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Abstract—In this paper, we propose a Face Segmentor-Enhanced Network (FSENet) for face recognition to exploit facial localized
property. Most existing methods emphasize the holistic characteristics on entire face images, which have limit discriminative ability due
to large intra-class variations and inter-class fine-grain. To address this, we present a face segmentor to parse the face into local
components and explore their internal correlations, which strengthens the discriminability to discern identities. Specifically, we
introduce a semantic parsing module to assign each pixel with a semantic part label. This module generates a set of parsing maps,
where each of them represents the pixel-wise occurrence probability of a certain facial component. We then segment facial regions
masked by the parsing maps to achieve local features. We further build the structure correlation of facial part features to boost
personalized attribute. We finally incorporate holistic and local information to improve the discriminative power of the face descriptor.
Extensive experiments on popular public-domain datasets including Labeled Face in the Wild (LFW), Youtube Faces (YTF), IARPA
IJB-A, IJB-B and IJB-C, and the MegaFace Challenge show that our method achieves promising performance.

Index Terms—Face recognition, localized property, face segmentor, semantic parsing, part mask, structure correlation.
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1 INTRODUCTION

F ACE recognition has attracted significant interests. Typically,
face recognition can be categorized as face verification and

face identification. Face verification performs the comparison on
a pair of faces to decide whether they belong to the same identity,
while face identification identifies a face from a gallery of faces.
Recently, the progress on the development of deep convolutional
neural network (CNN) [1], [2], [3], [4], [5] has significantly
improved the state-of-the-art performance for face recognition.

A number of deep learning based face recognition methods [6],
[7], [8], [9], [10], [11], [12], [13], [14], [15], [16], [17], [18],
[19], [20] have been proposed in recent years. DeepFace [6] first
employed CNN to recognize faces on basis of entire images.
Sun et al. presented a series of models [7], [8], [9] to extract
more accurate facial holistic features with deep advanced CNN
networks and multiple supervision signals (e.g., identification
loss and contrastive loss). DCN [21] proposed to compare a
pair of image sets involving attending to multiple discrimina-
tive local regions (landmarks). Moreover, many works presented
novel supervision signals to further boost the discriminability of
facial global representation. FaceNet [10] utilized triplet pairs to
minimize the distance between an anchor and a positive sample
and maximizes the distance between the anchor and a negative
sample. Center loss [13] penalized the distance between the face
and its corresponding center to compress intra-variance while
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Marginal loss [15] added an extra penalty term to softmax loss
to enlarge inter-distance on Euclidean space. A-Softmax [17] and
L-Softmax [16] maximized the decision margin on cosine angular
space to improve the discriminative descriptors. CosFace [22]
introduced a cosine margin term to further maximize the deci-
sion margin in the angular space. Similarly, ArcFace [23] had a
clear geometric interpretation due to the exact correspondence to
the geodesic distance on the hypersphere. Although the existing
methods have achieved promising performance with effective
architectures and supervision signals, most of them only pay
attention to maximizing face class separability based on global
representation. However, the rarely considered local property also
conveys personalized attributes (e.g., big/small eyes) to enhance
the discrimination of face features. Inspired by the facial parsing
architecture with its pixel-level accuracy, we exploit facial com-
ponent features and further build the geometric structure pattern
among these parts to complement holistic features.

In this paper, we present a Face Segmentor-Enhanced Network
(FSENet) for face recognition to take advantages of localized
characteristics. The proposed face segmentor targets at revealing
local information, which mainly consists of four modules: Back-
bone, Semantic Parsing, Part Mask and Correlation Matrix. To be
specific, we introduce a backbone module to extract facial appear-
ance features and cascaded residual blocks to explore the global
representation. To assist the holistic information, we exploit facial
localized cues which present facial part features and their structure
correlation. We first develop a semantic parsing network to mark
each face pixel, producing a set of component labelling parsing
maps. The semantic parsing network adopts the hourglass [24]
architecture to achieve facial segmentation and uses a down-
sampling module to select reasonable part parsing maps. To obtain
facial part features, we mask the backbone features with each part
parsing map and pool the masked area by weighted sum operation.
We further build the structure correlation of facial components
which comprises distances and angles among these parts. We
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Fig. 1. The overview of our proposed FSENet. We aim to simultaneously explore the global and local information. We adopt the backbone module to
extract facial appearance features and cascade several residual blocks to obtain the global representation. To explore the local part features, we first
design the semantic parsing network to produce a set of parsing maps which are used to mask each part appearance features. We then build the
structure correlation of facial parts to achieve the local representation. The final face descriptor joints global representation and local representation
to enhance the discriminative power of the network.

concatenate part features and their relations with other parts to
generate local representation. We finally incorporate holistic in-
formation and local information to boost the discriminative power
of face descriptor. Fig. 1 illustrates the overview of the proposed
approach. Our FSENet achieves very competitive performance on
public benchmarks LFW [25], YTF [26], IARPA IJB-A [27], IJB-
B [28], IJB-C [29] and MegaFace [30] datasets.

The main contributions of this paper are summarized as
follows:

• We propose a FSENet to simultaneously exploit the facial
global and local information.

• We introduce a face segmentor to achieve the local part
features and build their structure correlation information.

• Extensive experimental results on the LFW, YTF, IJB-A,
IJB-B, IJB-C and MegaFace datasets show the effective-
ness of our proposed method.

The rest of paper is organized as follows: Section 2 briefly re-
views the related studies. Section 3 illustrates the proposed method
elaborately. Experimental results are presented and discussed in
Section 4, followed by the conclusion in Section 5.

2 RELATED WORK

2.1 Face Representation Learning

Recently, face recognition has achieved significant progress with
the great success of deep CNN models [1], [2], [3], [4], [5].
Taigman et al. presented a DeepFace [6] which first employed an
effective CNN architecture and facial alignment for recognizing
faces. Tang et al. proposed a series of works: DeepID [7],
DeepID2 [8], DeepID2+ [31] and DeepID3 [9]. In DeepID, 60
CNN models with four convolutional layers were trained on
corresponding 60 local patches with the identification supervi-
sion. DeepID2 combined both face identification and verification

supervision signals on fully-connected layer to get more dis-
criminative face features, while DeepID2+ added identification-
verification supervision signals simultaneously on early convo-
lutional layers and fully-connected layer. As the extension of
DeepID2+, DeepID3 further explored more advanced network
structures (VGGNet and GoogLeNet) to boost recognition per-
formance. Xie et al. [21] present DCN to compare a pair of
image sets that involve attending to multiple discriminative local
regions (landmarks). On the Euclidean space, some researchers
proposed more discriminative supervisory signals. Schroff et al.
proposed FaceNet [10] by adopting triplet loss which minimized
the distance between an anchor and a positive sample, and maxi-
mized the distance between the anchor and a negative sample. To
compress the intra-distance, Wen et al. [13] added a center loss
to softmax loss which simultaneously learned a feature center for
each identity and penalized the distance between the face and its
corresponding center. To alleviate long tail distribution of training
data, Zhang et al. [14] proposed a range loss using k greatest
range’s harmonic mean values in one class and the shortest inter-
class distance within one batch. Moreover, Marginal loss [15]
selected the farthest intra-class samples and the nearest inter-class
samples to decrease intra-class variances as well as keep inter-
class distances. On the cosine angular space, L-Softmax [16] and
A-Softmax [17] were proposed to maximize the decision margin.
L-Softmax incorporated a preset constant m multiplying with the
angle between sample and classifier of ground-truth class, leading
to larger angular separability between learned features. Liu et
al. [17] proposed a SphereFace method which adopted A-Softmax
loss built on top of L-Softmax loss with weight normalization on
a hypersphere manifold. Wang et al. [22] reformulate the softmax
loss as a cosine loss by L2 normalizing both features and weight
vectors to remove radial variations while Deng et al. proposed
ArcFace loss [23] to utilize the arc-cosine function to calculate
the angle between the current feature and the target weight. Most
of these methods aim to improve discrimination built on holistic
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features. We tend to further explore facial local information to
make face features more sufficient.

