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Model distillation for high-level semantic understanding: a survey
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Abstract: Computer vision tasks aim to construct computational models in relevant to functions-like of human visual sys-
tems. Current deep learning models are progressively improving upper bounds of performances in multiple computer vision
tasks, especially for analysis and understanding of high-level semantics, i. e. , multimedia-based descriptors for human
recognition. Typical tasks to understand high-level semantics include image classification, object detection, instance seg-
mentation, semantic segmentation, and video’ s recognition and tracking. With the development of convolutional neural
networks (CNNs) , deep learning based high-level semantic understanding have all been benefiting from increasingly

deeper and cumbersome models, which is also challenged for the problem of storages and computational costs. To obtain
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lighter structure and computation efficiency, many model compression strategies have been proposed, e. g., pruning,
weight quantization, and low-rank factorization. But, such challenging issue is to be resolved for altered network structure
or drop-severe of performance when deployed on computer vision tasks. Model distillation can be as one of the typical com-
pression methods in terms of transfer learning to model compression. In general, model distillation utilizes a large and com-
plicated pre-trained model as “teacher” and takes its effective representations, e. g. , model outputs, features of hidden
layers or feature maps-between similarities. These representations are treated as extra supervision signal together with the
original ground truth for a lighter and faster model s training, in which the lighter model is called “student”. As model dis-
tillation provides favorable balance between models’ performances and efficiency, it is being rapidly explored on different
computer vision tasks. This paper investigates the progress of model distillation methods since its introduction in 2014 and
introduces their different strategies in various applications. We review some popular distillation strategies and current
model distillation algorithms deployed on image classification, object detection and semantic segmentation in this paper.
First, we introduce distillation methods for image classification tasks, where model distillation has already achieved mature
development. Fundamentals of model distillation starts from using teacher classifiers’ output logits as soft labels, bringing
student with more inter-categories structural information, which is not available in conventional one-hot ground truths. Fur-
thermore, hint learning can be used to utilize hierarchical structure of neural networks and take feature maps from hidden
layers as another “teachers”-involved representations. Most of distillation strategies are designed and derived from similar
approaches. In the aspects of frameworks’ design and application scenes, the paper respectively introduced some typical
distillation strategies on classification models. Some methods mainly considered novel approaches on supervision signal
design, i. e. , ensembles that differs from conventional classification soft labels or feature maps. Newly developed features
for student models to mimic are usually computed from attention or similarity maps of different layers, data augmentations
or sampled images. Other methods consider adding noise or perturbation to teacher classifiers’ output or using probability
inference to minimize the gap between teacher and student models. These specially designed features or logits are focused
on a more appropriate representation of knowledge in teacher models than plain features from some layers’ outputs. More-
over, in other methods, the procedure of model distillation is altered, and more complicated schemes are introduced to
transfer teacher’ s knowledge instead of simply training the student with generated labels or features. Also, as generative
adversarial networks (GANs) achieve promising performance in image synthesis, some model distillation methods also
introduce adversarial mechanisms in classifiers’ distillation, where teacher models’ features are regarded as “real ones”
and the students are expected to “generate” similar features. In many practical scenes such as model compression, self-
training and parallel computing, classifiers” distillation is utilized in coordinate to specific process as well, e. g. , fine tun-
ing networks with full-precision teachers, distilling student model with its previous versions during training, and using mod-
els from different nodes as teachers. We summarize some popular strategies performances and illustrate the data in a table
after approaches of model distillation in image classification tasks are introduced. Distillation methods’ performances on
improving classifiers” top-1 accuracies are compared on several typical classification datasets. The second part of the paper
focuses on specially developed distillation methods for computer vision tasks more complicated than classification, e. g. ,
object detection, instance segmentation and semantic segmentation. Differentiated from classifiers, models of these tasks
contain more redundant structures with heterogeneous outputs. Hence, recent works on detectors’ and segmentation mod-
els’ distillation is relatively less than those in classifiers’ distillation. The paper describes current challenges in designing
of distillation frameworks on detection and segmentation tasks. Some of typical distillation methods for detectors and seg-
mentation models are then introduced based on different tasks and their multifaceted structures. Since there were few works
specified for instance segmentation models’ distillation, the papers simply introduce similar distillation methods for object
detectors in the beginning of the second part. For detectors, requirements from localization demand special concentration
on local information around foreground objects. Meanwhile, images from object detection datasets consists of more compli-
cated scenes generally in which large amounts of different objects may occur. Hence, the solutions of distillation strategies-
borrowing from for classifies may bring undesired performance decrease in object detection. Due to more complex structures
in detectors, previous distillation methods may not be applicable. As “backbone with task heads” structure is widely used

in modern computer vision models, researchers develop novel distillation methods mainly based on this typical framework.
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The introduced detectors’ distillation strategies investigate issues above and mainly focus on specific output logits acquire-
ment and specially designed loss functions for different parts in detectors. To highlight foreground regions before distilla-
tion, backbones-derived feature maps are often selected through regions of interest (Rols) using masking operations. Vari-
ous of output logits are selected in different methods from teacher models’ task heads, affecting training of students’ task
heads in terms of specific matching and imitation schemes. Semantic segmentation requires more global information than
object detection or instance segmentation tasks, focusing on pixel-wise classification inside the total image. One of the criti-
cal factors of pixels’ correct classification is oriented to the analysis of inter-pixel relationships. Hence, model distillation
methods for semantic segmentation also take advantages of pixels in both output masks and feature maps from hidden lay-
ers. Distillation strategies introduced in the paper are majorly on the application of hierarchical distillation on different
part, e. g. , the imitation of full output classification mask, imitation of full feature maps, computing of similarity matrices,
and using conditional GANs (¢GANs) for auxiliary imitation. The former two approaches are fundamental practices in
model distillation. In contrast, to realize segmentation model s pixel-wise knowledge to be more ‘compact’ after compres-
sion, some distillation methods utilize compressed features instead of original one to compute similarity with student. When
c¢GANSs is used to imitate student segmentation model to the teacher features, researchers introduce Wasserstein distance as
a better metric for adversarial training. At the final part of this paper, previous works of model distillation for high-level
semantic understanding are summarized. We review some obstacles and unsolved problems in current development of
model distillation, and the future research direction is predicted as well.
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Fig. 1  General schematic diagram of model distillation
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(mixed national institute of standards and technology
database , MNIST) (LeCun 4%,2013) , W4 T KEF5
Ber I e o B B 200 0~9, 381028 . #L
35 S 342 75 60 000 7 Y11 25k K £ 5 10 000 i 1 1 &1
1% . H LeNet(LeCun 55,1998 ) % £ 1%, D15 MNIST %4
A1 Top-1 FEIRFRE R 1. 7% i , & FSH A TR
BEALAN T H 3, BE D RZ A8 Rk 22 0. 2% LA

M P B 5 A P 5 0 2R I 26 4 RGB R (0 F 48
FIGIEATAE ] . ImageNet (Deng 55 , 2009 ) 05 42 J&
— AN RMLELE IR A SR G 28 e & %
i 1500 77 i@ FAR SRS B 2 07 61820, BT
F WordNet 2Ry AT JZ AL bR T . 8 T 5B
£ % " B9 & ILSVRC (ImageNet Large Scale Visual
Recognition Challenge ) 5 % M ) 745, I 25

)i g 5

A 55 120 77 IR 15, SR 4R 5 A 20 ol . 5
ST 5 10 7R EIR 35 10004285, s 4 B A
SR G SEAERL AT VPA (10 e SR B B . AR
3 FE U 2 AR AL S B B/ CIFAR (Cana-
dian Institute for Advanced Research) (Krizhevsky #l1
Hinton, 2009) £ 51| &4 4 LA b KA ) WebVision
Bl gk (Li%5,2017b) %5

T ) H ARSI -5 5 o HE 55 i SR B A
— 4 PASCAL VOC (pattern analysis, statistical mod-
eling and computational learning visual object classes)
(Everingham %5 ,2010) & 1], H H 2005—2012 4 %%
117 20 B AR T, OF 0 Bt B A AT £
UCHEHT , )32 B2 VOC 2007 L1 VOC 2012
it . VOC 2012 Bdi 4 4 5 4 4 R2E3E 20 1A
S HARZEG], HoA trainval A0S 11 530 05 1511%
3627 450 A~ H AR I FAE , LA K 6 929 5K 73 B M
PASCAL VOC {4 P X6 H 3% 48 K AT 55 T 5K,
J& TN B 2B TR RSEAS I 7 3 B 4R 114
BRI A Microsoft COCO(Lin 55, 2014) il 4 , 1
Hh R SR A ARSI | S FIARTE A, o 7 B
FURI A 0 F S LA 55 BUARTE . COCO $ids
Fe L 80N TR I 55 23 HIAE 55 094 A AR
COCO 2017 YLRAEINA ML 12 TR 529150 71
ARG 5 43 0 SE G A bR i, HE TR AR S AR
SR 53 BT 55 0 SR AEEAL B AR o S R Y
HBd 4 |, B U0 Objects365 (Shao 45, 2019) Lk K Open
Image £ 4 42 (Krasin 55, 2018) & & th 21, (HI A
4 COCO Btz .

A I -5 A AR AR R AR AL 5 o0
SO EIRRTE . 7E VOC 2012 (935 X 4r bR,
gk BRI AE 40 5 1 400 IR IER , Hk 21 28
T B K% LA |, SBD (semantic boundaries dataset)
(Hariharan %, 2011) £048 82 0 HAl AR ESAT T4
Foo HETARA VOCHIREE R KL, SBD Bl 1 i
TR AR EIARTE £ 75 8 000 IR I ZR 5 5
2 000 i IR S . MS COCO $da 4 (118 X437
PRIER A P F (staf)) Br28, ok 91 JEATE T3
RS WA T T e BHERSERRTE , O Al 5 80 28Ry 5L
1) o3 F0 bR 1 e [/ T 4 553 HI4E %5 . Cityscapes
(Cordis 45, 2016) K75 — A HIRGH S F1ER 4R ,
FLH ) A 3h 2 B 5, A% 2 975 IEYIZRIEN R 500 i
WA 545 1 525 @K 15, A2 5% 19 4S5 1 ik

