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ABSTRACT

Recent deep-learning-based face recognition systems have achieved
significant success. However, most existing face recognition sys-
tems are vulnerable to spoofing attacks where a copy of the face
image is used to deceive the authentication. A number of solutions
are developed to overcome this problem by building a separate face
anti-spoofing model, which however brings in additional storage
and computation requirements. Since both recognition and face
anti-spoofing tasks stem from the analysis of the same face image,
this paper explores a unified approach to reduce the original dual-
model redundancy. To this end, we introduce a compressed multi-
task model to simultaneously perform both tasks in a lightweight
manner, which has the potential to benefit lightweight IoT appli-
cations. Concretely, we regard the original two single-task deep
models as teacher networks and propose a novel multi-teacher-
assisted knowledge distillation method to guide our lightweight
multi-task model to achieve satisfying performance on both tasks.
Additionally, to reduce the large gap between the deep teachers
and the light student, a comprehensive feature alignment is further
integrated by distilling multi-layer features. Extensive experiments
are carried out on two benchmark datasets, where we achieve the
task accuracy of 93% meanwhile reducing the model size by 97%
and reducing the inference time by 56% compared to the original
dual-model.
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1 INTRODUCTION

Face recognition is one of the most studied and successful bio-
technologies in the past two decades thanks for its easy access,
contact-free and high sensibility. We have witnessed that mod-
ern deep-learning-based face recognition models have achieved
human-level performance[4, 24, 25]. These deep neural network-
based models continuously raise the upper limit of face recognition
tasks by stacking convolution modules and designing more suitable
structures. However, most of these recognition systems are vulner-
able to spoof attacks, which are carried out by malicious users to
impersonate someone else’s identity by using a copy of the photo
or even videos[22]. To work against face spoofing attacks, most
face authentication systems typically employ an additional module
to analyze the spoofing status of the input faces before feeding it
into the face recognition module [1, 21, 26]. Therefore, two deep
models are typically deployed in a system to perform both face
recognition (FR) and face anti-spoofing (FA) tasks which require
additional computation and storage.

Since both FR and FA tasks are stemmed from the analysis of
the same face image, this work unifies these two tasks by multi-
task learning which has shown success in many other face-related
tasks [20, 28, 30]. Additionally, considering that more and more
enhanced face authentication (FR plus FA) vision systems are
resource-constrained devices (e.g., campus access control, face pay-
ment equipment) and usually quick response is required [11, 35],
it is therefore highly necessary to further lighten a usual multi-
task model with a smaller network size and to improve the overall
inference speed.

To achieve the above goals, this paper introduces a lightweight
and unified approach to simultaneously perform both tasks by
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Figure 1: While prior studies use two separate and deep mod-
els to complete face recognition and face anti-spoofing in a
sequential manner (left), we use a unified and compressed
model to achieve both tasks simultaneously which is fea-
tures of smaller size, less storage, easier training and faster
inference speed (right).

using a compressed multi-task model. To achieve the satisfying
performance of both tasks, instead of direct multi-task training, we
take the original deep models as an explicit guide. Concretely, the
original (two) single-task models are regarded as "teachers" while
our model works are taken as a "student”, and by distilling and
transferring the knowledge from two teachers could our student
model achieve satisfying performance for both tasks. Secondly, our
student model is small in size while the original teacher models are
significantly deep, if we adopt the output-level feature alignment
between student and teacher(s), it will result in poor knowledge
transfer. Therefore, we further propose a multi-layer feature align-
ment mechanism to comprehensively reduce such gaps. Our main
contributions can be summarized as follows:

e To the best of our knowledge, it is the very first work to
integrate face recognition and face anti-spoofing tasks in
a single model by considering both task performance and
model size. Compared to the traditional dual-model design,
our unified model significantly reduces the storage require-
ment by 97% and accelerates the inference time by 56% with
a slight performance drop of 2.5% on average.

e Our model is lightweight but accurate. This is achieved
by our novel multi-layer multi-teacher assisted knowledge
distillation (MMAKD) method which can comprehensively
transfer the knowledge from original (two) deep single-task
teacher networks to the lightweight multi-task student net-
work. Compared to conventional direct multi-task training,
our solution can boost the lightweight student’s average
performance of 5.7% and 4.9% in two datasets.

e Extensive experiments are carried out on two large-scale
recent benchmarks and our model outperforms three state-
of-the-art knowledge distillation methods by 4.8%, 5.4%, 4.9%
and 1.7% on the average task accuracy, respectively.
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2 RELATED WORK

Our work aims to achieve enhanced face authentication by lever-
aging knowledge distillation techniques. Therefore, this section
reviews the mainstream and recent related works in both face au-
thentication and knowledge distillation areas.