2.2 Facial Parsing
Facial parsing provides the per-pixel estimation of its semantic
class, implicitly providing facial semantic segmentation. Warrell et
al. [32] introduced LabelFaces which used priors to loosely model
the topological structure of face images. Le et al. [33] proposed an
active shape model that allowed for greater independence among
facial components and improved the appearance fitting step by
a Viterbi optimization process. Zhou et al. [34] presented an
interlinked convolutional neural network (iCNN), where a special
interlinking layer was designed to integrate local information
and contextual information efficiently. Luo et al. [35] present-
ed a hierarchical structure via deep learning, where they used
component-specific segmentors on each component to estimate
pixel-wise label. Due to the low generalization of segmentors
on complicated label interactions, an exemplar-based face pars-
ing method [36] was proposed with hand-labeled segmentation
maps and a set of sparse keypoint descriptors. Zhou et al. [37]
presented Fully-Convolutional continuous CRF Neural Network
(FC-CNN) architecture to improve high segmentation accuracy.
On the other hand, the parsing information could benefit other
facial tasks. Chen et al. [38] made full use of the geometry
prior (e.g., parsing maps) to super-resolve low-resolution images.
Lu et al. [39] advanced the expression synthesis domain by the
introduction of a Couple-Agent Face Parsing based Generative
Adversarial Network (CAFP-GAN) that unites the knowledge of
facial semantic regions and controllable expression signals. We
are inspired by facial parsing that assigns each pixel a probability
value of its class to obtain facial semantic segmentation which
reveals facial geometry, assisting facial information.

3 PROPOSED APPROACH

In this section, we first introduce the motivations and the overview
of our proposed approach, and then illustrate the details of each
part in our framework. Lastly, we present the implementation
details.

3.1 Motivations
Deep learning based face recognition methods have shown the
effectiveness relying on the discriminative power of advanced net-
works. Nevertheless, the resulting features are nearly built on basis
of facial holistic appearance characteristics. The representation
still have insufficient information due to ignoring some detailed
local information. For example, the property of facial components
(e.g., eyes and nose) also provides judgment to discern identities.
To make full use of the local component features, we observe that
the facial parsing [34] could segment the face into semantic part,
covering rich localized information. The generated local features
are potentially complementary to holistic features.

Fig. 2 shows the cosine similarity scores of two persons with
appearance features, semantic features and the fused features,
respectively. Ia and Ib1 are different identities while Ib1 and Ib2
denote the same person with various poses. We compute the sim-
ilarity between different identities (Ia and Ib1) and same person
(Ib1 and Ib2) with these three-pattern features. The appearance
similarity between Ia and Ib1 is higher than Ib1 and Ib2 where
only with the holistic information, the appearance features may

Fig. 2. Cosine similarity among faces. Ia and Ib1 are from different
identities while Ib1 and Ib2 are the same person with various poses.
‘AF ’, ‘SF ’ and ‘Fusion’ indicates appearance features, semantic local
features and their combination, respectively. With the help of semantic
features, the face representation distinguishes different identities Ia and
Ib1 more obviously. On the other hand, the images Ib1 and Ib2 cause
the large distance of appearance features due to pose variations. The
semantic features extract each facial component characteristics which
show the similarity among same person faces.

lead to the wrong verification. For the semantic parsing features,
the similarity between various persons is obviously lower than
appearance similarity. The semantic information generated by
facial parsing provides the details of facial components, such
as big or small eyes, which assists the appearance information.
After fusing semantic information, it reduces the similarity among
different persons. On the other hand, the appearance features of
Ib1 and Ib2 are very different due to the pose variations while the
semantic features reveal each component personalized attributes
to show the similarity among same person images. Therefore, our
framework targets at incorporating holistic and local information
to enhance the discriminative ability of face descriptors.

3.2 Face Segmentor-Enhanced Network
Our proposed FSENet simultaneously exploits the global and
local information, which mainly consists of four parts: backbone
module, semantic parsing network, part mask and correlation
matrix module. The holistic and local features are both built on the
top of backbone module which extracts facial general appearance
features. We denote B as the backbone module with several
residual blocks similar to ResNet [4]. The produced backbone
features Bf are fed into two branches: one is used to extract global
features by cascading another residual blocks R after backbone
module while the other aims at exploring the localized cues. We
present the part mask M and structure correlation S modules
to achieve local information. The part mask module takes as
inputs backbone features Bf and semantic parsing maps which
are estimated by the semantic parsing network P .

Given an input face x, it is sent to the backbone module B and
the facial semantic parsing network P , respectively as follows:

Bf = B(x), Pf = P(x) (1)
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where Bf are the face appearance feature maps produced by
backbone module and Pf refer to semantic parsing maps. To
obtain the global representation gr , we resort to [23] architecture
R on the top of backbone features Bf with the global average
pooling layer to produce a 512-d descriptor as follows:

gr = R(Bf ) (2)

For obtaining local information, we first design part mask
module M to extract facial part features Lf (e.g., eye, nose
and mouth features), and then introduce the structure correlation
module S to build geometric structure characteristics Sf of
these parts features. We combine each part feature Lf with its
correlations to other parts Sf as the part descriptor d and flatten
these part descriptors to obtain the local representation lr. We
concatenate global representation and local representation as our
face descriptor y as follows:

Lfi = Bf ⊗ Pfi ,

Sf =

sl11 . . . sl1k
...

. . .
...

slk1
. . . slkk

,
di = [Lfi Sfi ],

lr = flatten(d1, . . . , dk),

y = [gr lr].

(3)

where ⊗ refers to the matrix element-wise dot product. Lfi is a
certain part feature and k is the number of facial parts.

During the training phase, we use several public datasets and
our private dataset (See details in Section 4.1) as the training set
to train our network end-to-end. We denote the training set as
{xi, yi}Ni=1 and employ Arcface loss function [23] L to train our
FSENet detailed in our supplementary material.

Our framework comprises two branches: the global and local
branches where the global representation gr and the local rep-
resentation lr are concatenated to produce face feature y. When
performing the optimization of net parameters, we compute the
gradients of each branch as follows:

∂L

∂y
= [

∂L

∂g

∂L

∂l
],

∂L

∂wgi
=

∂L

∂g
· ∂g

∂wgi
,

∂L

∂wli
=

∂L

∂l
· ∂l

∂wli

(4)

where wgi are the global branch parameters and wli are the local
branch parameters.

At the testing stage, we use the cosine distance of two face
descriptors as the similarity score to evaluate the effectiveness of
face recognition methods as follows:

s =
yi · yj
‖yi‖ · ‖yj‖

(5)

where yi and yj are the face features. Our algorithm is detailed in
our supplementary material.

