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Abstract

Compared with the feature-based distillation methods, logits
distillation can liberalize the requirements of consistent fea-
ture dimension between teacher and student networks, while
the performance is deemed inferior in face recognition. One
major challenge is that the light-weight student network has
difficulty fitting the target logits due to its low model capac-
ity, which is attributed to the significant number of identi-
ties in face recognition. Therefore, we seek to probe the tar-
get logits to extract the primary knowledge related to face
identity, and discard the others, to make the distillation more
achievable for the student network. Specifically, there is a
tail group with near-zero values in the prediction, contain-
ing minor knowledge for distillation. To provide a clear per-
spective of its impact, we first partition the logits into two
groups, i.e., Primary Group and Secondary Group, accord-
ing to the cumulative probability of the softened prediction.
Then, we reorganize the Knowledge Distillation (KD) loss of
grouped logits into three parts, i.e., Primary-KD, Secondary-
KD, and Binary-KD. Primary-KD refers to distilling the pri-
mary knowledge from the teacher, Secondary-KD aims to re-
fine minor knowledge but increases the difficulty of distilla-
tion, and Binary-KD ensures the consistency of knowledge
distribution between teacher and student. We experimentally
found that (1) Primary-KD and Binary-KD are indispensable
for KD, and (2) Secondary-KD is the culprit restricting KD at
the bottleneck. Therefore, we propose a Grouped Knowledge
Distillation (GKD) that retains the Primary-KD and Binary-
KD but omits Secondary-KD in the ultimate KD loss calcu-
lation. Extensive experimental results on popular face recog-
nition benchmarks demonstrate the superiority of proposed
GKD over state-of-the-art methods.

Introduction
Face recognition has achieved great success in various appli-
cation domains (Li and Jain 2011; Lei, Pietikäinen, and Li
2014). However, a large number of light-weight yet discrim-
inative face recognition models are required due to the de-
velopment of mobile and edge devices. An intuitive solution
is to optimize the neural network architectures for mobile
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Figure 1: The distribution of the predictions (softened prob-
abilities) of student and teacher networks trained from
scratch. The analysis is conducted on MS1MV2 (Deng et al.
2019a) dataset. The predictions are visualized based on a
randomly selected sample. There is a long tail group that has
several near-zero values, containing minor knowledge for
distillation. We partition the original logits into two groups,
i.e., primary group (pink) and secondary group (blue), via a
cumulative probability threshold τ of ranked student predic-
tion. Best viewed in color.

devices, e.g., MobileFaceNet (Chen et al. 2018) and Mo-
bileNetV3 (Howard et al. 2019). However, discriminative
networks always benefit from a large model capacity, which
will introduce more computational and storage costs. Given
a heavy teacher network, Knowledge Distillation (KD) aims
to improve the accuracy of light-weight networks, where the
knowledge from a heavy teacher network is transferred to
the light-weight student network.

The idea of KD (Hinton, Vinyals, and Dean 2015) was
first introduced to transfer knowledge by reducing the
Kullback-Leibler (KL) divergence between the prediction
probabilities of the teacher and the student networks. In
the past decade, the research attention has been drawn to
conducting instance-wise constraints on the activation of
the hidden layers, e.g., FitNet (Romero et al. 2015) distills
knowledge from deep features of intermediate layers. How-
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ever, such feature-based methods require the teacher and stu-
dent networks to share the same representation space, which
is unrealistic for student networks with low model capacities
(Huang et al. 2022). Additionally, extra computational and
storage usage (e.g., additional network modules and identi-
cal feature dimension requirements) are introduced for dis-
tilling deep features.

Unlike feature-based distillation, logits distillation does
not require the student to mimic the teacher’s representa-
tion space, but rather to preserve the high semantic consis-
tency with the teacher, which can liberalize the requirements
of consistent feature dimension between teacher and student
networks. Unfortunately, the performance of logits distilla-
tion is inferior in large-scale face recognition. One major
challenge is that the light-weight student network has diffi-
culty fitting the target logits due to its low model capacity,
which is attributed to the great number of identities in face
recognition. Therefore, we seek to probe the target logits to
extract the primary knowledge related to face identity and
discard the others, to make the distillation more achievable
for the student network. Specifically, we can see from Fig. 1
that there is a tail group with near-zero values in the softened
prediction, which contains minor knowledge for distillation
and wastes the learning capabilities of student models.

