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Survey on Knowledge Distillation with Graph: Algorithms Classification and Application Analysis
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Abstract: Graph data, such as citation networks, social networks, and transportation networks, exist widely in the real world. Graph neural
networks (GNNs) have attracted extensive attention due to their strong expressiveness and excellent performance in a variety of graph
analysis applications. However, the excellent performance of GNNs benefits from label data which are difficult to obtain, and complex
network models with high computational costs. Knowledge distillation (KD) is introduced into the GNNs to address the labeled data
scarcity and high complexity of GNNs. KD is a method of training constructed small models (student models) by soft-label supervision

information from larger models (teacher models) to yield better performance and accuracy. Therefore, how to apply the KD technology to
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graph data has become a research challenge, but there is still a lack of a graph-based KD research review. Aiming at providing a
comprehensive overview of KD based on graphs, this study first summarizes the existing studies and fills in the review gap in this field.
Specifically, this study first introduces the background knowledge of graph and KD. Then, three types of graph-based knowledge
distillation methods are comprehensively summarized, including graph knowledge distillation for deep neural networks (DNNs), graph
knowledge distillation for GNNs, and self-KD-based graph knowledge distillation. Furthermore, each type of method is further divided into
knowledge distillation methods based on the output layer, the middle layer, and the constructed graph. Subsequently, the design ideas of
various graph-based knowledge distillation algorithms are analyzed and compared, and the advantages and disadvantages of the algorithms
are concluded with experimental results. In addition, the application of graph-based knowledge distillation in computer vision, natural
language processing, recommendation systems, and other fields are also listed. Finally, the development of graph-based knowledge
distillation is summarized and prospected. This study also discloses the references related to graph-based knowledge distillation on GitHub.
Please refer to https://github.com/liujing1023/Graph-based-Knowledge-Distillation.

Key words: graph data; graph neural network (GNN); knowledge distillation (KD)
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SRR, 45 78 BENME B 18 SCHI A, AT 55 2 VR R 4 BUARAT 145 B B 4.

A6 T I P Ao 2 o 296 () PR VR A AR P i £

Hdrde e ke FHLYEE Bk
Cora 2708 5278 1443 7
CiteSeer 3327 4552 3703 6
PubMed 19717 44324 500 3
A-P 7650 119043 745 8
A-C 13752 245778 767 10
Physics 34493 247962 8415 5
Cs 18333 81894 6805 15

6.2 LIWE

T 71 3 38 1426 I 445 1) PR SRR AR g 17 SE 10 79 1, AR SO UL A AR P 1) ResNet-201 AL 47 D4 1 14 fof
28 W A RAE AL, IR B AR AR T VAR BIE 2 NI AE R 2T 4 BRI, SLrp, 643 25 dbn b, ARSCIE
(K12 Accuracy FEx. 75 AITHAEIR 7 1L IAE L I, A SCE IR 2 2 011 KD A IRG. RKD LA CC 1% 3 B H i)
FIRZEIR 5. By T WAL 7.

T H DR BN M 2% 1 B AR ZE R 15 Accuracy BUR NS L

LY CIFAR-10 CIFAR-100
Teacher 0.9237 0.6892
+KD 0.9330 0.7036
+IRG 0.9277 0.7037
+RKD 0.9272 0.6948
+CC 0.9301 0.6927

PE SR 10 SE S o AR = o Y 1M A | S 1 i N P R A

T 1) P14 2 X 4% 14D P T A6 8 071 15 93 AT 45 AR L SIE B v, A S ) e LA 3 P 6 P ol 2 I 4 A 34 (YD
GCN!", GAT™, RI SAGEP™), 76 L3k 7 AN St LabA 74 i 40 20 L sese. JLepy, 2R AR VA B L, A
SCAF IR 28 LY KD A CPF [ 2848 772, 1653 288 #5 b, ARSCEEUKIJZ F1-Micro # F1-Macro fihr. H AR5
OB WA 8—2 10. [RIAEHE, 768 3T 45 b, ASCR A NMI A1 ARI B2K454%, 1] GCN. GAT 1 SAGE iX 3
Pl 22 I 48 BT A Cora 25 7 ANS3ESE B KD F1 CPF AR 2807 v, BUAASEI 45 LS 6.3 1. Ieah, b 7k
— e M AR TRARUR, A SRS T AL SE R A5 AL FAAHE, 2 X GCNL GAT HiI SAGE #EZ44711iH
FABAT G BT SRR BEAT t-SNE BR4E, rI AL gs LI 2114 23.