3.3 Backbone Module
We design a backbone module with several residual blocks for
appearance feature extraction. The module outputs a set of CNN
feature maps which are the base of global features and facial local-
ized network. Each residual block mainly consists of convolutional

Feature maps with 28x28 Feature maps with 14x14Feature maps with 56x56

Fig. 3. Visualization of appearance feature maps with different sizes
(56× 56, 28× 28 and 14× 14 ).

layer, batch normalization layer, scale layer and relu layer (Conv-
BN-Scale-PReLU). Given the input face of 112 × 112, we resort
to ArcFace model [23] by modifying the convolutional layer in
first residual block with conv3×3, stride =1 instead of conv7×7,
stride=2 in original ResNet [4]. With the depth of neural network,
the size of feature maps decreases gradually, yet containing more
abstract features. The shallower feature maps with large size
include some redundant information while the higher abstract
feature maps may discard some useful facial details. In order
to obtain the tradeoff between facial details and compression
ability, we visualize several feature maps from different layers
with various sizes of 56 × 56, 28 × 28 and 14 × 14, shown in
Fig. 3.

Although the feature maps of 56 × 56 show obvious face
appearance information, yet they are redundant. On the other hand,
the feature maps of 14 × 14 obtain more abstract and pivotal
information, missing some facial details. Finally, we design our
backbone module with the size of 28 × 28 feature maps which
balance the facial details and the abstract information. To exploit
facial holistic features, we cascade another several residual blocks
after backbone module with the global average pooling, producing
a 512 dimensional vector as global representation. The detailed
architecture of backbone module and cascaded module shown in
our supplementary material.

3.4 Semantic Parsing Network
Facial parsing task aims to parse a face into facial parts, which
assigns each pixel with its semantic part label, e.g., left eye, upper
lip and eyebrows. Several facial parsing examples are presented in
our supplementary material. We choose the ground-truth parsing
maps of an image in Helen dataset [33] with 11 facial components.
We further illustrate facial parsing results of several different
faces with a pre-trained parsing model [33]. By the semantic
parsing maps, we can explore the accurate facial geometric pattern
(e.g., face shape and relative components locations), which help
distinguish faces even among similar faces. Inspired by the ability
of parsing model with semantic information, we introduce a facial
semantic parsing network to obtain the parsing maps, each of
which reveals the occurrence probability of each facial part. In
our network, we employ the parsing maps to mask backbone
features, generating the corresponding part features, which reveal
rich facial local cues. Our semantic parsing network consists of
resize module, hourglass architecture and down-sampling modules
as shown in Fig. 4.

In view of the advantage of hourglass architecture [24] able
to capture information at every scale, we develop this network
with two stacked hourglass modules to parse the face, which
is trained on Helen face dataset [33]. This dataset consists of
2,330 images and each face has 11 segment labels covering every
main component of face (e.g., hair, eyebrows and eyes) labelled
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Fig. 4. Our facial semantic parsing network. It comprises resize module, hourglass architecture and downsampling module. Given the 112 × 112
input image, we resize it to 128 × 128 for the input requirement of the hourglass net. The hourglass module generates 11 semantic parsing maps
with 128 × 128. In order to select more discriminative facial parts and mask with the appearance feature maps, we choose six part parsing maps
and pool them to 28× 28× 6.

by [36]. Given the input face size with 112 × 112, to satisfy
the input requirement 128 × 128 of trained parsing net, we first
design a resize layer with bilinear interpolation to adjust the input
size. During encoding process of hourglass network, we design
residual blocks [4] with kernel size 3, stride 2 down to a very
low resolution of 4× 4. The network then begins the upsampling
and combination of features across scales to generate parsing
maps. The output of hourglass module comprises 11 labelled
parsing maps, each of which contains 128 × 128 score values
predicting the probability of corresponding image pixel for this
label. However, among these 11 parsing maps there are some
facial component attributes liable to change in intra-class faces.
Taking the hair as an example, a female tends to change the hair
color, length or shape, leading to various features. Once these
features considered into the local information, it ruins discerning
faces. To leverage more discriminative facial parts, we select six
facial regions including skin, left eye, right eye, nose, upper lip
and lower lip as our final part parsing maps. Moreover, we pool
the parsing maps from 128× 128× 6 to 28× 28× 6 to mask the
appearance feature maps.

3.5 Part Mask

We introduce the part mask module to exploit local part features
which supplement the global features. We use the probability
parsing maps associated to six different facial regions to mask the
backbone features to achieve corresponding part features. These
probability maps are generated by the human semantic parsing
model and are normalized with L2 normalization across channels.
In the FSENet, we pool the output activations of CNN backbone
features multiple times, each time using one of the six probability
maps. The pooling activations within different semantic regions
associated to human body parts can be seen as a weighted-sum
operation where the probability maps are used as weights. This
is in contrast with global average pooling, which is agnostic with
respect to where in the spatial domain activations occur. Next,
we perform probability sum at each parsing channel and pool
the backbone feature activations divided by the probability sum
to overcome pose variations. Such the procedures result in six
feature vectors shown in Fig. 5, where each exclusively represents
one facial part.

We denote Pf ∈ R28×28×6 as the parsing maps and Bf ∈
R28×28×256 as the activation features of the backbone module.
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Fig. 5. The implementation of part mask module. M refers to the
generated parsing maps while F denotes the backbone features. V
is a certain part feature before normalization. The parsing maps are
used to mask the backbone features where we perform element-wise
dot product and conduct sum operation to produce a 256-D vector. We
next normalize the vector with the parsing maps sum value to produce
each part features.

We mask the backbone features with the parsing maps to obtain
part features. The implementation is detailed as follows:

L̂fk =
28∑
i=1

28∑
j=1

Bfij · Pfij , k ∈ {1, 2 . . . 256},

Lfk =
L̂fk∑

i,j∈Pfk
Pfij

(6)

where Pfij ∈ Pf is the element of one part parsing map
and Bfij ∈ Bf is the element of one backbone feature map.
We perform the element-wise dot product and sum operations,
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Fig. 6. The implementation of structure correlation module. fn refers to
the nose appearance feature after part mask module. Di refers to the
distances between nose and other five parts while Ai is the angle of
nose and other regions.

producing a 128 dimensional vector. We then normalize the vector
with the probability sum of each parsing map to finally obtain part
features.

3.6 Structure Correlation
The part features generated by the part mask are not sufficiently
discriminative to represent a face where many persons possibly
have a certain similar part feature. To address the limitation of the
seperated local parts, we build the geometric structure of these part
features, revealing the correlation among these regions, which is
a personalized characteristics robust to some intra-class changes.
To explore the relations of facial parts, we compute the distances
and angles between every two parts, leading to 6× 10 correlation
matrix. Taking the nose part as an example, we show the structure
relations of these six parts in Fig. 6.

We denote Lfn as the nose appearance feature after part mask,
and Lfs , Lfle , Lfre , Lful

and Lfll represent the features of
skin, left eye, right eye, upper lip and lower lip, respectively.
The distances and angles between nose and other parts follow
the equations:

Di =
√
‖Lfn − Lfi‖2, i ∈ {1, 2 . . . 5},

Ai =
Lfn · Lfi

‖Lfn‖2 · ‖Lfi‖2
, i ∈ {1, 2 . . . 5}

dn = [Lfn D1 A1 . . . D5 A5]

(7)

where Lfi is the feature of other parts, Di and Ai refer to the
distance and angle between the nose feature and the corresponding
part feature. We achieve nose descriptor dn by concatenating its
appearance feature Lfn with 128-d and its correlation with other
facial parts including distances Di and angles Ai. We finally

Fig. 7. The noisy face images examples. (a) The noisy images in
red frame of Daniel Radcliffe faces from FaceScrub dataset. (b) The
noisy faces in green frame from MegaFace distractors which appear in
FaceScrub dataset.

flatten all the part features to produce local representation with
828 dimensions.

