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Abstract

Face recognition plays an important role in our daily life. Modern face recog-
nition system has achieved great success in this field with the help of deep
learning. However, since the outbreak of COVID-19, people’s faces are usually
covered with masks, which invalidates the usual face recognition pipeline. In-
stead of discarding the occluded part by explicitly locating the mask, we adopt
an implicit approach. We propose a usual face recognition pipeline with a distil-
lation loss during pairwise training that can implicitly extract the informative
feature shared by both masked and unmasked face images, thus improving the
model’s performance in mask-aware face recognition tasks. We introduce two
types of distillation losses together with an optimal search of the weight when
combined with the usual face recognition pipeline. Discussion and analysis
of their behavior are provided based on both the experiment results and their
mathematical foundation. Face alignment is also conducted to improve mod-
els’” performance on out-of-distribution data.
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1 Introduction

Face recognition (FR) is an important module in modern authentication systems. It recognizes
the identity of a person through visual images or videos. The module is widely used in access
control or act as password in personal devices. Historically, many methods are proposed to
recognize faces in images [1, 2, B]. In particular, face recognition with noise is often discussed
in literature [4, 5], [6] [7] because of this is a very common case in real-world applications of face
recognition systems.

Similar to other general face recognition methods, noise-robust FR systems have a feature
extraction module that extracts high-dimensional feature from images or videos. In addition,
they also employ modules that are designed to make the system more robust to noise. This
problem has been thoroughly studied in recent years and state-of-the-art algorithms can reach a
relatively equal accuracy to human beings.

However, with the continuous impact of COVID-19 since 2020, people wear face masks in daily
life in order to minimize the spread of the virus. The performance of face recognition systems has
experienced huge challenges because face masks occlude a significant part of human faces. Even
those specially designed to handle noises do not have a satisfactory performance in this case.
Without solving this problem, common face recognition systems in our daily life cannot function
properly, and it causes lots of inconvenience.

We approach the problem with the inspiration from widely-used face recognition systems, where
a deep network is used to extract feature representations of images, and a person’s identity is
recognized by comparing the distance in the feature space. We adapt this pipeline into mask-
aware face recognition by adding an extra distillation loss function. The loss can guide the
network to learn the same feature representation for an identity both for normal images and
masked images. By adding the distillation loss between the features generated by the network
for these two images, it can guide the network to learn a feature representation that is invariable
of masks.

The source code for this project is available at https://github.com/Gaaaavin/mafr. In sum-

mary, our contributions in this project are the following:

o We discuss the influence of distillation loss on the performance of the model in terms of its

weight, and weight.

e We investigate the importance of face alignment in the real-world application of face recog-


https://github.com/Gaaaavin/mafr

nition systems.

¢ We conduct extensive experiments to prove our finds, and also to understand the divergence

of accuracy between in-distribution and out-of-distribution data.

2 Related Work

2.1 General face recognition

Network Architecture Because the similarity between face recognition problem and image
classification problem, many successful backbone network in the ImageNet challenge [8] are widely
used in face recognition, including VGGNet [9], ResNet [10], and SENet [11]. Since these network
architectures are well adapted in the problem of face recognition, it is unnecessary to design an
architecture that specializes in face recognition. In most of the literature in this field, these
architectures are either directly used or used only with very slight modification.

Classification loss. Because of its essential as a few-shot learning problem, a well-designed
loss function during the training process has attracted much attention. An intuitive idea is to use
the loss functions in the classification problem. DeepFace [12] is the first to use softmax loss in face
recognition. Liu et al. [I3] propose a large margin loss with the desire for a more discriminative
classification. Recently, angular-margin-based loss functions are adopted as an improvement of
large margin loss and has many variants [14, [15] [16] [I7]. These methods have achieved very good
performance on public datasets. One of the problems with these loss functions, though, is they
are very difficult to optimize. As these loss functions are all based on cross entropy, they all have
a term summing over all classes on the denominator. This is usually impossible to train in a very
large dataset that contains millions of identities because of limited memory.

