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Abstract
Face recognition has been significantly advanced by deep learning based methods. In all face recognition methods based on
convolutional neural network (CNN), the convolutional kernels for feature extraction are fixed regardless of the input face
once the training stage is finished. By contrast, we humans are usually impressed by some unique characteristics of different
persons, such as one’s blue eyes while another one’s crooked nose, or even someone’s naevus at specific location. Inspired by
this observation, we propose a personalized convolution method which aims to extract special distinguishing characteristics
of each person for more accurate face recognition. Specifically, given a face, we adaptively generate a set of kernels for
him/her, named by us ordinary kernel, which is further analytically decomposed into two orthogonal components, i.e., the
commonality component and the specialty component. The former characterizes the commonality among subjects which is
optimized on a reference set. The latter is the residual part by filtering out the commonality component from the ordinary
kernel, so as to capture those special characteristics, named by us personalized kernel. The CNNs with personalized kernels
for convolution can highlight those specialty of a person’s distinguishing characteristics while suppress his/her commonality
with others, leading to better distinguishing of different faces. Additionally, as a by-product, the reference set also facilitates
the adaptation of our method to different scenarios by simply selecting faces of a particular population. Extensive experiments
on the challenging LFW, IJB-A and IJB-C datasets validate that our proposed personalized convolution achieves significant
improvement over the conventional CNN, and also other existing methods for face recognition.
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1 Introduction

Face recognition aims to identify or verify the identity of
a person by using his/her face. As an effective method of
biometric authentication, it has been deployed in various
venues, ranging from public and finance security, to Face
ID on mobile phone and conference registration. Generally,
there are two types of face recognition tasks: face identifica-
tion and face verification. The former classifies a given face
to a specific identity in the gallery, while the latter aims at
determining whether a pair of faces are of the same identity.
In either cases, discriminative representation of face images
is the key to high-accuracy face recognition.

In recent years, the most successful face recognition tech-
nology employs the powerful convolutional neural network
(CNN). This is because a deep CNN model can extract
informative face features with stable invariance to complex
appearance variations of one’s face, and high separability
even between millions of faces, benefited from its excel-
lent capability of modeling non-linearity. A few impressive
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Fig. 1 Illustration that distinguishing characteristics differ from one
person to another. For instance, one can easily noticeChrisHemsworth’s
blue eyes, while notice Stephen Fry’s crooked nose relative to the ref-
erence set R

studies include DeepFace (Taigman et al., 2014), Deep
ID series (Chen et al., 2014; Sun et al., 2014, 2015a, b),
FaceNet (Schroff et al., 2015),VGGFace (Parkhi et al., 2015),
SphereFace (Liu et al., 2017), CosFace (Wang et al., 2018),
ArcFace (Deng et al., 2018), UniformFace (Duan et al.,
2019), RegularFace (Zhao et al., 2019) etc. In these CNN-
based approaches, firstly one needs to train a CNNmodel on
the training set, and then extract the deep features of testing
faces with this model for face recognition. The parameters
in CNN are fixed once training is finished, so all testing face
images are processed with identical kernels.

By contrast, we humans are usually impressed by distinct
characteristics of different persons, such as one’s blue eyes
while another one’s crookednose, as shown inFig. 1. Inspired
by the above observation about human’s face perception, this
work proposes a personalized convolutionmethod to extract
the unique features of each person for better face recognition,
in which personalized kernel is adaptively generated for each
input face image to highlight his/her special distinguishing
characteristics.

To achieve the above goal, for each individual, we
first leverage a kernel generator to create a set of kernels
for him/her, called by us ordinary kernel, which contains
his/her compound information. To further filter out the com-
mon information and preserve the special information, the
ordinary kernel is then decomposed into two orthogonal
components, i.e. the commonality component and specialty
component. The former (denoted as commonality kernel)
depicts the commonality shared by all persons and is ana-
lytically computed with the aid of a reference set containing
multiple face images as a proxy of all the persons. Then,
the personalized kernel of the individual is obtained as the
residual of orthogonal projection of his/her ordinary kernel
on the commonality kernel. As a by-product, the proposed
method can be used as a population-adaptive method by sim-
ply constructing the reference set with face images of a target
population.

When there is only one face image in the reference set,
the personalized kernel degenerates to a special case, i.e.
the contrastive kernel proposed in our previous work (Han
et al., 2018). Only in this sense, this work can be regarded as
an extension of our conference version (Han et al., 2018).
However, they are significantly different in three aspects.
Firstly, the motivation is different. The conference version
emphasizes the difference between two faces under compar-
ison mainly for verification, while this paper emphasizes the
distinctions of one face from the public faces. Secondly, the
framework and formulation are different. This paper pro-
poses a more general framework by introducing a reference
set, while the conference version can be seen as a special
variant of this framework. Moreover, the personalized kernel
is mathematically optimized by decomposing the ordinary
kernel into two orthogonal components, i.e. commonality
component and specialty component, instead of the intu-
itive subtraction of the ordinary kernels of two faces in the
conference version. Thirdly, as a by-product, the proposed
method can be exploited as a population-adaptive method
by simply constructing the reference set with face images of
a target population. This paper achieves significant perfor-
mance improvement over the conference version up to 5%
on IJB-C with a 16-layer network, and also includes more
experimental comparisons and analyses.

Briefly, the contributions of this work are in three folds.

– Firstly different from existing methods, our personalized
convolution can adaptively extract the special distin-
guishing features of an input face for adaptive and better
face recognition.

– Secondly a general framework decomposing one’s ordi-
nary kernel into commonality component and specialty
component is proposed to generate the personalized ker-
nel for extracting one’s special distinguishing features. A
reference set is introduced and serves as a strainer to filter
out the commonality component from the ordinary kernel
while leaving the specialty component as the personal-
ized kernel. Different constitutions of the reference set
derive distinct variants of this framework with potential
for varying application scenarios.

– Thirdly ourmethod achieves quite impressive face recog-
nition accuracy on the challenging LFW, IJB-A and
IJB-C datasets, demonstrating the effectiveness of per-
sonalized feature extraction for face recognition.

2 RelatedWork

In this section,we first briefly review the existingmethods for
face recognition, of which all adopt the same feature extrac-
tion for testing face images. Besides, we revisit some related
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Fig. 2 Thepipeline of our personalizedCNN.Given an input face image
x and a reference face set R = {x1, ..., xn}, a basic feature extractor
E consisting of several cascaded convolutional layers is firstly used to
obtain base feature representations zx and {z1, ..., zn} of them respec-
tively. Then, the kernel generator G creates the ordinary kernels for the
input face image and the reference face set respectively, based on which
the commonality kernel Kr is optimized as the maximum commonality

of ordinary kernels {K1, ..., Kn} in the reference set, and the person-
alized kernel K p

x is achieved as the residual of orthogonal projection
of one’s ordinary kernel Kx on the commonality kernel Kr . Finally,
personalized features fx of input x are extracted by convolving zx with
its personalized kernel K p

x , with which similarities between different
face images are calculated. Note that the CE Loss in the figure means
cross entropy loss

studies in other areas which are different but also follow the
adaptive modeling thought.

2.1 Face Recognition

Face recognition is an important and long-standing prob-
lem in computer vision, whose accuracy heavily depends on
expressive facial feature representations. In the early years,
work on face recognition mainly obtains feature represen-
tations from the raw image pixels through linear or local
linear projection (Wang & Deng, 2018), such as linear sub-
space (Belhumeur et al., 1997; Moghaddam et al., 1998;
Turk & Pentland, 1991), manifold learning (He et al., 2005;
Yan et al., 2005), and sparse representation (Deng et al.,
2012; Wright et al., 2009; Zhang et al., 2011). However,
those methods struggle to handle face recognition with com-
plex appearance variations. At the same time, hand-crafted
local features instead of raw pixels, such as Gabor (Liu &
Wechsler, 2002), Local Binary Pattern (LBP) (Ahonen et al.,
2006), as well as their extensions (Tan & Triggs, 2010; Xie
et al., 2010; Wenchao et al., 2005; Zhang et al., 2007), are
proposed and achieve favorable results in controlled envi-
ronment. Joint Bayesian (Chen et al., 2012) has further
improved the accuracy by formulating face embedding as the
addition of the identity and the intra-class variation, which
shares similar thoughts to our ordinary kernel decomposition
in high level. However, the goal and basis of decompo-
sition are different. Joint Bayesian decomposes the face
information as the addition of identity and intra-class vari-
ation aiming for better estimating the covariance matrix of
intra-personal pairs and extra-personal pairs, while our per-

sonalized CNN further decomposes the identity information
of a face into the common identity-component and personal
identity-component in order for more distinguishing identity
information. The discrimination ability of hand-crafted fea-
tures heavily depends on the design principles which may
limit the accuracy of face recognition. Going a step further,
a few learning-based approaches are proposed to learn more
informative but mostly shallow representations (Cao et al.,
2010; Duan et al., 2018; Lei et al., 2014). These learned
shallow representations are favorable for controlled scenar-
ios, but still hardly model those complex facial appearance
variations in uncontrolled scenarios.