X 5 B AR AR Rk Fok K 5 R AT 697
8 GON FUMBLRY J I AR A S 5 73 FCR
R LGS Cora CiteSeer Pubmed A-P A-C Physics CS
GCN F1-Micro 0.8096 0.7086 0.7912 0.644 1 0.4727 0.9226 0.8918
F1-Macro 0.7985 0.6789 0.7862 0.6374 0.4347 0.9002 0.8698
+KD F1-Micro 0.8276 0.7364 0.8032 0.7982 0.6759 0.9322 09105
F1-Macro 0.8163 0.6916 0.7964 0.7859 0.6672 0.9107 0.8862
+CPF F1-Micro 0.8562 0.7530 0.6811 0.9313 0.8459 0.9476 0.9126
F1-Macro 0.8261 0.6623 0.6716 0.9162 0.8456 0.9304 0.8860
PR 1 i i - Y Rt M A 1 = e 7 W 5
K9 GAT AR J7 o 2p e AR ARSI AT R 73 RROR
[ Fahr Cora CiteSeer PubMed A-P A-C Physics CS
GAT F1-Micro 0.8208 0.7032 0.7722 0.8054 0.6559 0.9252 0.906 6
F1-Macro 0.8116 0.6732 0.7684 0.7972 0.6244 0.9023 0.8824
XD F1-Micro 0.8410 0.7264 0.7848 0.8421 0.6688 0.9350 0.9090
F1-Macro 0.8331 0.6818 0.7780 0.8273 0.6535 0.9136 0.8859
+CPF F1-Micro 0.8576 0.7541 0.7949 0.9158 0.8456 0.9407 0.903 1
F1-Macro 0.8295 0.6692 0.7938 0.8981 0.8516 0.9219 0.8743
T LI s R VR RE, FRIZAR D T R RE
% 10 SAGE #UIIRERY e JLop AL AR Y )3 73 AR
LY TR Cora CiteSeer PubMed A-P A-C Physics CS
SAGE F1-Micro 0.7980 0.7052 0.7844 0.8754 0.7660 0.9239 0.9203
F1-Macro 0.7862 0.6769 0.7824 0.8663 0.7599 0.9021 0.8999
+KD F1-Micro 0.8198 0.7202 0.7962 0.8853 0.7838 0.9379 0.9262
F1-Macro 0.8100 0.6877 0.7935 0.8763 0.7821 0.9163 0.9062
+CPF F1-Micro 0.8183 0.7365 0.8053 0.9249 0.7824 0.9363 0.9016
F1-Macro 0.786 1 0.6148 0.8051 0.9067 0.8078 09135 0.8682

E: I AR o ARt VR RE, TR R IR RE

I T TR R R ]
GCN-s.

Cora

Tio 50 w0 20 6 % 4 6 8
GeN-s.

CiteSeer

21 GCN s K 2 AR AR R i T AR
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Bl 21 GCN ZUMLRL & L2 AR AR T i T A RCR (25)
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) 5 Banin gk Bk k5 5 A 54

F0 -8 a0 -0 0 20 40 6 & Too 75 o 35 6 s B 160
SAGE'S SAGE'S

CiteSeer PubMed

0 80 -@0 -3 0 0 40 6 & 0 60 -0 20 b6 2 4 & ®
SAGES SAGE-S

Physics cs
23 SAGE HUMH A Je L2 AR A1 sl T AL R

699

F TR RL 5 2800 7 v SE 06 T T SRS BRI T, AN SR ER 28 L) GON LR Jy [ 1 25 I &% S U ALE
B DL SR RS, fE B R FE MM Cora. CiteSeer Fl PubMed 3% 3 N4 EIS B AR 28 e, Jrp,
e K98 85 b, A SO & Accuracy FE 5. 7EENRZEMR TV A I L, A< S48 T Y 2 4 g KD A LinkDist