To provide a clear perspective for the impact of the tail
group, we partition the output logits into two groups via
the cumulative probability threshold of the student’s soft-
ened prediction, i.e., primary group and secondary group.
We argue that secondary group contains minor knowledge
and can not be covered by the student network with low
model capacity. To more distinctly embody the role of sec-
ondary group in the classic KD, we reorganize the classi-
cal KD loss into three parts, i.e., Primary-KD, Secondary-
KD, and Binary-KD. Primary-KD distills the most discrim-
inative knowledge from the teacher, Secondary-KD aims at
distilling minor knowledge embedded in the tail group, and
Binary-KD ensures the consistency of knowledge distribu-
tion between teacher and student. The extensive experiments
prove that (1) Primary-KD and Binary-KD are indispens-
able elements for KD, and (2) Secondary-KD is the cul-
prit restricting KD at the bottleneck. Therefore, we propose
a Grouped Knowledge Distillation (GKD), which remains
Primary-KD and Binary-KD in the ultimate loss calculation.
The extensive comparisons with current SOTA methods on
several popular face benchmarks demonstrate the superior-
ity of the proposed GKD.

Overall, the contributions of this paper are summarized as
follows:

• We propose to find an achievable distillation method for
the student network to bridge the performance gap be-
tween teacher and student models. Specifically, we intro-
duce the grouped logits to partition the logits into two
groups, i.e., primary group and secondary group, via cu-
mulative probability threshold of corresponding softened
prediction.

• Given the grouped logits, we propose reorganizing the
classical KD loss into three parts, i.e., Primary-KD,
Secondary-KD, and Binary-KD. Specifically, we exper-

imentally analyze and prove the individual impacts of
these three components; that is, Primary-KD and Binary-
KD are indispensable for KD, and Secondary-KD is the
culprit restricting KD at the bottleneck. On the basis of
the reformulation of KD loss, we propose a Grouped
Knowledge Distillation that retains the Primary-KD and
Binary-KD in the KD loss computation.

• The extensive experiments on popular face recognition
benchmarks demonstrate the superiority of the proposed
GKD over the state-of-the-art methods.

Related Work
Loss Functions. There are two types of loss functions
applied for face recognition. The first is the verification
loss function. Contrastive loss (Chopra, Hadsell, and LeCun
2005; Sun et al. 2014) optimizes pairwise Euclidean dis-
tance in feature space. Triplet loss (Schroff, Kalenichenko,
and Philbin 2015; Hoffer and Ailon 2015) makes up triplets
to separate the positive pair from the negative pair by a dis-
tance margin. The second is the softmax-based loss function,
which is mostly adopted by current SOTA deep face recogni-
tion methods. To learn angularly discriminative features, the
SphereFace (Liu et al. 2017) was proposed by introducing
the angular SoftMax function (i.e., A-SoftMax), which im-
poses discriminative constraints on a hypersphere manifold.
Also, the CosFace (Wang et al. 2018) with a large margin
cosine loss was proposed further to maximize the decision
margin in the angular space. The additive angular margin
loss ArcFace loss was designed to obtain highly discrimi-
native features for FR (Deng et al. 2019a). CurricularFace
(Huang et al. 2020) embeds the idea of curriculum learning
into the loss function. Softmthatsed loss functions combined
with heavy neural networks are demonstrated to obtain satis-
factory performance (Deng et al. 2019a), but they cannot be
well deployed in the light-weight network in the mobile sci-
ences (Deng et al. 2019b). Specifically, a performance gap
exists between heavy and mobile models, which requires the
application of knowledge distillation.

Knowledge Distillation. Knowledge distillation was first
proposed by Hinton et al. (Hinton, Vinyals, and Dean 2015),
which refers to a model compression method to transfer the
knowledge of a heavy teacher model to a light-weight stu-
dent network. Later variants of distillation strategies are pro-
posed to utilize diverse information from the teacher model,
which can be divided into two types, i.e., logits distillation
and feature distillation. As for the feature distillation, FitNet
(Romero et al. 2015) bridges the middle layers of the student
and teacher networks and adopted L2 loss to further super-
vised the output of the student. ShrinkTeaNet (Duong et al.
2019) proposes minimizing the angle between teacher and
student embedding vectors. TripletDistillation (Feng et al.
2020) improves the triplet loss with dynamic margins by
utilizing the similarity structures among different identi-
ties in the teacher network. MarginDistillation (Svitov and
Alyamkin 2020) utilizes class prototypes from the teacher
network for the student network. Additionally, SP (Tung and
Mori 2019) adopt the pairwise similarities of the outputs.
EKD introduces the evaluation-oriented method to optimize
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the student model’s critical relations (Huang et al. 2022).
Most feature distillation strategies could perform better than
logits distillation but introduce more computational and stor-
age costs.

