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Survey on knowledge distillation and its application
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Abstract: Deep learning is an effective method in various tasks, including image classification, object detection, and
semantic segmentation. Various architectures of deep neural networks (DNNs) , such as Visual Geometry Group network
(VGGNet) , residual network (ResNet) , and GoogLeNet, have been proposed recently. All of which have high computa-
tional costs and storage costs. The effectiveness of DNNs mainly comes from their high capacity and architectural complex-
ity, which allow them to learn sufficient knowledge from datasets and generalize well to real-world scenes. However, high
capacity and architectural complexity can also result in a drastic increase in storage and computational costs, thereby com-
plicating the implementation of deep learning methods on devices with limited resources. Given the increasing demand for
deep learning methods on portable devices, such as mobile phones, the cost of DNNs must be urgently reduced. Research-
ers have developed a series of methods called model compression to solve the aforementioned problem. These methods can
be divided into four main categories: network pruning, weight quantization, weight decomposition, and knowledge distilla-
tion. Knowledge distillation is a comparably new method first introduced in 2014. It attempts to transfer the knowledge
learned by a cumbersome network (teacher network) to a lightweight network (student network) , thereby allowing the stu-

dent network to perform similarly to the teacher network. Thus, compression can be achieved by using the student network
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for inference. Traditional knowledge distillation works by providing softened labels to the student network as the training
target instead of allowing the student network to learn ground truth directly. The student network can learn about the corre-
lation among classes in the classification problem by learning from softened labels. This approach can be taken as extra
supervision while training. The student network trained by knowledge distillation should ideally approximate the perfor-
mance of the teacher network. In this way, the computational and storage costs in the compressed network are reduced with
minor degradation compared with those in the uncompressed network. However, this situation is almost unreachable when
the compression rate is large enough to be comparable with the compression rates of other model compression methods. On
the contrary, knowledge distillation can be taken as a measure of enhancing the performance of a deep learning model.
Thus, this model can perform better than other models of similar size. Moreover, knowledge distillation is a method of
model compression. In this study, we aim to review the knowledge distillation methods developed in recent years from a
new perspective. We sort the existing methods according to their target by dividing them into performance-oriented methods
and compression-oriented methods. Performance-oriented methods emphasize the improvement of the performance of the
student network, whereas compression-oriented methods focus on the relationship between the size of the student network
and its performance. We further divide these two categories into specific ideas. In performance-oriented methods, we
describe state-of-the-art methods in two aspects: the representation of knowledge and ways of learning knowledge. The rep-
resentation of knowledge has been widely studied in recent years. The researchers attempt to derive knowledge from the
teacher network instead of outputting vectors to enrich the knowledge while training. Other forms of knowledge include a
middle-layer feature map, representation extracted from the middle layer, and structural knowledge. The student network
can learn about the teacher network’ s behavior while forward propagating by combining this extra knowledge with the soft
target in traditional knowledge distillation. Thus, the student network acts similarly to the teacher network. Studies on the
way of learning knowledge attempt to explore distillation architectures on the basis of the teacher-student architecture.
Moreover, architectures includingonline distillation, self-distillation, multiteacher distillation, progressive knowledge dis-
tillation, and generative adversarial network (GAN)-based knowledge distillation are proposed. These architectures focus
on the effectiveness of distillation and different use cases. For example, online distillation and self-distillation can be
applied when the teacher network with high capacity is unavailable. In compression-oriented knowledge distillation,
researchers try to combine neural architecture search (NAS) methods with knowledge distillation to balance the relation-
ship between the performance and the size of the student network. Many studies on the impact of the size difference
between the teacher network and the student network on distillation performance are also available. They concluded that a
wide gap between the teacher and the student can cause performance degradation. Then, bridging the gap between the
teacher and the student with several middle-sized networks was proposed in these studies. We also formalize different kinds
of knowledge distillation methods. The corresponding figures are shown uniformly to help researchers understand the basic
ideas comprehensively and learn about recent works on knowledge distillation. One of the most notable characteristics of
knowledge distillation is that the architectures of the teacher network and the student network stay intact during training.
Thus, other methods for different tasks can be incorporated easily. In this study, we introduce recent works on different
knowledge distillation tasks, including object detection, face recognition, and natural language processing. Finally, we
summarize the knowledge distillation methods mentioned before and propose several possible ideas. Recent research on
knowledge distillation has mainly focused on enhancing the performance of the student network. The major problem of the
student network lies in finding a feasible source of knowledge from the teacher network. Moreover, compression-based
knowledge distillation suffers from the problem of searching space when NAS adjusts network architecture. On the basis of
the analysis above, we propose three possible ideas for researchers to study: 1) obtaining knowledge from various tasks and
architectures in the form of knowledge distillation, 2) developing a searching space for NAS when combined with knowl-
edge distillation and adjusting the teacher network while searching for the student network, and 3) developing a metric for
knowledge distillation and other model compression methods to evaluate both task performance and compression perfor-
mance.
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Fig. 1 Categories of knowledge distillation
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XA G AN B SR O R 2%, T {2
A2 P 2 ) i AT 27 2, Rl R ZE IR 7 vk
HAHSE X7 BN AR . TR 2= nY 4 2% R BmT
PLRIR N