SAIL UL J SDSS ixX 3 il | 2800 vk, HAR IR nT WAk 11,

F 11 ETEERMER B 781087775 Accuracy RN E

FR Cora CiteSeer PubMed
Teacher 0.8183 0.6762 0.7859
+KD 0.8005 0.6821 0.7571
+LinkDist 0.7572 0.7119 0.7484
+SAIL 0.8463 0.7424 0.8381
+SDSS 0.8600 0.7613 0.8221

TE: IR AR 2 ot VR RE, RIS BRIk e, RHARE D FORTERE T I

AL AR 4 B S U6 #R 12 AT 4E NVIDIA Tesla [ V100 GPU _L, 33T PyTorch-1.6.0 IlRAJy 0.6 ) DGL &%

S
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63 LWHERSHH

o [H] [ S P55 A 48 0 265 T L PR 28 TR S0 &5 S /0. AT SC3R 7 AT LAAHA0, KD AT IRG. RKD PLK CC iX 3 Fif
BRI VAR — SR 33T T ResNet-20 BUMFLAL ) B 73 85401 T, KD £ CIFAR-10 (W28 TR LA £,
CC IR L. 1F CIFAR-100 £Hli g b IRG MIZE TR R SR T, F BT B B 4 2R g AN 0.6982 4273 T 0.703 7,
KD HIRINIR ., B BT R 54> 25 ME e A 0.6982 $2 T3 T 0.7036. /244 KD 1 IRG. RKD LK CC iX 3 Fif
P AR ZE I 77 720 ResNet-20 B2 R385 AU RAS AR R], (EZAATT A BEAH ZE AN, SRIAH . 3X — i PR b = it
T VR BEANZ W 25 AR R IR LR 0 45 & TAEXT ResNet-20 B2 (HETH2I5A T — & RIS, w] LA R BT i 1] 20 2
SIFEFHE— DAL T 1 )R BE A 4 4 (4 R ZE R I AR AOR, IS5t ) . M4 MR Eam g
ERBARL G, XHATHE B AT WA 8 47 (5) BIZ&M 2 I Hivu.

o T[] P14 20 D 285 1) PRI AR Z PRI U SRS B 5 SR 0 A, AT SO 83K 10 W iy R T IR Y, Lt ES
Jit KD i£J2 CPF EIZMIH5 S N, GCN. GAT F SAGE 22425 {A7E Cora 25 7 N4 L0 BRI FRE T
R WRTE. JCH R R 8 MK 9, nI LA RIS GCN Fl GAT #AHELL T, CPF [MZAAMBIRIZIF T2
KD ZIRACR. (12 SAGE HJ# /L AR AR R R IUAR 2, R/ SAGE BEAMEZL T, K2 &ML K KD ZM AR I
F CPF, (H'EA T ZEAZ (+KD=+CPF), IAH Y. 1Ah, KB CPF &2 A7 B AN ZIR IR T 7%, B2 % B 2518
J7EEAE— AR AR KD, W1 GCN B8 7E PubMed i 4 R ZEMR I, GAT MAL7E CS Hdlid: iy
I I LA K SAGE #EHUAE Cora. Physics 1 CS H#i4E FIZEIHERIINT KD Z8HACR. 45 1, B4 KD Al
CPF B AIRZEIR k3 — 8O 42 TH T GNN B T s /0 bk BE, 1R'EAI1JCV4E Cora. CiteSeer. PubMed. A-
P. A-C. Physics Fl CS iX 7 NEHEAE b (11 B [ B R e dpe . [FIRE, [R]—Fh B0 R ZE M R AN TR 1 GNN A8
B R ZE RO AN R AR R 4 CPF 281 513 7T LUK GCN PERE 80.6% 27+ FI| 85.62%, # GAT LB
82.08% 2713 85.76%, ¥ SAGE FiZ&I I\ 79.80% $2TI 51| 81.83% (3X HL LA 54328 F1-Micro FaH5 4 ). iX ek T,
FE T SR ZE AR ST IR, AN B FEAN [ AR B AR A 2 APk, i HL B FE GNIN A28 )3 FH Pk, 3R 75 2% 18
PR AR MG . At UL, 75 BT Ph i) LG AT B 2 P A 28 g i R R AR AR R SR, RN n] AR AT
B EELE 3575 SOTA (state-of-the-art) ZE 1R

