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i % AR A (KD) ¥, 5 B 2 & B i 52 20 3050 304 o B e ok B O 2% e
BORELAN G, ERK B KT SH R E AT E SRRk B 2T 4 i AR
K, MM ARRERKBENRNEZSME —ADRBRG A, KT TR FA, A
XEET —MESHHERE(AGB) ik BAREX 2 MIANRERGHEXRAESH
BIBRE BN RANE, A REENEL BRI, B ER K EA R B E 55 K
AT Gk, B AR SR B 6 B R K RN EF AT R EREK AR ERME W&
WA ATEZFHRTEREN, EEERREARERGMET 2 MIANRANET
DA Bt ok, AT T R B F SR T R, AR SUE 13 MR B BT A R 484
PLEC10 M f Rl oy Jo RS 7 iR B AT T KRB L, ZRRUA, B MEREG T Ei e
HEERED U ERFENAET , E£70% hE BT E EFAN T EERER,

Kol

=

=1

0 35

IEAERE 15 25 T A AR TR 114 T) 45 23 0T ok
KBS B, R 2 4% ( deep neural networks,
DNN) 7E45 AT 55 U 7 8 35 10 %), #R17, DNN
BB R T 24 T T K ) S B A7 2K,
WP S 2B 81 s B VA B 11 8 4 il o RIS 22
SR AR IV 3 S AR A FL A TR, B BE 0L Lk
AR RN G, I 40 K BB I 2
HoasAr s AR R H 2 IR ZE M (distilling the
knowledge ,KD) 5t f& — Fft 43 A4 %0 0 455 8 e 45 7
¥, G 3k R HE 0T 0 4% rh 42 O P A0 0 R 7%
2a /N 26 T 42 i /DN B R 28 R 1R e . R ZE
TRIIR PR 2 IR, — ANk A T E R

VEJE 4 4 W 4 (DNN) ; £19R 48 (KD) ; # 5 #4610 (HPO) ; B4 4 %

BERE SR, I — TR 3 T2 ok 1 T 200 0 45 114
ZRIBIR

PRI, G o) A 2 R 80 2 S92 2 o B9 A R g
NT — AR R, #5 Z, anf 7e il R 72
FEABMIRAIX 2 MK, BERZHE
A BRI ZEAR 7 12 0 2 T 2l A B 40 R A R X R
LB SR A MR et 5 B0 OF HAETE Tk ik 2
IHEVERE . TSI R A 1 R) 3 S AR p9 4
RS ARG FRE O, M HAR AR 22, im0
HEZE RepDistiller'' , 7 [ f) s 5 0 2 190 2% 2
B R ZEBHURAELE 0. 02 (F& TR A R 5
77 1 ( probabilistic knowledge transfer, PKT) ) |
30 000 (55 AH 5 1 B R0 PR 28 48 J7 % ( correlation
congruence for knowledge , CC) ) Z [a] 284k

O FEFEESHEHR(2020AAA0103802) , FI % H R FF 34 (61925208 ,61906179 ,62102399 , U20A20227 ) , Ff IRk Bt b w1tk 25 S 1)
4351 ( XDB32050200 ) Fl A Bl 24 Be A e S RE T 7 4508 7 45 F BRI ( YSBR-029) % Bh I H
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R A T )RR A SRR R BT i

BEXEXAN ], /T LASK B S B AL (hyperpa-
rameter optimization, HPO™' ) F1 £ 1T 45 % >J ( multi-
task learning, MTL) 2K Hfi 22 2 401K IALER , {HH X
2 P59 P B R TR 2 18 Y DI R N A AR — S
Beo TERIRZRIE USRS 74 2 MEE B bs 0T
F PR R IR L) S T 28 B AR i BT 25
T RA PR 2 4R B T B4 400 2 gl 2 (07 P 28 A8 40 G A D
Bl #8 B 3228 AR AYAE 55 0 K BRI B e/, 1H
BB AL 557 D ITE 2N X 2 kAL
T AFAFENE O, P 2377 4 R TUAR AR R 25 (]
SESEOT SRR B AR T, IF B -
FH T B B 78 1R 0 e Ay — s ] RS0 3 2 001 B
PR(HMESR) L2 AR5 T S Wkl 1
XK,