Contrastive loss. It comes very intuitively from the objective to minimize inter-class distance
and maximize intra-class distance. The use of contrastive loss also emerges very early in the
development of face recognition [I8| [19]. Compared to classification loss, it doesn’t prone to the
difficulty in optimization. However, it also has a problem of instability due to the selection of
training tuples. Wen et al. [20] approaches the problem by leveraging the idea of a clustering
center. However, Sun et al. [2I] points out that one of the problems with contrastive based loss
is the ambiguity between the positive term and negative term. They propose a loss function
named Circle Loss that gives weights on the positive and negative terms based on there distance

to the optimum. Their method has achieved a higher accuracy than some classification-loss-based



methods [16] in many public datasets.

2.2 Mask-aware Face Recognition

The performance of general face recognition models degenerate in case of masked face [22]. To
alleviate the degeneration, two opposite methods are proposed in general: 1) to remove the
masked part of the face and do recognition with only the uncovered part, 2) to learn a feature
representation that is invariant to masks and try to recover the face from the representation.

Mask removing. While non-learning algorithms could leverage hand-crafted feature descrip-
tors such as SIFT [23] to localize the masks and remove them, most of the state-of-the-art methods
use deep neural networks to localize corrupted feature (i.e. masked part of the face) and give a
lower weight for these features in recognition. Song et al. [24] proposed an end-to-end model
that generates a feature discarding mask for input feature to eliminate corrupted feature in the
recognition process by matching between masked and unmasked face of one person. Similarly,
Qiu et al. [25] proposed an end-to-end pipeline which first detects the corrupted features by an
encoder-decoder structure and then cleans them by dynamically learned masks.

Metric learning. Though it is intuitively more challenging compared to mask removing
because a successful latent space learning requires large dataset and carefully designed learning
method, there are still several works in this direction. Zhao et al. [26] proposed an LSTM-
Autoencoders model to effectively restore partially occluded faces. After restoring the masked
features, the recovered images can be directly passed to a general face recognition pipeline.
Though not directly aimed for face recognition, He at el. [27] also provides an insight to learn the

latent space using masked auto-encoders, and have very good recovering performance.

2.3 Dataset

Because of the nature of face recognition as a zero-shot learning problem, usually the model
or pipeline is first trained on a large dataset, then tested on a separate, usually much smaller
testing set. This also mimics the case of real-world implementation where it is impossible to train
the model on the collected database. We follow this convention and divede our discussion into
training dataset and testing dataset.

Training. MS-Celeb-1M [28§] is a widely used training dataset that contains images of 1 million
celebrities. The identities are manually labeled and with careful evaluation protocols. Recently,

WebFaced42M, as a cleaned subset of WebFace260M [29], is the largest public dataset for face



recognition so far. It contains 42 million images of about 2 million identities. However, such
large dataset is usually impractical to use conventional high performance computing partitions,
because of the I/O bottleneck.

Testing. Testing datasets often contains a small amount of faces and identities that is similar
to real applications. LFW [30] is a widely used dataset for evaluation and bechmarking. It
contains more than 13,000 labeled images of faces collected from the web over 5,000 identities.
CFP-FP [31] is another testing dataset that features for frontal and profile views of celebrities.

Data Augmentation. No matter the purpose is to adapt the algorithms in general face
recognition to the masked cases, or to do metric learning and recover the masked part, data
augmentation is a crucial part in data pre-processing, because most large-scale training datasets
do not contain masked faces. Recently, a few techniques to add mask to a normal face are

proposed and have been proved to have performance [32, [33].

3 Method

3.1 Overview

By treating the identity of a person as a class, the problem of face recognition can be generally
formulated as a multi-class classification problem. Given an image, the system is expected to find
the corresponding identity of the image. Following the general classification pipelines, a common
practice is to use the deep network as a feature extractor and use multi-layer perceptrons after
the network to produce a classification probability distribution. Finally, the cross-entropy loss is
used to evaluate the distribution and update the parameters in the network.

Most of the related works’ approach is to discard the masked (occluded) part of the face. To
realize this goal, they either use an object detection pipeline or an auto-encoder structure to
explicitly locate the masked part. Our approach, however, is to discard these occluded parts
implicitly. We propose that a usual face recognition pipeline with a distillation loss
during pairwise training can implicitly extract the informative feature shared by
both masked and unmasked face images, thus improving the model’s performance in

mask-aware face recognition.
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Figure 1: Training pipeline.