o [ [ia) L8 ) 5% 00 BRI AR s RS SIS 25 S BT, B T BT U AT 54, RSB %% GON 45 3 4
FHAE Cora 55 7 NMERAE FahAT 7749 BRI, AR RBACR WE 1258 14,

K12 GCON HUMEI e o7 A A AR AT R ACR

LY 2Ly Cora CiteSeer PubMed A-P A-C Physics CS
GCN NMI 0.5568 0.4291 0.3711 0.4235 0.3399 0.7029 0.6736
ARI 0.5120 0.4241 0.4094 0.2619 0.2083 0.6806 0.5336
+KD NMI 0.6011 0.4655 0.3874 0.5932 0.4578 07111 0.7145
ARI 0.5933 0.4620 0.4401 0.4655 0.2883 0.6890 0.6025
+CPF NMI 0.5988 0.4714 0.1935 0.5888 0.5299 0.7519 0.5299
ARI 0.5801 0.4721 0.1214 0.3872 0.2985 0.8228 0.2985

TE: IS O ARt FEVERE, T RIZAB D AR IR TERE, RHA R AR PERET (£

13 GAT HUMHRL e Je 22 AR AR AR R SR IR

Y fa b Cora CiteSeer Pubmed A-P A-C Physics cs
GAT NMI 0.6056 0.4297 0.3626 0.6545 0.4975 0.7669 0.7531
ARI 0.5634 0.4257 0.3910 0.5311 0.4018 0.8391 0.6889
KD NMI 0.6145 0.4550 0.3754 0.6814 0.5567 0.7711 0.7719
ARI 0.5799 0.4449 0.4169 0.5975 0.4767 0.8506 0.7930
CPF NMI 0.6066 0.4551 0.4021 0.5113 0.4981 0.6147 0.5850
ARI 0.5109 04177 0.4266 0.2884 0.2994 0.5654 0.4371

T MR IR Y R i R RE, T RIS BB 2 R IR ALk e, RHARR 3 RoR TERE T I
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R 14 SAGE HUMHERY J L2 A AR RRE AR AY ri BERAR

A fabr Cora CiteSeer PubMed A-P A-C Physics CS
SAGE NMI 0.5707 0.4374 0.4083 0.6870 0.5380 0.7641 0.7988
ARI 0.5433 0.4457 0.456 4 0.5813 0.3686 0.8238 0.7509
KD NMI 0.5921 0.4618 0.4177 0.7010 0.5775 0.7854 0.8149
ARI 0.5825 0.4597 0.4632 0.6175 0.4499 0.8643 0.8397
CPF NMI 0.4892 0.4737 0.3598 0.4666 0.4808 0.6323 0.5779
ARI 0.2965 0.4805 0.3724 0.2803 0.3104 0.5655 0.3894

TE: I AR o AR I AR RE, R RIZAR I RO IR TERE, RHAR AR PERE T [

M 12— 14 ] LIA3 501, KD F1 CPF 745 GNN ZUM L8 i) 38 25 SUR A ZE 80K, 4k b, Z0d KD SRz
GCN. GAT H! SAGE {2 A f R RV REI M 2 T2 Mk BEEETT, (B2 e I IR AR R I A ). 3
M 12 15500 £E Cora. PubMed. A-P 1 CS ¥#n4E b KD % Hi K- CPF, 4RIfi{E CiteSeer. A-C 1 Physics _E
CPF BT T KD. W3R 13 ik 14 v LOWELH: 7F GAT FI SAGE BRI 40F, KD R R4k UF T CPF £ & 1]
DSEASE T Y 2% A AR R A A A (0 R O £