2.1 Face Authentication

Face authentication is proposed to overcome spoof attacks and
improve the security and reliability of face recognition systems.
The existing methods focus on independently solving the problems
of face recognition and face anti-spoofing attacks for independent
model building, training, and reasoning [1, 21, 26]. Through the
analysis of these two-stage face authentication models, we summa-
rize the relevant work into face recognition and face anti-spoofing
from different stages of the model.

Face recognition methods. The mainstream research methods
of face recognition based on machine learning can be divided into
two categories: feature mapping method represented by FaceNet[25]
and classification method represented by VggNet [24]. Some datasets
[4, 31] introduce a new large-scale face dataset to improve the ac-
curacy of face recognition by adding a diversity of poses and ages
or adding a new environment. Khosla et al. [16] extend the self-
supervised batch contrastive method to fully supervised scenes by
clustering points of the same category into the embedding space,
which can better utilize the label knowledge. Guo et al. [12] pro-
posed to combine source/target domain conversion with a meta-
optimization target to solve the face recognition problem in the
unknown domain.

Face anti-spoofing methods. As CNN has proven to success-
fully outperform other learning paradigms in many computer vision
tasks, deep-learning-based face anti-spoofing fields begin to be no-
ticed by more and more researchers. Atoum et al. [2] propose the
use of full convolutional neural networks to estimate the depth of
an input face, the resulting depth map is then fed into the support
vector machine to distinguish between real and deceptive faces.
New convolutional neural networks are proposed in [6, 34], using
the attention module to fuse the knowledge extracted from the
complementary space RGB and MSR, or a two-side network to
aggregate multi-level bilateral macro and micro information. Yu
et al. [36] proposed a novel frame-level face anti-spoofing method
based on central difference convolution, providing robust modeling
capacity in describing detailed fine-grained information.

Enhanced Face Authentication. This work refers the enhanced
face authentication as a combination of both recognition and face
anti-spoofing, which is a topic that gradually received more atten-
tion. To this end, Albakri and Alghowinem [1] propose a two-stage
model where the first step is enrolling the user on all devices and the
second stage is to identify the spoofing status of the input images.
Smith et al. [26] propose a scheme framework first extracts spoofing
features and then realizes facial attribute feature extractions. Liu et
al. [21] use a convolutional neural network to detect whether the
image is live and then used FaceNet for face recognition.

Summary. From above, we observe that majority studies fo-
cus on treating the recognition and face anti-spoofing as separate
models or modules. Though a few studies try to combine them, the
integration is mostly at a system level and the two parts are placed
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in a sequential manner. Different from these works, we design a
multi-task single model as a one-stage face authentication and the
two objectives is achieved in a parallel manner.

2.2 Knowledge Distillation

The knowledge distillation method has been widely used in the
field of model compression recently, as it enables small student
models to learn the ability of knowledge-rich teachers. Compressed
models are necessary because most face verification tasks are de-
ployed in resource-constrained scenarios. We next summarize some
1(teacher model)-to-1(student model) and n(teacher models)-to-
1(student model) knowledge distillation methods.

In the 1-to-1 scenarios, HinTon et al. [14] proposed that the soft-
max distribution generated by the teacher’s model is distilled into a
soft target after a certain temperature treatment and it’ll be learned
by the student. Hou et al. [15] find that the front-layer feature vi-
sual attention captures a richer scene context, and it is proposed
that the deep neural network learns the attention-based feature
representation of the front layer. On the opposite, Chen et al. [7]
propose a back-to-front fusion of various layers of characteristics of
the student model based on the attention mechanism to make full
use of the ability of advanced stages. He et al. [13] proposed the use
of a non-parametric matrix singular value decomposition method
to align the number of student and teacher feature channels in the
field of intermediate feature layer distillation.

There are also a lot of works focused on improving the per-
formance of compressed single-task students distilled from large
single-task teachers [5, 9, 23, 27]. To solve the problem of mismatch
between students and teachers, stop the teacher model update
process early during training [9] or join the middle performance
between large and small teacher assistant models [23] work well.
Chen et al. [5] proposed that each student layer is automatically
assigned the appropriate teacher model target layer through an
attention mechanism to solve the right match between student
and teacher knowledge. A patient distillation method of multiple
intermediate layers is used in shallow single-task BERT models
which is two times smaller than the teacher in [27].