N g LA ) AR SCER T — R Y
SRR REIR G Ui %07 1T DL A S R ZE R
SRR B 518 A0 R AR, A SO SR 3 1Y 4
R RRBUSUHL B [ R 4 Dy 348 2 A R dd i B 1 1
R R R SRR B Il 25 BB 7E AR 7R
b ZEIRI R JEAT 55 R R Bl X — 2y S e
W, H SR REIRG J7 2 7T DL 2 R 5 B R Y
RS, AR B A BB AT [ BT At <2
T HEB B R S B iR 5 16 B2, 78 BRI Zad 72
F TR A5 B R AR A s i A TR S i | i
07 Ty W2 e B AR e A I R R . DR A Sl
FEIR G J7 i [ TR G M R S AR S5 2 AR
(R BE AR AR ], ke PRAEA A 2k A B RS E M, 72
R B RIT I B OL T, 7T U SO 1R 5 8
JE R R S AT R, T IR GBI
RSN 7 ), R T DATES s 2 S92k R 85 AL
o, NS 152 2% 0 T i T ad 72

SIATE TSI I IEAR LG AR SCHR A A 3l
BB PEIRG I A ORI ] T MR ZE IR iy e g il B
ALLT VMG B S, HSBREE IR & T i IR S b
JEE BB YRR 55 4T 55 6 LA AR ), i A RE 8 &
UEAST RN R g UST SRR R P , ey 17 B 2 ) b A AT
Jia), R A7 1) B TR B TR
)5 oAb FEBEART T8 BER I IO 2, ST 25
RS R G B AN HR R 45 R B A — B

PRIPE DT 38 2 — 4 B 26 s (1] f T 91 25 ) ] 4% 1
BARAIIRA 71, TS EL T T 3l ik B R 4
MPERE ; S5, A SRR TR & 5 T — Fi ey B 5 F Y
Tk RIS T T 4 K43 i IR 2RI T vk, T LK)
SRR AR R T RS A R T — A
PRI KHIE

TR A SRR R R A T R ROR, AR ST
CIFAR-100"*' I ImageNet-1k"®' $ 4 4 I {fi i Rep-
Disitiller' " FESLHEA TS5, F sk B R A ik AE 130
AR R BB L 70% BT sh 8454558, AR
b, SBE TR L, A ShBEEEIRA ik AT
T 1/10 SO S/ 1 B RS RE AR 30 5 S R A
TR R B

1 MXITHE

1.1 FHRZEE
PR ZE BRI Y A 0 8000 o0 2% 1 SR %
YA/ AR R A 4 DT B AT R i o
A M2 HIPERE . Hinton 45 N7 1 T3R5 %, %
T3 1A P I 2 SR A8 TE 2800 9 268 i 4 1) softmanx, i H:
VERBARZE AR /N 2 2% . HETA 3 FiAs
[ SR IR ZE AR, 2 0l S B 0 1 AR i A
FRAMARZEW LS . T mp k" §
T30 36 FH 2800 I 28 1 Logits AF g 23R 3 1 22540
O P4 A e 2T, 6 FAFAE A9 ik %
T UG FC O ) 4 Fh g Az R 4 rh B) JZ O REAE . 6T
SR A R R [ )2 RO R A ] A 06
ZAEH B T84, SR, B 46 K343 J7 i 4048
Tl IR R AR B G 18 AT 55 101 SR AR FZ8 1R 45 R AL
X BRI AR i HARTE TOvR A B A
fE
1.2 BSHEMRWL
SELAL (HPO) J5 e — 28 F AL
SHAAGWI T, XETEAT DI 3 26, 126
SR GIMEEAE R MM E R, MR
W 7 2 B3 A1 R0 53 S AN [] %) D T3 4 781 I A% X
NS A DR B S A E S A, xRl Ty X4
FOTHE TR RS R 2 | #EATAEAT 8T, Ptk
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WAENS . A R BRACRT E, DEE N G R
T8 2 R R R Oy s R R T T DR
RS TP ARG T AR B (BN Z AR 45253 )
VPR SR R I3, BSBIEh s
AL 22 1 e e A8 R D i, B RS R kAR
BEDGR ok, Fln BT A BTl T Hyperband ' |
Popluation-Based Training' "' 25387 i 3 & X5k, 26
3 2 DU AL, 2 gk 2 P R o5 AR Ok 1T 45
JE B SE 2 rERE 140 551 DL R4 (sequen-
tial Bayesian optimization hyperband, BOHB) "7 #J&
Parzen 11177 ¥ ( tree-structured Parzen estimator ap-
proach, TPE) " 45 | 5Tk & B M I, #8535
AL D7 2 (R T 2 RIS b AT DAY A48 — S8 R ]
T RAYSRAE T AERT