Different from feature-based distillation methods, log-
its distillation does not require the student to mimic the
teacher’s representation space, but rather to preserve the
high semantic consistency with the teacher. The classical
KD (Hinton, Vinyals, and Dean 2015) proposes to minimize
the Kullback-Leibler Divergence of softened class prob-
abilities between the teacher and student. Besides, DML
(Zhang et al. 2018) suggests mutual learning to train mul-
tiple networks simultaneously. Mirzadeh et al. (Mirzadeh
et al. 2020) introduce multi-step knowledge distillation,
which employs an intermediate-sized network to bridge the
gap between the student and the teacher. Li et al. propose a
nested collaborative learning structure (Li et al. 2022). DKD
(Zhao et al. 2022) firstly proposes to decouple the classical
KD Loss into target class knowledge distillation and non-
target class knowledge distillation. However, we argue that
DKD has inferior performance over large-scale face recog-
nition because considerable logits will dramatically increase
the difficulty of distillation.

Method
In this section, we first introduce the primary group and sec-
ondary group. Then, we reformulate the classical KD Loss
into three parts, i.e., Primary Knowledge Distillation, Sec-
ondary Knowledge Distillation, and Binary Knowledge Dis-
tillation, and describe the proposed Grouped Knowledged
Distillation (GKD) loss.

Grouped Logits
From Figure 1, we find that the prediction of the student
network includes a long tail group with several near-zero
values, which contains minor knowledge but increases the
difficulty of distillation. Therefore, we seek to probe the tar-
get logits to extract the primary knowledge related to face
identity, to make the distillation more viable for the student
network. Specifically, we propose partitioning the original
logits into two groups, i.e., primary group and secondary
group. We denote the training dataset including n facial im-
ages of y identities as D = {xt, yt}, where xt refers to t-
th sample and yt indicates its identity label. For a sample
of i-th identity, the softened probabilities is formulated as
p = {pi}, i = 1, 2, · · · , C, where C denotes the number of
identities. For each pi ∈ p:

pi =
exp(zi)∑C
j=1 exp(zj)

, (1)

where zi indicates the logit output from the network. Ac-
cording to the above formulation and the results shown in
Figure 1, there is a tail group with near-zero values in the
prediction, which includes minor knowledge but increases
the difficulty of distillation for the student with low model
capacity. To further explore the effects of the tail group, we
propose to separate the tail group from the original logits via

the cumulative probability threshold of the softened predic-
tion, as shown in Figure 2. Specifically, given a ranked logits
z = [z1, z2, · · · , zC ] for sample x, we first obtain its ranked
prediction p̃. Then, we partition the original logits into two
groups, i.e., primary group and secondary group, and respec-
tively denote them as zΦ and zΨ, which can be formulated
as follow:

zΦ = TopK(z, k),

zΨ = z \ zΦ.
(2)

We analyze that the primary group contains most of the dis-
criminative knowledge for distillation where elements are
predicted with large values from the model and vice versa
for secondary group. To adaptively determine the value of k,
we utilize a cumulative probability threshold of the student’s
prediction, which can be formulated as follows:

k = argmin
k

|
k∑

i=1

p̃i − τ |, (3)

The τ denotes the cumulative probability threshold. Gen-
erally, as the value of τ increases, the model distills more
knowledge, i.e., fitting a larger proportion of target logits
from the teacher network. The effects of τ are further stud-
ied in the ”Effects of Threshold τ” section.

Grouped Knowledge Distillation
The secondary group (tail group) contains minor knowledge
for distillation, which we argue wastes the learning capa-
bility of the student model. To figure out the effects of sec-
ondary group, we review the formulation of the classical KD
loss that refers to the Kullback-Leibler Divergence of the
softened prediction between teacher and student networks.
The classical KD loss can be formulated as follows:

KL(pT ||pS) =

C∑
i=1

pTi log(
pTi
pSi

), (4)

where pT and pS denotes the prediction of teacher and stu-
dent, where the elements pTi and pSi are formulated as Equa-
tion 1. Let Φ, Ψ, and U denote the corresponding identity
sets of primary group, secondary group, and whole logits, re-
spectively. Then, we can obtain primary group prediction p̂
and secondary group prediction p̌, which are denoted as p̂ =
{p̂i}, i = 1, 2, · · · , CΦ, and p̌ = {p̌j}, j = 1, 2, · · · , CΨ,
respectively. CΦ and CΨ represent the length of p̂ and p̌,
and the elements can be denoted as follows:

p̂i =
exp(zi)∑
l∈Φ exp(zl)

| i ∈ Φ,

p̌j =
exp(zj)∑
l∈Ψ exp(zl)

| j ∈ Ψ.