In the n-to-1 scenarios, some works proposed to distill the multi-
task student model with single-task pretrained teachers by the
intermediate feature map outputs [19, 32]. Clark et al. [10] knowl-
edge distillation where single-task models teach a multi-task model,
the method is using teacher annealing of the logits to address that
the student may be limited by the teacher’s performance. Kundu
et al. [17] proposed using cross-task distillation to reduce the dis-
crepancy in the cross-task transfer domain, they first train a set of
task-transfer networks and then carry out a multi-task adaptation
framework. Walawalkar et al. [29] proposed to gradually compress
the student model, and the compressed models at each stage are
set into an ensemble. Then the smallest model is distilled by the
online feature map outputs and the ensemble of logits.

Summary. While knowledge distillation has helped a com-
pressed model to achieve a comparable good result as its full-sized
teacher network, they mostly focus on improving the performance
of the full-size model in a specific task. There are few works that
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discuss how knowledge distillation can be used for precision com-
pensation under extreme compression or study multi-task compres-
sion distillation. Different from them, our work comes up with an
n(teacher models)-to-1(multi-task student model) extremely com-
pression distillation scenario. We propose a multi-layer shared-
feature alignment mechanism to reduce the gaps between one tiny
multi-task student and two large teachers simultaneously.

3 METHOD

In this section, we introduce the proposed lightweight multi-task
model with a comprehensive feature alignment mechanism by
integrating multi-layer features for face authentication, and the
framework diagram is shown in figure 2. Technically, our work is
composed of two parts: a lightweight multi-task student design
module and a multi-teacher-assisted distillation module, a detailed
description is as below.

3.1 Lightweight Multi-task Student Design

To integrate recognition and face anti-spoofing in a single model,
we adopt multi-task learning as an attempt, which is inspired by
its success on various face-related tasks [20, 28, 30]. Concretely, we
use hard parameters sharing-based multi-task learning to reduce
the overall parameters. However, since the shared blocks usually
contain a large number of convolutional layers, the overall model
size is still large. Therefore, we further compress the shared blocks
by using the model pruning technique. Model compression meth-
ods can be divided into convolutional layer channel pruning, fully
connected layer channel pruning, and shared block layer number
pruning. Considering that network depth is an important factor
to ensure the efficiency of visual tasks and the computational pa-
rameters of the model is mainly concentrated on convolutional
layers. Thus the channel pruning method based on pruning filters
for the convolutional layers method proposed by Li et al. [18] is
used to get our lightweight student module. We obtain the weight
of each channel in the convolutional layers through a powerful
trained model, then the channels with smaller weights are pruned
in a certain proportion. After fully measuring the final size of the
pruned models and their accuracy, we determine the most appropri-
ate pruning ratio of the shared modules based on the generalization
ability of the dataset. A lightweight multi-task model with less than
1M parameters is obtained after this step.

Linti = aLanti-spoofing + PLrecognition (1)
The lightweight multi-task student model is optimized with
Equation (1). Lanti-spoofing and Lrecognition are the single-task
loss. & and f§ are the multi-task trade-off hyperparameters that are
set empirically. For convenience, we design the face anti-spoofing
single-task branch with the exact same structure as the face recogni-
tion branch except for the final classification category (individuals
number for the FR branch and number:2 (’live * and ’fake’) for the
FA branch). We use the cross-entropy loss for the FA single-task
and details of the loss are as follows.

Lanti—spoofing =L ((/) (" ‘9;[) o ¢ (x,05), yr) (2)
The loss is calculated with the cross-entropy loss £¢¢ between
the categorical probability output and the truth label y,, 7 = FA.
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Figure 2: Framework diagram of our lightweight face authentication model. Teacher 1 (upper part) and Teacher 2 (lower part)
are two deep models that are originally designed for face recognition and anti-spoof detection, respectively. The Student
(middle part) is our unified multi-task model and could output a given face image’s identity and spoofing status at the same
time. For the lightweight purpose, we first establish the student as a compressed version of its teachers by channel-pruning,.
And to ensure a satisfying performance as teachers, we align the features among multiple shared layers to both teachers, which

is realized by the task-specific adapters.