MM
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SCOy FIARTE , H v A 4 5 A S8 4 E bR T Y 8 A4
Fhl.
1.3 REFBHOEXRERSTEMIER
WL 7, A5 AU Z 48 %) BE A HE S 38 % el P
TN AR I, — A RS 2540 52 2% i) 20
B L1 5 wy ) R — A 5 | 45 4 A7 BRL 1) 2 A= A5 AR
F(I5 wy)o Horr ., 5w 53 0 A B0 5 2 AR ALY
W SEZH . ST ZEMR I, B 0O T A0 R A TR
1, 200 55 2 FE AT RL Y (v 1) B8R ) i i 23000 0y, =
Flls w) U ey = fu(15 wg), — & AT E Rk
TR pR T, LA — i, BAR Ny
Ly, = L(yT, ys) (6)
Ao, WL R R L( -, - ) LRSS U R |
KLHEE L2400k sRCSE . it 7y, B00MA A 1Y)
SR E AL AT AR R b AT I ) A A5 3
V.o L INTIT5 R L SEHRAE y SEAT W RN R 45 2%
PR Ly 3 ) A8 SUR ) FEAT 3oL BB
X2 A A w 4T HERT, B
wl™ = wy =V, (L, + L) (7)
o, w0 wg, ARG £(1 5w, ) 90
YUl L, I EL(1; w,), 5E ARG R
YR Ml 50T AR Y B R 4 5 TS —
PEAbRIE . A OC AR 59 A% (Han 55,2015 Park 45,
2017; Tung H1 Mori, 2018) . P £& &5 £k (Wu 5% , 2016;
Zhou %5 ,2017; Han %% ,2016) K F% 70 f# (Sainath 55,
20135 Kim 45,2016 ) 55 7E PFAl i 7 1 412 45 155 B 1 4
HI G A S50 W7 s ks B DL R fe 4 2 1T 55 1
(PR RE LLEAT FE o R, AR SO 21 1Y 45 S A 2
TRIT 58, ZUMBERY S A Y B e B S 56 200 45 AH
FETEZE S o PRI , AR SO AT RE 20 I Sk b R
AR Y 5 5008 A AT S 90 1) A TR0 AR AL 2
B 0 S AF R R 4800 PR RE 48 T 3R AT SE I PPAL
FERLHYZEAR X OB £,(1 5w, )T 5 L 28
VR 2 i R AR AL (1w, ) HEAT B 40 T 3 5
RS A5 iy B 5 A AR AR 5, 28 R
YERSERCT X B Bt RE a4 - Bian , B
2 rp Xt Top-1 Fll Top-5 R R T Aace, H RS
5 925 5350 Fox mAP Y42 TH AmAP, i 53 E]
) AmloU 55 o 5 48 28 IR 1Y 7 AR ALY 7E iR
REFEPR L AER T, P AS BB 2 1 PR RE AY LY 5 1%

AR ST IR ARBR LT BURZRIR 7 R P R T A
2 SHERESHHEERE

Hinton 55 A (2015) fie )4 i BB Z& (R A g LA
I3 IEILE R BIHEATHE R o TS 25 SRR Z2 188 114 42 et
AU T ) 3 2R R AR A A T
o328 P45 BRI ZE IR s MBS 4 O Ik Y R R T
B IR R R M RE BEAT HO AL

BT W50 HAR A B X 3 2 2 B R 25 08 11
MRTAERZE TR, — X Rae Ak
PEATHTRYBETT , BN HT B4 2k s T A
S G T AR R A A 5 5y — 2 UK B AR R 5 1
ST T BRI R R AR 55 o
2.1 WAt
2.1.1  SERhZRIE R

ARSCHEG | F A, S HE Al (R A A 2 08y 1k ik
TN 5 2 A A 1 i A —Hn AR B (pairs) . B
AR R R 7 S X8R FHAH () g AREAS A 200 5 22
(1 i AT T o Bucilua % A (2006) $2 H 78 24
BEAY ] AT RIS 1] R, JF AR R S A B0 4
P HEAT OB E IR, R 2 28 BEALAR T 3R DLt
Hr A AN AR O AR T 9 07 58, FH DA — A~/ B A
22 A 2 AR IO AR 2 R . X AR R
N GRA I AT D bR b i 7 VA By 2, il T 24 1
BORFTBR , 1 28 9 28 AAE Ry ol /DA e A5 ) 2 B 1Y)
BACEIAL, 2014 45T IR, TR B 2 2] 345 A T,
Ba Fll Caruana (2014 ) 4 1 A 458 7 10 28 55400 TR J32 9 2%
FAIBEAR, Bt 1A L2 458 2% R BORT R 22 190 208 A 11 F
A3 I A S50k | [R) A 42 b A0 PR B e 1 2 LA 355
JZ W 45 5 1R B T 2% 2 it 22 S 1 7 58, DT o i A6
PSTIERIWCE . IS 1 UK ) RSS2 114
HE U 225 A S A g SELREL R T IR AR Y, 7 CIFAR-
10(Krizhevsky 1 Hinton, 2009 ) 732854l 4 b 475
B RE AT T ER /N 2% B P RE

Hinton 55 A (2015) 5| A KR ZE 1R A9 8 &, F ]
— AT I O 23 248 f,(1 5w, ) 10 % 1R ABE R
o] 4 p o M 9 AR A, X — A o A 0 2 M 2%
15 w05 SR 8 Lo AT VI, LY

Pui = [l wy) (8)

[DEGENTE &
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NEE, ROY/ BREXDHRNEREBT EER

Ly, = —plilogps (9)
A, ps A AR B 4 AR ) o X Hea T
7328 Y one-hot B4, BR800 1% B8 22 1Y S [A) 25
PR B o A0, X 20 S 3 18y S 451, JHG B 4 g
S AR T A AN 4230 LU K S A AR 5 . p
TS5 w,) BN SRR (AT , 1] 42
BEAS RIS 00 5] ) B 2, 15 B 2 AR BRI 25
(] B, Ay 42 1 2 500 b 28 19 K16 F2 B2, Hinton 558 A
(2015) £ 3 ] 1 T2 ) 28 53 24 2% B4 i 1S 1] i
I8 3 P85 softmax 21 B S0 T, LI I3 0]
T pogs T 5 one-hot AYFE B, S22 A= PR AL 538 W B

W 0] 1 2Ry
P = softmax (); ) (10)

BT TR T XU BT T T 4525
S T bR T T S

Hinton %5 A (2015 ) f ST AE 7 5 (3 T4 2
AR Ty, R BORR S IS B R
BT 4% 246 B X 42K SR B0 ZE I35 . Romero
25 (2015 ) HF BI04 4 B0 5246 L4 95 P o, £ S
SR I L2 J51 e BR BB A 60 24 S o 2
i vy AT HCHE AR Bk 2% 3 , L ground
truth B85 LB 13 40 S 02 A R L )
W s AT T 22 K2 FitNet T A EL i 5
SR04 % ) (— R /0 ) 0 38 KR R M T
BN 1S3 r (o, ) PR T DS IR, 6740056 BB
. ALk

Lmzém-4%ﬁ (11)

W5 G R I 26 10 53 2 e, 265 72 A I 28
LN 2 v JC 15 4R 15 B9 AR TE 48 ¢, 7E CIFAR-10 Al
CIFAR-100 45 2> r 8l 4 B 3RAS T W35 1k BE
$E Tt

IS, ALY 25 4 AR BT 7T %% (Bucilud 5%, 2006 ;
Ba fll Caruana, 2014; Hinton %5 , 2015; Romero % ,
2015) RZ LA L IRBIFTE Rl BEAl L R 28 1R S0k
e T M 10 28 i o SR B Y o, (2 A
RUPEAT 18T (4 38 HSE U DT iR RN R TR, b TS 8L
SRR AN ZRAN 0% RTE | A 7% S8 I T AT 55 X0 FHR
1L A R
2.1.2 HETHEBIZERE

AT 2 U v T 0 % e 5 RRAE Y

T, SFERCT A BB i AT RS A 5
DRI HY 8 % 1 3 AT Wb SR AT AE 25 57 (AN ) 43413 1 53
26 vt BORFAE AT 8 T AT e LA R ME . R
WFFEN GO BT —2 7 2F (R A i 4 OC AR EA T BT
B, FF ELAR B R B 22 A AR A 50, DA
) T ALl R B S T T R R AT 2R
Ahn %5 N (2019) F1J FH A2 53 HE o) 2 25 28 BT
HAGRI (vy5 o) BEATRCKAL , A RBIALE HRRAE IR A
(8 43 A AT ET AR TR B M DG R . HA
— Ao, DA IR 05 AR AR Y SRR
O YRR B 2R AE AT g (o), 38 3 X520 A1 Y
Xt BOR B A Evvl__vg[logq(vvlvlvs)} 17 e K AL E
FOERIESE T A, AR KA EAR B LA B 251 H
(4. Passalis 55 A (2020) F FH N, 2 I 4 R [R] )2 1
FHAE o™ 5INZR B AR y Z 18] 04 ELAF T, 48 36 D00 265 4E
TR AR B T8 28 B0 4% 2 X 27 AR VR
TELE Y 22 5 0 35 1 2800 -5 2 AR AR i) . v o 8 R
o ZE RN
W = [I(1)],y),---,](1)‘“,3/)}T e R% (12)
FEBIL P RUTE TR o (0,0 ) B KT
RV RN R IT R [ R Ak Ry S5 PR A 3R 10 DL R ) 2T
PRI 1 Jeffreys R TH AR B RRAIE 22 [A) A 32 DL C 1)
2R USHRAHEZ R G B e R, H
M0, 5 o, RN AN RV i AFEA (R0 R 2 ARFAE
UTAEAR R He o AR Dy — A iy A ey
TR FAF KBS . Tian F A (2022) 4% H2E >
TR GET LN EELS S N TERAZER ., 1H5E
RN IS I, SRR AN [) 10 By AREAS 0 A58 B Ay 1Y
SAT5 ) 5 A5 w,) B9 A 53 p( S fe) B 3
it f RACHTE N M AREAR T I EAF LT A 2K
SIFRTE y = 1AVIE SUOEAREAS , DURS 38 Xf T SR AE Y
PR R BTN 25, 58 O AR B e KAk, Hor
LRI SR AP WER N
I(fT;fS) = logN + Eq<‘f|/;‘y>[logq(y| fT,ﬂ)] (13)
K, g FXt o fs SARTE y =38 [R145 8B 5 43 A1 B 2%
AR | [ - TRk,

FHIEAR B ZEI8 A% DA TR B0 27 A A5 A
K 1 7 5 1R] A 56 2R TR A, O 4 B 0 o B 1T
77 X A 1 A 22 S AR A o AR AR R AT
s TSI AR NTEA S B HON BT, B
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SR R 515 i 1 AR B B L R AR Ak T 3 e R ke
DS ARYE RIS, 2T S0 52 2B S8R 4
V14308 FH 1 o A B IE , 28 8 AR A5 1) 1 B4R T AR XA B
2. 1.3 BT 2N R 20

BRI ZR + ZR087 5 bl H AR —
(BT 5 2 A AR | R FLSEAR A8 A1, Z8 AR R i
= AR AT FH P — P S80S e L 2R A T R R AR
Yk, R, BFSE N B SR T 20 B SRR A T S A
b TR 224 SR H 18 4 7 2% 88 1Y) SR s, 3 et )
HZUGERIN ST E TR R RE

Mirzadeh % A (2020) 7£ 2 8050 i (4540 22 S 48
K ZRBAEZ G| AT —NE Sy A 1) Bl R Y
Sl Is wy), HEIENTFL(1; w) 5 f(1; w)Z
[, 300 3 O R A8 Bh 20 Bh BRI A R T 2
PGSR R . JinZE A (2019) 7E 2 AR A I 25 it
R, LT 500 FA B BOCE T AN R 2R B Be 1) 2800
TR Ry i o, (8 7 A AR R VR DA i oM 20 4 7
W ik SRR IR AR M 2k 20 SR 4R (route con-
strained optimization, RCO) . TZ%/?:‘ﬁ“%fT(l, wT)
5415 wy) ) KL(Kullback-Leibler) 8 H,, i it %
E HOR ]840 JE IR A A X 22 5 A B A e, , 1 FH 9%
SO A A BB R R AR B A S R LLIA AP
YRS AR 5 I SR BT Y 22 8 . ARy