3.7 Implementation Details

Preprocessing: For the IJB-A [27], IJB-B [28], IJB-C [29]
datasets, we firstly adopted FPN [40] to align the large-posed
faces. Then, face area and landmarks were detected by MTCN-
N [41] for the entire set of training and testing images. Then, the 5
facial points (two eyes, nose and mouth corners) were adopted
to perform similarity transformation which achieved the facial
alignment. On the basis of 5 facial points, we cropped faces with
image size of 112× 112. Each pixel (in [0,255]) in RGB images
was normalized by subtracted 127.5 then divided by 128.

Training: We implemented the proposed network by
Caffe [42] with our modifications on multi-GPUs to hold more
samples within one batch. Our network was trained end-to-end
through SGD. We set the batch size of 128 on 4 GeForce GTX
1080Ti GPUs. The learning rate began with 0.1, apart from the
fixed face segmentor module, and divided by 10 at the interval
of 100K iterations till 400K. We set the momentum at 0.9 and
weight decay at 5e− 4.

Testing: At the testing stage, features of the original image
and the flipped image were concatenated together and then L2
normalized. The cosine distance of two features was computed
as the similarity score. Finally, face verification and identification
were conducted by thresholding and ranking the scores, respec-
tively.

4 EXPERIMENTS

In this section, we first introduce the datasets including training
and testing sets, then we perform experiments on several public
benchmarks LFW [25], YTF [26], IJB-A [27], IJB-B [28], IJB-
C [29] and MegaFace [30] datasets to evaluate the effectiveness
of our proposed FSENet. We finally analyse the effects of key
components and parameters in our framework.

4.1 Datasets

4.1.1 Training data
At the training stage, we used a training set consisting of about
8 million images of 110K identities in total. The training set
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mainly includes two public available datasets (Ms-Celeb-1M [43]
and VGGFace2 [44]) and our private dataset.

Ms-Celeb-1M: The original Ms-Celeb-1M [43] dataset com-
prises about 100K identities with 10 million images. Despite it
is a large-scale dataset, yet the dataset has massive noisy labeled
images which would ruin the training process. To decrease the
noise of Ms-Celeb-1M and get a high-quality training data, we
employed the lightCNN [45] to re-sample the original dataset
where we cleaned the noisy images in all subjects and merged
the images from different folders with the same identity. Finally,
we obtained the refined Ms-Celeb-1M dataset containing 4 million
images of 82K identities.

VGGFace2: The VGGFace2 [44] dataset contains 3.31 mil-
lion images of 9,131 subjects, with an average of 362.6 images
for each subject. The dataset has large variations in pose, age,
illumination, ethnicity and profession. Since VGGFace2 is a high-
quality dataset, we used it directly without any data refinement.
The dataset is divided into training split and evaluation split. We
used the training split with 2.21 million images for 8,631 classes
in our experiment.

Our private dataset: During the collection of our private
dataset, we first found as many subjects as possible that were
celebrities and public figures available easily. Then, we chose
the subjects with a considerable diversity in profession, age and
ethnic, etc. The images of chosen identities were crawled from
website. Finally, we employed MTCNN [41] to detect faces and
discarded the noisy images without detected faces. The remaining
face images contains 0.6 million images of 20K identities.

4.1.2 Testing data
We target to verify the recognition performance of our proposed
approach compared with the state-of-the-art methods on public
benchmarks LFW [25], YTF [26], IJB-A [27], IJB-B [28], IJB-
C [29] and MegaFace [30] datasets.

LFW: The LFW [25] dataset contains 13,233 web-collected
images from 5,749 different identities, with large variations in
pose, expression and illuminations. Though LFW contains 5,749
people, only 85 have more than 15 images, and 4,069 people have
only one image. We followed the standard protocol of unrestricted
with labeled outside data [46] and test on 6,000 face pairs.

YTF: The YTF [26] dataset consists of 3,425 videos of 1,595
different people, with an average of 2.15 videos per person. The
clip durations vary from 48 frames to 6,070 frames, with an
average length of 181. 3 frames. We also followed the unrestricted
with labeled outside data protocol [46] and reported the results on
5,000 video pairs.

IJB-A: The IJB-A [27] dataset is a publicly available challenge
proposed by IARPA and spread by NIST to push frontiers of face
recognition in the wild since lately LFW performance saturated.
The IJB-A contains 5,712 images and 2,085 videos from 500
subjects, with an average of 11.4 images and 4.2 videos per sub-
ject. All the images and videos are captured from unconstrained
environment and show large variations in expression and image
qualities. The IJB-A evaluation protocol mainly consists of face
verification (1:1) and face identification (1:N). In this dataset, each
subject is described by a template containing a set of images or
frames extracted from videos.

IJB-B: The IJB-B [28] dataset is an extension of IJB-A, which
contains 1,845 subjects with 21.8K still images (including 11,754
face and 10,044 non-face) and 55K frames from 7,011 videos. In
total, there are 12,115 templates with 10,270 genuine matches

TABLE 1
Verification performance of existing methods compared with our

approach on the LFW and YTF datasets.

Method LFW YTF
TL JointBayesian [47] 96.33 –
CASIA-WebFace [48] 97.73 92.24
DeepFace [6] 97.35 92.50
DeepID [7] 97.45 92.20
DeepID2 [8] 99.15 –
DeepID2+ [31] 99.47 93.20
DeepID3 [9] 99.53 –
VGGFace [49] 98.95 97.30
Baidu [50] 99.13 –
Face++ [51] 99.50 –
Multimodal [52] 98.43 –
Facebook [53] 98.37 –
MSU TR [54] 98.23 –
Multibatch [55] 98.80 –
Aug [56] 98.06 –
NormFace [57] 99.19 94.72
FaceNet [10] 99.63 95.12
DeepVisage [58] – 96.24
NAN [59] – 95.72
TBE-CNN [60] – 94.96
L-Softmax [16] 98.71 94.00
CenterFace [13] 99.28 94.90
MarginalLoss [15] 99.48 95.98
RangeLoss [14] 99.52 93.70
SphereFace [17] 99.42 95.00
CosFace [22] 99.73 97.60
PRN [61] 99.76 96.30
ArcFace [23] 99.82 98.02
Our FSENet 99.82 97.89

and 8 million impostor matches. We evaluated the models on
the standard 1:1 verification protocol [28] (matching between the
Mixed Media probes and two galleries).

IJB-C: The IJB-C [29] dataset is a further extension of IJB-
B, having 3,531 subjects with 31.3K still images and 117.5K
frames from 11,779 videos. In total, there are 23,124 templates
with 19,557 genuine matches and 15,639K impostor matches.

MegaFace: The MegaFace [30] challenge is released as the
largest public available testing benchmark, which aims at evaluat-
ing the performance of face recognition algorithms at the million
scale of distractors. MegaFace includes gallery set and probe
set. The gallery set consists of more than one million distractors
from 690K different individuals. FaceScrub [78] as the probe
set is a publicly available dataset that contains 100K photos of
530 unique individuals, in which 55,742 images are males and
52,076 images are females. For face identification task, we should
ensure all the face images with the same label are from the same
identity of the probe set while the gallery distractors are totally
non-overlapping with the probe set identities. However, there are
some noisy face images not only existing in FaceScrub dataset
but also appearing in one million distractors, which significantly
affect the performance. In Fig. 7, we give some noisy face image
examples from FaceScrub dataset and gallery set. In (a), the
images in red are not Daniel Radcliffe and (b) shows the faces
in blue from the distractors also appear in FaceScrub identities
Arnold Schwarzenegger and Aaron Eckhart. To avoid the negative
influence of noisy faces, we referred to [23] filtering the noisy
face images in FaceScrub and gallery set, which increased the
recognition accuracy significantly.
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TABLE 2
Recognition performance on the IJB-A dataset. For 1:1 verification performance, TAR at FAR of 1/10,1/100 and 1/1000 are presented while the

identification performance is reported with the Rank-1, Rank-5 and Rank-10 accuracy.