We treat all input images as x and its true labels y; for task ,
x is a triplet input containing three images (anchor a, positive p
and negative n) in fact. ¢ (-, 65) encodes the input image into a
high-dimensional encoding which represents the shared network’s
output. The task-specific predictor ¢ (-, 97) takes in the shared
encoding ¢ and outputs the logits for task z, i.e. (-, 37) o ¢ (x, 05),
9%, O are the task-specific and share parameters of our model.

For face recognition single-task, we follow the face mapping 128-
dimensional space proposed in FaceNet [25]. The FR loss function is
a linear combination of triplet loss (formulation on the left) as well
as cross-entropy loss £ which is used to accelerate convergence.
L°€ is similar to equation (2) but 7 = FR. The loss function of our
FR single-task is as follows ('re’ represents ‘recognition’):

Loe= Y [max (e = peril = lazrs = merill +y,0) | + £
a,pneD
)

Three 128-dimensional feature mapping vectors asri, prri and ngri
are outputs of the feature mapping layer before the last classifi-
cation fully-connect layer which takes in three images (anchor a,
positive p and negative n) from dataset D simultaneously. The
formulation before L represents the triplet loss of the feature
mapping module which allows the distance between positive ex-
amples in this euclidean space to be small enough and the negative
examples’ distance to be considerable. y is a threshold set to 0.2.

3.2 Multi-Teacher Knowledge Distillation

From above, we establish a lightweight multi-task student network
which is a trimmed version of its original full-size model. Smaller
network size is a plus point from a resource-requirement aspect,
however, our preliminary experiments show that direct multi-task
training of this small multi-task network produces poor perfor-
mance. Therefore, additional precision compensation is required
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and we explore the possibility to leverage knowledge distillation
for this purpose. So the key issues include: 1) how to effectively
distill from a deep teacher to a tiny student, and 2) how to distill
knowledge from two teacher networks together.

Previous studies show that knowledge distillation usually fails
when the gap between students and teachers is too large, [9, 23].
It is also found that the logits (logits are the soft probability out-
put of the last linear fully connected layer) knowledge distillation
method did not work on our lightweight multi-task student model
as it doesn’t have enough knowledge. On the other hand, the in-
termediate feature maps output from each max pooling layer often
contains richer knowledge than the final fully connected layer’s
logits output for visual tasks [5]. Therefore, it would be helpful to
integrate features from the intermediate layers as much as possible.

We know that the receptive field of a deep layer and a shallow
layer in a neural network varies, and such difference is usually re-
flected on the different areas of interest of the layer-specific feature
map. Figure 3 visualized such difference in our face authentication
scenario where the feature maps are from the front, middle and last
layer, respectively. The existence of such difference does not depend
on the model type (i.e., either the single-task models such as the
teacher network, or the multi-task model presents such difference),
Therefore, instead of using a single intermediate layer’s feature, we
include the distillation from multiple layers. On the other hand, in
order to ease the training, we do not distill from all the intermediate
layers but choose the representative layers only. In our work, the
number of layers that need to be distilled is set to I = 3 under the
simplicity of tuning hyper-parameters and the choice of layers was
detailed discussed in the Experiment Section.

Before the distillation, we first train the two large teacher mod-
els (one for the recognition task and the other for the liveness
detection task) with pretrained parameters on CASIA-WebFace [33]
by optimizing Equation(2) and Equation(3), separately. This part
is conducted in an offline manner. During the distillation, since
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Figure 3: Visualization of the front-mid-last multi layers’
feature map outputs using CAM [38] from multiple baseline
models. From the first three lines of the results are easy to
see, the multi-task model’s output includes the preference
of the FR task attention map for the eyes and the FA task for
global information simultaneously. From the last two lines, it
can be seen that the feature maps output from our proposed
MMAKD model incorporates more refined attention to facial
area than the MKD model.

our compressed student model’s feature encoders have different
shapes of the output from the teachers, we propose an adapter
for an effective feature alignment. Since there are two teacher net-
works, we name the adapter from the student to each teacher as a
task-specific adapter. In total, there are six task-specific adapters
AL (reT=[FR, FA], i€l to project student feature encoder’s outputs
¢ (x, 01) into each task-specific one: RCsi *HsiXWsi = RCrixHrixWii
where C, H, W are the channels’ number, height, and width of
the feature maps. Each adapter uses a linear layer consisting of a
3 X 3 X Cip X Coyt convolution. The specific knowledge distillation
loss is Equation(4):