3.2 Pipeline

We generally follow the pipeline design in [16]. As shown in Fig. , the pipeline of our method
has three main components. Before the image is fed into the network, we first augment the data
because the faces in the training dataset do not wear masks. After adding masks to the images, a
pair of images are input into the network. Two separate cross-entropy loss are calculated according
to the features. The distillation loss is computed between the two features. We arrange the rest of
this section as the following: Sec. introduces the data augmentation and other pre-processing
method in our pipeline; Sec. reviews the loss function in ArcFace [16]; and Sec. explains

in detail our proposed distillation loss function.

3.3 Image Pre-Processing

Data augmentation. We employ the method described in [33] (MaskTheFace) to add masks to
faces in the dataset. The method firstly find conventional facial keypoint descriptors from the
images. It has a database of different kinds of masks (surgical, N95, etc.) and they are stored
in a way that can be matched to the keypoint descriptors. After the keypoints are detected, a
direct map is computed to map the masks onto the image. In our implementation, we find that
the computation time for this data augmentation is comparable or larger than the training time
on an A100 GPU. Hence, we perform the augmentation step offline, i.e., we store the masked
image in a separate dataset and directly load it from disk during traning in order to avoid the
bottleneck.

Face alignment. In order to minimize the performance loss occurred when implementing the
trained model in a separate dataset that might not have the same data distribution as that in the
training dataset, we align the face in the image before feeding it into the network. This is down

by using the trivial cascade classifier [34]. Similar to data augmentation, we align the images in



an offline manner.

3.4 ArcFace Loss

ArcFace [16] is state-of-the-art algorithm in modern face recognition systems. Eq. [1| describes
the loss function proposed in the paper. Here, 6 denotes the angle between the extracted feature
and the trained feature centroids, y; denotes the ground truth label of the input, m is a margin

hyperparameter for penalty, and s is a scaling factor for more stable training.

es (cos(eyi +m))

5(c0s<9yi+m)) + Z;TZI J;éy escosej

1 N
EArcFace = _N Z IOg (1)
i=1 e

Compared to more frequently used cross-entropy loss in classification tasks, the ArcFace loss
is able to learn a feature representation that can be better distinguished. This is especially
significant in face recognition tasks because the images are more similar to each other than those
in classification tasks. It also helps a better incorporation of the margin m. However, since this
loss function is designed for general face recognition, it cannot well handle the case of face masks.

Hence, an additional loss function is needed to achieve a better performance in our task.

3.5 Pairwise Distillation

For now, the loss function only consists of the independent cross-entropy losses of the raw and
masked face image, and no correlation between them is considered. The goal of our model,
however, is to extract the feature of the face shared by masked and unmasked faces. Besides
having good classification accuracy, the masked face and raw face should have similar feature
vectors after being processed by the model. Therefore, we input paired masked and raw face
images during training, and the distillation loss between their extracted features (denoted -, and

Ym) 1s added to the loss.

3.5.1 Options for Distillation Loss

There are several options for distillation loss. The first one is the most commonly used MSE loss

MSE
Liist (Yrs Ym) = lvr — 'YmH% (2)
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Besides the usual MSE loss, we can measure the cosine similarity between 2 vectors, namely

COs

g (Yrs ¥m) = 1 — cos (angle between ~, and ) =1 — {(Yrs Ym) 3)

e ll2llymll2
Also, to be fully consistent with the ArcFace loss, we can add the same margin to the loss

function as how we do in ArcFace loss. The loss function then reads

dist(Yrs Ym) = 1 — cos (arccos(w) + m) (4)
[ 2 2

This might be a better choice in the context as it is consistent with ArcFace loss. Experiments
will be conducted to determine which type of distillation is better.

With this construction, the loss function is the (weighted) sum of the cross-entropy loss and
the distillation loss.

L= EArcFace + ﬁ . ﬁdistv ﬁ € R+ (5)

3.5.2 Balancing VL prcrace and VL

One big prerequisite for this method to work is the VL g;5: and VL Arcrace should have comparable
magnitude. If [|VLystl| < [|[VLArcFacel|, then the distillation loss is not making contributions to
the model. If |VLyist]| > IVL ArcFacel|, then the model will fail to distinguish the identity of the
faces. (e.g. sending f to oo, then a constant function will be optimal). This is why the weight
B is important here. The weight § is to make sure that VLgys and VL arcpace have reasonable
magnitude.

