.92 99.96 99.93 0.72

ResNet50
Mixed-Precision

8.00 82.13 99.75 99.90 99.84 1.32
6.00 61.59 99.91 99.97 99.95 0.58
3.14 32.13 99.93 99.98 99.96 0.53
2.19 22.48 99.92 99.98 99.95 0.61
2.00 20.53 99.90 99.97 99.94 0.63

MobileFaceNet
Mixed-Precision

8.00 1.28 99.80 99.91 99.88 1.08
6.00 0.96 99.85 99.94 99.92 0.82
3.01 0.48 99.88 99.95 99.92 0.84
2.16 0.34 99.88 99.95 99.91 0.94
2.00 0.32 99.87 99.94 99.91 0.98
than 6. On the other hand, the mixed precision quantization was able to
maintain, to a very large degree, the model accuracy, even in extremely
low bit width of 2 bit. The advantage of mixed-precision quantization is
that it allows a much better trade-off between model performance and
model size, which has not been used in FR and PR before. This offers
a significant step for the development of efficient FR and PR models.

6. Conclusion

Motivated by the need for lightweight biometric recognition models,
this work extends to the direct idea of model quantization. Model
quantization aims at representing the model parameters at a lower
precision level than the conventional full-precision FP32, thus requiring
12 
a lower operational memory footprint. However, it was proven that
quantizing such models has their limits in terms of the precision
level, if substantial performance needs to be maintained. Knowing that
the high precision of only part of the model parameters is needed
to maintain the performance, while it is sufficient to have very low
precision for other parameters, we aim at pushing the limits of the
model compression while maintaining recognition performance by uti-
lizing mixed-precision quantization. Here, we applied quantization on
different levels of precision over different network parts, based on their
effect on the model operation. By applying this concept on multiple
backbones on both FR and PR, our results showed that the models can
be compressed up to 16x (i.e. precision level of 2 bit) while maintaining
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Fig. 3. Test performance of fixed-precision and mixed-precision quantized backbones ResNet18, ResNet50 and MobileFaceNet. The backbones are evaluated for FR with the average
accuracy over all utilized benchmarks (a) and for PR on the UFPR dataset. For the identification scenario (b) the rank 1 accuracy is given, for verification scenario (c) the FNMR
at FMR=10−3 is shown. It is evident that at low bit widths the fine-tuning process of fixed-precision quantized models is not converging. In contrast, the mixed-precision quantized
models are able to maintain their performance to a large degree.
substantial performance and thus successfully overcoming the limits of
fixed-precision biometric model quantization.
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