Ti4b, AR I E KR ZE RSB R I — AT R 19 S 30 IS, CPF B AN HZE IR A A3 GNN P g, 51
Hh, 7F GAT 1 SAGE 5 3UAEAL N, CPF 71 Cora % 7 AR AR b R 4% BEARIL X S 0TS 2 1)1 s SR 21k . 41
tn, 25t CPF 7818, 55T SAGE BMUAESL T 1) CS B L MUk BB 79.88% BFAKE] 57.79% (X HL LAY R Rk
NMI F5k5 A 51), XA CPF B AR ZAR AR 4268 LR IUKAARBE . X — e FERE LU GNN Rl 281855 (1
ShA TARAAT IR KPR, A S8 47 Hicks P AR Z8 N FH A NN BT IR 77 ZEHE— S0 R R . XTI 4r, RS
8 WHHT T IRV AR,

o I i) P04 20 19X 245 1 T R DR 26 R 1 s T AR S0 5 A AT B T REAT Y Ao SN ER S 1 A0 i B A TR 2R T
AL, AR SCIBHEAT T 70 A TG E 20 4T, GCN. GAT F1 SAGE A8 R BE R [ f R AE 23 t-sne B WR 4 5 ()]
A5 S B D01 21— 23, J0r, 585 1 AT 200 B3RRSB4 s TR AR, 58 2 AT ) 24 A B A B 2808 R 11
ARG B R IX 3 AN, BT LATE M A LA AR AT, GON. GAT F1 SAGE 2 A B EBUR YR 2] T 3%, R
RS S m T () 0 S (DB AR O, A RIS (7 A SR P T o . RV R A R S AR ARV Tl ASR T GNIN SR )5 e
TR, MAFA RIS AR 16 23 25 T AR A3 5 a5 09T, AR e AT IZEAN IR IR B 4 b 1R 38 A RAH ). X 0 24 iy
BI51RZEM87E GNN A BRI ), G 1R 2 i BHEAR M — PP RAR R, KT X A e G T
8 WA AT T IR BE IR A R B,

o LT AN AR 1 20 45 BT, AT S0 11 WS KRG R E LUE ), B LM KD B
LinkDist. SAIL 1 SDSS iX 3 FAY {2107 vE KIZE R I4R F T, GCN A2 ATE Cora 55 3 M & FIsr2E
PEAEEN 2 BB T — R IR RE R T 4 B M, SAIL F1 SDSS 25T T 17 T- 45t KD 2500, BRI B4R
T GCN UMY (1 14 §E. {H2 LinkDist IR ILAAH ], HZZTHRINFE Cora F1 PubMed ¥4k FAKT KD 1)
ZEURR R, R, A SCIE KB KD A LinkDist 7 Cora F1 PubMed #3585 _E 52 1Ml 23 FAAG HE X I 2R 8 11 7% 5 79 28
PEBE. 25 L, BAR KD AR [ 7808 vk ] LS T ] ol X 4 A0 (14 05 o0 b g, (H'E I TEI4E Cora CiteSeer
1 PubMed iX 3 MRS T fe R BRI AE . X FIRE SR T, 7635 T B AR ZE IR Bk i, IE 75 2% I8 2810 7 =X
PG M 545, (R A0 RN BE 29 R R 1Y) oA U R i A 28 TR, A DRI 4 1 1 B e LA 8 5. it
AN, FETF B AU AR R [ 250805 1k H AT AL THB IR R B, W05 i /b HoBZ IS 8%, TS R R B AN
YRS 5 R 2 B SR AL R, T BE T s R B S R T vk, A DI B 20 1R e EL AR T LS 8 T (4) AT R
B HAS T

g5 b, X 3 5B AR R A SO R R A . BT R AR R A S A AT AR T CNN/GNIN A7 44
fE, TR I AEHERE RS N S Jeh . RS IR L VRIS T AN IR, e TR AAAE— B AR AL
5T RAE 8 Tt I A0 TR AU (0 7T ek Jy 1 AT TR (1) ZEAMAL B I (2) M NIk 3) IR s
fBR ORI (4) FTRRREFIE 0T; (5) BZEME A S Bt