_ Hj - R,

i H.
L, j R BRI

Yang 5 A (2019) W& 4 1 PR REZE IR Bk fifi2E
AR RDRE i L AR BB B 5 £ wh) 1E
RO , DU VR R DR SEETE S Y AR
PR (15wl 0) B S B0E B 1T 3 A5 5 AR5 B0
(5 wl), Hor b FoR FA R R R

R R E G R T M4 e ETAE T
il 3 2 KRB BRI Grop AR IR £
USRI ZE R i T Gl B2, LA AN T FE
AR ARAT IR R RE A SR T

Du 55 A\ (2020) % 52466 B 25 [1] | FF % 2 184 ) ol o
AR VT SAEAE N A FO LR ) 2544, 2818 4
ROIREEE Y, Ly X SEA AT ) d 52 . =ikt
TN R AE £, > 0, DL i 1) 5 A 0 o 250
ST B A A A T 1], DI X 27 A AR AR (1 1)1 25
FFT BT AR LR R, B

h (14)

Ny
- 1 2

min g + A L+ —|ld

de, g O,Zé: 2 ” ” (15)

sV, Li.d)<g+¢,

P, Ly, R 5 n D BN R Z2 1025 L g A
Tofs BE AL T 1) 2 75 D B U R i 2 % 0, \, R AT A
To WYIZETy 2T 0] A7 75 2 BUM R AL Y 37 5, F)
FEAR Ak T 850 1% 27 A A, R B i 728 200 %o 2 A 7
B,

ResNet(residual neural network ) (He %5 ,2016) £
G b, Bk 22 B $2 10 B AR T T S R 2R RE
1M Li 55 A (2020a) 22 120K 5% 22 Pefid 2 19 B/ A RIE
B8 2 AL CNN SR A o M8 CNIN AR 2 A 14 1)
ZRAE Ry A AR T A, 5 R 26 A5 e HL TR B A ] 1Y
ResNet 1 9 00, >R F /S48 1Y AH 5. 3 426 1) i 1] 991
L0 M= VR - A O NN 5 ° T & A 12
SENSERD s wd) 2 AXFRE ResNet BLS I T — 2, B
PERAL (fSs wl D), e+ 1 R 55 i
T — BB LA R T s T 1) T S )
SRR p o HEATZEMR BT A (-5 0)
B FITRAE 18 ZE XTI Y £S5 (5 - )s

BT 2 MR B 2218 5 R B R+
PR 2N 25 B A ] L 3275 58 2 A B A B )11 25
TR Wk BN R BUMAE Y (45 B AL B A
W2 T7 ZERENE A A5 N7 b AR JI5 28 1 B BEAS (] 1 1B 2
Uity H DA 22 A2 I 2, DT B 56 0 b 0 )1 2
REUFATHR . SR, L2 T5 G808 W S BORE R 25 1 2 00
B ER T
2. 1.4 FETJRALBRAY AR

o 4% Bl J2= ) R 1] o, P TR AR 28 R v Ry 2
R 2] HORIRIAL i iR R A AR AN ]
A S, , TS Y ) 4 s 1 402 1) i p AR 56 56
s, B, %t p g 5 v, AT IS AL BRT BE AR IBCE 5 3
ZEIR IR S A B T T A A A A
I, AT G 2210 R i B 5 bR 2 3R 7 A ] 5 4
J, DA T4 Y B R = IR ARk

Sau I Balasubramanian (2016 ) £ H4 ¥ 250 il ) %
HERBRSE po BN IR ST MR S B B0 £ 5 L PR 400 2% bR
B AR M AT, AP L2 5 eI i AR A )

2

(16)

1
Ly, = szs(l; ws) - (1 + f)]’son

2
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NEE, ROY/ BREXDHRNEREBT EER

A, ZJF IR (1 + &) p. (0 & AN i 53, 4
BT A E WAV E B B S S A S| S5 AR
B 5 2K 'Cli'xfs(l; ws)o Sau FlI Balasubramanian
(2016) X} L 1 It 5 58 5 B0 27 A ) 2% 2 400 fd )
L2 E AT N 2505 30, IF B AR B T B AR R
AU S RO TN 75 0 5l 308 3 5 M 7 ) s 4
1725 RS RIS AL R PERE -

Zagoruyko Fl Komodakis (2017a) X} #5 Y 1 4 1iE
FIEAT IR AL B, HPE SR 7R R U7 S0 Bk R ik 5]
AR E R R TERREE , ST A AR 1Y rp 22 ¢ X I
SR R TE R I HL 8 2 T U — R L F
ROMW — RV RURRAE R Y 221~ 38 38 (1) SRR E
TR 435 1 T30 2 A T R
TR T 0 TR DA A A AR AR N ) L
KERIIE . BTG R e B R 4
ROV R AR YR R S R R
J5 A p JE BB R A U — A i) @ 5 — 7
T, %5 28 HOMA RN Y {800 w, B0 51K iR

ﬁLﬁ%&%M@%ntwﬁaﬁ%guwﬁ%ﬁ

JE R T M, PRI 2 B R 2 A AR A
() M T 200 Y ML GE T .l TR Ty 56, O 5 2
AR v 5 v, 285 AEEA A0 T 5 I oE s BU
TosSo A HTHITEE¥% .

BET I Ah B () R A G R R A AR ]
SRAREE p o AT SR AL T, FEAE N 28 I 5 5, ik
PEPE b fif 2 2R 2 ) B R S A RUE R . I
DR BAAE Tt T 27 A X R IE 3R 28 1) LRSS
PLIE WIAR A F 22 i 1T 36 TR P A0 5 ok 18 48 Ak 43 157 1)
RO T HL 2 3R A 2R B K IS iR 35 S5 A B s
ML AR I R, 0, BOR A R S R Y Oy 25K
JIN R IR R A i R s e A e eI
SRR T A R RE A R
2.1.5 FETHEAMOCRMZEH

A B2 R AE 0, 5 AR A 43 2K 1) i, YR
IR 2% 14 Jry R R R 5 /N AR
RRAR i B 28 0ok S A (EL R AT SR 6F By B — AR
CPNGIEN T e 2~ NG L PN N E N
Ivi] 2 B ARRAIE 22 [B] 1 56 2R, BERS A B A28 I 3R AE , LA
TR BB RHTN,

T B R A 28 M 25 R[] J2 2 A AR AIE I 2 &R
Yim 55 A (2017) £ H 55 T [R]— M 28 A [R] J2 22 8] 7

R IE PRI 7 I 2% i LA O AR 8 58, 0 0
ST w00) 525 15 w,) B 5 BB J2 6 1
tr PARE, AL S PR AE I o' e ROV R
v’ e ROV M 4R B EEAR R AE H x WHEE
JAF-Sh 1 Y1) k5, £ BRI IR i) S 2R B B 1
77 20, 3R A5 M P i F2 3 (flow of the solution proce-
dure, FSP) 5[4 A € RO %, L) b e 7n BB A9 A

o HikH
N ; (I;ws)xvjz-,a.b(l;ws)

£ .

b=

4, 7R IR A E P P R ) 3 3 A SR RE 5
RAFEYFERE R AT 5 T R . R e e
PR B4 FSP AR BE A (15w )3 i AL 1.2 452 %
MM R H AT w,) AT RLA . en il ad 78
CIFAR Z N4l 4 L 52 8% , Joruk 1 =7 S8 m s
T 80 KB TH 24 R AR M RR 1) Al

B Xof A [R) J2 RRAE T 22 ) 1 06 R AT 2 88, i 9%
YN S NEETPNERE SO R L i R S e g s
58 Park % A (2019) Al = o4 4 07 =0, X il 2k
LR R R AT R AR, S A G 8 = JC A RRAE
[0 9 0, |, I 165 34 R FERAE ROAT 25 3 AV
A% (G X I AR TR By AR, — 3 2 [ 4 i B —
=, WA AN | A AR A ] =T
(RFAE , 43 005 SRR A B] A — P K EG R 25 A — ot 4
FEAE P 22 (6 A A 52 AR U o 0 — R BR TG HE B 2L
L]

(17)

‘r//[)(”ia”j) = ,U%H Ui T Y, (18)
ARHARAE By
v, — v v, v,
Pl o o=, |

Ao I — A T A SRR AR B . SRS,
BRI 12 5 LB UL £( 15 wy) FAE Y =0
GUTFE Y, 5, WIFRFAE LRI LM £( 15w, ) BRI
FAE

Tung F1 Mori (2019 ) W 1] 1T EAG HERRAEL b (14 FA
i ALV PO ] R R, A7 RS AR 5 H —
FRBRAE 345 530 (17) o FSPIERL (L AR X3 A TR] 14
&, FSP &t X A [\ 2 ) B9 AH L BEE HE BE A =
Normalize(vv'r),,ﬁ\:':F‘,v?{llﬂ-ﬂ[ﬁﬁ\ﬂgfﬁﬁﬂﬂ%?ﬂ;;%
Ja R L2 458 5% Bk HUAT 27 £E 5 200 A 0L 4 1
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. Peng % N (2019) B3R NE 5 b3 B T AR U (1Y)
75 % (Tung Ml Mori, 2019) + 43 2K 81, B A 51 A&
P B LA T B PR TR AR, LAy
C,=¢(v.) (20)

Kb i j B EREPA R AN A AT A TE
MFHATIZE B R o (-, - )

AL L3R TAE, Liu 58 A (2019a) R B %52 TR
[F] )22 5N RREAS Z [ A FRAE DG R o X IV i i A&
16, R 28 522 1R AE I o' (15 w) W93 T — A
Ii) ¢ 4= (8], Bk A 52 48] G 3R €] (instance relation graph,
IRG) , HAK R

1RG, = ({o(1: )| B (21)

i=1

VR 25 T 0 5 i A P 80 AR L R ]
I AUE E, U A IR E B 5 -7, B

E,(i,j)=“111(Ii;w)—vl(1j;w)“z (22)

K, L5 LFRRAEE W IEA R AR . X 2% AN [R]
2, TR R B IRG; MIXHEBEAFMWIZ L 51,1
IRG % i1 —Fl IRG 58t Trans(IRG,, IRG, ). XtHf[F]
WOANBEAR I E D E R SRR
[0 (15 w) =015 w) | 45 = 40 $5: 6 e 0 B
MR PIRREE 22 S . TR
S EHUIN 5 2 A B ST SRR 2 18] 5 i AL
{2 B L2 155 , B 88 — B 1E 2% Al S5 0 )2 38
1 PR IRG AR #4815 1 P AP RE S ) 1Y 22 5% 0 F UL,
TEZ SRR [A] FEAR ] OC R A RIS, 25 18 T 28 AN [F]
JZZ BIFFIER R L ER

FEFAREAR B OC R I ZE IR T S IR 2 5l s
FEA S B HEA TR0 T 58, i AN [R) )2 AN ()
A B[R, B ARRAE (] B AH B O R AE B S .
FI B = B A R, BB 1538 )2 ) OC 2R 46 PR s Y
AR E X RE AR i DA Al REAS B B A A e
SR, B ZREAR (B G R R 7 U FRR R .
2.1.6 FETHIBITMZEIH

HISCA B 2, DIt 2 pR B v 2800 L 24
AR 1 B A A TR B R A R I %
T B TR, 3843 Al 4503k 4 452 78 55 7 ok ml iy P 1
IR ZR AR A R E | AR /NS A S8 PR R FH - X 2 A e
BRI T R