In recent years, deep convolutional neural network (CNN)
has greatly improved the accuracy of face recognition owing
to its excellent modeling capability of non-linear variations.
DeepFace (Taigman et al., 2014) is the first deep method
for face recognition. In DeepFace, all faces are aligned to
be frontal through a general 3D shape model, with which
CNN is trained for feature extraction. DeepFace outperforms
many conventional non-deep face recognition methods, and
inspires numerous follow-ups. Afterwards, Deep ID series
(Chen et al., 2014; Sun et al., 2014, 2015a, b) use both
identification and verification supervision to guide the learn-
ing of both intermediate and final feature extraction layers
to obtain more discriminative feature representations. They
even surpass the human’s performance on the Labeled Face
in the Wild (LFW) dataset (Huang & Learned-Miller, 2014).
In FaceNet (Sankaranarayanan et al., 2016), triplet loss is
employed to reduce/enlarge the distance between the pos-
itive/negative pair in a triplet on a large-scale face image
set, achieving state-of-the-art results on multiple challeng-
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ing benchmarks including LFW (Huang & Learned-Miller,
2014) and YouTubeFaces (Wolf et al., 2011) datasets.

Recent deep learning-based face recognition studies have
made great progress from different aspects. Some studies
focus on modifying the softmax loss function by explicitly
adding a margin to the loss function. Among them, Large-
Margin softmax (L-Softmax) loss (Liu et al., 2016) and
SphereFace (Liu et al., 2017) propose multiplicative angu-
lar margin penalty to enforce extra intra-class compactness
and inter-class discrepancy simultaneously. CosFace (Wang
et al., 2018) and ArcFace (Deng et al., 2018) further add
cosine margin and arc-cosine margin penalty to the target
logit in Softmax loss respectively. UniformFace (Duan et al.,
2019) further imposes an equidistributed constraint by uni-
formly spreading the class centers, so that the minimum
distance between class centers canbemaximized. Someother
studies focus on improving the learning scheme. Curricular-
Face (Huang et al., 2020b) employs a curriculum learning
loss to emphasize the easy samples in the early stage while
the hard ones in the latter stage by adaptively adjusting the
relative importance of easy and hard samples during differ-
ent training stages. BroadFace (Kim et al., 2020b) proposes a
learning process to comprehensively consider a massive set
of identities in each iteration to increase the optimality of
the classifier in the entire datasets, which can further glob-
ally optimize the encoder. The above studies havemade great
advances on face recognition accuracy.

Although the accuracy of face recognition on LFW and
YTF datasets has reached human level, there still exists a gap
between human performance and automatic face recognition
with extreme pose, illumination, expression, age, or reso-
lution variations in unconstrained environment, as reflected
by the challenging IJB-A/B/C dataset. Therefore, some lat-
est works focus on addressing face recognition robust to
large face variations due to age, pose, expression and heavy
occlusions, as exemplified in the following. Decorrelated
Adversarial Learning (DAL) algorithm (Wang et al., 2019)
proposes to factorize the mixed face feature into identity-
dependent component and age-dependent component by
adversarially minimizing the correlation between the two
components. Age-Invariant Model (AIM) (Jian et al., 2019)
unifies cross-age face synthesis and recognition in a mutual
boosting way. To address the large change of the facial pose,
expression, and illumination, Attentional Feature-pair Rela-
tion Network (AFRN) (Kang et al., 2019) represents a face
by the relevant pairs of local appearance block features. To
eliminate the influence of facial occlusion on face recogni-
tion, the study in Song et al. (2019) proposes a mask learning
strategy to find and discard corrupted feature elements from
recognition by exploiting the differences between the convo-
lutional features of occluded and occlusion-free face pairs.
GroupFace (Kim et al., 2020a) integrates group-aware rep-
resentations into the embedding feature to narrow down the

search space of the target identity. Although great progress
has beenmade for face recognition,more accurate algorithms
to address those complex scenarios are still in great demand.

2.2 Adaptive Convolution

Our work is also related to adaptive convolution, which has
been employed for several problems in computer vision. In
Chen et al. (2017), adaptive kernels are applied to image
style transfer, where a given image is transformed from the
original style to a target style through convolving the given
image with kernels of the target style. In Zhang et al. (2017),
scale-adaptive convolution is proposed to acquire flexible-
size receptive fields for scene parsing to tackle the issue of
inconsistent predictions of large objects and invisibility of
small objects in conventional CNN. In Liao and Shao (2019),
the authors employ adaptive convolution to achieve local
matching for person re-identification, where the matching
process and results become interpretable and generalizable.
In Klein et al. (2015) and Jia et al. (2016), dynamically
generated filters are used to predict the movement of pixels
between frames for highway driving or weather image pre-
diction. InKang et al. (2017), the authors propose an adaptive
convolutional neural network (ACNN), whose convolutional
kernel is adapted to the current scene context via the side
information (e.g. camera perspective, noise level, blur ker-
nel parameters). The ACNN can disentangle the variations
related to the side information, and extract discriminative fea-
tures related to the current context, to address the supervised
learning problem such as crowd counting, corrupted digit
recognition, and image deblurring. The method in Bertinetto
et al. (2016) proposes a second network, named Learnet, to
predict parameters of a pupil network from a single exemplar,
to handle the one-shot image classification task. CondInst
(Tian et al., 2020) proposes to dynamically generate the filter
parameters conditioned on the target instance in each mask
head for effective instance segmentation.

All these methods explore the adaptive modeling schema.
However, they are essentially different from ours. The main
difference is the basis of creating kernels. The above men-
tioned adaptive kernels are generated only according to one
input, in order for capturing the specific features of the input.
Differently, our personalized kernel is created according to
both the input and a reference set, where the reference set is
used to filter out the commonality between distinct persons.
Benefited from this design, those common features can be
elaboratelyweakened and thus highlight one’s characteristics
more precisely. Another difference is that they have distinct
purposes, i.e. solving different problems. As is described
above, adaptive convolution in those previous studies mainly
focuses on image generation or image prediction, while our
personalized kernel aims at distinguishing between subjects,
thus leading to different designs of the convolution operation.
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3 Personalized Convolution

Given a face image, our personalized convolution extracts
its special features with personalized kernel aiming at better
distinguishing him/her from others. The overall structure is
presented in Fig. 2, and the proposed CNN is referenced to
as personalized CNN in the following for convenience.

Our personalized CNN mainly consists of three parts: a
convolutional backbone E to extract basic features for all
subjects, a kernel generator G to generate ordinary kernel for
each subject, a module of personalized kernel optimization
to decompose the ordinary kernel into commonality compo-
nent and specialty component. Finally personalized kernel
is used to convolve with the basic features of the input face
image to obtain personalized feature representation. The per-
sonalized kernel generation is formulated as an analytical
optimization process and thus the whole personalized CNN
is optimizedwith two simple cross entropy losses imposed on
personalized features and the ordinary kernels respectively
in end-to-end manner. After the training stage is finished, the
similarity of two test face images is calculated as the cosine
similarity of their personalized features. The three parts are
detailed in the following.

3.1 Basic Feature Extracting

As is shown in Fig. 2, initially a CNN backbone E shared
by all persons is used to extract basic features for all input
images. This feature extractor E can be implemented as any
kind of network architecture, such as several stacked convo-
lutional layers or the popular ResNet-50 backbone. For any
input image x , its basic features are simply extracted as:

zx = E(x) ∈ R
cz×hz×wz , (1)

where cz , hz , and wz are the number of channel, height, and
width of the output feature maps respectively.

3.2 Ordinary Kernel Generating

With the basic feature extractor, features of all persons are
computed in an identical manner, i.e. using the same ker-
nel for feature extraction. By contrast, we humans naturally
focus on distinct characteristics of different persons so as
to better distinguish them. Following the same thought, we
design personalized kernel that is adaptive to each subject to
highlight his/her special features to distinguish him/her from
others more accurately.