Unfortunately, we don’t have a good way to determine the weights, which implies a grid search
of (8 is likely to be necessary. What’s more, the importance of distillation loss might vary during
training, which suggests a dynamic weight 5 (see next section). One intuitive approach is to
perturb S based on the quotient of Ly and L arcpace. However, this approach has an invalid
mathematical foundation, as the magnitude of the function has no direct relation with its gradient.

Instead of changing 3, there’s an alternative approach. At each iteration, the distillation loss is
only taken for those correctly classified data. This means, we only require those correct classified

images to have the same feature vectors, those incorrect should first be correct.
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4 Results and Discussion

4.1 Overview

Dataset. We mainly use two different datasets in our training and test process. The WebFace260
dataset [29] is used during training, and the LFW dataset [30] is used in the testing process. This
setting is chose particularly because of the real application of face recognition systems. Usually,
the model is pre-trained on a large dataset to learn a robust feature representation. It is then
implemented in real-world systems where the testing data and identity has no overlap with the
training data. WebFace260M is a dataset that contains 42 million images of 2 million identities
and is known for the largest open face dataset up-to-date. LF'W is a dataset that contains about
5000 identities and 13,000 images of celebriti faces. Due to its relatively smaller size, it is usually
used for testing.

Implementation details. We use a subset of WebFace260M (30,000 identities) for training.
The backbone network is the pretrained ResNet18 [I0]. The batch size is set to 512. The optimizer
is [35] with a learning rate of 2 x 10~%. All training in this section is run on a single NVIDIA
A100 GPU.

Evaluation protocol. There are several evaluation protocols to use in the area of face recog-
nition. For our task, we choose the one that best resembles an access control system. With a
trained model, we first input a single image for each identity into the network and get a feature
vector. Then, the feature vectors of all identities are gathered to build a database. In the actual
testing phase, an input image is fed into the network. The output feature is compared with all
features in the database to find the closest one. The corresponding identity is compared with the

ground truth identity of the input to calculate prediction accuracy.

4.2 Distillation Loss

Preliminary results show that it is generally difficult to make the distillation loss function well.
The model is generally very sensitive to added distillation losses. Note that, as the results with
margined Cosine Similarity distillation loss given by Eq. 4] are too bad, we omit it in the following
part.

From the grid search for £, one may observe the model is very sensitive to the distillation loss.
(See Fig. [2). In cases of 3, we observed the case where a big weight for distillation loss will

invalidate the cross-entropy loss, thus being not able to detect different identities. Also, even a

12



(a) B =0.1, cosine dist loss (b) #=0.10, MSE dist loss
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O
(¢) B =0.20, cosine dist loss (d) B =0.20, MSE dist loss
AN~ ° D e ISV
(e) B =1.00, cosine dist loss (f) B =1.00, MSE dist loss

(g) B =5.00, cosine dist loss (h) B =5.00, MSE dist loss
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(i) B = 10.00, cosine dist loss (j) B =10.00, MSE dist loss

Figure 2: Grid Search of g

small change in 3 might invalidate the model (see Fig. and Fig. [2d]).

4.2.1 Dynamic balancing of the gradient

Given the difficulty of setting a constant weight, we consider dynamically balancing 2 gradients.

The scheme is only adding the distillation loss of the correctly classified samples in each iteration.

13



It has the following advantages:

e It indeed changes the ‘weight’ of the distillation loss dynamically. In the first

several epochs, the model doesn’t have good accuracy and priority should be given to the

ArcFace loss. In this case, the weight of distillation loss is small since only a few samples have

contributed to it. However, in later epochs when the model already has a good accuracy due

to small ArcFace loss, the distillation loss will have a bigger weight, thus further optimizing

the model.

e The correctly classified sample will give more useful distillation loss since when

both the feature vector are away from the ground truth, their distillation loss is of little

importance and might also be misleading.

0.75
0.60
0.45 -
e —
11— -
s | RO
3 s b 8 e
o -
O
< 0.30
0.15 eval_accuracy
! train_raw_accuracy
train_msk_accuracy
- eval_accuracy_dynamic
train_raw_accuracy_dynamic
0.001 train_msk_accuracy_dynamic
0 20 40 60 80 100
Epoch

Figure 3: The model with distillation loss only from correctly classified samples (dynamical balancing)

has a better performance.

With this training strategy, we get a better result (see ﬁg.. One good thing about this

training strategy is it can be used for all kinds of distillation losses function.