T,
EF"
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7 KB
FIZEN BRI Lk, 238 T 2R SR Tl S B 6T B B AR (K R, TR R R e A 8 s 4
IR B8R 255 [ A B T AR SRR BN, 0 HAE TSNS . EARITE S AT, 72 R G ATk 2 A W E B

FHAN il (AT St AEATT B T RN TR ZE I LR J LA B F 355, 32000 B 2 e JER A R AT Y L S TR 2R R B R K
2 (FK 2 RHA T-S 78487730 KD Al GNN SRR IS5 5), o AR A RIE BT TAE.
7.1 WEHME

P RITRZE AR A — P A B e 4 A R SR B R, |32 AR N LA Re R AN R A, e SR 70 v LA
(computer vision) 4l rpr. UTAER, F P& FE 1 B AR AR EE BB M S H T AR R AT 45 b Jorh, BRI ADIRZE 1R
B AR BG4 2 BRSO R AT 45 o, S DU RIS . T ARREME L B R 4SS H R, B AR AR TR RN
G PO b A o Sl T P, S A 3 B PR A SR VR R 2, e A AR R AR ) 1) DG AR A et
AR HE— AR TS AR W PR B A, FETE B I 50N, AR ZE I A T S LA B A
H AT N FE TR BSR4, SR 1S TR, B AR AR IR AT LA T H AR U pLae A e L
BT AR ORI B Al AT 4

15 PEANTRZRR N U 2 R

N FH A JSE ] i ZRABARIY PN
LS CNN HKD", GKD"®, SPKDP, HKDIFM'", KDExplainer”, TDD'"!
EHG IR CNN KTG*!, MHGD", IRG"”
Blas N Efr GNN GCLN[!
AN ORI DOD™, GDH*!
L ;;2;] Eﬁ BAF!
E eS| GNN EGAD"®
AT NERH CNN GeMTH!, e
T bR CNN IntRA-KD™
P X6} CNN CAG™
KA HEL CNN DKWISL!®!
H SRS b2 AT CNN SPGY
Dilens i CNN LAD"
B CNN RKD!
LS| GNN LWC-KDP"
oy ) it 3 DGCN®!
ARG “j ;}; j ENNE s
JEERZ AL GNN Cold Brew!"™"
T2 CNN IEP7)
N PR 5 GNN GRL!"
S EHG R CNN MHGD'!
H 751 GNN spsst!
e %f&?ﬂm&? GNN GFKD[[:;
LI i GNN HGKT

72 BRBSLE

B4R 18 5 A3 (natural language processing, NLP) J& I SR} 22 80 RN TR AR I — AN A3, &Y
R P AU 040 2 — . NLP B84 % & 17 F 5, M\ RNN. Transformer. ELMo. GPT. BERT P #4141 GPT-3,
LR 25 K R 2 0 AR AR B 2% FLIE K, X ™ BEPEAG T 8 55 A2 (13 2 R I 5. iR 2800 i, 484t 7 —Fh
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B AR B TR AR B I R g ik, T DA SR v AR R B A ), 1 NLP AU B I A R
1A, R 2 (1 1 A6 AR T A R R AR B NP i 3, AR RLAE 10 70 ML B, S R AT 4%,
A 15.
1.3 WERG

i R YL (recommended system), i 44 8 X, #oe R4 FH P @ MEL D1 AT 255 BOR A F 1w i, 3k
PR R HERE. BEAE TR 2 S I DR Jie, A7 ZR 0 IR 20 25 ) AR 15 B SKe R 55 %, T 8 3R B SRR RS, A5 20
ZHAR ARG R Z . [RIREH, 70 HEE 2R G0 SR I A5 BB 5 o, TRVETE RS Bl B A\ s & Bag AT Ak
RO R T R RS TR e SRR e TR T ) i, PR N R AR IS T AR R AR A IRER, TN S5 R i R A
B 32 R AT DA 28I IR S R R i A 2 AR A B oh ) SIS A HERE R AR N2 AL RE 0T, TS 3
AR b 0 2R i H . e dh, B AR AR R R 2R 40 1A 45 45 3 ] LU R A w20 VO R iz 4k U0
B 3] OO ) B0 {0 15 HURS T BRI A IR R IR R AT & A AR v T AR
74 BHEFZES