1.3 ZEEET]

ZAT% 2% 2] (multi-task learning, MTL) J& 5 i@
T A A 55 Rt — 24 55 P 5 i N ROk 3
[F) 27 2] ZAME 55, LAk $ i 4 AT 55 1 RE Y — F
WIrik, 2AL5% I ka2 A m, —
S AT 5527 2] Jr ik R T IR B 2 2 AT 55 0
AU E T 4wt 25207 S T AR A AR
Zaky o AR — 2L AT 5527 2] 5 VA U A o -
ZAME S NG, 1 0 Uncertainly ™ | GradN-
orm' >’ DWA") DTP'® Multi-Objective Optim'*'
Y K53 241552 2 Iy DR S S A AL A AT 55
SCE R TR B BR AL, TR T T RE 2 TR ZE 1R
KA SR T AL R 2 08 450 A 4l B A
HEAAHMZE

2 HEHMERA

2.1 [EFEEX

R T BN AR A 2 Y PERE, RIRZR IR R T
FIFHR B T B S8 ) B Ah e @bl A T R A
TREIR UMM 268 th A 2 B RIR . PRt G 43
P RE R BT E AR AR SR sk A T E0m
W 268 () Z= P A R AR L, A 0K

Ly, = aL., +BL. (1)
XL, S SRR ZE R R R, L, AT 55 40
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K, Ly 78R o T B J& AT 55 51 2 FIZE 1 4t
RIGATLREL, J T HREFIER R o« T8, 4K
b CA I RITRZRAR T EA AR i i - s 1Y Tk
PATIR R XS0k dR W BWUOFERT , JF BT
i~ R AT B A RO PERE . O 1 R DX A TRt
ARSCHEH T — Bk A ShBB BEEIR 5 J7 12K H 3l &t 4%
FURRALE

RN GRad R b, 5 ¢ Fe AT 200
TR AR 453 % PR BN A 2 HOR T 5 15 31 #4162
PR IE AT SHL, 5N

W= W- NGy (2)
. oL o w , "
XH G, = aT; SR KRB ER R, W RS

R4 TSR o SR AU BRI S B, JE o ) R
ST, B R B B n] LU 7R O AT 55 it
R BB BE R ZE R B B TR A, AR

Gy = oGy +BGy (3)
> aLlas =1 s
B Gy = 7t ARG SR MBI T G =
aL isti . =1 Y Y N
o AR S O RRIE . e, A SOR R B A

MR B o B B 1Y IR 4 A R BB B G, N
Gy IR AR BE B 0] R
2.2 SHERREEHE

R T AR R AR AR T 2] AR Hh 4
MERAS], LEX T AR, A SCORH T RR 2518
H — AN SR AR, BRI 55 40 0 & 24k
H bR, T2 AT S5 R A B . PR TR A
FE Gy B SRS BEE G TG, 25 1A i
G g TR0 %

ARG E IR GBI G, W77 I A R R
FIXMREEE . — MM, 700 R0 R SR
RZH R R BRI = B 2 S AR, 2
i, oy — R, B I RE R A — i 25 57
ol B AR 2 5 i) S TR S B0 BT R R, DA
P R B, AR A B, 2 HH A 3 e KE (e 15
RREAY TC M SN S T S DG L B 3 1A 1 175 20 5
B G A RS 2 AR i 2%, R B AR Y I
[, WA AT R A B A R i airh, B
149 77 o) DU R 2 A 2 5 %) T 1), 2 A AR