Xu %5 A (2018) Z BE & 14 Az At M 2% (condi-

|&. - £

tional generative adversarial network, ¢GANs) (Mirza
F1 Osindero, 2014) 458 48 I B - /9 2% . BRAH]
R B 2 188 7 v A 2 A i R R E v G T 0 S0 L T
AR BIRUR S S i 1A B IR AS T D (v), H T
GAN I I 25 JEL g%, A S ke 28 44 80T %) A 113 2R T 0,
R o B AR, DL YN 52 AR B RTR R D (v)
(R RE 7, DT 2 A ABE A i L 5 2000 B Sy 3230 1) R
fiE o Zhang 55 N (2017) 51 A H1 P B 5T 1 26 (knowl-
edge projection network , KPN) [ HE 2 , ¥ i FH 1~ i 55
PO 2 AR R 8] B DG 2R 8 7 KPP, A5 B 2 4
ISP TAAT R bR B SR N R . R KPN
A D o (15w ) DRE BUANR] )2 5 2 A AR [ 2 1Y
X I G AR A I TE RE 6% DA TE B 19 [ A28 %) 2 A R A T M
B W R R AP 5 TR A 3 N Y
B — o] B AR R 2 18 KRR B Ly 5
Froll's w )T W BTAL A2 B — kAR b A2 AN
% KPN WE IR e Al i — 3 TR — 24
ZE I 2

Flpk 1M 5 KPN RSN, 37 e 1 BRI 2208 U7
E LGN U N E e e s R SR g BB g B ]
AT A JEL B, AR P 5 0 ) A R 3 A 2K e S
AEAERNN . HZRARIR A IR RS I e B B
it 2 oD AR R R M RE SR T 50T
2T W AR 2 I B Oy TRIME , TEE LR TE VI
SRS, TR, T 0 ) A DA 55 R s 1
BB ZE IR S 2R
2.2 HEEFHIREERENA
2.2.1 ZEUEI ] BT 2R B B AT 55

ANTE T 2.1 WA A A BT, 1R 2 56 TR
ZEMR Y AR AR X o e 0 28108 O REAT R BT,
TSR H I A% 55 AL FH T LA 4325 I 45 A it
8 B R AT 55, O 3K B R A T 4 B BT 55
HEATRIE Y

Gupta 55 A (2016) 1| JHZ& 18 Ty i 9 W 227
B AR AR R 54T 55 2518 (Girdhar 55,
2019) FHRLAY AR, I H7E ImageNet (Deng %5, 2009)
s 4 I 2Ry 5325 0 2% e ] 2 3R R 7R RRAE
o (1, ) 5 FHVRTE S5 50 0 55 b 0 0
X R0 AR o, (1, 0631 S 35 m, 5 m, B
SRR . 2072, B A A A ) 2 Ak
TE TR AR AR 22 55 XA RS T
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B0 AR AR I R T S 0 5 8RR (0, (1, )
S AL

TE 3T RS U, Ruder 25 A (2017 ) 1) FH A% 71 2%
3R B BT AT 55, P — — ok B i O — 2 A
R T 2 8 AN S RV BCHR IR 91 ki 0
Fol(15 wh) BEAT 2RI 0% 5 (s £ R 4 i AN Bdh
W) o ) P A A T B D 5 4% A SO T A
S35 D, 10V — AEAR (BB sim (D, D), % 300 43
(1 1 BB p o BEAT A , T T 25 2 1 26088 5
T 2 B 20T A 5 50 e R 5 0 D o 2800
Sy HSLE R B BERREE 5 SO 10 B 2
P FEO B TITACEE | I TG 428 1) 2 000 B 255 7, OB A R
gE . Rl

Vi = (1= 2) Yosarr + APs (23)

Luo %5 A (2016) 76 A K 15 3] 1) 50 v 137 L Rl 5
HIZEAR WS | ST RESOT 55 27 A A5 80 B2 9 30 43 %
HYREAE , I A L2 526 BRSO — 3830 5 o H SR
R i) SOl — A5 4 L 3 7 50 0, 3 /MK R
AL IE {o,} " TR B AR AT 16 £ X 43
B 1B E AR G AR  p 2T . AR

Bo(0)=0(0) 423 S ¥(na) (24

K N, P Z e A NREBSELO( - )5
w( -, - ) alFR—BrS ZBrie e R

AU, 7EAT NI 75 E 5 2R ]
KR MIESS T, Chen 55 A (2017h ) K R Ak A7 AL i
FHF WA P REARSN R AT 551, R Zoii—2# 4=
BT XS 5000 51 e HE P 1) )5 AR P (7 e Plo), 5%
SR KL BT A3 2 pR AL, LA S R e R
TLLSR A5 S 2 S T 451 2K pRER L, o) 2 A AR T A IR
A s, Bk

L, = ;P(ler)log ig:z:; (25)

LK
Ly, = ~log (1 Iv,) (26)
Kb, PRITA AT REMHET G, 7 3R PoARTRHE

TEFETF o0 M AL GE AT 55 o0 7 BT R
PULR AL 55 B ZR IR 5 | ARSI T I 2K
155 HOPERE , R S PERE A 3T vp BN P, eSS AR T
BT AT 55 B 2 0 ) AR AT 55 0T A% 5

2, PR E AN TR T 55 R AE (R0 B 56 2R
2.2.2  SEERERLE SR A 28

ViSRRI 46 9 5 1k 2 — B 2% 4 b nT 5
4R 7 456 . Wang % A (2016)$2 H T L&
F#Z (dominant kernel , DK) A9 #E & LI UEAT 5 1A% B9
fIC Bk 20 i, 3K A% 2 O 7RO R PR 2 A B A
FulIs wig)o W GEH A5 w,) 53 288005
B p oo T BRI ZRFAE v, ZEAB2F A 45| LABRAR M 45 4%
AR PEREISC . S, Li 58 A (2020b) B SEid i
B 7 1 0 R BT TR £ (15w, ) 43843 18 38 LAY
Ak L (15w, ) SRJG R BN
JZ Conv( - )X 55 BB IEEUG , FR X555 B2
HERRE Conv(vpl_l,n(.d)ﬁ??zg/f%’ S JEHE Conw (- ) 5 H:
HIE 7 146 BV i o e R AL I Il — 2, H
TR A B A HEWT . Polino 5% A (2018) 5
Mishra Fl Marr(2017 ) #2445 5 {b 5B 288 24 T
54 R R M ZOREE R £(1 5 w, )46 S5
PG S8 2 AR £y (15 w0, ) W% PR, Polino 45
N (2018) K FHIEACK 7 ik itb A7 X 22 A I 28 A 7 i
—Z& M —i AL W SRR BT AR e Aok
FEAE NS, 5 5T Hom i 5 A0 77 225400 s Mishra Fl
Marr (2017 ) W2 H 5 8 B2 188 R [R] (9 7 26« 7E 250
AR OB (15w, ) AR BRI AT Y5, PR I
1 A SRR T b £ w, ) REESREJNIRE
186 2 U A ORS BE 2= AR BT L Crowley 45 A (2018)
LK A2 B R M 28 B O J8 SR ZR IR EA T 45 4 L 1)
e fo( 15w ) (36 BURAE AR AT 2 AR A | ] Bsf 1) T
55 Polino % A (2018) AE LA I 25 )5 il A 7548 1)
“FRAE—ZE0 IR R IR s X 2R A R 1
B F)FH BRBR 28 p (AT W B A1, AR 2 R il 2
Zagoruyko Fll Komodakis (2017a) i 13 3 1 i #% #L il
TS R 2 E I E M, e RT " RTBhZE S
T R T A 2 A AR (R R R T i

B ZE AR B R AP RE SR THRE 0, R b HE R
gV Ry AR R 46 7 R AR R B, DLk b ik
S5 J7 VR XA AR R A K MR I 55 , DA R A 300%
PEREIS S0 R U0 FRARARAY . FL W v ) e sk D) 7
T, 6 4 2o J5 A A K 2 AL AR B S ORGP AR 1Y
PR A8 (0 B el TR X, HL— &5 ABANE
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2.2.3  BCRAARIYIZA Ty KA N
o TAE R BF5E N 5N 2 T F T ground
truth B HIEAT 5 BB 5 1 AL I 507 =X
DR MR R 2 AR R T X A BN 2507 A R . ng |
H PR BB ZE R R TR IR IE RS 2 >, I Chen
45 N (2016b) % 5 FH 0 ZRAs A 1y Jy X, 76 JEA
(1 9] 4 A 358 40 4 B 2B R 2 A 2 (15 wy) =
Fi(15 wy), DA 2R W 4 A AL S R LR Ak L in i
AR S5 NS (3207 R E LN TACE R W, 3
W BYFEA , AR A R R i A BN 2 e
TChRZE B IEAT B — N 1 2 B AT 55
H, Wang 45 A (2020a) % T Mixup(Zhangg‘fF ,2018)
S T BB I R 5V SR AR Ak TR et
mAin m)axp(ps\l),s.t.)\ e[0,1] (27)

DI 58 6 3 B 3 s REAS | A — AN PR G R B rp 3R
153 TR BRI AR p» BEAT A I 285 1) — 1T
Yo Horbp(pd )0 B 5 A FME T, i i 2 531 1)
By IR |y S IBRSE A U Mixup HC4%
BGRB8 FEa R R B p L M
PR Itk R 2= Mk 1 AR T ThsiE il
ZRPEBE . TR RREE SE R R Yun %A (2020) )
FHARTR ZE A5 % y (A Rl AREA T 5 1 53 51 s A
RS OB, 3K ps = (15 wg) Kop, =
S5 wy), FEFSE T 35 ( KL A% AT I 255y T
BARZR B 52 E MR A IR RI &R T, PRt
XFPIZR 7 BT T 22 R R R 1L RE

IR TAE BERIZE IR AR A AIME 552 5AE
BRI 25, AT T AR55 BT AT RS . SR
W TAEXS N7 ek B, 38 #6171 iR,
B | R I I ZE 0 I 50 2 1 ek 38 D i 0
DA
2.2.4 oA NSRS s g 5 25 18 N

Xof P £ I R RE AT £ 25 58 R AR 25 188 114 iy ]
Ytz —. Anil % A (2020)7E% GPU | HE T #2 W
25 o3 A VNGRS, R THRBIZE IR 5 5 — A2 &
SEROFATHIG VI %R (burn in) BT BEHI IS £, (15w, ),
TEZ4 GPU _EXT H B A7 314710 “ 22187 (codistil-
lation) o YNZRiE e, MAE R GPU BRI AT, BE
WO Ay GPU BEA B L 1) SRR XS 1 A GPU A8
RUGEAT WEE s TR AN ZR B Be b, 4% GPU A

AL 5wy )5 AR IRECR YA 1, B8 3575
(RIS R SO AR A 7] 5 0 A B O A T AT, (IE
I 5t ) 08 7540 R 26T BA R L, BB A
[f] GPU Z [ A5 &, B
1
Ly, = Lha"‘(fS,vy) + Lsoﬁ(fs,v No -1 ;fs,) (28)

T, Ly 5 Loy 23050 9 2457 GPU B RN ZRA5i 2k 5
F I HAR GPU it th 5 1 Z8 1B 41K L Ny i GPU %K
o T iR AT N ZRr 2, AR B Ak B
A3 LIS, TEXTEE LA 2T B9 WESE P, Malinin 55 A
(2019) LA DL iS00 £ %5 2 R AiE A58 00 A1 p (0| 1)
HEARE, 51 A A 0 B A R A, T ELAR R
(v, 7|15 w) AL S EAE LG DT 550
A5 p(w| D), flEREI AL 2808 vh 2 > 2N R 23 A1 T
JEH A X EUA