A direct way is to introduce a kernel generator G to
adaptively generate the convolutional kernel for each input
subject. The kernel generator takes basic feature maps zx as

input, and outputs a set of kernels as follows:

Kx = G(zx ). (2)

Although the kernel generated from Eq. (2) is adaptive to
each person, it usually captures compound features, includ-
ing not only those special distinguishing characteristics of
the input face but also some common distinguishing charac-
teristics among different faces. In this way, although Kx is
adaptive, while those special information may be not notable
especially compared to the following proposed personalized
kernel, so in this work Kx is named as ordinary kernel. To
further obtain the personalized kernel of each person, the
common characteristics should be removed from the ordi-
nary kernel, as presented in Sect. 3.3.

Generally, the kernel generator G can be designed as any
kind of network architectures, such as convolutional layers,
fully connected layers, or a mixture of them. However, the
number of parameters of kernel generator in the form of those
architectures will multiplicatively increase with the dimen-
sion of the input feature map zx and the output kernel Kx . So,
to control the complexity, the kernel generator in this work
is designed as a two-layer architecture, in which the first
layer is a standard convolutional layer and the second layer
is a channel-wise fully-connected layer to avoid parameters
explosion. Supposing Kx ∈ R

nk×ck×hk×wk with nk kernels,
ck channels and filter size hk × wk , the kernel generator can
be specifically formulated in the following:

Kx = φ(W 2
g � φ(W 1

g ∗ zx + b1g) + b2g), (3)

where W 1
g , b1g , and W 2

g , b2g are the parameters of kernel gen-
erator G in the first layer and second layer respectively. φ

is the non-linear activation function, ∗ means conventional
convolution, and � means channel-wise connection. In the
channel-wise fully connected layer, the j-th ordinary kernel
Kx ( j) ∈ R

ck×hk×wk is generated from the j-th channel of
φ(W 1

g ∗ zx + b1g) with the fully connection. Such an archi-
tecture of the kernel generator better trades off the accuracy
and the efficiency.

3.3 Personalized Kernel Generating

As mentioned in the introduction part, to make the kernel of
a given person focus on his/her special distinguishing char-
acteristics, those common characteristics should be filtered
out from his/her ordinary kernel. Therefore, we consider
decomposing the ordinary kernel Kx into two orthogonal
components, i.e. the commonality component and the spe-
cialty component, in order to isolate those most special
characteristics. This decomposition is formulated as follows.

Kx = ax Kr + K p
x , with ||Kr || = 1, Kr ⊥ K p

x . (4)
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Here, Kr denotes the commonality kernel that captures the
common distinguishing characteristics among a group of
subjects. K p

x is orthogonal to the commonality kernel Kr ,
so it captures those uncommon i.e. the special characteristics
of x . ax ∈ R = (Kx )

T Kr is the magnitude of orthogonal
projection of Kx on Kr , i.e. the magnitude of commonality.

Given the ordinary kernel Kx and commonality kernel
Kr , the personalized kernel can be obtained by removing the
projection on Kr from Kx , i.e.:

K p
x = Kx − ax Kr

= Kx − Kr (Kx )
T Kr (5)

Therefore, the key becomes how to model the commonality
kernel Kr . By its name, Kr captures the common distinguish-
ing characteristics shared by a group of people. In order to
optimize Kr , a reference set containing multiple images is
introduced as the proxy of persons in a specific scenario, such
as persons appearing in a movie or living in a community or
just persons in the same dataset.

3.3.1 Optimization of Commonality Kernel

Formally, we denote the reference set with n face images as
R = {x1, · · · , xn}, where xi means the i-th face image in the
reference face set. The basic features and ordinary kernels of
face images in the reference set are computed as below:

zi = E(xi ) (6)

Ki = G(zi ). (7)

With the ordinary kernels {Ki ∈ R
nk×ck×hk×wk |ni=1} of

the reference set, we explicitly model the commonality ker-
nel Kr as the maximum commonality between them. For the
convenience of notation, we take a 3D kernel in R

ck×hk×wk

from Ki as example for presentation, which is first reshaped
into a vector in R

L×1 and still denoted as Ki in the follow-
ing. Here, L = ck × hk × wk . Similar as Eq. (4), each Ki

is decomposed to two orthogonal components, the common-
ality component ai Kr and the specialty component Ri as
below:

Ki = ai Kr + Ri with ||Kr || = 1, Kr ⊥ Ri , (8)

where Kr ∈ R
L×1 represents the commonality kernel of

kernels {Ki |ni=1}, and ai ∈ R is the projection magnitude of
Ki on Kr with ai = (Ki )

T Kr .
As the commonality kernel Kr represents the common-

ality between kernels {Ki |ni=1}, the projection magnitude of
each kernel Ki on Kr is expected to be identical, i.e. the
variance of {ai |ni=1} is expected to be zero. Only with the
variance constraint, the commonality kernel Kr may degen-
erate to trivial solution, e.g. ai = 0, i ∈ {1, ..., n} in extreme

case. Thus, the projection magnitude ai is expected to be
as large as possible to make Kr contain the maximum com-
monality. Therefore, an objective is formulated to fulfill these
expectations:

min
Kr

α · 1
n

∑

i

(ai − a)2 − (1 − α) · 1
n

∑

i

(ai )
2

=α

n

∑

i

((Ki )
TKr −K

T
Kr )

2− 1−α

n

∑

i

((Ki )
T Kr )

2

=α

n
||K T Kr − 1K

T
Kr ||22−

1−α

n
||K T Kr ||22 (9)

where (Kr )
T Kr = 1,a and K are themeanof {a1, ..., an} and

{K1, ..., Kn} with a = 1
n

∑
i ai and K = 1

n

∑
i Ki respec-

tively, K is thematrix concatenating {Ki |ni=1} by column, and
1 is a all-one matrix with shape n ×1. In the Eq. (9), the first
term enforces the projection of the ordinary kernel Ki on the
commonality kernel Kr to be identical by minimizing their
variance, and the second term aims to maximize the magni-
tude, i.e. make Kr contain commonality as much as possible.
The parameter α ∈ [0, 1] is to balance the commonality and
the magnitude terms as they may contradict each other in
complex applications.

This objective can be analytically optimized with the
Lagrangemultipliermethod. First, considering the constraint
condition (Kr )

T Kr = 1, in Lagrange multiplier method, the
objective in Eq. (9) can be written as:

J = α

n
||K �Kr − 1K̄ �Kr ||22 − 1 − α

n
||K �Kr ||22

− μ((Kr )
�Kr − 1)

= 2α − 1

n
(Kr )

�K K �Kr − α

n2 K �
r K11�K �Kr

− μ((Kr )
�Kr − 1),

where μ is the multiplier. The derivative of J on Kr is:

∂ J

∂Kr
= 2(2α − 1)

n
K K T Kr − 2α

n2 K11T K T Kr − 2μKr .

Let the derivative be equal to 0. The equation can be written
as:

(
2α − 1

n
K K T − α

n2 K11T K T )Kr = μKr . (10)

Thus, the objective of Eq. (9) achieves its minimal value
as the least eigenvalue of matrix 2α−1

n K K T − α
n2

K11T K T

when Kr is taken as the corresponding eigenvector, i.e.:

Kr = LeastEigVec(
2α − 1

n
K K T − α

n2 K11T K T ). (11)
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In special, when α = 0.5, i.e. taking the two terms equally
important, Kr degenerates into the normalized mean kernel
of {Ki |ni=1}. When α = 1.0, i.e. only keeping the commonal-
ity term, Kr is the kernel lying in the null-space of the scatter
matrix of {Ki } if 1

n K K T − 1
n2

K11T K T is singular, i.e.

Kr =
{

K
||K || , if α = 0.5,

Null( 1n K K T − 1
n2

K11T K T ), if α = 1.0,
(12)

where Null(·) means the null-space of a matrix.
After obtaining the commonality kernel Kr , the person-

alized kernel of the given face x is achieved as the residual
of his/her ordinary kernel Kx on Kr , formulated in Eq. (5).
The personalized kernel is then used to convolve with the
basic features of the given face image x to finally obtain the
corresponding personalized feature representation as follow:

fx = K p
x ∗ zx , (13)

where ∗ means the standard convolution operation.
The whole architecture to calculate the personalized fea-

tures fx is optimized with two types of cross entropy loss
detailed in Sect. 3.4.