Method 1:1 Verification 1:N Identification
FAR=0.001 FAR=0.01 FAR=0.1 Rank-1 Rank-5 Rank-10

OpenBR [62] 0.104±0.014 0.236±0.009 0.433± 0.006 0.246±0.011 0.375±0.008 –
GOTS [27] 0.198±0.008 0.406±0.014 0.627± 0.012 0.433±0.021 0.595±0.020 –
B-CNN [63] – – – 0.588±0.020 0.796±0.017 –
Pooling Faces [64] – 0.309 0.631 0.846 0.933 0.951
LSFS [65] 0.514±0.060 0.733±0.034 0.895± 0.013 0.820±0.024 0.929±0.013 –
Deep Multi-pose [66] – 0.787 0.911 0.846 0.927 0.947
DCNN+metric [67] – 0.787±0.043 0.947± 0.011 0.852±0.018 0.937±0.010 0.954±0.007
Triplet Similarity [68] 0.590±0.050 0.790±0.030 0.945± 0.002 0.880±0.015 0.950±0.007 0.974±0.006
VGG-Face [49] – 0.805±0.030 – 0.913±0.010 – 0.981±0.005
PAMs [69] 0.652±0.037 0.826±0.018 – 0.840±0.012 0.925±0.008 0.946±0.007
DCNNfusion [70] – 0.838±0.042 0.967±0.009 0.903±0.012 0.965±0.008 0.977±0.007
Masi et al. [56] 0.725 0.886 – 0.906 0.962 0.977
Triplet Embedding [71] 0.813±0.020 0.900±0.010 0.964±0.005 0.932±0.010 – 0.977±0.005
Template Adaptation [72] 0.836±0.027 0.939±0.013 0.979±0.004 0.928±0.010 0.977±0.004 0.986±0.003
All-In-One [73] 0.823±0.020 0.922±0.010 0.976±0.004 0.947±0.008 – 0.988±0.003
NAN [74] 0.881±0.011 0.941±0.008 0.978±0.003 0.958±0.005 0.980±0.005 0.986±0.002
L2-softmax [75] 0.910±0.013 0.951±0.006 0.979±0.003 0.961±0.007 – 0.983±0.003
VGGFace2 [44] 0.921±0.014 0.968±0.006 0.990±0.002 0.982±0.004 0.993±0.002 0.995±0.001
PRN [61] 0.919±0.013 0.965±0.004 0.988±0.002 0.982±0.004 0.992±0.002 0.995±0.001
MN-v [76] 0.906±0.020 0.959±0.004 0.987±0.002 – – –
MN-vc [76] 0.920±0.013 0.962±0.005 0.989±0.002 – – –
Our FSENet 0.929±0.003 0.972±0.010 0.988±0.008 0.986±0.006 0.992±0.008 0.995±0.007

TABLE 3
Recognition performance of 1:1 verification evaluation at various FAR metrics on the IJB-B and IJB-C datasets.

Method IJB-B IJB-C
FAR=1e-5 FAR=1e-4 FAR=1e-3 FAR=1e-2 FAR=1e-1 FAR=1e-5 FAR=1e-4 FAR=1e-3 FAR=1e-2 FAR=1e-1

Whitelam et al. [28] 0.350 0.540 0.700 0.840 0.950 – – – – –
Navaneeth et al. [77] – 0.685 0.830 0.925 0.978 – – – – –
GOTS-1 [29] – – – – – 0.090 0.160 0.320 0.620 0.800
FaceNet [29] – – – – – 0.330 0.490 0.660 0.820 0.920
VGG-CNN [29] – – – – – 0.430 0.600 0.750 0.860 0.950
ResNet50 [44] 0.671 0.804 0.891 0.947 0.975 0.734 0.825 0.900 0.950 0.980
SENet50 [44] 0.705 0.831 0.908 0.956 0.984 0.747 0.840 0.910 0.960 0.987
MN-v [76] 0.683 0.818 0.902 0.955 0.984 0.755 0.852 0.920 0.965 0.988
MN-vc [76] 0.708 0.831 0.909 0.958 0.985 0.771 0.862 0.927 0.968 0.989
ResNet50+DCN(Kpts) [21] – 0.850 0.927 0.970 0.992 – 0.867 0.940 0.979 0.997
ResNet50+DCN(Divs) [21] – 0.841 0.930 0.972 0.995 – 0.880 0.944 0.981 0.998
SENet50+DCN(Kpts) [21] – 0.846 0.935 0.974 0.997 – 0.874 0.944 0.981 0.998
SENet50+DCN(Divs) [21] – 0.849 0.937 0.975 0.997 – 0.885 0.947 0.983 0.998
ArcFace(R50) [23] – 0.898 – – – – 0.921 – – –
ArcFace(R100) [23] – 0.942 – – – – 0.956 – – –
Our FSENet 0.883 0.945 0.964 0.980 0.995 0.887 0.942 0.955 0.984 0.996

TABLE 4
Recognition performance on the FaceScrub dataset. “Rank-1” indicates
the rank-1 identification accuracy with 1 million MegaFace distractors,
and “FAR=1e-6” indicates verification TAR at 10−6 FAR. (C) denotes

the cleaned MegaFace dataset.

Method Rank-1 FAR=1e-6
CenterFace [13] 63.38 75.68
NormFace [57] 65.03 75.88
FaceNet [10] 70.49 86.47
SphereFace [17] 75.76 89.14
Marginal Loss [15] 78.27 92.64
CosFace [22] 82.72 96.65
ArcFace [23] 82.72 96.98
ArcFace(R) [23] 98.35 98.48
Our FSENet 82.59 97.07
Our FSENet(C) 98.06 98.48

4.2 Evaluation on LFW
We evaluated our approach on the famous face recognition
benchmark LFW dataset [25] in unconstrained environments.
The performance of our approach was measured on 6,000 face
pairs. Our model (trained on Ms-Celeb-1M, VGGFace2 and our

private dataset) extracted the face descriptors of 6,000 pairs and
performed face verification by thresholding the pair score of
cosine similarity. Table 1 lists the experimental results of our
method compared with other existing methods on LFW dataset.
The results show that our method achieves the state-of-the-art
performance. Obviously, the methods without the deep network
(e.g., JointBayesian [47]) had relatively worse recognition per-
formance. With the advancement of deep CNN, a series of deep
learning methods (DeepFace [6], DeepID [7] and DeepID3 [9])
adopted various networks on entire faces to explore the holistic
appearance features. Further, some works such as CenterFace [13],
FaceNet [10] and MarginalLoss [15] added a penalty term to
softmax loss on Euclidean space to train their networks, en-
hancing the discriminative ability of face descriptors. Moreover,
SphereFace [17], CosFace [22] and ArcFace [23] improved the
supervision signals by introducing boundary margin on cosine
angular space. Although these methods have obtained excellent
performance by the advanced loss functions, the face features only
built on top of the facial global information which is insufficient
for discerning identities. PRN [61] adopted the pairwise relations
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of local patches, complementing the holistic features to achieve
the impressive recognition rate. Our approach also simultaneously
explores both global characteristics and localized property to
enhance the face descriptors, and obtain the best performance.