Br oA NI, 7E 6 R 28R JZ e A e i
DL/ W e [ 2 A R i 7 %8 o MR T R UE
TAEGE 53 I M AR T 48 R B A i 451
RAHWBE TR K Z AP 2N T N, A
I3 53 {Class (o)}, MUBERUHE W7 0] 2%
2203 ST X TR0 4 2R | a4 H v A 3l ) T
YEN i o Zhang % A (2019) YR 2 22 J24 4 H 1)
25 () 250 PH B IR A AR 2 i AR AT o 5 BOhR 2
P MR B2 o' 5 Class(vi)ﬁﬁ?%% ,
{0 2 0 285 DR AT HHE DB 2 O 4 ) [m] I, 2 > TR 2 4
MEE F W R SUFEE . T2 B h BT
A H B IR I 7 PR A A 2578 . Phuong Fl Lam-
pert (2019 )4 5 T~ S ZE 00 )5 1 10 W 28k g 22 14 111
ZRHe B TR R T A (] 1) %2 46 FRUZ B s A A AE
v, XK JE R AR o, HF AT B T R B R
CE(softmax(v, ), softmax(vj)) B 7818, DL FE A% 6 TR
R BRI FIESEIRE ] -

T3 A0 X BOMAE N GR35 T BRI ZE M g5 52
EATIE S — A REAMEE Dy ik R, TSR A S
FETE A BN B 2= A A | IS 22 %) 22 1) 2 18 SR s
PRAL TS = 5 e ORI 0 PR BEAME , ME SR TR
AR Z2 R R DEC 5 e Ty =
2.3 SEB[EBAERMEBEILR

IR RBIRZE IR T R AL T M AT
Bt , B UE 52 00 70 & 200 T Y o0 R R 4 B AT
H1 T A ] A B S 6 150 B A7 AR 22 5, IR B AR A5
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R SR B A R] R A i o TAE R AT
Gy SRR 2 AT 55, DG , AR SCHE DA T S 30 45
FATHTE, e SRR EE 5 i — B, A
2RI EAE B A R AR PERY ImageNet (Deng 55
2009) .CIFAR % %1 (Krizhevsky #1 Hinton, 2009) 432
BE AR bRy SE I RE s HR X T HOm 5 A R AR
AR SR LR 25 A6 A [R] S ARL A X 26  HHEA 7 19 S 0
PERE TS BRI UM 5 2 A BRI T | AT 2 R
JCEREE M, 5N - W A A AN R 7 i i e g . e
FEFE B 7 T, AR SO0 IS 30 8 AR ARL Y AR HEA T X
o, 58— R F A3 AT 55 b B 46 X BE (LA Top-1 #ER
FEFRTR ) LA K FEAR i 2 A AR T S AR (1
B $2 Th Aace FEAT VAN , ] B 45 R0 A5 780 1) 2 40 it
FH.

F2—RAFN T A I AT ZE R 5 |, 2
A R AE TmageNet (ILSVRC2012) (Deng %5 , 2009) |
CIFAR-10 F1 CIFAR-100(Krizhevsky F1 Hinton , 2009)
R L ARTS Y Top-1 MERA 22 L) M 28 1B B Ry HoAly
S HETHE Aace, Aace $8FH X T 2808 1 19 FL 2k 2F

ARG (CASRAT ) AOTRERA AR AR THEL. 0 2B PERESS (R B
PIRL/INE, 2O AL R ~p A R R SR AL R X,
WR Fl C 43 5] % 75 ResNet (He 5§ ,2016) | ResNeXt
(Xie %5, 2017) . WideResNet (Zagoruyko F1 Komoda-
kis, 2017 ) FIAN 5 5% 22 1 12 1) 3 LS LU 45, Mobi-
1eV2 5 MobileNetV2 (Sandler % ,2019) , HoAb % 43 fif
AR T BB R R 45 ) AL SR T
T, B AN ) B 4[] 28 i) A 284 ] B8 A7 78 RS 22
5, %4 ResNet (He %5 ,2016) £ 51 ii H T ImageNet
(Deng 4§ , 2009) J CIFAR (Krizhevsky #1 Hinton,
2009 ) F 5 A AR BLAT AN [ 14 I 28 2354 5 T 4 2 28 001]
g AT AR EEZ SR E R S5,
GYZENR T 5 BATIE B T M 45 1) L LE 2 ) AT RE I A
SRR R T S R — 2, B, X T A
Pl S BRI S B T7 58, AR SOR AR & RO AU,
X T AR 1Y, P ZEREIY B 5 4 i A R (R B
AR AT 280 . WTEARER RS
it Z AR, A SO T A 1 280 4 O B P
ARET

&R2 7EImageNet HiEE L, Hm 5 L[ HERRBH AL ML

Table 2 Experiment performances of several model distillation methods for classifiers on ImageNet dataset

Ay

PR

HERT % Auce!
FR BHEM Top-1 HERZ /% By SHRIM Top-1 HERE/% 70

TA(Mirzadeh % ,2020) R50 25 - R14 5.6 67.36 2.16
RCO(Jin%,2019) R50 25 75.49 MobileV2 3.4 68.21 4.01
ResDist(Li %,2020a) R50 25 76.11 €50 22 76.08 8.63
AE-KD(Du % ,2020) R50 25 77.52 R18 11 69.14 0.96
Self-Dist(Zhang % ,2019) R50 25 73.56 R50 25 7473 1.17
IRG(Liu%,2019a) R101 44 78.05 X26_32x4d 14 77.18 1.02
CRD(Tian%,2022) R34 22 7331 R18 11 71.38 1.68
CS-KD(Yun%%,2020) X101_32x4d 42 78.40 X101_32x4d 42 78.80 0.40

T ML PR R S B R A R, =7 F AR ZUMBR PR RE

M 2—3 4 RIS 2], B0 W 45 1) g A A
ZEAR A el 2 A R () MR BB IRUAS T T WL T, 340 E
1T B ZRIR A 7 AR THRIRY A SR IR kG
FET Ty Horb, 2 X0 P e e e I IR A BROR
(AR (AR B HL AT M R = B BSR4, €S-
KD 77 (Yun 5%, 2020) F] H ResNeXt(Xie 55, 2017)
P17 B 7818 , Zhang 55 A (2019) W 7E£f ResNet-152 1F
RN, T G A R s e R

1) 27 25 X 45 A B R R P BR AR R BE 4k, R b L 485
FRIR R ] ARA R S M RE B . N, RCO 7 ik
(Jin &%, 2019) X} 5% & M 2% 3 47 7€ 18 , DistQuant
(Polino 55 ,2018) Hr2g AR LAY g 4 (AL (1) M 4%, 48
I ZE IR AR RE YR A KR T

BRI BT A AR B ZE R Y, JE IR X 25 TR
I AT BT A R A 55 v b AT N X 0
HRE TR R A 25 Bl R A 22 AR A AR B B A R

949



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 28,No. 4,Apr. 2023

&3 FECIFAR-10HREE L, BIm 5 X RN EE R BT AN M aE

Table 3 Experiment performances of several model distillation methods for classifiers on CIFAR-10 dataset

LA A = B
F3tipiRvS Aacc/%
BT BEAEM Top-1HERIZE/% ez ZHM Top-1 HERIZE/%

VID(Ahn%§,2019) WR40-2 2.2 94.26 WR16-1 0.24 91.85 1.13
¢GANs-KD(Xu%#,2018) WR40-10 56 95.81 WR10-4 12 93.91 1.37
SP(Tung Fl Mori, 2019) WR16-8 11 95.76 WR40-2 2.2 95.53 0.71
DistQuant(Polino %§,2018)  WR28-20 150 95.74 4bits WR28-20 150 94.73 13.64
TA(Mirzadeh 45 ,2020) R110 1.7 - R8 0.080 88.98 0.46
ResDist(Li%,2020a) R50 23 95.31 €50 20 94.40 -
A Gift(Yim%%,2017) R26 0.37 91.91 R8 0.080 88.70 0.79
IRG(Liu%,2019a) R20 L1 91.45 R20h 0.28 90.69 1.34
AE-KD(Du%,2020) R56 0.85 95.78 R20 0.27 93.01 0.51
KP(Zhang%,2017) R38 3.1 91.15 R50h 0.27 92.37 4.84
FSKD(Li % ,2020b) VGG16 15° 92.66 VGG16-56% 53 92.54 7.12
ENSM (Malinin %§,2019) VGG16 140 84.60 VGG16 140 86.80 2.20

E L TR IR S I e LA R, =" IR AR MR R RE B AR S A LR Y ohn s A S8 TARA B 4l
R20 X VGG16 5'E 5 SRR ATAE 22 57 nl e th T S LSS A Y AR

&4 FECIFAR-100H#EE b, E @5 KFH IS REZ BT R LI MERE

Table 4 Experiment performances of several model distillation methods for classifiers on CIFAR-100 dataset

SR AR
o S SHEM T UERER SR BHEN Tl RN
VID(Ahn %#,2019) WR40-2 2.2 74.16 WR40-2 2.2 76.11 1.77
CRD(Tian4§,2022) WR40-2 2.2 75.61 WR16-2 0.79 75.64 2.38
¢GANs-KD(Xu%,2017) WR40-10 56 79.38 WR10-4 1.2 74.25 2.77
DistQuant(Polino %¢,2018) ~ WR28-10 37 77.21 4bits WR28-10 37 76.31 2.84
RCO(Jin%,2019) R50 25 79.34 MobileV2 34 70.85 8.97
ResDist(Li %F,2020a) R50 25 78.39 C50 22 78.16 -
RKD-DA (Park %,2019) R50 25 77.76 VGGI11 130 74.66 3.40
A Gift(Yim %,2017) R32 0.46 64.06 R14 0.18 63.33 4.68
TA(Mirzadeh % ,2020) R110 1.7 - R8 0.080 61.82 0.45
CCKD(Peng%,2019) R110 1.7 - R20 0.27 72.40 4.00
IRG(Liu%,2019a) R20 1.1 78.40 R20h 0.28 74.64 1.25
AE-KD(Du%,2020) R56 0.85 80.01 R20 0.27 72.36 0.66
Self-Dist(Zhang % ,2019) R152 60 79.21 R50 25 80.56 2.88
ENSM (Malinin %%,2019) VGG16 140 72.50 VGG16 140 75.00 2.50

T IO P AR ERR S R A 2R, =7 3R AR MR L RE BN 1R R AR R

L RIE S HAG S A S AT B SS8 (2017) 6 K30 FSP R 4 DE i ) 7 5, LR AR 1A
SME S, LA o A BN 2k . BN Yim S5 N o W EHOR A THIN S LR 290, SR, 78
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FURRAIN | S5 51 73 0 R S o3 0 45 5152 2 i A AT
55, T TR AT 2 R A AR R At AN DL 2K i e —