After the training is finished, given any two face images
x1 and x2 at testing stage, their features are firstly extracted
according to Eq. (13), and then the similarity of them is cal-
culated as the cosine similarity as follows:

s(x1, x2) =
(

fx1

‖ fx1‖
)T

·
(

fx2

‖ fx2‖
)

. (14)

3.4 Objective Function

By using Eq. (1), Eq. (5), and Eq. (13), the personalized
feature of an input face image is calculated as fx . For face
recognition, the feature fx is expected to distinguish x from
others. So a cross entropy loss for identity classification is
necessary to enforce fx to be discriminative. Besides, another
cross entropy loss is introduced to enforce the ordinary ker-
nels generated from different images of the same subject to
be identical. This can make the ordinary kernel and person-
alized kernel well capture the distinguishing characteristics
(i.e. identity information) of a person.

Given a face image x with label l, its personalized features
fx are expected to be classified into the l-th class like the
conventional CNN does. Supposing W f is the parameter of
classifier, and each column of W f is the classifying vector
for a class, the probability pl

x that personalized feature fx

is classified into class l can be calculated by the softmax
function:

pl
x = eul

∑C
j=1 eu j

, (15)

u = (u1, u2, ..., uC ) = β( fx )
T W f , (16)

whereC is the number of subjects in the training set.Here, the
length of fx and each column vector in W f is normalized.
To make the training converge, we multiply a scale value
β on the cosine similarity ( fx )

T W f like (Wang et al., 2018)
does. The classification loss in ourmethod is the typical cross
entropy loss:

L f = 1

N

N∑

i=1

−log(pli
xi

), (17)

where N is the number of images in each training batch, xi

and li are the i-th image and its label in a batch respectively.
Moreover, those ordinary kernels Kx created by kernel

generator G are expected to capture the intrinsic character-
istics of a person, which means that ordinary kernels of face
images from the same person should be the same even with
various poses, illuminations or expressions, forming another
cross entropy loss over the ordinary kernels as follows:

L K = 1

N

N∑

i=1

−log(pli
Kxi

) (18)

= 1

N

N∑

i=1

−log
evli

∑C
j=1 ev j

,

v = (v1, v2, ..., vC ) = (Kxi )
T Wk . (19)

Here, Kxi is the ordinary kernel of xi generated by using
Eq. (2), and pli

Kxi
denotes the probability of kernel Kxi being

classified into class li .Wk is the classificationweight for those
generated kernels. Generally, one more layer can be added
to decrease the dimension of kernels Kxi before calculating
the probability pli

Kxi
.

Overall, the objective function of our personalized CNN
is formulated as simply combining the above two losses as
below:

min
E,G

L f + λL K . (20)

Here, λ is a balance parameter. The first term of the objective
function aims tomake those personalized features bediscrim-
inative, while the second term endeavors to make ordinary
kernels be intra-class invariant. This objective can be eas-
ily optimized in an end-to-end manner by using stochastic
gradient decent (SGD) like most CNN-based methods do.

3.5 Variants

In our proposed personalized convolution, the reference face
set is introduced as a proxy of persons in a specific scenario,
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(b) Reference set with children

input: x input: x
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(c) Reference set with single face
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Fig. 3 Variants of the personalized kernel with different reference sets. a Reference set with images of abundant persons to represent the public.
b Reference set with a special group of persons (children in the figure). c Reference set only with only one face image that the input image is
compared with

which can filter out the commonality while leaving the spe-
cialty. Therefore, to adapt to different scenarios, the reference
set can be constructed by including different faces, deriving
different variants for better capturing one’s distinguishing
features in different scenarios.

As is shown in Fig. 3 (a), generally, the reference set can
consist of images of many general persons so that it can rep-
resent the commonality of general public. However, in some
scenarios wemay only want to recognize persons from a spe-
cific group, such as recognizing children in primary school,
or recognizing girls in girl’s apartment. In these cases, the
commonality of the specific group to recognize is usually
different from that of general public. To stress a child or a
girl’s discriminative features, the reference set should be set
as a collection of children or girls’ images. Thus, the refer-
ence set can be specially constructed as a particular group
of face images for better distinguishing different subjects for
various scenarios, as shown in Fig. 3 (b).

More specially, the reference set can contain only one face
image. This usually happens in the case of face verification.
For example, whenwe compare AudreyHepburnwith Renée
Zellweger, we focus more on Audrey Hepburn’s eyes, while
when we compare Audrey Hepburn with Chrissy Metz, we
may rather pay attention to the contour of Audrey Hepburn’s
face. Thismeans that, the compared person, Renée Zellweger
or Chrissy Metz, is used as the ‘reference system’ instead
of the general public or a specific group. In this case, the
proposed personalized kernel becomes a special variant, i.e.
the contrastive kernel proposed in our conference work (Han
et al., 2018) to highlight those distinct characteristics between
a pair of face images being compared.

Overall, when aiming for different scenarios, the reference
set can be constructed as faces of different subjects, deriving
distinct variants of the personalized kernel.

4 Experiments

In this section, we evaluate the proposed personalized CNN
for both face identification and verification tasks. We first
give the experimental settings, and also the implementation
details. Then, we develop ablation study to analyze the pro-
posed personalized kernel via comparing our method with
baselines, and evaluate different variants of reference set.
Next, we study the influence of hyper-parameter α and λ

respectively. Last, we compare our method with some exist-
ing methods on LFW, IJB-A and IJB-C, and visualize feature
response of vanilla CNN and our personalized CNN.

4.1 Experimental Settings

4.1.1 Dataset

In all experiments, five datasets are used for training or test-
ing. The CASIA-WebFace (Yi et al., 2014), and VGGFace2
(Cao et al., 2018) datasets are used for training, and the LFW
(Huang et al., 2008), IJB-A (Klare et al., 2015), and IJB-C
(Maze et al., 2018) datasets are used for testing.

The CASIA-WebFace dataset (Yi et al., 2014) is a large
scale face dataset containing about 500,000 face images of
about 10,000 different individuals collected from Internet
by Institute of Automation, Chinese Academy of Sciences
(CASIA). It is the default training dataset if unspecified. To
fairly comparewith existingmethods, we also develop exper-
iments on VGGFace2 dataset. The VGGFace2 dataset (Cao
et al., 2018) consists of 3.3million faces from 9,131 subjects,
which covers a large range of poses, ages, ethnicities and
professions. The two datasets are commonly used datasets
to train a deep network for unconstrained face recognition,
such as in Yi et al. (2014), Ding and Tao (2015), Liu et al.
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Table 1 Architectures of the CNN used in our method with 4, 10, 16
layers respectively. There are 4 stages in each CNN, and the shape of
feature map is the same in each stage. Each stage contains multiple
convolution units. conv[c, k, s, g] denotes convolution with c filters of
size k ×k, stride s, and group g. Themax[3, 2] denotes the max pooling
within pooling window size 3× 3 and stride 2. In CNNs with 10 and 16

layers, the residual network structure is used for better performance and
the residual units are shown in the double-column brackets. In the last
layer of personalized convolution, the convolution is the same as con-
ventional convolution except that its kernels are dynamically generated
during testing

Layer 4-layer CNN 10-layer CNN 16-layer CNN

input 112 × 112 × 3

Stage1 Conv[64, 3, 1, 1] Conv[64, 3, 1, 1] Conv[64, 3, 1, 1]
[
Conv[64, 3, 1, 1]
Conv[64, 3, 1, 1]

]
× 1

Pool1 max[3, 2]

Stage2 Conv[128, 3, 1, 1] Conv[128, 3, 1, 1] Conv[128, 3, 1, 1]
[
Conv[128, 3, 1, 1]
Conv[128, 3, 1, 1]

]
× 1

[
Conv[128, 3, 1, 1]
Conv[128, 3, 1, 1]

]
× 2

Pool2 max[3, 2]

Stage3 Conv[256, 3, 1, 1] Conv[256, 3, 1, 1] Conv[256, 3, 1, 1]
[
Conv[256, 3, 1, 1]
Conv[256, 3, 1, 1]

]
× 2

[
Conv[256, 3, 1, 1]
Conv[256, 3, 1, 1]

]
× 3

Pool3 Max[3, 2]

Stage4 Conv[512, 3, 1, 1] Conv[512, 3, 1, 1] Conv[512, 3, 1, 1]

Pool4 Max[3, 2]

Personalized Conv Conv[512, 3, 1, 512] Conv[512, 3, 1, 512] Conv[512, 3, 1, 512]

Global Pooling Global Max Pooling

Features 512 dimensions

(2016), Liu et al. (2017), Weidi et al. (2018), Huang et al.
(2020a).