4.3 Evaluation on YTF
We further validated our approach on the video-level face verifi-
cation dataset, YTF dataset [26]. The image quality of YouTube
video frames is generally worse than that of web photos, mainly
due to motion blur or viewing distance. To evaluate the efficacy of
our method on poor quality images, we test our model on 5,000
video pairs from YTF dataset. The experimental results in Table 1
shows that our performance surpasses most of the state-of-the-art
methods. Most of the existing face verification systems achieved
high performance with huge training data or model ensemble.
Among the state-of-the-art methods, FaceNet [10] leveraged their
large private dataset with about 200 million training samples.
VGGFace [49] model achieved the promising performance, ben-
efiting a lot from front face selection and triplet loss embedding
with carefully selected triplets. CosFace [22] and ArcFace [17]
introduced advanced deep network and supervision signals to
obtain excellent performance. In these methods, the extracted
face features were rarely discerned with similar background or
outline due to the poor-quality images. Our method segments faces
to isolated parts including background, facial outline and each
facial components and further build their relations. The generated
features not only reveal holistic appearance information but facial
localized property, which help distinguish the blurry faces.

4.4 Evaluation on IJB-A
We conducted experiments to evaluate the performance of our
approach on IJB-A dataset [27] with large variations in pose, ex-
pression and image quality. The IJB-A dataset is a template-based
benchmark where each training and testing sample comprises a
set of static images and sampled video frames. There are ten splits
in IJB-A verification (1:1) protocol and identification (1:N) pro-
tocol [27], respectively. In each split, 500 subjects are randomly
seperated into training set with 333 identities and testing set with
167 subjects. Given a test template, we generated a common vector
representation by pooling the individual face descriptors. Metric
for 1:1 verification is evaluated using the true accept rates (TAR)
vs. false accept rates (FAR) while the identification performance
is reported by the Rank-N . The final result is the average and
standard deviations over ten splits.

Table 2 tabulates the evaluation results of our network com-
pared with other state-of-the-art algorithms. Most existing meth-
ods, such as VGGFace [49] and DCNNfusion [70] adopted deep
advanced CNN and multiple loss functions to train the face model.
Although these networks were deep enough, they still lacked the
abundant discriminability, only relying on the extracted global
appearance features. Especially, the faces have large variations
in pose which result in huge differences among the same identity.
Our approach explores the facial localized cues, which assist the
global information. By introducing the facial semantic parsing, our
approach extracts the facial part features and we further reveal the
geometric pattern of facial parts. In view of the IJB-A dataset with
full pose variations, our local information is more robust to the
pose changes than the global features. The experimental results
present our approach surpasses other methods and obtains the best
performance.

4.5 Evaluation on IJB-B and IJB-C

On the IJB-B dataset [28], we compared 1:1 verification TAR
performance with the previous state-of-the-art methods [21], [28],
[44], [76], [77]. The experimental results in Table 3 show the effec-
tiveness of our approach. Cao et al. [44] trained ResNet-50 [4] and
SE-ResNet-50 [79] (SENet for short) on VGGFace2 [44] dataset.
All the networks were trained for classification using the softmax
loss function which is a weak supervision signal. Multicolumn
Network (MN) [76] took a set of images as input, and learnt to
compute a fix-sized feature descriptor for the entire set based on
both visual quality (resolution, illumination), and content quality
(relative importance for discriminative classification). The network
was also trained on VGGFace2 [44] with standard image-wise
classification loss. MN [76] method is better than Cao et al. [44]
due to more exquisite network architecture. DCN [21] further
introduced discriminative local regions (landmarks), and com-
pared local descriptors between pairs of faces. The local similarity
surpassed the traditional cosine similarity metric on entire face.
ArcFace [23] obviously boosted the recognition performance, ben-
efiting from more training data (VGGFace2 and Ms-Celeb-1M),
deeper neural network (ResNet-100) and discriminative arcface
loss function. Our work is built on top of arcface loss function and
introduces facial parsing information to make the whole network
extract more sufficient face descriptors. Our method exceeds most
existing methods with the assistance of local region features.

Similarly, we compared 1:1 verification TAR performance
with the previous state-of-the-art methods [21], [28], [44], [76],
[77] on the IJB-C dataset [29]. Our training set including high-
quality VGGFace2 dataset with large variations makes the trained
model generalized to IJB-C better. Table 3 lists the 1:1 verification
TAR performance with different FAR metrics and show that our
method outperforms most of existing models.

4.6 Evaluation on MegaFace

MegaFace [30] is a very challenging testing benchmark recently
released for large-scale face identification and verification. We
used the FaceScrub dataset as the probe set and MegaFace gallery
set with 1 million distractors to evaluate the performance of our
approach. For face identification, we used Rank-1 accuracy as
the metric while we adopted the metric TAR at FAR=10−6 for
verification evaluation. We evaluated our approach on MegaFace
dataset and the cleaned MegaFace dataset by removing the noisy
images from FaceScrub and MegaFace distractors.

Table 4 tabulates our approach and other published methods,
and it shows our network achieves competitive performance. For
other existing methods, they boosted the performance mainly by
improving the loss function to pull the same identity together
and push different identities apart. CenterFace [13] and Marginal-
Loss [15] added an extra penalty term to compress intra-variance
and enlarge inter-distance on Euclidean space. On cosine angular
space, Sphereface [17] and CosFace [22] incorporated a preset
constant m multiplying by the angle between the sample and the
classifier of ground-truth class with weight normalization on a
hypersphere manifold. Currently, ArcFace [23] achieves state-of-
the-art performance and our global architecture is built on this
model. We reproduced this method and the results is reported in
Global column, shown in Table 7. Although our method seems to
be inferior to arcface method, it may be caused by some training
tricks and computation resources. ArcFace trained their model on
four 24GB GPUs with batchsize 512 while we trained our model
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TABLE 5
Recognition performance on the LFW, YTF and MegaFace datasets with various training datasets. For the MegaFace dataset, 1:N identification

Rank-1 performance and 1:1 verification TAR at FAR=1e-6 are reported. (C) denotes the cleaned MegaFace datasets and (R) refers to the refined
Ms-Celeb-1M dataset.

Training Subjects Images LFW YTF MegaFace MegaFace(C)
Rank-1 FAR=1e-6 Rank-1 FAR=1e-6

CASIA-WebFace 10K 0.49M 97.21 94.26 79.32 94.66 94.27 94.31
Ms-Celeb-1M 100K 10M 98.86 95.96 80.61 95.59 96.56 96.84
Ms-Celeb-1M(R) 82K 4M 99.56 96.45 81.95 96.42 97.20 96.97
VGGFace2 8631 3M 99.63 96.99 82.04 96.80 97.36 97.69
Our dataset(≥ 100) 21K 4.5M 99.75 97.78 82.48 96.94 97.95 98.26
Our dataset(≥ 20) 85K 7.2M 99.82 97.89 82.59 97.07 98.06 98.48
Our dataset(All) 110K 8M 99.66 97.66 82.23 96.84 97.88 98.19

on four 12GB GPUs with batchsize 128. The size of sample
batches could affect the training process. On the other hand,
compared to our global performance in Table 7, with the assistance
of local information, we improve the recognition performance
better and obtain very comparable results.

4.7 Analysis
4.7.1 Performance of Training Scale
The training scale dominants the generalization ability of face
descriptors. We conducted experiments to investigate the sensitive-
ness of various training scales. We chose several public training
datasets (e.g., CASIA-WebFace, Ms-Celeb-1M and VGGFace2)
and our training dataset to train the network. To avoid the long-
tail effect, we discarded some identities, in which the number
of images was less than a minimum threshold. Table 5 presents
the numbers of images and subjects in various training sets and
it shows identification and verification results on LFW, YTF and
FaceScrub dataset with 1 million MegaFace distractors. The exper-
imental results illustrate that our training dataset with the image
number per identity more than 20 achieves better performance
than other settings where it overcomes the long tail distribution in
all of our training data. The small training scale, such as CASIA-
WebFace is insufficient to promote the discriminative ability of
face descriptor. On the other hand, even though Ms-Celeb-1M is
a large-scale set, it suffers from large noisy labeled images impact
on identifying people.