3 . SBERRESPRREZAER

H ARk | S 41 53 %0 518 X aEE N )z 2
A PR R AT S B BB AT S
R 52 2 HLRIME . 7 B G3 Ar Sait SCIRAig 40 dal, Xof
UG AR ) s L) )2 AEAE . B AR R ibg: 5 A5
FE L[] 1) B B ARHE)T B2 HAbR, 52050 BT 55
FESE LA T, R S b A 5 ELAR B AR TR AR 1 AR
T SO 55 BBOF T 8 A K, (AR 528
SR B 30 AT R G . BT R TLR R
TR 25 A PA R A 8 B Y AT 55, Faster R-
CNN (Ren %:,2017) .RetinaNet (Lin % ,2017) . Mask
R-CNN (He %% ,2017) Lk & DeepLab (Chen 55, 2016a)
SERGIN 43 FBE A 0 25 A 35 B 3 SR AL &
VFZ 0 AL 5 2 DA R Y 43 Sk

BEXTAGIN | o3BT 55 BB R 25 1R SR W HEA TSR
T 5 BEAN TRl i ph AR R ] o — M, 3a T A0 A
W 4 B ABE A8 3 A 1 — A 2 4 I R B A R I 4%
£l s w,), HAER EFHITUGEEEE 0, = £,(1; w,)
IFRHL, I B 5 24T 55 53 S AT AR B, DURBUE %%
Sy = £ (0,5 w,) (bR RN i MT 55 4
) o B, GIA T ER T HE S o 3 SR R A
RUZETRORME IR . 1A, T A DU 53310 44T 55 1Y)
BEFY R TAERCRE AT | A T G % B B
AR X6 S 48] I ASERY (%) 22 08 Ty 58 TR O 2R L, B
FERYEB A T Z8 2 2 i FRAS DU ) B A 2 18 T =X
AT BT H AR 3 S BT 55 AR
RUZEIE AR, JFX AR RE AT X LU 5 20 #T o
3.1 Bt s s R
30101 BRI R TR AR S

FETHE AR T K+ 55 53 S BRI EE A B
XoF B A I 45 14) Z2% 118 R W6 3 85 o) AN R ARk 54 55
FHFRIRBETT . Chen %8 A (2017a) X3 19 B B AS: I 41
Faster R-CNN(Ren4%,2017) A [RIFSEH 2 HY T 2808
)5 5 , 454 Hinton 55 A (2015) B JE Al B 1 28 18 7
% X Romero %5 A (2015) B 77 > Sl , 15 e v 2L
i 25 E R IR =T M4 £, (15w, )i H I RRE & o,

I FH L2 45 % R, 27 A 32 T 09 i B AR ik 2 30T B
FRAE, AT 45 20 S 43 2553 3 (v, 5w, ) B HE Y
I3 JEME A H po, WA AR SE SUARG 4 2 R KIEA T
7, AR
L., =-Yw,p;logps (29)

KA w, AL, p 5 po 7350 B0 K= A2 5y
oy S Ay e o X T WA A SRS S g =
fulws w,,). Chen %8 A (2017a) I A HEAF 2L IE 3 X
AR R TR A AR A ) R AT, A
Do 265 1] 1 e 8 A DA 2 0 A I A 3l T 29T, B4
K BB

B L e

0 HoAth

o, & g ZEC, r A ground truth X3 R A9 7] U5 fi
Bttt DA ] 70 00 A0 1] U 45 2 T8 &/ 45 i —
WA, 127276 LA AlexNet(Krizhevsky %5 ,2017)
F1 VGG (Visual Geometry Group) & 51| (Simonyan FlI
Zisserman,2015) 55 Z R AR 28 Sy 3= I A I 25 |
AT, 7F PASCOL VOC (Everingham 4, 2010) Al
MS COCO (Lin 7%, 2014) ¥ #s £ £ IR T TEfES:
T ABAFTE 5 AL D FEFH] L2 3 2% R B8 18 &
THFAE B, 1S 1 Romero 25 A (2015) IR 2R 2 >
J5 G URRAE 18] v, 19 56 5% DX 35, 200 T K AT 55 &
PR H AREB 2 A 5 2) 48 Hh 0o P ROPR 48 X 4 2%
I3 SCHEAT 254 R R AR 55 42 Faster R-CNN
(Ren %§,2017) B9 RPN (region proposal network ) #f543+
REBTET #5565 VB N, Mg KR P ™
ANTR], Grfal £ P AN AR TR 1] DT FC X33 5 3) B BT
B 1) S5 RAE IR A 61, F852 B IR R fdE [m]
5 S0 w,,, ) AT HIRERS .

0B SCHT A R g X T SR A SR AR AR DG
BER . Li 48 N (2017a) 22158 B 426 Hinton 55 A
(2015) 4/ i A8 Bl 1 TR 2 08 J7 ¥4 BT T H A
ELEE SR IF A FHAR, AT %5 ¢ LAY B 79 o BB A 0 of) 2%
S L BRI IR A TR HE (P} FE R, LR
Faster R-CNN (Ren %5, 2017) } R-FCN (region-based
fully convolutional network ) (Dai 55, 2016b) £ I 2% A
i), A F BN Z5 9 RPN, 3 T 200 5 27 AR B, LA
FHIT465 1 B B R I P ™ I TR
PR A A DX P, P X850k A 2 A 37 DX 1

2(30)
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fiE v, [ P HEATIET 0 - 1378 IRRAE o R 55 (035543
(FRD . [FR, 2B % 2% > (Romero 5 ,2015) J7
LW T HFX S m A )2 (), BRA R
KeRECH

1 1
Lﬁﬁggzmmym@mﬁm>

o, m, R4 o[ P AEEE RN, LIE I — (b2
B XTI P, FAENLL (0,5 w,,) 55
K fovn 5w, )HE5T VR Y2 5 U 45 5L DR PE
F IR AR T L2 45 2 HEAT UG A XL B 2
ES

3 Mimic (Li 25, 2017a) J7 58 1) 4o 128 41 B (X
AP PRAIE 2 2 5 SR T 1 S AT 55 4y
Saloys wo) G f (05w, ) FTARFLIIX 2 — B,
AT B s EA T T ARSI . SR T, %3 00, 11 9K
1R 7 , RPN $2 A% 1 K B { P} ™ A AR A7 e 5K
ko 20 68 000 B B0 A 081 B3 L 2 T A X 38R
(P N, I IR R . (I L2508 7 %
i, 2% PO 2 BR OB TR T S I 5 3O
GG P A1 BT RETE A8 s B ke

B FRATSE (P s B R BRI £
i fige BEAE | HAE 451 5% pR B35 T I — AR T 1/m,
PIVER , 5 -5 TR ) A XA AL A L 6 3
fEHISS T HERAT S 0905 8 .

Wang 55 A (2019) &1 B B H bRkl 45 , %
BT X 7R TR AR IE R o, R TR, 5
Mimic (Li 55, 2017a) 2L, 1| A I 5 76 55 1 B Befi
A R BRI IR (P Y™ I B IR Y - 4 D O e
BT IB I RE G, B

M= P (32)

IoU > ¢

o, e T X 385 ground truth H ARHEXT N X
B ToU BME e, LA L = T 3% B {E B | 5% P (7]
if , B T Faster R-CNN(Ren %, 2017 ) 4545 81 /) i P,
ST N PR R S B SR, R B S BT R S HARHERY
ToU, K Fh oy s A AT SR HE (P} (4% T Mo
1) 2 KR 43, T MR S S AT R 3 T R
Tk B v, R HE A [F] G oA [R] H AR AL B RN AT
VEFEMEMZEIM . XA RARGEIR T £ THHER v,
HH AR I % DX R ERE IR R i A A e A X 2

[\l 5 73 3 FR AT A2 3 . 5 Z R [A], Dai 5 A
(2021) #2147 38 H 52 141] (general instance, GI) F A
& X O 5 A A AR BT AT A i IX e A T O
oo TP BEANT [v] — S AE Sy A 500 23] 1Y
AR 25 5, DA T R IR R 1) 22 (BLAE A 1% S 1 AE 1Y
G A5 FE pe,, T 6 1 2000 | 2 A 3R B0 22 S dc B
DB, T 28R . 2R IR BRI Ak S B REAE
o[ Po, | UL B A 4028 T A 45 SR AT 2548, SR T2
Bl Park 45 A (2019) Az il =TG24 19 7 58, XA )3t Ak
AR 1] A S o B R FH 2SR (18 ) iy i J7 AT
G R 78I . RIS IX s 15 5 12 1 il G2 fe ik
MEHEAT , PTRE 20+ b SUIE L, AR U X i
i JBE Ry AR AR IR, DX 8l N AN W) o7 2 Y A E 5 4
—2.
Zhang Fl1 Ma (2021 ) 1| FH i3 22 3 AIL I X5 38000 A 2
A B AREAE 23 0 R A7 6 T [R) R I YAk, LAk TS
ZHEREEEE NS EEE K 2, it
JBCL2 45 2% pR KA 00 5 2 A i P 2 1 ) TR kAT
T, [RIA B AR (4 T AT R soft-
max 12 F ARG H—E B AR M 5 2 AR M, L
WA T 1 B T 5 3 0 2 BRI A R BD
Ly = ||M M- (v - vy)

i (33)

Kb, BBAF - ERZB RUMHS MR . [FII,
i 3k 4E Ja5 8 (non-local ) BEHR 5T 32 THHE g 5 v, 1
LSRR R A S A A =35 8, ORI AR R
TR ARIRAR AN RO, B AR AR G R o XA T ILHE T
FHET B SAERTRE S, B I R AR ] | X
() ) F M AR O R TR A . AR, A B
1) Z8 18 DX SBREDX /U s DX I 88 o SRR
3012 REBRAGINAE 55 rh i AR AU 75 18

B 0 X A D e TR T 7 R SRS A 4 25 1 1Y
WA S 28 1 5 A T H AR A A Al [m] At v
AN o Mehta 1 Ozturk (2018 ) % %% YOLO (Redmon
A5 ,2016) S5 5L BRI #5 Y S B A AT 55 B, R
Tt L O R R PR 2 AR A I 8 Tiny YOLO X
FOMBAL AT R TR 47 07 58, 5 ABERIZR IR T
DI TR sk il g5 PEBE . T YOLO Al ok 51 A
RREARE A&, 5 PSS O TN Y H ARAE &S i, DRtz 1
5 2R X ] B, 0 250 2 A G 8 45 15 Xk P
(bR Y OLO A6 I 5 rhda) 431 N HEIE T % ) vh
RS HARAE B, F 2O RS H bR B AE A
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A A1 ground truth HEAT W R AT o B BT
T ) 28 A 245 2R 2 il FRE R R T A, &
1B 1 4 Ak P& AR A% K (B3 i) (feature map-non
maximum suppression, FM-NMS ) , 7£ 7% 1% Hij i & = B
15 V£ A 0 R g 3 A D R 48, i F RS O A
BSOS IR IEEE R £ R AL B o =873
G 4E A5HT Y ground truth PEATZ808 . LIk, HizqA:
L AT A 2 200 /s B0 HE K 3R T IR 4 /N5 2
ISR B 1 RE 22 1

55 W78 H AR (weakly supervised object detec-
tion, WSOD ) 38 H X A7 75 [EZR i 1 22 2591 73 S b
VE{y. ) (N BB | R TR f 7%
7R TR A S D B T
YRR T« Zeng % A (2019) FHER) T B
25808 2% A H B Y T 45 2R p, 1 S AT
NMS, 2R J& % S AT (B 3 T2 51 5 X 3k A] softmax 15
— PR A R T 2, i i B BN T DX IO 8 A
B po AE 9 — R B AR AR 4% o Huang 35 A
(2020) WU T[] AN [7) %) S 2% R X 35k (region of interest,
Rol) WAL UFFE (o, P.]} 46 KA AR it