During training on CASIA-WebFace, the general Refer-
ence Set R in our method is constructed with 46K images of
1000 individuals randomly selected from CASIA-WebFace.
When training on VGGFace2, 169K images of 500 individ-
uals are randomly selected from this dataset as the reference
set R. In the stage of network optimizing, 20 images are ran-
domly chosen from the general reference set as the batch
reference images in each iteration to compute the common-
ality kernel Kr in Eq. (9). When the network optimizing is
finished, the commonality kernel Kr can be simply calcu-
lated over the entire reference set before seeing any testing
image, and then used to extract features of testing images
at test time. This strategy offers us a good way to calculate
the commonality kernel Kr when a new or more elaborated
reference set is available. However, it will cause additional
computational overhead. Thus, the moving average strategy
is further proposed to avoid the computational overhead,
where the statistics including scatter matrix K K T and mean
kernel K1 in Eq. (11) of the reference set are updated on
each mini-batch in the moving average way during network
optimizing. Therefore, the commonality kernel is well cal-
culated when the network optimizing is finished and can be
directly used in the testing phase. Note that class labels of

faces in the reference set is not needed, which means the ref-
erence set can be generally developed by using an additional
unlabeled set.

TheLFW dataset (Huang et al., 2008) is a standard bench-
mark for the research of unconstrained face recognition. It
includes 13,233 face images from 5,749 different identities
with large variations in pose, expression and illumination.
On this dataset, we follow the standard evaluation protocol
of ‘unrestricted with labeled outside data’, and report the
mean verification accuracy (mAcc) of 10-folder verification
sets.

The IJB-A dataset (Klare et al., 2015) is an open challeng-
ing benchmark containing 5,712 images and 2,085 videos
from 500 subjects captured from the wild environment.
Because of the extreme variation in head pose, illumination,
expression and resolution, so far IJB-A is regarded as one
of the most challenging datasets for both verification and
identification. The standard protocol on this dataset performs
evaluations in the template-based manner, for both identifi-
cation(1:N face search) and verification (1:1 comparison). A
template may include images and/or videos of a subject.

The IJB-C face dataset (Maze et al., 2018) advances the
goal of robust unconstrained face recognition by increasing
dataset size and variability, which is developed upon the
previous public IJB-A and IJB-B (Whitelam et al., 2017)
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datasets. It includes 31,334 images and 11,779 videos from
3,531 subjects with variations in head orientation, facial
expression, illumination, and also occlusion and reduced
resolution. The protocol of this dataset also operates in
template-based manner.

4.1.2 Implementation Details

Preprocessing For all five datasets, MTCNN (Zhang et al.,
2016) is first used to detect faces and landmarks. Then all
detected faces are aligned to a canonical one according to the
five landmarks (2 eyes centers, 1 nose tip, and 2 mouth cor-
ners). Finally, all aligned images are resized into 112 × 112
for training and testing. Note that, for those undetectable
faces on IJB-A and IJB-C, bounding boxes offered by cor-
responding dataset are used to crop them, and the mean of
landmarks of all detected faces in corresponding dataset is
used to align them. This preprocessing is the same as most
existing work such as Yin et al. (2017), Liu et al. (2017),
Wang et al. (2018), Deng et al. (2018).

Architecture All the experiments are implemented with
pytorch. For extensive investigation, the proposed person-
alized CNN with three backbone architectures of 4-layer,
10-layer, and 16-layer are evaluated respectively. Those
backbone structures are similar with those shallower net-
works used in SphereFace (Liu et al., 2017). The detailed
architectures of the three backbones are listed in Table 1.
The structure of kernel generator is the same for all the three
backbone architectures, which is simply designed as a small
2-layer subnetwork, and the detailed design is introduced
in Sect. 3.2. Note that, in testing stage, kernels of the last
convolutional layer of our personalized CNNs are dynami-
cally generated by the kernel generator learned in the training
stage.

TrainingParametersWhen trainingonCASIA-WebFace
dataset (Yi et al., 2014), the batch size (doesn’t include refer-
ence images) is set as 128. All models are trained with 100K
iterations. The learning rate is set as 0.2 at the beginning,
and decays as 0.02 at the 50k-th iteration, and as 0.002 at
the 80k-th iteration. For experiments on VGGFace2 dataset
(Cao et al., 2018), the batch size is set as 512, the learning
rate is divided by 10 at 80K-th, 120K-th, and 150K-th iter-
ation respectively starting with 0.2, and the training process
is finished at 160K iterations. Random flapping and crop-
ping face images are employed in the training stage for data
augmentation asmost existingmethods do. In our implemen-
tation, the size of generated ordinary kernel is 512×1×3×3.
Thus, the personalized convolution is conducted as the group
convolution with 1 channel in each group.

Evaluation Details: For both identification and verifi-
cation, the evaluation involves similarity computation and

evaluation protocols. Thus, we introduce the evaluation
details from the two aspects in the following.

The similarity computation includes two levels, i.e.,
image-level similarity on LFW, and template-level similarity
on IJB-A and IJB-C introduced as follows.

– The image-level similaritymeans cosine similarity of fea-
tures extracted by a CNNof two face images like Eq. (14)
in the paper.

– Following (Masi et al., 2016b), the SoftMax operator is
used to calculate the similarity between two templates.
Specifically, for two templates P , and Q, the SoftMax
operator for calculating their similarity can be seen as a
weighted average of similarities of all pairs (p, q) with
p ∈ P, q ∈ Q. The weight for the weighted average

is calculated as eβ s(p,q)
∑

a∈P,b∈Q eβ s(a,b) for a pair (p, q), where

s(p, q) means the image-level similarity. The SoftMax
hyper-parameterβ controls the trade-off between averag-
ing the similarity or taking the maximum (or minimum).
That is:

sβ(·, ·) =
⎧
⎨

⎩

max(·), if β → ∞
mean(·), if β = 0
min(·), if β → −∞

, (21)

and

sβ(P,Q) =
∑

p∈P,q∈Q s(p, q)eβ s(p,q)

∑
p∈P,q∈Q eβ s(p,q)

, (22)

where p and q are images in P and Q respectively.
The final similarity between two templates is the aver-
age of SoftMax response over multiple values of β ∈
{0, 1, ..., 20} as follow:

S(P,Q) = 1

21

∑20

β=0
sβ(P,Q). (23)

After the similarity of two face images or two templates
is computed, mean accuracy (mAcc) or receiver operating
characteristic (ROC) is used for face verification, and Rank-
1/Rank- 5 recognition rate is used for face identification for
performance evaluation following the standard evaluation
protocols. Detailed introductions are as follows.

– The mean accuracy (mAcc) is used for the evaluation
of face verification on LFW. Specifically, all verifica-
tion pairs on this dataset are split into 10 folds, and the
mAcc is calculated as the average percentage of accu-
rate verification on 10 separate folds in a leave-one-out
cross verification scheme, i.e. nine of the folds are used
to search an optimal threshold and the left one is used for
testing.
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– The receiver operating characteristic (ROC) is used for
the evaluation of face verification on IJB-A and IJB-C.At
a given threshold (the independent variable) ROC anal-
ysis measures the true accept rate (TAR), which is the
fraction of genuine comparisons that correctly exceed the
threshold, and the false accept rate (FAR), which is the
fraction of impostor comparisons that incorrectly exceed
the threshold.

– Rank-k accuracy is used for the evaluation of face iden-
tification on IJB-A. Specifically, rank-k accuracy means
the percentage of correctly recognized probe templates
where a probe template is considered to be recognized
correctly if the gallery template with the same identity
appears in the top k gallery templates ranked according
to their similarity.

4.2 Ablation Study

Effectiveness of personalized kernel To investigate the
effectiveness of our proposed personalized kernel, we com-
pare our personalized CNN with the vanilla CNN, the
self-attention CNN, and the contrastive CNN with the same
backbone architecture trained on CASIA-WebFace. As our
personalized kernel is generated from an additional kernel
generator with two layers, two additional layers are added to
the vanilla CNN (referred to as L-Vanilla CNN), so that they
have the same number of parameters for fair comparison. The
self-attention CNN is constructed by removing the reference
set and using an attention map generator with the same struc-
ture with our kernel generator to generate the attention map
to multiply the original feature zx for an input face x . The
self-attention CNN is designed to evaluate the influence of

(a) Testing set with age in [50, max] (b) Testing set with skin tone in {5, 6}

Fig. 4 Evaluation on the same testing set but with different reference
sets on IJB-A, in terms of verification rate at FAR=1e-2. a Testing set
with age in [50, max], while the reference sets are with ages in [0, max],
[0, 35], [35, 50], [50, max] respectively. b Testing set with skin tone in
{5, 6}, while the reference sets are with skin tone in {1, 2, 3, 4, 5, 6},
{1, 2},{3, 4},{5, 6} respectively

removing reference set. Moreover, We also retrain our con-
trastive CNN proposed in the conference version (Han et al.,
2018) with the same setting for fair comparison. For com-
prehensive investigation, the comparison is performed with
three types of backbone shown in Table 1 on three testing
sets.