Moreover, we analysed the effect of supervision signals and
the results on large-scale IJB-B and MegaFace and cleaned
MegaFace datasets are presented in Table 6. A-Softmax [17] and
CosFace [22] is obviously superior to the softmax. The parameter
m in ArcFace loss decides the boundary margin. We set various
parameter m in Table 6 to show the recognition performance.
The small parameter m produces small decision boundaries while
the large m makes the model become difficult to train. With the
parameter m = 1.5, our network obtains the best performance.

4.7.2 Effect of Global and Local Representation
The facial global representation presents holistic features while
local representation reveals the localized cues. In our framework,
we combined global representation and local representation to
improve the discriminability of face descriptors. For the holistic
characteristic, we resorted to the ArcFace [23] architecture with
the global average pooling layer to generate a 512-d vector and
then normalized them with L2 normalization to obtain the global
representation. To verify their complementarity, we compared the
recognition performance of global and local representation on
LFW, YTF, IJB-A, IJB-B, IJB-C and MegaFace datasets shown
in Table 7.

TABLE 6
Effect of various supervision signals on IJB-B and MegaFace datasets.

For the IJB-B, 1:1 verification TAR performance at FAR=1e-4 and
FAR=1e-3 while 1:N identification Rank-1 performance and 1:1

verification TAR at FAR=1e-6 are reported on MegaFace Challenge.

Loss m IJB-B MegaFace
FAR=1e-4 FAR=1e-3 Rank-1 FAR=1e-6

Softmax – 80.36 88.74 78.69 93.24
A-softmax – 85.69 93.16 79.91 94.38
CosFace – 85.96 92.59 81.06 96.00
ArcFace 0.5 92.62 95.07 81.64 96.51
ArcFace 1 93.76 95.26 82.10 96.86
ArcFace 1.5 94.35 96.43 82.59 97.07

TABLE 7
Effect of global and local representation on the LFW, YTF, IJB-A, IJB-B,
IJB-C and MegaFace datasets. For the IJB-A dataset, 1:1 verification,

TAR at FAR of 1/1000 are presented while 1:N identification is reported
with Rank-1. On the other hand, 1:1 verification TAR at FAR=1e-4 is

listed on the IJB-B and IJB-C datasets. For the MegaFace dataset, “Id.”
refers to the face identification Rank-1 accuracy and “Ver.” refers to the

face verification with FAR=1e-6. (C) refers to the cleaned MegaFace
dataset.

Dataset Global Global+Local
LFW 99.67 99.82
YTF 97.40 97.89

IJB-A 92.24 (1:N) 92.29 (1:N)
97.01 (1:1) 98.61 (1:1)

IJB-B 94.16 94.35
IJB-C 93.95 95.08

MegaFace 81.19 (Id.) 82.59 (Id.)
96.80 (Ver.) 97.07 (Ver.)

MegaFace(C) 97.53 (Id.) 98.06 (Id.)
98.19 (Ver.) 98.43 (Ver.)

Moreover, we also analyse the effect of parsing features and
the combination ratio of global and local features. The parsing
features produced by the semantic parsing network could provide
some semantic information, so we also evaluated the performance
of facial parsing features. To obtain local part features, we first
masked the backbone appearance features with parsing maps, and
then explored the geometric structure of part features. Moreover,
we concatenated these two features to show the recognition perfor-
mance. We set various representation weights to show the effect of
local and global representations, where 1:0.6 refers to the global
representation and the local representation multiplied by a weight
1 and 0.6, respectively. Table 8 presents the experimental results
of four pattern features on MegaFace dataset and the cleaned
MegaFace dataset. From the results, we see that the combination
of global and local representations achieves the best performance.
The parsing features are used to assist the localized character-
istics with some semantic information. The global representation
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TABLE 8
Recognition performance of the FaceScrub dataset with 1 million

MegaFace distractors with various features.

Representation Weight Id. Ver. Id.(C) Ver.(C)
Parsing – 58.53 81.27 82.52 84.57
Local Part – 70.35 90.78 91.12 92.78
Global – 81.19 96.80 95.03 98.19

Combination

1:1 82.32 96.84 97.53 97.09
1:0.8 82.05 96.99 97.75 98.11
1:0.6 82.59 97.07 98.06 98.48
1:0.4 81.93 96.85 97.26 97.89

TABLE 9
Recognition performance with facial landmarks and parsing information
on several datasets. For the IJB-A dataset, 1:1 verification, TAR at FAR

of 1/1000 are presented while 1:N identification is reported with
Rank-1. On the other hand, 1:1 verification TAR (at FAR=1e-4) on the

IJB-B and IJB-C datasets. For the MegaFace dataset, “Id.” refers to the
face identification Rank-1 accuracy and “Ver.” refers to the face

verification with FAR=1e-6.

Dataset Landmarks Parsing
LFW 99.72 99.82
YTF 97.66 97.89

IJB-A 92.68 (1:1) 92.93
98.15 (1:N) 98.62

IJB-B 94.22 94.35
IJB-C 94.18 95.08

MegaFace 81.54 (Id.) 82.59
96.94 (Ver.) 97.07

MegaFace 97.69 (Id.) 98.06
98.30 (Ver.) 98.48

reveals the face holistic characteristics while the local part features
presents the facial localized cues. These two pattern information
are complementary, and with the 1:0.6 combination, the face
representation obtains more discriminative capability.

4.7.3 Effect of Semantic Parsing Network
We tentatively performed experiment by introducing facial land-
mark information compared to the parsing information. We have
adopted the hourglass module [24] to generate the landmark
heatmaps. We used Liu [80] method to estimate 68 landmarks
of CelebA [81] dataset as the training set. Then, we concatenated
landmark heatmaps with the backbone module and cascade resid-
ual blocks to obtain the face features. The framework was trained
with ArcFace loss [23] from scratch, apart from the hourglass
module fixed. We employed the trained model on LFW, YTF, IJB-
A/B/C and MegaFace datasets to see the recognition performance.
The experimental results are shown in Table 9. The landmarks can
provide useful information to improve the face recognition, but it
is kind of less sufficient than the parsing information.

We leveraged the semantic parsing network to obtain 11 facial
parsing maps, each of which represented the occurrence probabili-
ty of a certain facial component. The semantic paring network was
presented with two hourglass modules [24] where we set various
modules and different sizes of feature maps at encoding stage to
verify the effects of parsing architecture. Table 10 tabulates the
recognition performance on LFW, IJB-A and MegaFace datasets
with various parsing settings. The experimental results show that
the semantic parsing network of two hourglass modules with 4×4
encoding feature maps obtain the best performance. The more
hourglass modules produce overfitting model with small scale
training data of Helen [33] while one hourglass module encodes
insufficient features, leading to inaccurate parsing maps. On the

TABLE 11
Recognition performance of YTF, IJB-A and FaceScrub dataset with 1

million MegaFace distractors with various part parsing maps. “All” refers
to 11 parsing maps, “Nine” refers to the parsing maps without hair and

background components, and “Six” refers to our choosen parts.

Map YTF IJB-A MegaFace
FAR=1e-3 Rank-1 Rank-1 FAR=1e-6

All 95.54 90.51 97.03 79.31 95.10
Nine 96.72 91.62 97.95 81.01 95.98
Six 97.89 92.93 98.62 82.59 97.07

TABLE 12
Recognition performance on YTF, IJB-A and MegaFace datasets with

various feature maps. 28× 28 refers to the map size of backbone
features and parsing maps.