R A T )RR A SRR R BT i

e B SIUA B BEA5 FEAHE I (AH B_L B  A) s R
(CANGR AT 55 Hh B HERA 3 K DUAT: 55 HH ) mAP 45
FEARZE IR Sty SR feft AT 55 40 2 7 A= i 466 2
SEREI SR ok — M RRE A R, AT Bk
TR, Ry T4 i AR M R S ] LU S AR TER AL |
GRS E T, B SR BV A 7 IR AR R
B A S 5 4E 55 40 R B0 BT AR R], 5 Xh
[Gull = [I Gyl (4)
FESE ARG , AT AR J5 5 b ks 2% A I 2% 1 Al 7%
TRUNZRIUAS (AR S50, 2 2 R R RE0 55, 7
IR BNA SRl 2RI 25 b PR mT DA el Xt
G PIBR A AT 3 — D ERE I ZRid 72
TERE TR R/ING , A B EEIR A ik R
B RN R G, BT %8 EE ) R
L5 HIE G, FIZRIBBRIE G, DRAE . WAL TR,
G, FTHIME RSN G, M G, 22161 £A 25
E], 0K G, G, JefRAN,
G * G
I G | 1l G |

(5)

cosf =

/. task
;- __) BGygn
1 BERATEE

B G M1 Gy BIFA N A0, HTTEAE X e
[0,1] XAER AT R, XM, hT
AT EX G AR AT R, B R = [ 45 2
R BE Gk, [R1 I3 Fre DI 77 1) )48 - ] LR UETR 5
I G, BAZIE.,

WA RTE A 5, AT AN AR 6,
7 1 -

Glask ° de
0sA 0 = 6
R N W (6)
R (3) Fi(4) , T LIS 3]
|| Glask ” = ” aGmsk +BGdistill ” (7)

G * (@G + BGy ) (8)
l G o Il aG . + BG [
BT (5) ~ (7)), AT USSR E R o F1 B R

sinA@ , || Gy |l sinA®

= AO — =
= cosA 0= P T Gy [ sin

cosAf =

(9)

2.3 AGRME

=X (9) FroR  HURALE A o F1 B BT A oA
MARERL0,1], 2 A SFF 0 B, ZEA8 B AR
BRI EA TR ; 24 A 55T 1 YRR TRA B
i1 2358 G ZE A BE B 7 1], e Ah, SE 4
FW] A BB EEIR A T R AE I 2R 0 RS 0 0 M e
(TE AL SO HER ) A8 BRI a7,
e, O T kPR s 1 ARG R S R R AR S
FHINZR BRI A YN GRRCR A T e 2 P RE . 7E B A
PR AR SCHEI R 23 (B TRt A 3R T — A LT 4
FORNE NI GAARL, IR 5 R PEPERE SR — 1
YER A WEAEE . ZJE T RIS (9) Kit 5k
W o F1 8, HAT BRSSO L, 8 KA
AR A R ANGER 1 TR,

HiE1 AIMEIRS T RIS
1. BrBel:

2. WH ace,, =0, A,

3. forA =0.11t00.9, stepsize =0.2 do

4. for epoch =0 to epocs,,,,.,, do
5. train model

6. end for

7. if acc > acc,,, then

8. Ao = A

9. end if

10. end for

1. Brig2:

12 A = A,

13. for epoch = 0 to epocs,,;, do
14. train model

15. end for

3 LR

AT AR SO B Y B SR BETR G 0
FERE) 12 A8 0 BER 43 28006 48 CIFAR-100 Al
TmagNet LSVRC 2012 I, Ak, A SO FH ) Rep-
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Distiller' ' HE4L 2L T Pytorch , HAR 7 2 vp 40 5 45 13
FPRAT I 2218 7 . TESES T, AR SCGEPE RepDis-
tiller BOA RSB0, Al Zhde ik 2% ) 3 fidk
e TEABIBREEIR A kD, SR I E 5
YE R 5256, ASCAE T RepDistiller H 45 H 19 F3)
PH L P B EE (YIS SR S 2k
3.1 CIFAR-100 EHISEIG 4R