(5)

We define the notion pb to represent the binary logits that
indicates the knowledge distribution, which is denoted as
pb = [pΦ, pΨ]. Additionally, two notions pΦand pΨ are de-
noted to represent the binary probability of primary group
and secondary group, which can be computed as follows:

pΦ =

∑
l∈Φ exp(zl)∑
l∈U exp(zl)

, pΨ =

∑
l∈Ψ exp(zl)∑
l∈U exp(zl)

. (6)
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Figure 2: The main framework of the proposed Grouped Knowledge Distillation (GKD). First, a facial image is fed into teacher
and student networks to obtain the corresponding logits output. Then, (a) both the logits of teacher and student are ranked
and partitioned into two groups, i.e., primary group and secondary group, via a cumulative probability threshold τ of student
prediction. (b) With the grouped logits, the classical Knowledge Distillation loss is reorganized and divided into three parts,
i.e., Primary-KD, Secondary-KD, and Binary-KD. The extensive experiments prove that (1) Primary-KD and Binary-KD are
indispensable for KD, and (2) Secondary-KD is the culprit restricting KD at the bottleneck. Therefore, the proposed Grouped
Knowledge Distillation (GKD) retains the Primary-KD and Binary-KD but omits Secondary-KD in the ultimate KD loss cal-
culation. Additionally, CosFace loss is utilized as the classification loss to maintain the intra-class and inter-class relations.

According to Equation 5 and Equation 6, we can reorganize
the formulation of KD loss in Equation 4 with the grouped
logits, which can be formulated as follows:

KL(pT ||pS) =
C∑
i=1

pTi log(
pTi
pSi

)

=
∑
i∈Φ

pTi log(
pTi
pSi

) +
∑
j∈Ψ

pTj log(
pTj
pSj

)

=
∑
i∈Φ

p̂i
T pTΦlog(

p̂i
T pTΦ

p̂i
SpSΦ

) +
∑
j∈Ψ

p̌j
T pTΨlog(

p̌j
T pTΨ

p̌j
SpSΨ

)

= pTΦ
∑
i∈Φ

p̂i
T log(

p̂i
T

p̂i
S
) + pTΦlog(

pTΦ
pSΦ

)
∑
i∈Φ

p̂i
T

+ pTΨ
∑
j∈Ψ

p̌j
T log(

p̌j
T

p̌j
S
) + pTΨlog(

pTΨ
pSΨ

)
∑
j∈Ψ

p̌j
T ,

(7)

where pb = [pΦ, pΨ] represents the binary logits that indi-
cates the knowledge distribution. From Equation 5, we have:∑

i∈Φ

p̂i
T =

∑
j∈Ψ

p̌j
T = 1. (8)

Therefore, the KD loss can be further formulated as follows:

KL(pT ||pS) = pTΦ
∑
i∈Φ

p̂i
T log(

p̂i
T

p̂i
S
)

+ pTΨ
∑
j∈Ψ

p̌j
T log(

p̌j
T

p̌j
S
) + [pTΦlog(

pTΦ
pSΦ

) + pTΨlog(
pTΨ
pSΨ

)]

= pTΦ ·KL(p̂T ||p̂S) + pTΨ ·KL(p̌T ||p̌S) +KL(pT
b ||pS

b ).
(9)

From the Equation 9, we reformulate the KD loss into
three parts, i.e., Primary-KD, Secondary-KD, and Binary-

KD, which can be denoted as follows:

Primary-KD = KL(p̂T ||p̂S),

Secondary-KD = KL(p̌T ||p̌S),

Binary-KD = KL(pT
b ||pS

b ).

(10)

We analyze that Primary-KD refers to distilling the primary
knowledge from the teacher, Secondary-KD aims at distill-
ing minor knowledge but increases the difficulty of distilla-
tion simultaneously, and Binary-KD ensures the consistency
of knowledge distribution between teacher and student. To
reduce the difficulty of fitting large-scale target logits for a
light-weight student network and make the distillation task
more achievable, we retain the Primary-KD and Binary-KD
as distillation loss, and assign proper weight to Primary-KD,
which is calculated as follows:

Lkd = λ1 ∗KL(p̂T ||p̂S) + λ2 ∗KL(pT
b ||pS

b ). (11)

Additionally, we utilize ArcFace (Deng et al. 2019a) as our
classification loss function to maintain intraclass differenti-
ation and interclass aggregation, which is formulated as:

Lcls =
1

Ni

∑
i

−log
es(cos(θyi+m,i))

es(cos(θyi+m,i)) +
∑

j ̸=yi
escos(θj ,i)

,

(12)
The overall loss function is denoted as:

L = Lcls + Lkd. (13)

Experiments
Dataset
Training Set. We utilize the refined MS1MV2 (Deng et al.
2019a) as our training set for fair comparisons with other
SOTA methods. MS1MV2 consists of 5.8M facial images
of 85K individuals.
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Testing Set. We evaluate our method on several popu-
lar face benchmarks, including LFW (Huang et al. 2008),
CFP-FP (Sengupta et al. 2016), CPLFW (Zheng and Deng
2018), AgeDB (Moschoglou et al. 2017), CALFW (Zheng,
Deng, and Hu 2017), IJB-B (Whitelam et al. 2017), IJB-
C (Maze et al. 2018). LFW is the most commonly uti-
lized face verification dataset, which consists of 13,233 fa-
cial images of 5,749 individuals. Cross-Age LFW (CALFW)
and Cross-Pose LFW (CPLFW) databases are constructed
based on the LFW database, to emphasize similar-looking
challenges, cross-age and cross-pose challenges. CFP-FP
database is built for facilitating large pose variation and
the AgeDB-30 database is a manually collected cross-age
database. The IJB-B and IJB-C are two challenging public
template-based benchmarks for face recognition. The IJB-
B dataset contains 1,845 subjects with 21.8K still images
and 55K frames from 7,011 videos. The IJB-C dataset is
a further extension of IJB-B, which contains about 3,500
identities with a total of 31,334 images and 11,7542 uncon-
strained video frames. MegaFace Challenge (Kemelmacher-
Shlizerman et al. 2016) consists of the gallery set includ-
ing 1M images of 690K subjects and the probe set including
100K photos of 530 individuals from FaceScrub.

Implementation Details
Data Processing. We adopt the preprocess settings in Ar-
cFace (Deng et al. 2019a). The input facial images are
cropped to 112×112 and normalized by subtracting 127.5
and dividing by 128. For the data augmentation, we apply
the horizontal flip with a probability of 50%.

Training. We utilize IResnet-50 as the teacher model that
is trained by ArcFace (Deng et al. 2019a), which is pre-
trained and frozen for all face recognition model train-
ing. Additionally, we adopt two student network architec-
tures, e.g., IResnet-18 (Deng et al. 2019a) and Mobile-
Facenet(Chen et al. 2018), following the network architec-
ture settings of EKD (Huang et al. 2022). To show the gener-
ality of our method, we use two neural student networks, i.e.,
MobileFaceNet (Chen et al. 2018) and IResnet-18 (Deng
et al. 2019a). We set the batch size to 128 for each GPU in
all experiments, and train models on 8 NVIDIA Tesla V100
(32GB) GPUs. We apply the SGD optimization method and
divide the initial learning rate (0.1) at 10, 18, and 24 epochs.
The momentum is set to 0.9, and the weight decay is 5e-4.
The hyper-parameters λ1 and λ2 are set to 8.0 and 1.0, re-
spectively. For ArcFace, we follow the common setting with
s = 64 and margin m = 0.5.

Testing. We follow the evaluation protocol and network
settings proposed by EKD (Huang et al. 2022) to report the
performance on LFW, CFP-FP, CPLFW, AgeDB, CALFW,
IJB-B, IJB-C, and MegaFace Challenge.

Ablation Study
In this section, we first conduct the ablation experiments on
Primary-KD, Secondary-KD, and Binary-KD. Then, we ex-
plore the effects of different cumulative probability thresh-
old τ and that of hyper-parameters λ1 and λ2. Additionally,
we investigate the generalization capability of our method

with different student network structures, i.e., IResNet-18
and MobileFacenet. All the experiments are evaluated on
five popular face benchmarks, i.e., LFW, CFP-FP, CPLFW,
AgeDB, and CALFW.

P-KD B-KD S-KD CFP-FP CPLFW AgeDB CALFW

✓ ✓ ✓ 91.71 87.85 95.93 95.03
✓ 94.08 90.56 96.73 95.45
✓ ✓ 94.35 90.86 97.25 95.78

Table 1: Ablation experiments of Primary-KD (P-KD),
Secondary-KD (S-KD), and Binary-KD (B-KD).