T=2 I=3
Lra= 3 2 ({9 (. 01)) 6 ()

where ¢ (x, 5;) is to represent the i, feature map output (output
of each max pooling layer) from ,, teacher, 5. represents the i,
shared layer parameters of teacher 7. L% is the Euclidean distance
function (equation 5) to calculate the distance between the L2 nor-
malized feature maps, AL are the hyperparameters that need to be
determined empirically. The distance is calculated as in Equation5:

©

Lf. f) = H )

Il “f2||2

where f i f J e REXHXW and C, H, W indicates the channels’ num-
ber, height and width of the feature maps by the feature encoders
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AL (¢ (x,0%)) and ¢ (x, 8L). The overall loss of the model is a linear
combination of Equation(1) and Equation(4).

L=Lo+ Lra (6)
Last but not least, the distillation performance is related to the
model compression level. From our experiments, it seems that a stu-
dent models with less than 1M parameters is not able to learn very
useful knowledge by a direct easy training (only using the task’s
ground truth labels). However, the small models have sufficient
capacity to imitate from the teacher model. We will analyze the
relationship between distillation strength and model compression
ratio in Experiment Section.

4 EXPERIMENTS
4.1 Dataset

To demonstrate the effectiveness of our MMAKD model, we per-
formed experiments on two common benchmark datasets which
contain both people identities and the face spoofing labels, includ-
ing Oulu-Npu and Replay-Attack.

Oulu-Npu [3] consists of 4950 real access and attack video attempts
to 55 clients, recorded by six mobile devices, and four different kinds
of printing and video replaying face attacks. All videos involve
three different lighting conditions and three different backgrounds
which have a higher generalized ability and are harder to study.
We extract images from video frames and then crop them using
MTCNN [37] to ensure the validity of the knowledge learned by
the model. The number of final training datasets and test datasets
was 3058 containing 35 face identities and 1728 containing 20 face
identities respectively. The ratio of real face pictures to fake faces
is approximately 1:1.

Replay-Attack [8] consists of 1300 video clips of photo and video
attack attempts to 50 clients, the spoofing attacks are divided into
printing attacks and displaying attacks by iPad and iPhone. During
our experiments, we found that the fake face data in this dataset
was not generalized enough (there were only four types of face
attacks) and this situation leads to a very high degree of accuracy
in the FA single-task branch. Our training dataset contains 2400
images from 30 face identities, on the contrary, the test dataset
contains 1600 images from 20 face identities. The ratio of real face
pictures to fake faces is approximately 1:4.

4.2 Baselines

The baselines we used are as follows:

STL: STL refers to the single-task learning models for either FR
or FA based on the pre-trained VGG-16 networks. The two STL
models are regarded as large teachers.

1/8 MTL: 1/8 MTL refers to our lightweight multi-task model based
on the hard parameters sharing architecture, which needs to be
taught. The fraction 1/8" means 87.5% channels of the multi-task
model’s shared block are pruned.

LKD [14]: Students learn the teacher’s soft logits at a certain tem-
perature and the truth label knowledge.

BAM [10]: Students learn the teacher’s soft logits and the truth
label knowledge with an annealing weight.

MKD [19]: Student learns from the teacher’s feature maps by the
euclidean distance between the two and the truth label knowledge.
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Table 1: Testing accuracy on Oulu-Npu / Replay-Attack Datasets.
Tvpe Methods Face Recognition| Face Anti-spoofing Average |Inference
P Model  Distill Train Params Accuracy Accuracy HTER Accuracy Time
F 952/ 0.941 - -
STL R 29.55M 0952709 0.952/0.966 | 4.8 /5.1ms
FA - - 0.952/0.990 0.061/0.007
MTL - 0.25M 0.865/ 0.819 0.883/0.955 0.135/0.045 | 0.874 / 0.887
LKD [14] Yes 0.25M 0.888/0.812 0.878/0.927 0.211/0.070 | 0.883 / 0.870
BAM [10] Yes 0.25M 0.885/0.814 0.869/0.918 0.216/0.080 | 0.877 / 0.866
1/8 MTL| KR [7] Yes 1.99M 0.891/0.835 0.873/0.908 0.180/0.099 | 0.882/0.872 | 2.0 / 2.1ms
CKD [5] Yes 25.48M 0.916 / 0.867 0.930/0.984 0.090/0.017 | 0.923/0.926
MKD [19] Yes 0.85M 0.919 / 0.856 0.909/0.992 0.115/0.008 | 0.914/ 0.924
Ours Yes 0.99M 0.928 / 0.882 0.933/0.990 0.087 / 0.010|0.931/0.936

Different from MKD, the student model in our work has a huge
chasm with teachers’ capability since it is almost 14 times smaller
than the teacher model and their teachers are the same as their
student network instead.