T (0P 1)} 5 N AR 4
(o[ P]} SRR, IR 0 V- 2
MR, B

C

o1 4
M, = 51gm01d(c 2””[1),}[

=1

(34)

A, €O Y BT AE T A, o0, [ P ] FRA I Y
BEAE . HET M8 AR AL, A R 5 1 T 2
MY SEIZEEAE MY 5 (1 (o[P])]

Bk b Y SEo S AU el NE i h g = SR
3.1.3  KeilgRZ i ik bERE Hu i

FISCHE R, A B T A A 43 28 2R 2508 i, ot
H AR A AT 55 G DN #4825 088 T SR BN AR /D o AR SCHE
PEAE T AR &30, AR R A AR ol T R 1 AN ]
HoAf 5 By L2 MEBE rT BB AS AR W] , DAL A [R] 9 27 A
B 0t 2800 MR RE VT REAFTE 22 5. Rk, AR SR AT
B R 55 8500 4 1) — B B 5 S R 43
S e 25 SR HEAT SRR A i, DARIE PR BE X [ 2 A
N

AR S B A B B S 48 MS COCO 2017

(Lin 5%, 2014) (A 38 UFE4E F1 PASCAL VOC 2007 (Ever-
ingham 45 ,2010) 1M A AE R 40— MR AR L 25 7 38
SERRPEREXS LA RN S AN 6 /s . v, B
A5 ZE MR 5 2 AR B 1 P R TR SR AP TE AN R4
Fr, MS COCO (Lin %5, 2014) i F§ AP50:95, PASCAL
VOC i H APSO, i FR 19 & LAE 1.1 E A 4
2 BUE IR B 1AL/ NG PERE SR T8 AR HE LR AR 7Y
(I SRA) B PERESE I . 4R S BB 5 2
—R AL, AT DG PIBA T T/, W R50:
23, /5 Fil Faster R-CNN(Ren %, 2017) K25 , 3
TS & LG R2—RATEAR 3, JFHFhh
FRBHE AR T MY, 2) 5]
K 75 25 A Y, 4N Cascade, YOLO &5, /R Cascade
R-CNN (Cai i1 Vasconcelos, 2018) 5 YOLO (Redmon
%, 2016) A FI A I A% S AR F-YOLO O 2 T
TinyYOLO Z£ 14845 2 R & . 3) S 8iE 5
BLATS S ML, H T 22 500G D ASE B 2 1 B3 10 X 70 A [R) A6
IR HY Y 1) S5 0 T R 4 T 2%, PRI 26 07 58
SRR ET NS SHE, ML EES 3.
OD200F (object detection at 200 frames per second)
(Mehta 1 Ozturk , 2018 ) 75 5 il FH A~ [7] 225 44y (9 200 K
PR  SECR RIS R A SR %2
B BUE O WAL R

AN, F8 3 T5 AR A RS I 5 1 BE L b
“=TRIR s FR TS5 JE T 88 B H ARG AT 55 (5%
FEURZ R I bRiE , JC HARHE) , B0 1 4RIk &S 1Y
K& , HILAERT A 2808 , HAE RE AR X 4 B A A
55 B, BANAEAE BT AL BB S B2k 7 A A AU
AE, WA ="K o & PRI 7 SR 5 R T DL
e =P

WLEE % 5 A3 6 RERE & B, X T 2818 J5 Ak g
FI B 546 T 5 2% () 2 A G DN 245 T ) AR A48 i 1 AP
B, 7E AN B AR 1, e AP R 3 IR g AR A
+#54 RS0 (ResNet-50 (He 45, 2016) ) , 1fif F: £k P fiE
BARRY A A BRI A D A 4 T, A5
PR BB #5119 22 25 K 2%, 41 GISM (general instance
selection module) (Dai ¢, 2021) 7 PASCAL VOC
2007 R4 T APS0 iK% 82. 6 1 RS0, (X315 0. 4 11y
TUNMERRSR T . XU B T AR/ B 4R 4
A2 F TR &8 2 aPERE L FR , [ 80m
A Z A PERE 22 BE AR X BN o IR A 5
F2—RAWISII AR EA T, BRNF, REH
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RBIZRARITIE Y Al SR T A AR BRI, AYRei . FR50 b RHCRAIE i~ AR R  H2EY
(BRI UM A2 R A A R0 S5 4 57, SCUG I XA T AR I Sk, A i LR A B S
BABAAAEAR, 7 ik B = i I N[ XIS AR R T IR, T2 H ARG A

XA G WS T AR ARz AT SRR A . ARARBEFE AR XA TR] DXCIAF il
R ZREMFHEF AR RE ELHEATRAER R RRRS TR A A8 A E A

&5 FEMS COCO 17H#E& L, 53t Bir@ N R I EB R B R B T R ) KU 1B
Table 5 Experiment results of several model distillation methods for object detectors on MS COCO 17 dataset

Y SRR

A B SHEM  AP50:95/% KA BHE/M AP50:95/% AP
FGFI(Wang%,2019) R50 23 36.9 R50h 5.7 34.8 3.6
FBKD(Zhang fll Ma, 2021 ) Cascade X101 40 - R50 23 41.5 3.1
GISM(Dai %:,2021) R101 42 38.3 R50 23 40.2 1.9
EfficientOD (Chen %,2017a) VGG16 15 242 VGGM 6.5 17.3 1.2
WSOD2(Zeng%:,2019) VGG16 15 - VGG16 15 10.8 -
CASD(Huang%,2020) VGG16 15 - VGG16 15 12.8 -

E R R SR 2 9 B LA 2R, = FIR AR O R BB A A7 7 TR B s e 2~ A U PR fE

6 TEPASCAL VOC 07 HE& |k, 53t Bt SR 38 o BV 2R 1B 7 iR B SE IR 1 Rt
Table 6 Experiment results of several model distillation methods for object detectors on PASCAL VOC 07 dataset

FOmATR 2 A
AR AAP/%
ey BHEIM APS0/% S ZHEM AP50/%
Mimic(Li%:,2017a) R50 23 - VGG16h 3.7 48.7 5.2
0D200F (Mehta 1 Qzturk ,2018)  YOLOv2 51 734  F-YOLO 7.9 66.9 7.5
GISM(Dai %:,2021) R101 42 82.8 R50 23 82.6 0.4
FGFI(Wang%,2019) VGG16 15 70.4 VGG11 10 67.6 8.0
EfficientOD(Chen %,2017a) VGG16 15 70.4 VGGM 6.5 63.7 3.9
WSOD2(Zeng % ,2019) VGG16 15 - VGG16 15 56.0 -
CASD(Huang%,2020) VGG16 15 - 56.8 -

E IR TR R 2 9 B LA 2R, = BRI AR AR P RE B A7 7R AR R B2~ A IR fE

3.2 BUSEIRpEEEIE 3.2.1 JrllgRas i EERl Iy ik L 2R
T F AR 5 520 o WIAE A S AR Tl HT T T S A R ) I AR R AL 4G

VBT XS S5 o3 B R BB ZE 00 AR i g B UL A . P (S a%) (2 GRS 8% ) I softmax i i
T ETA GERIGER I IE A SO BT S PR, R X% 8 g SR Sy e e 7 T HOR [ A
Mo AT BARKIN 5 S0 7 FEA BAREL R By A AF . LinZE A (2019b) BYBFSE Jy S A e
ANIRE R TSP ED AR O R TR Hefb 2807 4. 1 5 , oh A B R 1 4 B
LRHE R RE R M UABAF KBIR R IR X a2 % 3= F i S AR [ o ST b B W TR A

FERT T SO R A TR AR T Ao RT3 2K REZEMR 1 — M7 2 X410 3 MO R 43
X BB B Z AT C BASI BR Y gy o Y KL B0 A B
5 STIFGE AR, AR YA 28 I 1 B 7 2R . |

> KL(M| M7) (35)

Xt LR REEA T 1 201 H A 5 40 W7 o T Wox H
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Kb, W5 H 535 AR 98 5, R SRR X,
M5 My o3 2R 2005 2 AR AR B R BT R v
SRHE AR ZE 5 4 AR 1] v, 15520 18 )] — fkAH
LLEERE [, ARAT H 2 52 AH AL 2 B ) 6 2 A, ] 1]
L2 2R sRBGHEAT 2800 . R, 500 2841 55 Xu 5%
N (2018) FURIFFESEABL, 51 AR ke i) AR, 72800
5B S (- ) AR SR AR HLHFIRES D( - ),
e 200 B 2 A AR Ay % 0 25 R 5 D MR 1A )
B AP e, o3 0 2800 5 22 A2 14 A (embed-
ding) , F5-3& T Wasserstein i 25 115441 J¢ , 4 R &
PP A0 2 pRBCTE 28 08 o 78 v S8 B i AT Z8 1R 2 AR
R YA AR . BN

L,(S.D)=E,[D(MJ|1)]-E[D(M]|1)](36)
KA E[ - JRET ¢RI, D(M|T) R H
PSR A U T 50 N s, R Bk
“ZRIBHXTPU T 5 S AERIUTE Cityscapes (Cordts
45,2016) SRR FARTS T R B ERESETT

AN FHABALEE X BT 0y 4 B 18 o1 25 28
TSRS B N U . 7E Wang %8 A (2020¢)
=R U O R iRl W e B0 i e X AT ]
TAREIY A AT 2R A8 U 2 040 e 2 LA K AH
LR Y L2 R AT 2k o SCHEGHTE TR T —
s BT HE L, B R 28 YRR AE 22 1K 18] (intra-class fea-
ture variation, IFV) , A& A

M = sim M[]'},@ZM[L'] (37)

A, 500k A R — X RE R ES SHARRE
RUPREG],sim( -, - ) HRLALIE . FETIFV,
4 A B AR BE 52 B A 7 45 AR )25 IR 22 5 22 il
11 J55 ek 4501 5 2 2 A5 00 () TRV 39 47 3 30F LA A7 2%
18 Ry G e SR AT S R A T BT b 7 4% 28 51 1
NERHEAT

AR T BRI IO £ A B 1 19 ) % , He 45
N(2019) 5 I T 432 ST 55 9 R ZE0 3488 o 45
I PRI HE AT 5 b 380 2 000 0 SELK L D1 25— A0 1 1
G528 D, (B, (v, ) ) 6k 20T P25 25 T3 th B RS AF 3647
T, BT 75 25 B 25 F0 B 1 o 3R A5 5 SR S 0
W E (o) A A BERIET . [R)RT, 2 A R PR B
A E AR HEAL B FUZ Conv (v, ) B H LLEFT T
Fo BT Uk L 1 A R R T
TR R R, 55—, He % A (2019) R %%