The results on LFW, IJB-A and IJB-C are shown on Table
2, 3, and 4. As can be seen, contrastive CNN, self-attention
CNN, and our personalized CNN consistently outperform
the vanilla CNN. Especially, on the verification task, our per-
sonalized CNNwith 16-layer backbone improves the vanilla
CNN over 9% at FAR=1e-3 on IJB-A, and over 20% at
FAR=1e-5 on IJB-C, which safely shows the effectiveness
of personalized feature extraction. Moreover, compared to
the self-attention CNN, and the Contrastive CNN which
has no reference set or uses single image as the reference,

Table 2 Comparison with
L-vanilla CNN, self-attention
CNN, and contrastive CNN on
LFW with three different
backbones. The architecture is
detailed in Table 1. †denotes
directly calculating the
commonality kernel over the
reference set, and ‡denotes
calculating it with the moving
average strategy during network
optimizing.

# Layers of backbone CNN Model mAcc on LFW(%)

4 L-vanilla CNN 98.01

Contrastive CNN (Han et al., 2018) 98.32

Self-attention CNN 98.78

Personalized CNN† 98.78

Personalized CNN‡ 98.77

10 L-vanilla CNN 98.93

Contrastive CNN (Han et al., 2018) 98.93

Self-attention CNN 99.21

Personalized CNN† 99.27

Personalized CNN‡ 99.38

16 L-vanilla CNN 99.18

Contrastive CNN (Han et al., 2018) 99.12

Self-attention CNN 99.23

Personalized CNN† 99.40

Personalized CNN‡ 99.45

Best results are shown in bold

123



International Journal of Computer Vision (2022) 130:344–362 355

Table 3 Comparison with L-vanilla CNN, self-attention CNN, and contrastive CNN on IJB-A with three different backbones. The architecture is
detailed in Table 1

# Layers of Model Verification rate (%) on IJB-A Identification rate (%) on IJB-A

backbone CNN TAR@FAR=1e-2 TAR@FAR=1e-3 Rank-1 Rank-5

4 L-vanilla CNN 85.57 63.70 89.62 96.01

Contrastive CNN (Han et al., 2018) 84.47 61.78 - -

Self-attention CNN 84.54 67.08 90.86 96.59

Personalized CNN† 86.08 71.71 91.68 96.77

Personalized CNN‡ 85.96 69.88 91.90 96.57

10 L-vanilla CNN 88.36 64.79 91.76 96.55

Contrastive CNN (Han et al., 2018) 90.15 74.64 - -

Self-attention CNN 91.25 76.24 93.86 97.39

Personalized CNN† 91.03 80.94 94.23 97.72

Personalized CNN‡ 90.59 80.60 94.34 97.62

16 L-vanilla CNN 89.97 72.47 93.32 97.05

Contrastive CNN (Han et al., 2018) 91.20 78.14 - -

Self-attention CNN 91.18 78.30 94.12 97.57

Personalized CNN† 91.25 82.27 94.69 97.80

Personalized CNN‡ 92.19 82.67 94.39 97.54

Best results are shown in bold
†denotes directly calculating the commonality kernel over the reference set, and ‡denotes calculating it with the moving average strategy during
network optimizing

Table 4 Comparison with L-vanilla CNN, self-attention CNN and contrastive CNN on IJB-C with three different backbones. The architecture is
detailed in Table 1

# Layers of model Verification rate (%) on IJB-C

backbone CNN TAR@FAR=1e-2 TAR@FAR=1e-3 TAR@FAR=1e-4 TAR@FAR=1e-5

4 L-vanilla CNN 88.97 71.91 42.84 19.38

Contrastive CNN (Han et al., 2018) 89.45 74.21 55.42 32.69

Self-attention CNN 89.94 75.66 57.63 39.08

Personalized CNN† 89.98 77.39 61.10 44.75

Personalized CNN‡ 89.39 76.02 59.16 42.53

10 L-vanilla CNN 91.80 74.81 48.03 23.47

Contrastive CNN (Han et al., 2018) 92.81 81.12 65.22 47.26

Self-attention CNN 93.22 84.06 69.12 48.67

Personalized CNN† 93.52 84.83 72.76 57.02

Personalized CNN‡ 93.29 84.53 72.31 58.19

16 L-vanilla CNN 93.18 80.39 60.76 38.48

Contrastive CNN (Han et al., 2018) 94.07 84.54 70.27 54.59

Self-attention CNN 93.83 83.62 70.87 53.56

Personalized CNN† 94.02 85.77 74.61 59.41

Personalized CNN‡ 94.42 86.58 75.00 59.83

Best results are shown in bold
†denotes directly calculating the commonality kernel over the reference set, and ‡denotes calculating it with the moving average strategy during
network optimizing
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our personalized CNN with a general reference set achieves
improvement up to 4% at FAR=1e-3 on IJB-A, and 6% at
FAR=1e-5 on IJB-C. These improvements demonstrate that
removing the commonality can better highlight one’s special
characteristics for higher recognition accuracy, verifying the
effectiveness of the personalized convolution. Table 2, 3, and
4 also compare the two ways of calculating the commonality
kernel, where the accuracy of using moving average strategy
for calculating the commonality kernel during network opti-
mizing is comparable to that of directly calculating over the
reference set. This indicates that we can calculate the com-
monality kernel with the moving-average strategy when the
general reference set is used, or directly calculate it over the
reference set whenmore elaborated reference set is available.

To better understand and analyze the sources of the
improvement of our method, we also evaluate the same test-
ing set but with different reference sets organized according
to the attributes of age and skin tone on IJB-A dataset. Specif-
ically, in the first evaluation, the testing set only contains
images with age in [50, max], while four reference sets are
organized with ages respectively in [0,max], [0, 35], [35,
50], [50, max]. The results are shown in Fig. 4 (a). As can
be seen, when reference set is similar with the testing set,
i.e. both with age in [50, max], best accuracy is achieved
with significant improvement over the baseline. On the con-
trary, when the reference set is not so similar with the testing
set, such as reference set with age in [0, 35], the perfor-
mance improvement is limited. Even in the worst case that
the reference set (e.g. the pupils) is completely irrelevant
to the testing scenario (e.g. the elders), personalized kernel
just degenerates to a kind of self-attention CNN (better than
vanilla-CNN), because the commonality kernels would cap-
ture nothing about the persons in testing scenario under our
orthogonal projection formulation. Similarly, in the second
evaluation, the testing set only contains imageswith skin tone
in {5, 6}, while four reference sets are organized with skin
tone in {1, 2, 3, 4, 5, 6}, {1, 2}, {3, 4} and {5, 6} respec-
tively. The same observation can be obtained, i.e. the higher
the similarity between reference set and testing set, the better
the recognition accuracy. This verifies that the main source
of our improvement comes from the elegant design of per-
sonalized kernel.

Variants of reference set As discussed in Sect. 3.5, gen-
erally the reference set is used as a proxy of persons in a
specific scenario. In special, the reference set can contain a
particular group of faces, or even only one face image for
different scenarios. To evaluate the variants of personalized
CNN, besides the general reference set, three additional kinds
of reference set are developed. The first is designed with face
images grouped with age, the second is constructed with face
images grouped with their skin tone, and the third is our con-
ference work (Han et al., 2018), i.e. containing only one face

Fig. 5 Performance of personalized CNN w.r.t different reference sets
on the IJB-A and IJB-C verification. Best viewed in color

Personalized 
kernel

Commonality 
kernel

α = 0.3 α = 0.6 α = 1.0 α = 0.3 α = 0.6 α = 1.0 α = 0.3 α = 0.6 α = 1.0

Fig. 6 Visualization of feature map from the personalized kernel and
the commonality kernel w.r.t. different α. The first row is the feature
maps from the personalized kernel, and the second row is the feature
maps from the commonality kernel. In each of the three groups, the first
column is the input image, and the rest three ones are the feature maps
from the model trained with different α

image in the reference set according to who one face is com-
pared with. Specifically, in the experiments with grouped
reference set, all face images in testing set and reference set
are divided into three groups respectively according to their
age/skin tone. For age as criterion, three groups are with age
in interval [0, 35], [35, 50], and [50, max] respectively, while
for skin tone as the criterion, they arewith skin tone {1, 2}, {3,
4}, and {5, 6} respectively, according to the label on IJB-A
and IJB-C datasets. For face images in a specific face group,
one’s personalized features are extracted with corresponding
reference set to highlight the special characteristics.