KR [7]: KR is an attention based feature map distillation method.
The feature maps of students are fused based on the attention
mechanism from the back to the front.

CKD [5]: CKD is applied in compression distillation scenarios. It
utilizes attention mechanisms to determine distillation weights
between one student layer and different teacher layers. The method
imposes the same attention projection on teachers’ features as
student’s features, and the amount of parameters is determined by
the teachers’ features’ dimension.

4.3 Metrics

We choose widely used metrics to conduct experiments: triplet
accuracy for the FR task, Top-1 accuracy and HTER for the FA task:
Triplet accuracy: during the testing of the model, a suitable thresh-
old is determined by k-fold cross-validation, which is used to deter-
mine how many triplet samples can meet the goal of the model’s
128-dimensional feature space mapping function: anchor’s distance
from positive cases are small enough and anchor’s distance from
negative sample samples are large enough.

HTER is the half total error rate, which is half of the sum of the
proportions of real and fake faces that are judged wrong.

4.4 Settings

Our multi-task learning model (figure 2) is trimmed 87.5% of the
convolution channels from the shared blocks, and the weights a and
B of the two single tasks are all set to 0.5. Data in the form of triples
were used and the batch size is set to 66. We set the hyperparameter
/1; to [1,1,8] for each task based on the experience. We use SGD for
optimizing the networks and adaptors and the momentum is set
to 0.9. The learning rate of all optimizers (including task-specific
adaptors) is set to 0.01. We train single-task models for 30 epochs
and all multi-task models for 60 epochs.

4.5 Results and Analysis

Results on Oulu-Npu. Table 1 shows that the MMAKD model
which distills multi-layer feature maps achieves the best perfor-
mance, the accuracy of both FR and FA single-task branches is close
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to the best teachers’ results which take pre-trained parameters and
no channel trimming. The final experimental results prove that
the simultaneous distillation of the deep and shallow features in
a comprehensive way can guarantee impressive improvement of
the distillation from large teachers to the small student (we call
it large-to-tiny distillation). Compared with the original dual
model, the inference time is reduced by 56% and the average accu-
racy has a slight performance drop of 2.1% on average conversely.
Compared to conventional direct multi-task training, our solution
can boost task performance by 6.3% and 5.0%.

The result of LKD and BAM proves that the logits distillation
has played a weak role in terms of performance improvement in
large-to-tiny scenarios. Attention-based method KR did not work
well because there were redundant parameters that needed to be
optimized, which leads to the transfer of invalid knowledge during
the distillation process. The CKD method achieves similar perfor-
mance to ours as it distills the same layers as we do, but the training
parameters and computation far exceeds ours. The dynamic distil-
lation weights derived from the attention mechanism do not play a
significant role in our large-to-tiny scenario. The comparison with
MKD method also reflects that knowledge from different stages of
the teachers has different effects on the accuracy balance of multi-
task models. Therefore, the balance of multi-task models can also
be achieved by distilling knowledge from different layers.
Results on Replay-Attack. The experimental setup on this dataset
is the same as for Oulu-Npu. We train with the full training set
and report the results of two tasks on the test set in Table 1. The
results on this dataset are similar to the above, and the MMAKD
model we proposed accelerates more significantly in inference time.
Since the generalization ability of this dataset on FA single task is
high enough, the performance improvement of the MMAKD model
is not obvious on FA single task, but it is still 1% higher than the
sub-optimal MKD model in terms of average accuracy. Compared
to conventional direct multi-task training, our solution can boost
task performance by 6.3% and 3.5%. The inference time is reduced
by 59% and the average accuracy has a slight performance drop of
3% on average compared with the original dual model.

Analysis on the inference time. After experimentation, we find
that the inference time of the model is not linear with the number
of parameters. For memory-intensive operators (Relu activation
function), the inference time is linearly related to the access stock,
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while for computationally intensive operators (Conv and FC func-
tions), the inference time is linearly related to the computation
quantity. Our compression model greatly reduces the number of
parameters and computations, thus the slight speed improvement is
worthwhile. We will further explore modifying memory-intensive
operators to accelerate the inference speed in future experiments.