R EIARRLRE 1 5 %8, RIS AL BRZ A - )X Bk
C%?ﬂ_:ﬁ‘%:ﬁfﬁ‘fiﬁIEEAS(COMBN(US))L?AT(EC(vT))E ,
PR T 2 YR B i A AT IR IR AR R
BRI RSO [ X 2 AR B R AT 2808, 2 BRI T ROt
Ak B IR H00 Sy A AR ) AR, TR B
e P NP OBt i T
3.2.2 BETRIE] RER AR Mo 45 251
/NI R 53 R RS 2R 5 S TR Y
AV 2R, XA R AR He 245 #4 B i B AEA TR 30T o Tf
oL 2. 1.5 9 B T RRAS 0] 5C &R B0 7 28 A 2R 1R T
2 WFE N SRR D 2 g i e A i T R
MR RIATZEM . 5o RaAIE i ok HI G
UG 4Ry, 5 BN AL B R R 5028 R 2 4 1
ZEIRE B AR R RE LR, XieFEA(2018)5
Shu &5 A (2021) 245 47 AiE 14 38 15 J7 kA7 ek, 78
ZETR RN T M RRAE 18] v DA R o3 BRI M AT 53
B, LB SR R BRI A &R o Ho, Xie 55 A
(2018) F1J FH M 4 3 W5 4> H] F 38 0T A R AIE , Horp— 4>
TES MG FE VEAT softmax 0 — 1k, 3R15 — 1 HE R HR 1iE
K, 55— NIARHE AR 3R 1 8-SR AR R AR L — Bk
&, B

M()= S [M@u)-MG)|,  (38)
ueRy(v)

Koo AHERE P Y HEAMRE T R, (0) AT IZIR FR
() 8—4B415 2 X 3k . AR LAY 1 () M LT X M i
FHAL P30 B 7 DR AT AL B 25 5 A AR BT o)
R FEAE B o 20T R 2 A 5 MY B 2R
TR T8 T, DA R BE K 3 2545 B 5 o B FHE B
LR BB EM AN . 52 AF, 5 (Shu %,
2021) [FIEHER » 5 M #ATIH—10 , AR H#E T8 B
RIH— LW Jr 2, M7 A0 38 X ir A R R 7%
1B softmax IH—A4k , B 5 178 . %8 E IH—
[ = A N RN S LIPS (TE | =22
5T R 37 M A AR R T A A T
AL ZF , Park A1 Heo (2020) %47 AF [ A [7) i
BB OCRMAT TR A A HE Tk 5f
L, B SO R 0 € ROV AR 45 38 38 P 14677 0 26
AL, I 5 o A Z sUHFERAT ¢S A SCIK &, 1
P I HW x CP 248 A A CAEIEA,,
S5 o R I R 3 BR, A B3R 3K 195 38 T R DG 1 1 4
A, =ALAL G BRI IE— Ak L2 3 e ffi 24 Ak 5 3
A A, HEATIE VT o RIS , K J3 2 R B A 5 1)
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i AR (23) BYTR G s 2R Jl—A> T4 ]
AR L B BRI, T Je PP T 2808 . T %8m0
SERTE TR [ T8 AR IEAH BOC R 48, AR
T, 8 A 0 PR RS o LA AT 126500 T8 Y A G35 2
TIEIE Z AR AT 22 5 . AT RPRAEZR R AR XS
LVAIESSTNERa R NENER EPRY) S 7 S E T3 o8
3.2.3 B EIgR A BT IR R PERERT L

X8 S35 B AR AR Z 08 T A I s 28 1
FHE M/, P SCHR SR IR B R R 5 —
A i AL B4 Ji U 3 BRI ) B 512 ) 9 3 52
GERIEAT IR 5 PR L

AR S 1% B Y () Cityscapes 25 2E (Cordts 55
2016) A 5 58 B TE X or B bR T B9l 4R DL
PASCAL VOC 2012 %% i £ (Krizhevsky F1 Hinton,
2009) i A 18 o3 AR TE A S U SR A N PEREXS L
(30 IS . 26 7 ISR 8 o 1 AN [\] 43381 5 25 1
TREMERE . Hoh, 205 2 AR BRIV RESE — DU
mloU i it , VERESE THRIZ AR bR $E THA , kT8
PO B 1 A/NE . R 05 e AR BRI A 1 S5 AR
2 BIBLRY G 3+ W 2%, XC AR FE Xception (Chollet,
2017) % 4% , MobileV2 Y5 MobileV1 43 Il # Mobile-
NetV2(Sandler 2% ,2019) & MobileNetV1 (Howard £¢,
2017), HARTIE & X 5k 2—F4 -8 HATRE
PEAT A LUHE , AR SO L T AR T R Z8 1 45 2R
AT . 53R SR 6 K, ZH R B A 5L
B RN ETAG S, 5 U FIBR
B LR REAL 5y 3 TG . T HAR S
P, KA (knowledge adaptation) (He %5 ,2019) Y #.
S 32 T RRAEAE B0 FIHE IS, TSL(teacher-student
learning) (Xie &% , 2018) £ HX DeepLabV2 (Chen 4§,
2016a) 435 CSCACE (channel and spatial corre-

lations and adaptive cross entropy ) (Park Fl Heo,2020)
PEHL DeepLabV3+(Chen 45,2018 ) 73 B Higqx iy
% ¥ 3% B PSPNet (pyramid scene parsing network )
(Zhao 55, 2017 )VE R N HH 2% 28 TR Lo HI65%

M T I 8 ALEEH], 3 L HL PSPNet 731 4
H.f# ] ResNet-101 &= 1 X} ResNet-18 = T UE 177815
B AF 25 W, CWD (channel-wise distillation) (Shu 4§ ,
2021)7E Cityscapes PR AE - HRAS T f5 e 0 26 %60 P
AE SR RITERESR T . — 5 i T HOEE N T —1k
{45 A7 38 1T ) 7K A 4 T = AR LA RO (0~1), 55
— 7 T R Tk A — b [ B 25 58 T RAE 5 B R
AR ERRZ B R TR AL E
(22 5, 3% 3 M7 SR AEL MEREIE AN 58 AR [R] 1T H6T
PEBE 52 T B9 28 P L BOF B R R . Ho,
CSCACE (Park il Heo, 2020) 45 1 s R i P R # 7H
(EL, 101 260 65 1 3 14 S =5 i R LA IR A R e P e
TR, SEHUE B T AN i 0 2 AR R B M RE SR T
AE /. 7E PASCAL VOC 12 Y% 1E4E b, IFVD (intra-
class feature variation distillation ) (Wang %5, 2020¢ ) HX
3 7 855 19 mloU ; [F] B CWD (Shu 45, 2021) {3 54 1
PERESRTT EIUS T REFHCR . SAUITEXS T8 S &) &%
PEATZE I, B AN B0 5 AR R 0 AR AR
B [H] Y G 2R AT 3 R R ZE IR T B

SR TR O 2 B SR B R
I ] it LSO AR R 1 03 2%, PRH B X 3
o3 A4S PR R ZR R R 2 L T R M, 32 T
HERRAIE o AR LR A B B ok i = 07 T Hh R AT
T, AARMEFE T, — 77 T AT RE Hh AL 3 B 5 3 A AR
FER T %, 27 2. 1. 5 4 5 R TS [ AH S Pk B2
A S 3 — T RES TSL(Xie 45, 2018) 261U,
TEZE 18 PO 73 RE A% W35 52 ey 73 1P R 110 X3, 491

&7 7 Cityscapes MK & _E , $T31E X 53 BRI B Y BB AR BY R B 7 iR O SKIR 1 B

Table 7 Experiment results of several model distillation methods for semantic segmentation models on Cityscapes test set

- Hm A 22 A R TR
FRIRITIE AmloU/%
EM BHEEM mloU/% B Si]| ZH/M mloU/%
KA (He%5,2019) XC41 25 - MobileV2 1.3 72.7 25
CSCACE(Park il Heo,2020) XC65 38 72.6 RI18 9.6 69.7 6.6
IFVD(WangZ%,2020c) R101 42 78.6 R18 9.6 72.7 5.1
CWD(Shu%§,2021) R101 42 78.5 R18 9.6 74.6 7
SKD(Liu%,2019h) R101 42 78.4 R18 9.6 714 3.8

T L P SRR 5 8 B A2 2R
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Table 8 Experiment results of several model distillation methods for semantic segmentation
models on PASCAL VOC 12 validation set

» HAE TR 2 R
7=k AmloU/%
B3 SRR mloU/% el SR mloU/%
KA(He%,2019) R50 23 76.2 MobileV?2 1.3 72.5 1.9
TSL(Xie %5 ,2018) R101 42 75.2 MobileV1 3.2 69.6 2.3
IFVD(Wang2%,2020c) R101 42 77.8 R18 9.6 74.1 3.2
CWD(Shu%:,2021) R101 42 78.5 - - 69.3 3.9

T ML PSRRI R4 R, =" 3R ISR SR ISR

U320 SRR B4k e RS , R 5 3 N 5

4 5 i
BRI ZE IR AE PR 0 DOk 72 AL () 5 218 Loy
MriE 45 LIS TiE 2 AR SCH 52 T £ 3 S 43
25\ E ARSI /S 45 3 S8 A S i Sy ) 45 S R %
TBEE R 1 3800 22 18 SR M ATy SR 1k R X L
Bk b BRI Yy 25 N VB R 2 A
RABERIZE N I FRAR A S b A2 o AT
o AR SO R B AT Y B ZR IR AR AR B [l R, 4T
Xof 3k 4 ] R J BE LA S T B A5 7 1)

D) EFXT 5 2 A RSB ZE AR 7 1% B i FR T
J7 AP fE S M B REE . TR, AR X B &R
HEATIHE R ATRHE O S (i PR I 4% B AR B AR A
BB W ik TR s I 22 R R AN () 45 ) 43 25 T 4%
HE R 5. — 7 B R R4S
M RAAEAN 2. 1. 47 RN 2. 1. ST SR R 2808 =k,
T B 38 B 1 28T 1 E A, B2 R R AR IS 1 S
AFRLLFEAT R o B0, 25 S AEAE A A ARLBE B, Xof
A2 A FEREAR ] R AEUE TR EC A . SR, ik 2
D7 LA 359 R o I 5 i R R TR R AT SRR AR
T HEEEE, 55—, n2.1.2,2.1.3 &
2. 1.6 715 1Y 5 1R 0 5 5 T o O B Y 2R 1R R O
], e iF 22 07 A S BT H ZR R HE R B A i
PUER 7 A RIS 3G KT Bk R 28, i M re
T T MBI G . o {5
B (Passalis 55 ,2020) %5, SE B2 BR il 3 22 , it
T — G B E SR, R BFSE A B —
5 T B SR R T RS O a, AR AR AL S SR
ZE TR T N\ SRR T BRESE s O — D T, B

PR AU ZE IR, 75 B ST AN [ 45 4 200 5 2 A A A
[i) BE S FH %) W O Rk . ian , ZE AR AT, A5 80
HEE YA (] J22 43 ) 5 2 A ABE R E 0 J2 (%) R OGPk BE
A

2) Wi AR ZE AR AT 55 il /D B T 3 FH 7 L A
FESR . [HIL, AR T B T ARG A 2B il 5 50040
B A RS T B W A N N BN S — 1
MR ZEAB AL FE bR . 52 .39, RS A S 2—
F 8N JBIR T T AR A 0 £ dE 4 LA 44 AR T
ZEMR T I ERE  (HE b a2 07 B i T
AN AT SRR B e A 108 B B e 3 vy 5Kl kAR
KSR EIFAMFE . Pk T B0 [ 9 5L 2 gL
(A ) VEREAAAE 22 5, AR PERE 0 EL A 5 1A TRIME
BN, A 781 A 5530 w2 SRR [ B A B 2
S5 EATXS G, {H 0 ResDist (Li 45, 2020a) 2577 ¥ 1Y
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