4.2.2 Discussion

Despite our excessive trials and hyper-parameters tuning, our models haven’t significantly out-

performed the model with no distillation loss at all. While our approach is conceptually correct,

we can further improve the results in the following ways.
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e Different distillation loss should be considered. The Cosine similarity are overlapped with
the ArcFace loss. Since the Cosine similarity makes sure the feature vectors, both from
masked and raw images, have a small angle with the target. This automatically ensures

that the angle between feature vectors from masked and raw images is small.

e In this sense, MSE is a slightly better option, which is also proved by the experiment (see
Table.). However, it is essentially the same. With and , we have

LISE () = e — vmll3 (6)
= [lyll3 + [Ivmll3 = 2 - (o, Yom) (7)
= [lwll5 + llymll3 — 2 M Avrll2llymll2 (8)
Yrll2llvmll2
= Il + lvmllz = 2 (1= L5 (s 1)) - 1ell2llvm 2 (9)
= ([lwll2 = [lmll2)® + 2 - L35 (ves ) 1y l2llvim |2 (10)

e To avoid the overlap between the ArcFace losses and distillation loss, The distillation loss

should also be taken from shallow layers.

4.3 Evaluation Data

0.8
- 0.6 -
o)
©
3
o
& 0.4+
—_— Trai»r}ing f_aw accuracy
0.2 - Training mask accuracy
-t = | Aligned LFW Evaluation
---- Raw LFW Evaluation
0.0 —-=— \WebFace Evaluation
0 20 40 60 80 100
Epoch

Figure 4: raining curve of different evaluation data

As mentioned in Sec. the implementation case of face recognition system makes it very dif-
ferent from common classification problems. Although it is convention to use a different dataset

for evaluation, we also do experiment to compare the performance of our method on differ-

15



ent evaluation dataset. The evaluation accuracy along the training epochs on LEW [30] and
WebFace260M [29] is shown in Fig. . It is worth noting that the evaluation dataset from Web-
Face260M does not contain same identities that are in the training dataset. Thus, although using
the same dataset for evaluation, this is still different from the train-and-test procedure in image
classification.

It can be seen from the figure that the evaluation accuracy on WebFace260M can achieve a
nearly perfect accuracy. On the other hand, although the accuracy on LFW can achieve a rela-
tively satisfactory level, there is a large margin between them. This is because the WebFace260M
evaluation data is exptected to have the same distribution with the training set, but is assumption
is not true for LEF'W. This shows how in-distribution and out-of-distribution data can affect the
performance of the system. This result also motivates future research in minding the gap between
the two types of data.

Moreover, it can also be observed that face alignment place a significant role in our method.
This is also because of the different data distribution in the training and evaluation dataset. In
LFW dataset, the images contain a larger part of background. Hence, by face alignment, the
unnecessary and noisy information in the image input can be discarded enables the network to

achieve a higher accuracy.
4.4 Influence of Mask

Table 1: Evaluation accuracy with different mask portion

Loss function = Mask portion | Eval accuracy

ArcFace 0 69.47%
ArcFace+Dist 0 69.67%
ArcFace 0.5 67.42%
ArcFace-+Dist 0.5 67.72%
ArcFace 1.0 65.93%
ArcFace+Dist 1.0 65.63%

We also discover how different masking portion in the evaluation dataset affects the evaluation
accuracy. Here, masking portion means the portion of images that are added mask in the pre-
processing. Tab. [1] shows the results in this experiment, where the distillation loss used is the
cosine similarity loss. It can be observed from the table that the influence of mask is marginal
compared to other factors discussed above in this section. This can be explained by the data

augmentation in the training process. Because both raw and masked image are fed into the
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network to learn an invariant feature representation, the model is able to make retaliative accurate

predictions regardless of the existence of mask in the evaluation.

5 Personal Contributions

The two authors have equal contributions to this work.

6 Conclusion

6.1 Limitation

Although our proposed method improves the identification accuracy for masked face images,
there is still a large margin for improvement in order for the system to be valid for actual
implementation.

In future works, we are motivated to close the gap between in-distribution and out-of-distribution
data. Following this line of thought, it is promising to significantly improve the performance of

this method in real applications.

6.2 Summary

Our proposed method adds a distillation loss function to the conventional face recognition pipeline.
This method improves the performance of face recognition systems on masked faces. We also ex-
plain the failure mode of certain types of distillation function. We believe our work motivates

future research in mask-aware face recognition.
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