4.6 Feature Map Visualization

To further understand the difference among the features from each
layer of the neural networks during the knowledge distillation
process, and prove the effectiveness of our proposed comprehen-
sive feature alignment method. We use CAM [38] to the feature
map output of each layer of the neural network. We visualized
the feature map output after each max pooling layer from FR and
FA single-task teacher models’ shared blocks, the others are from
the proposed lightweight multi-task model and the best two multi-
task distillation models. The attention maps are shown in figure 3,
and the average accuracy of the model corresponding to the last
three rows gradually increases. It is easy to see that the multi-task
model’s output in the general sense is the organic combination of
two single-task model feature maps, which includes the preference
of the FR task attention map for the eyes and the FA task for global
information simultaneously. Higher accuracy means more similar
the multi-task model feature layer output is to the perfect fusion of
the corresponding layer outputs of two teacher models. The MTL
model has a false focus on the middle region, and the MKD method
does not pay enough attention to facial features. Our proposed
model reflects the model’s more refined attention to images and
achieves the best performance.

5 ABLATION STUDY AND DISCUSSION

In order to better understand the application of the knowledge
distillation method in the scenario of a very small student model
distilled from the large teacher (we call it large-to-tiny distilla-
tion), we conduct some ablation experiments on the Oulu-Npu
dataset. First, we report the performance of the multi-layer multi-
teacher assisted knowledge distillation (MMAKD) method under
different compression ratio models and different distillation layer
numbers. The results show that our method is very useful in the
scenario of a small student model distilled from large teachers, and
the effect is more significant when the compression ratio of the
student model is larger. Then, through a large number of experi-
ments, we have demonstrated that students with a small number
of parameters should devote all their abilities to learning teachers
in the distillation process and that the weight of distillation loss (1)
should be much higher than that of multi-task loss (a and f).

Analysis of the number of distillation layers. To demonstrate
the effectiveness of our method, we analyze the influence of the
number of distillation layers on student models with different com-
pression ratios in the large-to-tiny distillation scenario. In this
experiment, we set the distillation weights AL for each layer to
equal simplicity (e.g. [1,1,1,1,1]) in one experiment, which is dif-
ferent from the best hyperparameters set in Section 4. The MTL
model with VGG-16 as the backbone has a total of five max pool-
ing operations, corresponding to five feature map outputs (layer
[0,4]). In the second column of Table 2, ‘front’ stands for layer 0
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Table 2: Ablation study on the number of distilling layers.
Here, ’FR’ means face recognition accuracy, ’FA’ means face
anti-spoofing accuracy, and ’AVG’ means average accuracy.
’X’ means no layers to be distilled. The fraction before '"MTL’
represents the proportion remaining after the convolutional
channels in the shared module has been pruned, and its pa-
rameter amount is in parentheses.

Type  Distill Layers | FR FA AVG

X 0.926 0.905 0.916

last 0.946 0.944 0.945

MIL mid+last  [0.934 0.952 0.943
(14.85M) ,

front+mid+last | 0.939 0.957 0.948

all layers | 0.923 0.954 0.938

X 0.909 0.919 0.914

last 0.937 0.949 0.943

1(/3271;’11\% mid+last  [0.925 0.961 0.943

’ front+mid+last [ 0.927 0.963 0.945

all layers | 0.936 0.957 0.946

X 0.911 0.897 0.904

last 0.917 0.937 0.927

VaMTL  pigilast  |0.912 0.947 0.929
(0.96M) .

front+mid+last [ 0.918 0.951 0.934

all layers 0.917 0.949 0.933

X 0.865 0.883 0.874

last 0.919 0.909 0.914

8MTL  igilast  |0.919 0.921 0.920
(0.25M) .