Bl g, TR 454, T Fif 24145 2] (multi-task learning) [, FL{Adth, Lee 25 A 74 H—Fh 5L+
RSN ST IO R NI R (IEP) A0 UL AEAR 7V, AR RIS A R Ao 25 o0 S S 1 ik N /R ) I A2 M 25 AL 17
) FH ) 3 T e A2 0 20T £ S AR B, S I 20 452 ) K kT 0 4 B4 1y ) R 140 Ay i B A 25 ok 2% o T4 1y B 3R
7. Lee %5 N M T 22 Skt oA B0 FE o (0 BRI R, FRl I 24452 2 A 2 A A8 BLAT 56 R IA 49 D
BAES). Ren S N VNG B AR TR ZAT 452 SIS, 320 T — I BON SR 24T 45 1 2R IRHELR R 15 #eg
T H AT E AR AEIZAT S5 Lo TAE, W B
7.5 FHREARE

liil £ b, 76 FFE A2 3] (zero-shot learning) 4T3, FEANIRALMH R IO 5. B0, Deng 25 N P50 U4 1
GNN & 5 3¢ il i) JC B 2848 7 vk, 2Rl A3 F 22 70 85 R0 4 A TSI ZR T GNIN A AL ] 465 ) SR R AT A RUT
¥, I 51 ABERE AT 3R AL IX A HESL, Wang 25 N U T —FP3E T 5 M B SR B8 7 10 HGKT, A5 B T-H i
(¥ 5 K Al e A PR R R s 2 TR (R R 3R, K SR AT LSRR8 BB I A T WL, A gl T m] ILSRIAN m] 2K S5 43
SRI¥ I L. WY SR 15 4 T I A BT 0

s B 2

FER—FhATRIE R HR, B AR A SO R 4 . BT, 1 B = S DL AR T S5 44 0 T 48 T 2%
1) Pl 4o 20 PR 28 PR AR R PE e, BTl S T FEAERE R R 55 2 Brb 45 3 s . AR IR AR ZE MBS T 4 NIl I 1 RE AR I,
BRI HIRIEFTARIE, AE e R AT 1R 22 75 S0 2 0 ) SURME A — SRR 00 77 . S B A B AR v
AR, A4 B AR AT 7T 10 T LA AT 78 5 ).

(1) ZEV AL B IR . T8 3 B 2808 TAE IV 40 20 A, I K 2 201 2540 7 v 1 2 ) R A [ 28 28 1) e i 4
&, B R PEE. AR ERR. AR, B ATEAE AL E AR FE R, I T e 2
R AR, A 1R M 3 — A, A INIEBE T A G AUZ, (R B Ak Bl — 21T 2800, H aisEA s, m
TRl IR R R TN . RS R R AT DL IR B AR P 2 I A U ) PR AR LA A A B, R
Sy BT R R AR )2 AR AR R TR =3 R DG R ], B AT n AT A EAE RIS R ), 3T
SER R AT 1A A R FH AT R0 U 7 40450 48 OC B, 12 PR S iR TR A AR KT A I A

(2) &M 77 BB, GRTVAT I PR IR 280807 O T-S Z8imbb s (B 280 =X, T-S 280877 =0 R G R v T 4%
G T4, 8 T B 2% 0 B (R R 44T 45 b, B 1 26400y QR L 45 f faf e R ik, 32 R
FEFFRS R 0 R U SE Bl 453 e v AR SX P R 2818 7 s AR EAS B T-S BefES2 % VIZRRERT, F 281D RR
S R BT RN 2% AR R e AE 2 1 1) L b AR, R 0] 2 2808 U IR LU . Rt T2
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17 SRR L 72T KD B R, DAl vt H— A iy 8 28 I HESE, J2 1 2.