ASCHE KD Fimets' " SPI?!T AT ¢t
VID'®? RKD'™ PKTS! FTU F1 NSTY 3% 10 Fhz%
TBITIE L T, b, SER A A A 7 AR

R4 0 U A 0 45 2H B RN 6 A [ ) 114 i £ ] 245 4
4, RPN AL 10 x 13 /MRS

iR 1 Fios, v AR BL A shis EEIR A T ik
T3N3 LA, Toie Sz 77 2500 ) 4 B4 2 Az
LEIEA ALY VGG13-VGGS Fil ResNet110-ResNet32
IRl # J& ResNet32x4-ShuffleNetV2 1 VGG13-Mo-
bileNetV2 iX 4R 4 22 S AR KB W 2% F#RA A
MIROR . BZER 1 MR LRI, A IR A
TiAE T0% (288 4 A AR 2L b T sh iy 1y 05 vk
RIMGHLS,

R1 FEHIEE CIFAR-100 _E{ERF3hiE (Manual ) F1 Bsh#ERE A 7% (AGB) 7£ 10 A ZE B %
13 AR R AR K EEH Top-1 HERE (%)

B L EAMZ ik KD FitNet Sp AT cC VID RKD PKT FT NST
WRN40-2 WRN-162 Manual 74.92 73.58 74.08 73.83 73.56 74.11 73.35 74.54 73.25 73.68
(75.61) (73.26) AGB  74.79 73.24 73.90 74.29 73.65 74.27 73.10 75.95 74.14 73.84
WRN-40-2 WRN-40-1 Manual 73.54 72.24 72.43 72.77 72.21 73.30 72.22 73.45 71.59 72.24
(75.61) (71.98) AGB  74.10 71.16  72.26 72.73 72.47 73.92 73.47 73.89 73.23 72.63
ResNet56  ResNet20  Manual  70.66  69.21  70.55 69.67 69.63 70.38 69.61 70.34 69.82  69.60
(72.34) (69.06) AGB  71.87 69.67 71.11 70.70 69.50 70.19 69.28 71.01 71.15 70.12
ResNet110 ResNet20  Manual  70.67  68.99  70.22  70.04 69.48 70.16 69.25 70.25 70.22  69.53
(74.31) (69.06) AGB  70.65 69.47 70.63 69.98 69.64 69.95 69.92 70.85 69.96 69.51
ResNetl10  ResNet32 ~ Manual 73.08 71.06 72.31 72.69 71.48 72.61 71.82 72.61 72.37 71.96
(74.31) (71.14) AGB  73.55 71.21 72.89 72.84 71.74 72.38 72.38 73.48 73.14 71.05
ResNet32x4  ResNet8x4  Manual 73.33  73.50  73.44 72.94 72.97 73.09 71.90 73.64 72.86 73.30
(79.42) (72.50) AGB  73.39  72.59 73.30 73.32 73.39 73.13 72.31 74.18 73.60 73.64
VGG13 VGG8 Manual 72.98  71.02 72.68 71.43 70.71 71.23 71.48 72.88 70.58 71.53
(74.64) (70.36) AGB  73.25 72.14 72.90 72.48 71.08 74.24 71.46 73.79 70.97 71.96
VGG13  MobileNetV2 Manual 67.37 64.14  66.30 59.40 64.86 65.56 64.52 67.13 61.78 58.16
(74.64) (64.60) AGB  68.48 64.01 65.84 67.28 65.65 65.82 65.66 68.96 66.00 62.82
ResNet50  MobileNetV2  Manual  67.35 63.16  58.58 68.08 65.43 67.57 64.43 66.52 60.99  64.96
(79.34) (64.60) AGB  67.66 63.06 64.46 65.99 65.77 62.41 65.37 68.42 66.31 64.83
ResNet50 VGG8 Manual 73.81  70.69 71.84 73.34 70.25 70.30 71.50 73.01 70.29  71.28
(79.34) (70.36) AGB  73.01 67.40 71.47 71.58 71.22 71.92 71.39 74.11 71.87 69.62
ResNet32x4  ShuffleNetVl Manual 74.07  73.59  71.73 73.48 71.14 73.38 72.28 74.10 71.75 74.12
(79.42) (70.50) AGB  73.13 72.58 73.75 73.27 71.46 77.13 72.70 74.54 73.18 75.81
ResNet32x4  ShuffleNetV2  Manual  74.45  73.54  74.56  72.73 71.29 73.40 73.21 74.69 72.50 74.68
(79.42) (71.82) AGB  75.08 74.29 74.18 73.95 73.95 73.64 73.56 75.54 74.11  76.08
WRN-40-2  ShuffleNetV1 Manual 74.83  73.73  73.32 74.52 71.38 73.89 72.21 73.89 72.03 74.89
(75.61) (70.50) AGB  76.05 73.93 74.66 73.14 72.39 73.89 72.88 73.60 73.20 74.57