The personalized CNN with the general reference set and
three variants are evaluated on IJB-A and IJB-C datasets
as shown in Fig. 5. As can be seen, the personalized CNN
significantly outperforms the vanilla CNN benefiting from
focusingmore on those personalized characteristics. Besides,
personalized CNN with more delicate reference set, such as
different age groups, different skin tone groups, performsbet-
ter than thatwith general reference set. Taking the recognition
of children face as an example, if the reference setmore accu-
rately depicts the commonality of all children, the common
component of children faces will be removed from the input
child face. Therefore, the most distinguishing facial charac-
teristics that can distinguish the child from other children are
highlighted. However, as can be seen, in the conference ver-
sion where the reference set contains only one face from the
pair faces being compared, the accuracy is slightly declined.
This is because with one single face in the reference, the
commonality calculated only between two facesmay be inac-
curate due to the divers inter-person variations.
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Table 5 Influence of the balance parameter α in our personalized CNN on LFW, IJB-A, and IJB-C

α mAcc on Veri. rate (%) on IJB-A Iden. rate (%) on IJB-A Veri. rate (%) on IJB-C

LFW(%) @FAR=1e-2 @FAR=1e-3 @Rank-1 @Rank-5 @FAR=1e-2 @FAR=1e-3 @FAR=1e-4 @FAR=1e-5

0.3 98.58 84.50 68.57 90.93 96.83 89.41 75.70 58.93 41.50

0.4 98.63 84.98 67.50 91.14 96.67 89.67 76.05 60.05 42.71

0.5 98.80 85.29 68.64 91.42 96.88 89.93 76.68 59.48 43.34

0.6 98.78 86.08 71.71 91.68 96.77 89.89 77.39 61.10 44.75

0.8 98.85 85.93 71.02 91.73 96.67 89.90 76.20 58.88 41.34

1.0 98.67 84.94 69.16 91.89 96.89 89.01 75.41 57.98 40.05

Best results are shown in bold

Table 6 Influence of the balance parameter λ in our personalized CNN on LFW, IJB-A, and IJB-C

λ mAcc on Veri. rate (%) on IJB-A Iden. rate (%) on IJB-A Veri. rate (%) on IJB-C

LFW(%) @FAR=1e-2 @FAR=1e-3 @Rank-1 @Rank-5 @FAR=1e-2 @FAR=1e-3 @FAR=1e-4 @FAR=1e-5

0.0 98.60 85.78 67.98 91.07 96.90 89.96 75.48 58.06 41.41

0.1 98.77 85.03 68.23 91.13 96.81 89.77 75.72 58.52 41.52

0.3 98.68 85.39 68.36 91.60 96.78 89.95 76.13 59.17 42.62

0.5 98.78 86.08 71.71 91.68 96.77 89.89 77.39 61.10 44.75

0.7 98.62 85.33 69.05 91.38 96.62 89.71 75.89 59.30 42.57

0.9 98.45 85.23 68.17 91.62 96.82 89.12 75.78 59.93 42.39

Best results are shown in bold

4.3 Influence of Hyper-Parameters

Influence of parameter α. In Eq. (9), α is used to control the
balance between the variance and magnitude of commonal-
ity component in the process of optimizing the commonality
kernel. Here, we investigate the influence of α by fixing λ as
0.5 since α and λ are independent to each other . The exper-
iments are conducted on our personalized CNN with 4-layer
backbone. Specifically, we set the α as 0.3, 0.4, 0.5, 0.6, 0.8,
1.0 respectively. As shown in Table 5, when increasing α, the
performance first rises and then descends, with highest accu-
racy achieved at α = 0.6. This shows that both constraints
of the small variance and large magnitude for optimizing the
commonality kernel are necessary. Only small variance con-
straint would make the commonality kernel only contain few
characteristics, while excessive largemagnitude wouldmake
the commonality kernel capture many unshared characteris-
tics, both leading to decreased accuracy.

Furthermore, we also visualize the feature maps from the
personalized kernel w.r.t. the commonality kernel obtained
from different α. As is shown in Fig. 6, with bigger α, the
high response region of feature maps from the personalized
kernel expands, while that from commonality kernel shrinks
as expected, and vice versa.

Influence of parameter λ. In Eq. (20), parameter λ is used to
balance the two types of cross entropy loss for feature clas-
sification and kernel’s intra-person invariance respectively.

We investigate the influence of λ by fixing the α as 0.6, and
setting λ as 0, 0.1, 0.3, 0.5, 0.7, and 0.9 respectively. The
experiments are conducted on our personalized CNNwith 4-
layer backbone. As shown in Table 6, the performance also
first rises and then descends. The highest accuracy is achieved
at λ = 0.5, which means the cross entropy loss over gener-
ated kernels is beneficial but can not be weighted too large.
Thus, in all experiments, we set α = 0.6 and λ = 0.5 unless
otherwise specified.

4.4 Comparison with ExistingMethods

The above ablation studies investigate the factors that are
involved in our personalized convolution and analyzes the
advantage of our method.

Furthermore, we also compare our proposed method with
a few state-of-the-art methods on LFW, IJB-A, and IJB-
C. In this experiment, personalized CNN with ResNet-50
backbone trained on VGGFace2 is developed for fair com-
parison as most existing methods are equipped with large
architectures and training datasets. Among these compared
methods, FaceNet (Schroff et al., 2015), LargeMargin (Liu
et al., 2016), SphereFace (Liu et al., 2017), CosFace (Wang
et al., 2018), and ArcFace (Deng et al., 2018), UniformFace
(Duan et al., 2019) propose new loss functions, PAM (Masi
et al., 2016a), 3DMM (Tuan Tran et al., 2017), DR-GAN
(Luan et al., 2017), Deep Multi-pose (AbdAlmageed et al.,
2016), and FFGAN (Yin et al., 2017) design novel archi-
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Table 7 Comparison with existing methods on LFW in terms of mean accuracy (mAcc)

Methods #Models Depth of Backbone CNN #Training Data mAcc on LFW

DeepFace (Taigman et al., 2014) 3 7 4M* 97.35

DeepID2+ (Sun et al., 2015b) 1 5 300K* 98.70

Deep FR (Parkhi et al., 2015) 1 15 2.6M 98.95

FaceNet (Schroff et al., 2015) 1 14 200M* 99.65

CosFace (Wang et al., 2018) 1 64 5M* 99.73

UniformFace (Duan et al., 2019) 1 30 5.8M 99.70

RegularFace (Zhao et al., 2019) 1 20 3.3M 99.61

ArcFace (Deng et al., 2018) 1 100 5.8M 99.83

DemoID (Gong et al., 2020) 1 100 5.8M 99.50

Yi et al. (2014) 1 10 0.5M 97.73

Ding and Tao (2015) 1 14 0.5M 98.43

LargeMargin (Liu et al., 2016) 1 17 0.5M 98.71

SphereFace (Liu et al., 2017) 1 64 0.5M 99.42

CosFace (Wang et al., 2018) 1 64 0.5M 99.33

Contrastive CNN (Han et al., 2018) 1 16 0.5M 99.12

Personalized CNN 1 16 0.5M 99.40

Personalized CNN with ResNet-50 1 50 3.3M 99.63

Personalized CNN§ with ResNet-50 1 50 3.3M 99.68

Our results are shown in bold
*Denotes the training data is private (not publicly available). §denotes the ArcFace loss is used to train the model

Table 8 Comparison with existing methods on IJB-A, and top-1, top-5 accuracy for identification