Ablation on GKD. We divide the classical KD loss into
three parts, i.e., Primary-KD, Secondary-KD, and Binary-
KD. To investigate their effects, we conduct the ablation
experiments on them, and we can see from Table 1 that
the classical KD loss achieves inferior performance, and
the recognition performance achieves a significant improve-
ment on five testing sets when we omit the Secondary-KD
while retaining the Primary-KD and Secondary-KD. This
phenomenon indicates the effectiveness of distilling primary
knowledge and attributes Secondary-KD as the culprit for
the bottleneck of knowledge distillation. We analyze that lib-
eralizing the requirements for the student network to fit sec-
ondary knowledge can reduce the difficulty of distillation,
thus bridging the performance gap between teacher and stu-
dent. Additionally, Binary-KD also brings a slight perfor-
mance improvement, since it specifies the knowledge dis-
tribution of model output and keeps consistent knowledge
distribution between teacher and student networks to avoid
the overfitting of the student model. From the results shown
in Table 1, we experimentally find that (1) Primary-KD and
Binary-KD are indispensable for KD, and (2) Secondary-
KD is the culprit restricting KD at the bottleneck. There-
fore, we propose a Grouped Knowledge Distillation (GKD),
which retains the Primary-KD and Binary-KD but omits
Secondary-KD in the ultimate KD loss calculation.

Method LFW CFP-FP CPLFW AgeDB CALFW
Student 99.52 91.66 87.93 95.82 95.12

KD (τ = 1) 99.50 91.71 87.85 95.93 95.03

τ = 0.99 99.46 92.15 87.98 96.16 95.41
τ = 0.97 99.53 93.81 90.65 96.90 95.53
τ = 0.95 99.55 94.25 90.43 96.88 95.60
τ = 0.93 99.61 94.35 90.86 97.25 95.78
τ = 0.91 99.52 94.00 89.95 96.93 95.65

Table 2: Extensive ablation on cumulative threshold τ .

Effects of Threshold τ . As described in Equation 2, we
partition the original logits into two groups, i.e., primary
group and secondary group, via a cumulative probability
threshold τ . To explore the effects of τ , we conduct com-
parisons for different thresholds. Generally, a larger thresh-
old indicates more knowledge for a student to fit and refers
to KD loss when τ = 1. Moreover, we can see from Ta-
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ble 2 that the model trained with τ = 0.99 has a sim-
ilar performance in comparison to the classical KD loss.
As τ decreases, less knowledge is required to be fitted for
the student network, corresponding to achievable distillation
tasks and better performance. Additionally, the best recog-
nition performance comes when τ equals 0.93, and we set
τ = 0.93 as the default value of τ in our subsequent abla-
tion and comparison experiments.

Method LFW CFP-FP CPLFW AgeDB CALFW
Student 99.52 91.66 87.93 95.82 95.12

λ1 = pTΦ 99.58 94.25 89.85 97.21 95.65
λ1 = 2 99.46 94.07 90.63 96.80 95.60
λ1 = 4 99.52 94.23 90.75 96.95 95.50
λ1 = 8 99.61 94.35 90.86 97.25 95.78
λ1 = 10 99.48 94.03 90.58 97.22 95.66

λ2 = 0 99.51 94.08 90.56 96.73 95.45
λ2 = 1 99.61 94.35 90.86 97.25 95.78
λ2 = 2 99.64 94.23 90.68 97.28 95.69

Table 3: Ablation on different λ1 and λ2, which correspond
to weights for Primary-KD and Secondary-KD, respectively.

Effects of λ1 and λ2. The table 3 reports the recognition
accuracy of student networks with different λ1 and λ2. First,
we can find the default value of λ1 = pT

Φ can bring rea-
sonable performance improvement. Then, we conduct com-
parisons among different values of it and find the model
achieves better performance when λ1 increases. We analyze
that the default weight pT

Φ cannot highlight the significance
of Primary-KD, which can be enhanced by a larger weight.
Additionally, we find that different weights do not intro-
duce significant performance improvement since we discard
Secondary-KD, which disguisedly enhances Primary-KD
learning. The best performance is obtained when λ1 = 8.
Moreover, based on the setting (λ1 = 8), we perform the ab-
lation on different values of λ2. From Table 3, we find that
different values of λ2 have a minor effect on the final result,
as long as Binary-KD is introduced. The best performance
achieves when λ2 = 1.0.

Method IJB-C

1e-4 1e-5

MobileFaceNet 89.13 81.65
MobileFaceNet+EKD 90.48 84.00
MobileFaceNet+Ours 94.34 91.01

IR18 91.96 86.01
IR18+EKD 92.74 88.84
IR18+Ours 94.93 92.29

Table 4: Ablation studies of student networks, which in-
volves IResNet-18 and MobileFacenet. TPR@FPR=1e-4
and TPR@FPR=1e-5 on IJB-C are reported.