3.2 ImageNet-1K FRISEIGER
AL KD (CC X b 2 7R FIRZE 7 1 ( cont-
rastive representation distillation, CRD ) 17 & A1 7€
W77 (attention on distillation, AT) 7£ Image Net-1K
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BAREVEIT 256, N4 RepDistiller HEZR %A Ima-
geNet-1K X W AR AS , T LA SCFE TmageNet-1K &
BT 4 5, HSEUN TSR R A E
PR IR 5 — A ZEMEHESE TorchDistil W& Y, A SOl



R A T )RR A SRR R BT i

Pytorch 1B\ % #i ()55 ResNet34 1 ResNet18 1E A
FOM A= M4, I8 AE TorchDistill % ImageNet |
GkHE .,

22 ROR T ARG kM T e 280k E
JTEEAE L) ResNet34 Fll ResNet18 1 Ui 4= /9 45 41 45
- top-1 MERRE, X T KD, CC Fl AT J5i%, H il
A BEVR B O i T LARAS S AT 1 PR, % T CRD J7
W, AR EER A T T DLk BRI 3h ik B
IPERE, A, ImageNet-1K [ B SEEGA BGER T H
SR EIR A Ty A Rk

®2 BHIHEREHE(AGB) MFZHiHE (Manual )
ImageNet-1k &) Top-1 EFHE (%) , H P IH %K
72 ResNet34 (top-1 BT 73.314%) , FENEKZE
ResNet18 ( top-1 HEFHE 69.76% )

WIRES KD CC CRD AT
Manual 71.37 70. 49 70. 80 70.63
AGB 71.74 70. 60 70.73 71.04

Simulated anneals

3.3 MBSEMLTENEER

AR SCHE CIFAR100 _A# T A sl B2 IR & 7 vk Al
Microsoft Neural Network Intelligence ( NNI) fY 3 4~
] (48 S LA TR S 88347 TXTLE X 2B SR
5 BB A e R A R D7 R BR K (simulated
annealing) Hyperband"" 1 D1 -3 £t £k 75 % TPE'™
VEBE VGGI3 Fil VGG8 VEMIA= 2% I AT 7518
Jk AT FE S B b, S (1),
WH o BT 1, IR [EH 0.02 £ 30000,

E2 WoR T 3 S ERALIR 125 F0 Sk B
RA B ESEE, iTRORERE] H sk R A 7
2 T BRI 25 i B[] 55 i s 3 A 8 v ARG
FHEZ T FEs AT R i Rl SR 7k R
RESEIUTEARAURG . RSB I e e &)
GERIRRN T 5 H SR BT A T A Y s Y
K BT 2 Z I DR T R X e H
(RGO

TPE Hyperband

75.0

1.50,72.48
72:5 : )

e

(1.50, 72.48)

________
————

., 675
5 pot
65.0| |
625
60.0
575

55.0

TR %

1

70.0 RS U

0 10 20 30 40 50 60 70 80 O
PIIES

10 20 30 40 50 60 70 80

0 10 20 30 40 50 60 70 80
Il I3

E 2 CIFAR-100 P BSHALF EMEIHEREAENBET

OISR 7 VR IR TR AR, T DLk 3T
W TEIR AT SR i e — 2L ) P24 TRl
O R SEESHIY R R A B RME 4, A
J L O R TR T AR R S RO 2ok B
JEE [ SRR AT [ EAT R 5, (7] I 25 4 B 2 1)
AR 1) RIS | S MR ) UL, O BRI 2R T
ARIERAYTE O (1) R BNG /Y5 0] AR K G K
ad i, PR B TR (2) R BIA IS
BT TT AR SRR 2 R R TR e 2 WL S o7
RIS MR Y frr X A 2R, 1 2 — LT O A PR A 4R