(3) JE 29 15 B W R BRI 1 ZE 0 1 2 B 5 N 8 2 o B 120 5 o R PR T AN T 4. BRTA S R 78 12 AT
R SREE RN PR ZE U 3 22 AR A v R R RIT RS (RS R I AR AR RN 2 rp 5 2R i B vk b, B R e i v
ity 25 A AR ) 5 OSSR v 4 a50/749 S TR AR (R B R B SR SR L. T2, et — /NI I B ZE TR S R B 38 DG LB
SR, WK PR BRI 152 8, A1 KL MSE. InfoCE %5, X T 7 B 28 1Rk #2 v FLAAde 3 W8 — i 2k o 44 DA S e 4
ARG R, W TCE . DR, T A B AA I SR i) IR MG 3 1 R 2 R A bR A0 A P A TR R T
it LRI i) 7L

(4) FTFRREIE B /M. SRV O K I B R ZE 08 T AR AR & s ol 4537 s v, AFORE AR 2808
AR EFAS MR B Fdlr, SR AR TR A — S8 WE H 22K, 0 Yuan 55\ U MRS V-3 A
fifRE T KD BIBER, TASh KD B F A 584 =2 KA 30 280 2 18] A AR B, T2 T3 B AR 1E 4K, 88
M0, % EIGE T3 AT 55, FEAE I B bR AT 45 12, Cheng 25 A 125 A Ak S0 V) £ J3E R AR Sk TR % A0,
BV 3 5 S A A 28 D 245 o SR AE 1)< IR, MR I 245 2K 8 0 TR) A S8 SR AR kR AR B I ) T WL
Mobahi 25 A U258 1 A5 SR AR RS 25 TR U 2R3 OB, B UGIEI T H 28R L2 IE 4k 3845 ., Mo b [ 2500
TSR T — @ IR A B, SR, 6 T )2 Wi AR AR B R R0 A B, 55 ST AL W AN 28, A,
ZETRRCR T 5 M O AR KRR B B R 78 - R R, BN ZE IR 7 16 i R B S AT AR B A3 3 — B R ORI O
TR ZBT I R B R i A A B R R L

(5) B2 2 Ee . B T EATRERIETF 2% Th R T A NV RIRZI v Re s, K& TR N ROT

AR S I PR AR &, BFiX P14 (adversarial learning). #1248 % (neural architec-
ture search). EI#HZ M4 (graph network networks). Rt %% 2] (reinforcement learning). %% %% >] (incremental
learning). )44 2] (federated learning). E4k5BIH (quantization and prunning) %5, SNIRZEEE K 5 HAL B A 45
A AT, A T O A ST FANE Y . 840, S0 R AR AT DUAE Sk — b 2005 s 975 0 5 Ao 25 I 2 R P e el
Bl U7 SR RT DL T AR R B B RA R e 4 i) R U250 (R ek H R AR R B, TR AR . R, g
FEARZRR 5 HoAM b AR 7 S A 45 G, b T R 2808 e 380 AR AT A0 S T — /MR A E RN SR R Sk 7 1]

9 B £

ARSI P H A SR 28 P BB At e, ] B SR8 IR 04T T AT RO B A BT, 10, M B 2RI A
FRIBE T s, T LUK Il 7 DAy T 1] 8 P52 A 28 19 445 1K) RN TR T 1) Lo 22 90 % D PR R TR R JRT R e
T EZRIX 3 RSk, FLk, MR 5 306 RN AL B I A BT B, wlE— 2B A )=« P ) 2 A ag B
PO A, S St b T R A IR AR R VA S BE. BEAN, B IS T PR AN TR 2R AR 7 F A ST ) R
R3¢, B, A R P AN RZE AR 27 2 IOBTTUTT AT 1 G5 R EE. Ay BEAS ST LA B 7R 2 2 TR ZRAR )
W AP 2822 (e dbiZ U i R .
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