front+mid+last [ 0.928 0.933 0.931

all layers 0.910 0.944 0.927

output, ‘mid’ represents layer 2 output, ’last’ is layer 4 output, and
’all layers’ means distill feature map outputs from layer 0 to layer 4.
We compress the multi-task model using the channel pruning algo-
rithm mentioned in Section 3. ’1/4 MTL’ represents 75% channels
in shared blocks of the MTL model are trimmed. Different fractions
before the ’'MTL’ symbol stand for different compression ratios.
From the results shown in Table 2, it’s easy to see that the
MMAKD method proposed by us works well in various distilla-
tion types, especially the large-to-tiny distillation type. In the *1/8
MTL’ type, the average accuracy of distilling three layers is 1.7%
higher than that of distilling single layers and 5.7% higher than that
of multi-task models without distillation.
Future analysis of distillation weights. For further exploring
efficient solutions of large-to-tiny distillation scenarios, we per-
form different degrees of knowledge distillation on models with
different compression ratios. The compression ratios are taken at
0%, 25%, 50%, 75%, and 87.5% (full, 3/4, 1/2, 1/4, and 1/8 MTL), which
are applied in the shared blocks of our full-size MTL model. We
use the single-layer distillation method (MKD [19]) to simplify the
parameters tuning process. Distillation weights of the single-layer
distillation MTL model are reflected in the weights A1, A3 that con-
trol the strength of loss L;4. We choose six kinds of distillation
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Figure 4: Radar plot related to the degree of compression of
the model as well as the strength of distillation. Different
colors represent different compression ratios, the outer ring
numbers represent different distillation weights, and the in-
ner ring numbers represent the multi-task average accuracy.

weights {[2.5,2.5], [5,5], [7.5,7.5],[10,10],[12.5,12.5],[15,15]}, reflect-
ing in the numbers {5,10,15,20,25,30} on the periphery of the radar
chart (figure 4). This analysis result is shown in figure 4.

The vertices of the colored polygons represent the average accu-
racy of the multi-task model under a certain compression ratio and
distillation strength. We highlight the best distillation results for
each compression ratio. As can be seen from the figure, in scenarios
where the parameters of the student model are large (compression
ratio is low), the distillation intensity should be as large as possible
to get better performance. For example, 20 ([10,10]) for full-size
MTL can reach 0.944 average accuracy, and 15 ([7.5,7.5]) for 25%-
pruned-size MTL can reach 0.942 average accuracy. For medium-
sized student models (50% pruned of shared blocks’ channels), the
parameters of it are not so large, the distillation weights should
be small too: 10 ([5,5]) to get the best average accuracy of 0.942.
However, in large-to-tiny scenarios, the distillation strength should
be extremely large. The distillation weight should be 25 ([12.5,12.5])
for 75%-pruned-size MTL to reach 0.930 average accuracy, and 30
([15,15]) for 87.5%-pruned-size MTL to get an average accuracy of
0.920, which make distillation loss far exceeds the multi-task loss.

From table 2 and figure 4, we have the following observations:

o The multi-layer multi-teacher assisted knowledge distillation
(MMAKD) method works well in large-to-tiny distillation
scenarios, especially when the parameters of teacher models
are 100 times larger than the lightweight multi-task student
model (full-size teachers and 87.5%-pruned student).

e When the parameters of the student model are not much
different from that of the teacher, the student has the extra
ability to learn knowledge from truth labels that are not
available in the teacher while learning the knowledge of
distillation. However, the tiny student model should pay full

142

Cheng et al.

attention to learning the knowledge of big teachers without
learning the truth labels when the number of its parameters
is extremely small. In this way, order ensures that the only
abilities that primary school students have can be used to
learn the richest knowledge from teachers.

e By properly adjusting the distillation weights or using multi-
layer distillation, the middle student model can achieve an
infinitely close ability to the large student model. For ex-
ample, 1/2 MTL in table 2 achieves an average accuracy of
0.946, and 25% pruned MTL in figure 4 achieves an average
accuracy of 0.942. The two only lost an accuracy of 0.002
compared to the best full-size model.

6 CONCLUSION

This work proposes a knowledge distillation-based lightweight
face authentication model, solving face recognition and face anti-
spoofing tasks at the same time. The use of a multi-task learning
method and channel pruning algorithm reduces the inherent redun-
dancy of the original dual model, accelerates the running speed of
the model more than twice times and reduces the number of model
parameters by more than 28M. We perform comparison experi-
ments on public datasets and our comprehensive feature alignment
method by simultaneously distilling knowledge from multi-layer
feature maps. The results show that our knowledge distillation
method has a higher average accuracy (5.7% and 4.9%) than the
multi-task baseline without distillation and it achieves the best
performance compared to state-of-the-art knowledge distillation
methods at large teachers distill tiny multi-task student scenarios.
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