Lo = D L(Lit) + > Ly (L.1) (5)

A RS T MR 255 B AR, K 6 i
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Fig. 6  Online distillation
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PERE , SRR 2 DA ] A )11 25 22 A 0 265 1 7= A LAY
Ryl
2.3.2 HZEWE

H 2818 (self-distillation , SD ) 48 7£ W 2% Y| Zx ik 72
AR A B 2 &5 ] B0 E B B B A o) it
i, T AR HOZ — D TR TSR k. 5
TELZERISA , B 208 AT LUAE AT 2000 9 2% 1 15 10
TER . A TG IR ZE R, F 2R L T X
AT ) 28 1 B A I 2 1) ek AR (E 2 [RIRE W] LA SK 3]
FETHRUZRPERERY H Y o 281 A0 451 2% oR BT AR
NH

Lo=L(L)+ SDFULR(L.) (6

SRR 2 R LA ER A BOARIE IR, R () 2 b TR
JE DR P B A S 2 VR I PR ) pR B, 11 2 e o

FEWE 7 s .

m—-0-v—|—-
| © iy
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| mg | @

L ] F
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Fig. 7 Self-distillation

78 18 e 5 1 P AE Zhang 25 A (2019) 19 T4
Hh R 28 I 2% 0 RS B B AN I T A R 2 O ELAE
FAZAK A B R R AR 0 B R B AR AE 42
TR B B 2 B R A B DL R B SR A )
B FEICIERE I, Liu 8 A (2020a) ITA T 652 1)
JELRK o8 FH O 0 245 AR A0 R S R I A T )2 T 46 X6
(B B DTSR A ) 9 A B2 . %%
A (2021b) W FH B 4% BRRAE F R i A Bl
TR B B B IR R A A TR B RRAE
DL S B T =F 5 B B A A

I 2808 2 ) P A W B AN — 2k A B R AR
P mT Dok | A5 M A B B . Ge 28 A (2021)
HEFEAR R AE o W B M5 B, A e A AR AS Rt
(batch) Hr H At TG BEAR AR LR , MR 315 455 S Xt 4

AT AR B e A 1 W BHE R B S A X R A 1Y
FEAS B 1] A2 5 Th AT M

FMITELZEM , A 2R [FAR R 2 1 B 9
IR R ARy H A, (E2 R R AR e — B Y
Him , BIJCEE 008 A B 08 B 00 U S ER , 30X
FITENAAFAEREHLPERSR A [R)
2.3.3 ZHIMEME

R T TR RS B0 ) 2 RE S 4 A1 1) e B A BR 1Y
() R, — 2 T A SR FH 221 00T 19 2% 184 0 B 22 1) M B
{5 B, Bl £ 2 0l 2% 18 (multi-teacher distillation,
MTD). ZZIMZEMIHTET bR T e bt 4e
HRZETR T BRI 2 2 A, b Re 4R L T i 2 A Ak
(A5 S ABAFAE SR ) 265 M FE o IR BB o 22380
Uiz iR 40 2% s T LSRR

Lyw = L(lot) + Ly (Lo E (L lyees))  (7)

o, E () ZR7R 6 O 9 2% i R A A R g . 23
U2 00 1 A L P 8 BT o
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ﬁé i-w-w-1~ .

P

N “— o n-|~ .
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Fig. 8 Multi-teacher distillation
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Asif 8N (2020 VREAITSE H RS 0] 2 200 2274
F18 2 TR R e ) X 2T 48] 205 02 2 ) 245 )
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A W — AN T 25 0 200 ) 45— A BR
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2.3.5 LT O M2 Y RTIHZE TR
R ZRAR B UM —7 A= ™ R A= 0 47 1 255
(generative adversarial networks, GAN) [I¥ “ A= i s —
55 e SR ELA AR R AL L 2800 1 2% 1y i 1 T
DA M0 SR 2 A I 285 fy i o T AR A A
B AREIX TR IR 0 AL, 2 A 0 280 221t ot
S L TS S e e ol 220 o 265 1) A 1 A 2 A ) 2%
(R L o3 T, DI ol 2 A X 48 A5 T 42 30 2800 oA
KINBETT . FET GANRITRZRIE AT L FRIA N
Loy —wo = L (Lo,t) + Ly (L,1,,D) (9)
O, DFRIRFINER | Loy RN AT TR K