(AT S JBE ) Y 7 [0] 5 B R 5 15 BN K
LB IIEA R BN B8 7 1]
3.4 MSESFEIFEMLE
# Uncertainly F1 GradNorm iX 2 Fl JC#A 25U 1Y
ZALSS 2 J7 ik A Sk BE IR S O R AT R L Sk
B, RSO FTA R 10 FhAREITEIEAT T 5256, B fy
(4913 FhBOm A 282055 3.1 5 R A ]
Nk 3 R, AShBE IR G Jr ki B4 K £
BRI TIL PR TixX 2 Fh 2R 5522 T ik, 21E
55 5 2 T3 UG AR R 55 B0 G P SRR 2
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K3 KELKFS]FE GradNorm F Uncertainly 7£ CIFAR-100 E 5B Z#EE R A 7575 (AGB) HLLH Top-1 MR AERHE (%) o
BFINGEEFNSERE, " EAZRREEEEMNAERESLTEZNGHBERINER (A\VER), null RRIEEE

FEARAZHEESFEIFE,
WL 2% ik KD FitNet Sp AT cc VID RKD PKT FT NST
Uncertain 74.88 73.62  null  73.30 6.84 27.19 73.80 73.14 74.03 74.44

WRN40-2 WRN-16-2
(75.61)  (73.26)

GradNorm  75. 14 \ \ null \ 18.20 \ 2.27 3.58 15.28
AGB 74.79  73.24 73.90 74.29 73.65 74.27 73.10 75.95 74.14 73.84

Uncertain  73.57  71.50 null 68.37 13.80 71.08 71.54 71.36 72.15 72.07
GradNorm  73. 64 \ 3.72 null \ 18.20 \ 2.27 3.58 15.28
AGB 74.10 71.16 72.26 72.73 72.47 73.92 73.47 73.89 73.23 72.63

Uncertain  71.45  69.50 null 69. 69 11.08 67.66 69.49 67.56 69.56 70.07
GradNorm 71.51 5.04 null 20. 82 \ \ 1.63 29.34 \ 11.89
AGB 71.87 69.67 71.11 70.70 69.50 70.19 69.28 71.01 71.15 70.12

Uncertain  70.32  68.90 null 67.61 12.37 69.13 69.35 68.01 69.30 69.77
GradNorm  54.92 1.82 \ null \ \ 1.88 2.24 54.66 \
AGB 70.65 69.47 70.63 69.98 69.64 69.95 69.92 70.85 69.96 69.51

Uncertain  73.43  71.34 null 71.04 9.94 72.58 73.32 53.91 Null null
GradNorm  56. 61 \ 63. 69 null \ \ 46.27  59.38 \ 4.39
AGB 73.55 71.21 72.89 72.84 71.74 72.38 72.38 73.48 73.14 71.05

Uncertain  73.36  73.22 null 72.55 69.93 71.78 71.91 69.50 73.09 73.05
GradNorm 73.96  13.84 1.01 null \ 2.31 57.56 \ \ 4.39
AGB 73.39  72.59 73.30 73.32 73.39 73.13 72.31 74.18 73.60 73.64

Uncertain  72.09  71.24 null 70.94 69.71 70.71 71.45 70.18 71.03 71.39
GradNorm 53.89  17.93 null 8.60 \ 20.48  28.38 \ \ \
AGB 73.25 72.14 72.90 72.48 71.08 74.24 71.46 73.79 70.97 71.96

Uncertain  67.69  63.78 null 66.73 63.82 65.59 63.65 65.25 65.76 63.58
GradNorm 67.93  13.46 \ null \ 1.56 1.08 1.32 8.18 7.85
AGB 68.48 64.01 65.84 67.28 65.65 65.82 65.66 68.96 66.00 62.82

ResNetS0  MobileNetV2 Uncertain  67.93  65.29 null 66.07 65.29 65.35 63.13 null null null
GradNorm  68. 94 15.98 1.47 null \ 2.01 1.28 1.43 null null
(79.34) (64.60)