Methods Data Veri. rate (%) on IJB-A Iden. rate (%) on IJB-A

@FAR=1e-1 @FAR=1e-2 @FAR=1e-3 @Rank-1 @Rank-5

OPENBR - 43.3 23.6 10.4 24.6 37.5

GOTS - 62.7 40.6 19.8 44.3 59.5

ReST (Wu et al., 2017) 0.5M - 63.0 54.8 - -

LSFS (Dayong et al., 2017) 0.5M 89.3 72.9 51.0 82.0 92.9

PAM (Masi et al., 2016a) 0.5M - 73.3 55.2 77.1 88.7

3DMM (Tuan Tran et al., 2017) 0.5M 87.0 60.0 - 76.2 89.7

Deep Multi-pose (AbdAlmageed et al., 2016) 0.5M 91.1 78.7 - 84.6 92.7

Triplet Similarity (Sankaranarayanan et al., 2016) 0.5M 94.5 79.0 59.0 88.0 95.0

Joint Bayesian (Chen et al., 2016) 0.5M 96.1 81.8 - 88.2 95.7

FaceID-GAN (Shen et al., 2018) 0.5M - 87.6 69.2 - -

FFGAN (Yin et al., 2017) 0.6M - 85.2 66.3 90.2 95.4

DR-GAN (Luan et al., 2017) 1.2M - 75.5 51.8 85.5 94.7

PRN (Kang et al., 2018) 3.3M - 96.5 91.9 98.2 99.2

UniformFace (Duan et al., 2019) 5.8M - 96.9 92.3 97.9 98.8

DemoID (Gong et al., 2020) 5.8M - - 92.2 - -

Contrastive CNN (Han et al., 2018) 0.5M 98.04 91.20 78.14 - -

Personalized CNN 0.5M 98.32 91.25 82.27 94.69 97.80

Personalized CNN with ResNet-50 3.3M 98.76 96.66 91.45 97.24 98.88

Personalized CNN§ with ResNet-50 3.3M 98.92 96.85 93.32 97.72 98.89

Our results are shown in bold
Results of GOTS and OPENBR are from (Klare et al., 2015). §denotes the ArcFace loss is used to train the model. It is worth noting that our
personalized CNN is not fine-tuned on the training splits of IJB-A to adapt the datasets
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Table 9 Comparison with state-of-the-arts on IJB-C

Methods Data Verification rate (%) on IJB-C (%)

TAR@FAR=1e-2 TAR@FAR=1e-3 TAR@FAR=1e-4 TAR@FAR=1e-5

GOTS (Maze et al., 2018) - 62.0 33.0 14.7 6.6

FaceNet (Schroff et al., 2015) 200M 81.7 66.5 48.7 33.0

VGGFace (Parkhi et al., 2015) 2M 87.1 74.8 59.8 43.7

VGGFace2 (Cao et al., 2018) 3.3M 94.7 90.9 84.1 74.7

SENet50 (Parkhi et al., 2015) 3.3M 96.0 91.0 84.0 -

DCN (Xie et al., 2018) 3.3M 98.3 94.7 88.5 -

DemoID (Gong et al., 2020) 5.8M - 92.9 89.4 83.2

Contrastive CNN (Han et al., 2018) 0.5M 94.07 84.54 70.27 54.59

Personalized CNN 0.5M 94.02 85.77 74.61 59.41

Personalized CNN with ResNet-50 3.3M 97.83 95.52 91.32 87.69

Personalized CNN§ with ResNet-50 3.3M 98.03 96.93 94.48 91.62

Our results are shown in bold
Results of GOTS, FaceNet and VGGFace are read from ROC curve in (Maze et al., 2018). §denotes the ArcFace loss is used to train the model

tectures to especially address the large pose variations. Our
method can be also regarded as a novel architecture, which
is orthogonal to those methods with new loss function (Deng
et al., 2018; Liu et al., 2016, 2017; Schroff et al., 2015;Wang
et al., 2018), and can be combined for further improvement.
Here, theArcFace loss is employed to investigate that our per-
sonalized CNN can be further improved with more advanced
loss function.

The comparison on LFW is shown in Table 7. As can
be seen, this dataset is almost saturated, and most recent
proposed methods achieve performance higher than 99%
in terms of mAcc, including Facenet (Schroff et al., 2015),
SphereFace (Liu et al., 2017), CosFace (Wang et al., 2018),
ArcFace (Deng et al., 2018), RegularFace (Zhao et al., 2019),
and UniformFace (Duan et al., 2019). When training on
the Webface dataset, our method achieves comparable accu-
racy to them even with a much shallower backbone. When
training on bigger dataset with deeper backbone and more
advanced loss, the accuracy of our personalized CNN is fur-
ther boosted, and even outperforms the recently proposed
DemoID (Gong et al., 2020). Those clearly demonstrate the
effectiveness of our personalized convolution.

Furthermore, the comparison is performed on the more
challenging IJB-A and IJB-C dataset, and the results are
shown in Table 8 and 9 respectively. On IJB-A, unlike PAM
(Masi et al., 2016a), 3DMM (Tuan Tran et al., 2017), DR-
GAN (Luan et al., 2017), Deep Multi-pose (AbdAlmageed
et al., 2016), and FFGAN (Yin et al., 2017), which are pro-
posed pose-aware face recognitionmethods, ourmethod isn’t
especially designed for dealing with extreme pose variations
of faces. But surprisingly, our method still obtains higher
accuracy than those specially designedmethodswhen trained
on the same dataset, i.e. CASIA-WebFace (Yi et al., 2014).

Fig. 7 Comparison of feature maps between our personalized CNN
and vanilla CNN. (1) In our personalized CNN, distinct features are
focused for different face images. The first row mainly focuses on the
regions around eyes, the second row highlights features of nose, and the
third row focuses not only eyes but also mouth. (2) In the vanilla CNN,
features of all face images are focused almost equally

What’s more, our Personalized CNN trained on VGGFace2
dataset even achieves comparable results with UniformFace
(Duan et al., 2019) which are trained on a much bigger
dataset. On the IJB-C, our personalized CNN is mainly com-
pared to methods trained on VGGFace2 (Cao et al., 2018).
As can be seen in Table 9, our method outperforms the
recent proposed DemoID (Gong et al., 2020). Those com-
parisons further show that the extracted personalized features
extracted with our personalized CNN can better distinguish
different persons even in challenging scenario.

4.5 Visualization and Failure Cases

To intuitively verify whether personalized kernel captures
one’s personalized characteristics, we visualize the averaged
feature maps across channel in the last convolutional layer of
our personalized CNN and vanilla CNN as it is easy to see
which regions are with higher responses in Fig. 7. However,
this does not imply other regionswith lower responses are not
exploited in the feature representation, though loosely speak-
ing smaller average responses generally mean less important
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Fig. 8 Illustration of featuremap of different images of the same person
from personalized kernel. The rows a, c, e, g show the images of one
person with variance on pose, expression respectively, and the rows b,
d, f, h show corresponding feature maps from personalized kernel

features. As can be seen, our personalized CNN focuses on
different features of distinct persons such as one’s eyes and
another one’s mouth, while the vanilla CNN focuses almost
the same center features leading to inferior discrimination.

To show the robustness of extracted personalized features
of one person to the variance of poses and expressions, we
visualize the feature maps of different images for the same
person output from the personalized convolutional layer. As
shown in Fig. 8, for the same person in each row, the regions
with high response of images from the same person are sim-
ilar even with variance on pose, and expression, e.g, eye
regions for persons in the rows (a) (c), nose regions for the
person in the row (e), and eye and nose regions for the person
in the row (g).

We also show several success and failure cases of our
personalized CNN on IJB-A dataset for face identification in
Fig. 9. As can be seen from Fig. 9 (a), the personalized CNN
can successfully recognize some face images with extreme
poses, occlusion, or blur variations while the vanilla CNN
can not. However, there are also some failure cases that our
method can hardly handle, while the L-vanilla CNN can still
recognize correctly as shown in the Fig. 9 (b). The failure
cases are substantially less than the success cases. On IJB-A
for face verification, at FAR=0.001, the success cases that our
personalizedCNNcan correctly verifywhile the vanillaCNN
can’t are up to 12.94%; and the failure cases that are wrongly
verified by our personalized CNN but still correctly verified
by the vanilla CNN only take up 2.38%. Those failure cases
are mainly because our personalized kernel highlights one’s
specialty that is different from others for better recognition,
while at the same time it may also enlarges some within-
class variations between the probe and gallery if it is extreme
enough to be more like between-class variations (like a2 > a
if a > 1). This leaves interesting room for further study.

5 Conclusion and FutureWork

Inspired by the observations about humans’ face recognition
perception, this work proposes a personalized convolution
method with personalized kernel to extract one’s special fea-
tures formore accurate face recognition. To achieve this goal,
ordinary kernel of each person created by a kernel genera-
tor is decomposed into two orthogonal components, i.e. the
commonality component and the specialty component. The
commonality component is filtered out by a reference set,
and the personalized component is retained as the personal-
ized kernel. Especially, the reference set can be constructed
as different types for various scenarios. Extensive experi-
ments demonstrate that our method achieves quite promising
performance of face recognition, implying that personalized
convolution can extract more discriminative features than a
fixed convolution.

(a) (b)

Fig. 9 Success and failure cases of our personalized CNN. a faces that our personalized CNN can correctly recognize, while the vanilla CNN can
not. b failure cases of our personalized CNN. The notation #images means the number of images in the probe template or Rank-1 template
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In the future, we would like to explore more generic struc-
ture to dealwith those extreme variations of pose, expression,
and etc.
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