Effects of Student Network Architecture. We investi-
gate the generalization capability of our method for differ-

ent student network structures. Table 4 shows the results
of two structures, i.e., IResNet-18 and MobileFaceNet. Al-
though the performance improvement on the two network
structures is different, our method generally performs better
than directly training the student network from scratch. Ad-
ditionally, we keep the consistent student network (IResNet-
18 and MobileFacenet) and conduct a comparison with EKD
(Huang et al. 2022). The results of Table 4 show that our
method improves the student model.

Comparison with SOTA
In this section, we compare our proposed GKD with several
Sate-Of-The-Art (SOTA) knowledge distillation methods,
including the methods proposed for other tasks (KD (Hin-
ton, Vinyals, and Dean 2015), FitNet (Romero et al. 2015),
DarkRank (Chen, Wang, and Zhang 2018), SP (Tung and
Mori 2019), CCKD (Park et al. 2019) and RKD (Park et al.
2019)), and methods designed for face recognition (Shrink-
TeaNet (Duong et al. 2019), Triplet Distillation (Feng et al.
2020), MarginDistillation (Svitov and Alyamkin 2020) and
EKD (Huang et al. 2022)). The results of six methods de-
signed for other tasks are reproduced and reported on face
recognition benchmarks. For the methods designed for face
recognition, we replicate the results from EKD.

Results on LFW, CFP-FP, CPLFW, AgeDB, and
CALFW. To evaluate the superiority of our proposed
GKD, we first evaluate the recognition performance on five
widely-used face benchmarks to compare with other SOTA
methods. As shown in Table 5, most of the knowledge dis-
tillation methods are better than the student network that is
directly trained from scratch (i.e., MobileFaceNet), but the
performance improvement is limited. Additionally, feature-
based distillation, e.g., FitNet and RKD, seem to show better
performance than the logits-based methods (KD), in com-
parison with all the competitors, while performing inferior
to MarginDistillation. By contrast, the SOTA method EKD
brings significant improvement in comparison to other meth-
ods. Compared with the feature-based EKD, our method
follow the logits distillation and achieves explicit improve-
ments on five face benchmarks, which further bridges the
performance gap by alleviating the difficulty of distillation.

Results on IJB-B and IJB-C. In Table 5, we exten-
sively conduct the comparisons of the 1:1 verification
(TPR@FPR=1e-4 and TPR@FPR=1e-5) with the previous
SOTA methods on the IJB-B and IJB-C. Surprisingly, the
results of our proposed method achieve a significant veri-
fication performance improvement, which is different from
the results in the small test datasets. Additionally, most
of the knowledge distillation methods bring little perfor-
mance improvement or are even worse than the baseline
on these two large-scale test datasets. Compared with pre-
vious methods, both RKD and EKD bring supervising im-
provements, but our method further improves 3.86% and
7.01% verification performance on IJB-C and brings 4.17%
and 9.46% improvements on IJB-B (TPR@FPR=1e-4 and
TPR@FPR=1e-5), which indicates the effectiveness of our
method in the large-scale verification scenarios.
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Method IJB-C IJB-B MegaFace LFW CFP-FP CPLFW AgeDB CALFW

1e-4/1e-5 1e-4/1e-5 Id/Ver ACC ACC ACC ACC ACC

Teacher-IR50 (upper bound) 95.16/92.66 93.45/88.65 98.14/98.34 99.80 97.63 92.50 97.92 96.05
MobileFaceNet (student) 89.13/81.65 87.07/74.63 90.91/92.71 99.52 91.66 87.93 95.82 95.12

FitNet (Romero et al. 2015) 87.76/73.71 86.35/70.19 91.16/92.34 99.47 91.30 88.30 96.18 95.12
KD (Hinton, Vinyals, and Dean 2015) 88.37/80.39 86.08/74.30 90.40/92.00 99.50 91.71 87.85 95.93 95.03
Dark (Chen, Wang, and Zhang 2018) 89.28/81.62 86.76/73.75 90.76/92.41 99.55 91.84 87.77 95.60 95.07

SP (Tung and Mori 2019) 88.43/78.13 86.34/72.85 91.25/92.41 99.53 92.33 88.45 96.17 95.07
CCKD (Park et al. 2019) 87.99/78.75 85.63/72.38 91.17/92.76 99.47 91.90 88.48 95.83 95.22
RKD (Park et al. 2019) 89.65/83.21 87.27/75.17 91.44/92.92 99.58 92.13 87.97 96.18 95.25