AGB 67.66 63.06 64.46 65.99 65.77 62.41 65.37 68.42 66.31 64.83
Uncertain  72.80  70. 65 null 70.81 49.65 53.08 71.30 70.17 71.07 null
GradNorm 62.78  20.30 \ null \ \ 1.46 2.39 2.90 null

AGB 73.01 67.40 71.47 71.58 71.22 71.92 71.39 74.11 71.87 69.62

Uncertain  74.17  72.83 null 72.10 67.84 71.58 73.01 72.08 71.83 65.83
GradNorm  74.51 1.12 1.76 null \ \ 17. 66 1.04 2.17 1.12
AGB 73.13  72.58 73.75 73.27 71.46 77.13 72.70 74.54 73.18 75.81

Uncertain  74.96  74.03 null 73.90 73.38 73.56 6.77 73.14  73.18 74.11
GradNorm  75. 86 1.14 8.19 null 1.55 2.98 2.18 1.56 8.15 4.44
AGB 75.08 74.29 74.18 73.95 73.95 73.64 73.56 75.54 74.11 76.08

Uncertain  74.16  71.73 null 72.28 68.75 68.62 73.51 71.35 72.25 null

GradNorm 41. 60 7.11 \ null \ \ 4.29 1.16 5.51 null
AGB 76.05 73.93 74.66 73.14 72.39 73.89 72.88 73.60 73.20 74.57

WRN40-2  WRN-40-1
(75.61)  (71.98)

ResNet56 ResNet20
(72.34) (69.06)

ResNetl 10 ResNet20
(74.31) (69.06)

ResNetl10  ResNet32
(74.31) (71.14)

ResNet32x4 ResNet8x4
(79.42) (72.50)

VGGI13 VGGS
(74.64)  (70.36)

VGG13  MobileNetV2
(74.64) (64.60)

ResNet50 VGG8
(79.34) (70.36)

ResNet32x4 ShuffleNetV1
(79.42) (70.50)

ResNet32x4 ShuffleNetV2
(79.42)  (71.82)

WRN-40-2  ShuffleNetV1
(75.61) (70.50)

THAZBAE EE I AN, eSS IR R Bk ks AR IR 22, X &8 GradNorm 5E
SAER R, MR R TRBIA . I, 24555 2 TAESF UL NZo E S A, mH, SRS
P INEATRES N T BRORBR M AR AR IR IR T BURAR L, 28 M ol W AR 1 Rl AR T /N il
PETPERE, BT LA B, S GradNorm F, K% 78 CC H, ZRIRIA R OB 29 0 AE 55 BB BE Y 100 4%,
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Automatic gradient blending for knowledge distillation

CAO Jiongxuan™ ™ ™ | CHANG Ming ™ , ZHANG Rui ™ ™ |, ZHI Tian™ ™ | ZHANG Xishan ™ ™
( " University of Science and Technology of China, Hefei 230026 )
( ™ Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( ™" Cambricon Technologies Corporation Limited, Beijing 100191 )
Abstract
Since the loss function of knowledge distillation ( KD) contains a task loss from the ground truth and a distil-
lation loss from the teacher network, how to efficiently find the suitable weights of the two losses remains an un-
solved issue. To overcome this issue, this paper proposes an automatic gradient blending ( AGB) method to auto-
matically and efficiently find the suitable loss weights by searching the optimal blending gradient of the two losses.
We mainly consider the original design of knowledge distillation that the distillation loss is the auxiliary of the task
loss. AGB efficiently searches the blending gradient by only searching the gradient direction from the search space,
which is the span of the gradient directions of the two losses, meanwhile constraining the norm of blending gradient
the same as the gradient norm of task loss to significantly reduce the search space. The loss weights of two losses
can be automatically computed from the optimal blending gradient, avoiding the time-consuming manual tuning
process. Extensive experiments on 10 different knowledge distillation methods between 13 different teacher-student
combinations show the effectiveness and efficiency of AGB, which outperforms manual tuning methods over 70%
combinations with a fewer computational resource.
Key words : deep neural network ( DNN) , knowledge distillation (KD) , hyperparameter optimization( HPO) ,

image classification
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