MapSize YTF IJB-A MegaFace
FAR=1e-3 Rank-1 Rank-1 FAR=1e-6

56× 56 96.18 90.95 96.58 79.31 96.15
28× 28 97.89 92.93 98.62 82.59 97.09
14× 14 95.39 91.22 97.06 80.74 95.98

other hand, the sizes of encoding feature maps also influence the
quality of parsing maps. There exists some redundant information
with larger encoding feature maps 8 × 8 and the 2 × 2 feature
maps may result in losing some important information. With 4×4
feature maps, we obtain precise facial parsing maps.

We further analyzed the effect of the generated parsing maps
where some of them tend to be changeable. We performed ex-
periment to select various facial parts to evaluate the recognition
performance on YTF, IJB-A and MegaFace datasets. Table 11
illustrates that our semantic parsing network with a part of dis-
criminative facial components achieves better performance. In all
parsing maps, the background, hair and other facial parts are easy
to change within intra-class images, undermining the recognition
rate. After removing these reliably changed components, we used
two eyes, nose, two lips and skin as our final part parsing maps.
These facial parts reveal the accurate structure pattern to enhance
the discriminative power of face descriptor.

Moreover, we explored the influence of backbone feature maps
with various sizes as illustrated in Table 12. We designed the
backbone module to generate different feature maps with 56×56,
28 × 28 and 14 × 14, respectively. The down-sampling module
in semantic parsing network pooled the original parsing maps of
128 × 128 directly to the same size of backbone feature maps
with max-pooling operation. The results in Table 12 show that the
feature maps with 28×28 obtain the best performance. In 56×56
feature maps, they may contain some redundant information while
the 14× 14 feature maps possibly discard much face details.

4.7.4 Effect of Part Mask
We designed the part mask module to achieve each facial part
feature. We first performed the sum-weighted operation between
backbone features and parsing maps to generate local part features,
and then normalized the generated features with the probability
sum of parsing maps. To verify the performance of this module,
we analysed the effect of various operations by pooling mask
area features including sum-weighted, mean-pooling and max-
pooling operations. We also explored the influence of normaliza-
tion component, where we designed the experiment to evaluate the
recognition performance with the ablation study of this operation.
Table 13 presents the experimental results of various operations
on LFW, YTF, IJB-A and FaceScrub dataset with 1 million
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TABLE 10
Recognition performance of LFW, IJB-A and FaceScrub dataset with 1 million MegaFace distractors with various hourglass architectures. For the

IJB-A, 1:1 verification TAR performance at FAR=1e-3 and 1:N identification Rank-1 are reported. For the MegaFace, 1:N identification Rank-1
performance and 1:1 verification TAR at FAR=1e-6 are listed. 4× 4 denotes the size of feature maps after encoding process.

Module Map Size LFW IJB-A MegaFace
FAR = 1e-3 Rank = 1 Rank-1 FAR=1e-6

Three Modules
8× 8 99.59 90.28 95.81 78.32 95.01
4× 4 99.62 91.24 96.25 78.48 95.84
2× 2 99.73 91.62 96.82 79.29 96.67

Two Modules
8× 8 99.79 91.38 96.42 80.34 97.18
4× 4 99.82 92.93 98.62 82.59 97.07
2× 2 99.80 91.08 96.44 81.05 97.67

One Module
8× 8 99.76 90.99 96.20 80.01 95.45
4× 4 99.63 90.13 95.95 79.57 96.11
2× 2 99.59 89.78 95.17 78.22 95.66

TABLE 13
Recognition performance of various part mask operations and correlation matrix modules on LFW, YTF, IJB-A and MegaFace datasets.

Module Ablation LFW YTF IJB-A MegaFace
FAR = 1e-3 Rank = 1 Rank-1 FAR=1e-6

Part Mask

Norm
mean-pooling 99.58 96.84 91.01 98.16 80.66 95.99
max-pooling 99.64 96.26 91.52 98.03 81.44 96.24

sum-weighted 99.82 97.89 92.93 98.62 82.59 97.07

Non-Norm
mean-pooling 99.24 94.76 89.36 95.75 78.06 93.15
max-pooling 99.30 95.07 90.33 96.26 78.62 94.03

sum-weighted 99.61 95.36 90.75 96.88 79.15 94.66

Correlation w/ correlation 99.82 97.89 92.93 98.62 82.59 97.07
w/o correlation 99.78 97.36 91.29 98.17 82.00 96.06

MegaFace distractors and it shows that the part mask module
with sum-weighted and normalization operations achieves the best
performance. The mean-pooling and max-pooling choose average
or maximum backbone features under the masked area in each
channel. The parsing maps reveal the activation probability of part
features, where the sum-weighted operation takes the probability
information into consideration to achieve more accurate features.
Moreover, the part mask module adopts the normalization after
obtaining each component feature. With the local features nor-
malized by the probability sum of masked area, we regard it as
the unit area feature which is more personalized attribute. The
normalization method makes local features robust to some pose
variations.

4.7.5 Effect of Structure Correlation

Having obtained the separated local part features, we built the geo-
metric structure of facial parts to improve the discriminative power
of local features. The facial geometry includes the correlation of
local parts which provides some personal attributes. Our local
descriptor not only contained seperated local part features, but also
included the relations of facial components. To verify the influence
of face geometric structure, we performed the experiment to
evaluate the recognition performance with or without the structure
correlation module. Table 13 tabulates the experimental results on
unstrained LFW and YTF, and IJB-A with large pose variations,
and challenging MegaFace dataset. The results show that our
FSENet network with the part structure relation obtains better
performance. There possibly exists similar local part features
among some different persons. Taking the geometric structure
of facial parts into consideration, it helps strengthen the face
personalized characteristics. Moreover, the local descriptor could
maintain the robustness to intra-class variations to some extent
with the facial structure correlation.

TABLE 14
Inference time and accuracy performance on LFW dataset 6,000 pairs

with various networks.

Method Aver. Inference(ms) Total Inference(s) Acc.(%)
w/o parsing 1.34 16.48 94.42
w/o hourglass 1.94 23.86 99.67
ours 2.11 25.95 99.82

4.8 Time Complexity
We compared the time complexity with two various networks
including the global network without the assistance of face parsing
information and another directly adopting the parsing ground-
truth without forward the hourglass module. We performed the
recognition experiment on LFW dataset running on one NVIDIA
GeForce GTX1080Ti GPU. The average inference time per im-
age, total inference time with 6,000 image pairs and verification
performance are shown in Table 14. The results present that the
inference time in our proposed network is a little longer than that
without face parsing component and without passing hourglass
modules. Although our recognition performance is improved at
the cost of running time, yet for the 12,000 images testing dataset,
our cost time is also acceptable.

5 CONCLUSION

In this paper, we have proposed a Face Segmentor-Enhanced
Network (FSENet) for face recognition. Our approach aims to
simultaneously explore both global and local properties. We have
presented a facial semantic parsing network to parse facial com-
ponents to achieve semantic segmentation. Having obtained the
pixel-level segmentation, we developed a part mask module to
obtain facial part features on the basis of parsing maps. We have
further built the geometric structure pattern of these part features,
which are robust to some intra-personal changes. Moreover, we
have incorporated the global appearance features and local in-
formation. With the complementarity of two pattern information,
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we have improved the discriminative power of face descriptors.
Extensive experimental results show that our method has achieved
very competitive performance.
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