ShrinkTeaNet (Duong et al. 2019) 87.80/79.78 85.31/75.23 90.73/92.32 99.47 91.97 88.52 96.00 94.98
Triplet (Feng et al. 2020) 84.57/76.65 81.88/70.51 86.52/88.75 99.55 93.14 88.03 95.33 94.97

Margin (Svitov and Alyamkin 2020) 85.71/75.00 82.97/66.25 91.70/92.96 99.61 92.01 88.03 96.55 95.13
EKD (Huang et al. 2022) 90.48/84.00 88.35/76.60 91.02/93.08 99.60 94.33 89.35 96.48 95.37

Ours 94.34/91.01 92.52/86.06 95.48/95.87 99.61 94.35 90.86 97.25 95.78

Table 5: Verification comparison with SOTA methods on LFW, two pose benchmarks: CFP-FP and CPLFW, two age bench-
marks: AgeDB and CALFW, and large-scale benchmarks: IJB-B, IJB-C and MegaFace.

Results on MegaFace. We test our model on MegaFace
Challenge 1 using FaceScrub as the probe set. “Id” refers
to Rank-1, and Ver refers to TPR@FPR=1e-6. As shown in
Table 5, the proposed GKD outperforms other methods on
MegaFace.

Method Student FitNet KD EKD GKD

Training Time(s) 0.088 0.120 0.116 0.133 0.121

Table 6: Training time comparison for each batch under the
same experimental setting.

Time Complexity. As shown in Table 6, we assess the
training time of students including 1) student (w/o distilla-
tion loss), 2) KD, 3) FitNet, 4) EKD, and 5) our method for
each batch under the same experimental setting. Specifically,
we conduct 4000 complete iterations including forward and
backward propagation on one NVIDIA Tesla-V100, and cal-
culate the average as the training time. The batch size is set
to 8 and the Pytorch version is 1.7.1.

Method CALFW CPLFW AgeDB
M-M/M-N M-M/M-N M-M/M-N

Teacher (IR100) 95.80/95.58 91.68/92.51 96.30/97.00
MobileNetV3-L 92.65/93.33 85.91/87.23 90.30/93.46

MobileNetV3-L+Ours 94.41/94.66 89.46/90.48 94.50/95.83

Table 7: Ablation studies on Masked Face Recognition chal-
lenge with different student-teacher network settings, which
involves in MobileNetV3-large300 (Student) and IResNet-
100 (Teacher). The testing scenarios M-M and M-N indicate
mask vs. mask and mask vs. non-mask, respectively.

Generalization on Masked Face Recognition
In this section, we study the generalization of our method
to other recognition tasks, e.g., Masked Face Recognition.

Knowledge distillation is a general method to bridge the
performance gap between teacher and student networks, and
we think its effectiveness should be verified on other tasks,
e.g., Masked Face Recognition (MFR). We conduct abla-
tion experiments on MFR with different network settings,
i.e., MobileNetV3-large (Student) (Howard et al. 2019) and
IResNet-100 (Teacher) (Deng et al. 2019a). For the train-
ing dataset, we adopt the FaceX-Zoo (Wang et al. 2021) to
generate the masked data from MS1M (Deng et al. 2019a),
which consists of approximately 10M images of 9.3K identi-
ties. We utilize CosFace (Wang et al. 2018) loss with margin
m = 0.4 and scale s = 64 as the loss function. There are two
scenarios for MFR, i.e., Mask vs. Mask (M-M), and Mask
vs. Non-mask (M-N). For the testing sets and evaluation pro-
tocol, we keep consistent with MaskInv (Huber et al. 2021).
From Table 7, we can see that our method outperforms the
baseline method, which demonstrates the generalization of
our model on masked face recognition.

Conclusion
This paper proposes Grouped Knowledge Distillation
(GKD) to probe the target logits to extract the primary
knowledge that is related to face identity, and discard the
others, to make the distillation more achievable for the stu-
dent network. Specifically, there is a tail group that has
near-zero values in the prediction, including minor knowl-
edge of distillation. Therefore, we first partition the logits
into two groups, i.e., primary group and secondary group,
via the cumulative probability of the softened prediction.
Then, we reorganize the distillation loss into three parts, i.e.,
Primary-KD, Secondary-KD, and Binary-KD. We experi-
mentally found that Primary-KD and Binary-KD are indis-
pensable for KD, and Secondary KD is the culprit restricting
KD at the bottleneck. Extensive experimental results on pop-
ular face recognition benchmarks demonstrate the superior-
ity of proposed GKD over state-of-the-art methods. More-
over, the experiments conducted on masked face recognition
tasks demonstrate the generalization of our method as well.
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