BAREA N
Low (I l,D) = log D(1,) + logD(1 - 1) (10)
HT GAN Y RIRZE M PR AN 9 7R o Xu 4
A (2018) 7EHITRZE 18 th i 1T 1 2% 4 A 1% Bt 1 4%
(conditional generative adversarial networks, C-GAN)
FI8) SE I, L) g A 0 R T ) 0% H 1 R 2 1 9 2%
B 3 % [e) o X 288 S0 R AT SN, DT B AR T
GAN TE$2 THAIH ZE M BE F Ay e o i B =
Chen %5 A (2020b ) WU FIT GAN #4331 51) 6 % 20 Ui ) 245
A2 AR 28 A HRAE PR A7 501 .- Chung 55 A (2020)
e GAN (1 S BR B) 1 TELRZR M TEARAR A I A2 2E
P 265 2Z [ s — D g L B 144> 1 R 25 4 B
R BRI AR N (2022) 221X 7E GAN 1925
A v 240 £ 280U 1Y) 246 6k 2 A 0 2% 1) A B L SR T2 2 5
A 1) M B SRS, e AR T 00 o 45 1 s 15 L L O F
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Fig. 9  GAN-based knowledge distillation

g

3 T @M ESRE AR E

TR AR AE bl 22 X 2% TR 4 7 1%, 7E 26 1R 4
ORI 52 ANGT o X TAERIRZE B %R
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4 FIRZFETTRMERERT L
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AR R ZE 1 7 v vh BA AR O ik i AT
SRR EE , LA AN [ R PR ZE 18 O AR e RE 4R TR 8%
AT EM AT AL

TR ZETRAE S S B I 2R 80 07 v N 25 e T A
RN ZR T 3 5 00 AT 55 Al ] o e SE g 34 7 55
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R 208 A0 S AR T 28 24T 55 LROPERE, LK
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TEZES T T R SEA T M RE4R THFI I 25 5
ATTIE
5.1 B#rem

I B e A 55 2 X i 00 ) 288 s SR A K A 55
Z—  E E bR I e AT DA B e £ R 2 0 1 S
FKARBUR RN 4, 41 Chen %5 A (2017) i I — 4~k
PR A ARAIN 09 268 1 S B0 I 28 , 3R 26 (X
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Table 1 Performance comparison of different KD methods on CIFAR10 dataset
25 Tk SIEUETR /% /i
ResNet56(He %5,2016) 94.01
iEEAlIE
ResNet20(He %,2016) 92.36
KD (Hinton %§,2015) 92.43
g i CRD(Tian %,2022) 92.69
TAKD (Mirzadeh %5 ,2019) 92.83 ResNet32 1 By 0 ) 4%
HIEG R FitNet(Romero%%,2015) 92.86
AT (Zagoruyko Fl Komodakis , 2017) 92.89
FRAE AR IURTR AFD (Wang %% ,2020a) 92.90
FSP(Yim%5,2017) 92.48
RKD(Park %,2019h) 92.89
ERLAEIAVSIEN IRG(Liu%§,2019a) 92.95
SPKD(Tung F1 Mori, 2019) 93.14
DML(Zhang%%,2018) 92.93 3R
TELRZENR ONE(Lan%,2018) 93.08 3R
OKDDip(Chen % ,2020a) 93.24 3
LHIZEE ALTKD(Liu%,2020d) 92.53 3NFUM 4%
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NGNS 53 BRI 0 28 F A 46 (i i o Shu %5
N (2020) DURHE B2 6 RRAE TR A T () Z8 TR B 1 3%
i 7 18 (channel-wise distillation) , 355 % # /& 1% [7]
I FITE 1 o> B4 R B 2808 b, LAEAS 27 2E 9 2% 1) 4
AT E IO I BAT R SR A
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g 2 1) PR AS [] A 3800 D) 2 LA AR BBCAS [) 2 R A5
B IR AT ISR AE XA G5 R, 2 A 2 AN
SR B ERHEATUNGR R B B 4 2% R
R0 FUBNA0 R R TR 2R IR 25

ST TG Gk B 5 PERE A OF L Li SN
(2020a) 2= ff I NAS 75 46 X0 4514 GAN 647 4
SR FH 38 8 BY A 9 7 149 2 2 A I 2% S i, {4
R TR ) R E . 7RI R
“—F7 7K IR (once-for-all) I NAS J7 BB )1 2R A48 2%
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