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Differential deep ensemble learning based on knowledge distillation

ZHANG Ximin, QIAN Yaguan, MA Danfeng, GUO Yankai, KANG Ming
(School of Sciences, Zhejiang University of Science and Technology, Hangzhou 310023, Zhejiang, China)

Abstract: Deep Neural Networks model has achieved significant progress in many tasks, such as image
recognition and speech recognition. However, the high-performance model raises higher requirements
for computing resources, and is difficult to deploy on edge devices. For this reason, the differential
deep ensemble learning was proposed on the basis of knowledge distillation. Firstly the member model
was distilled by knowledge, then the cosine similarity was used as the regularization term of the loss
function for ensemble training, and finally the trained model was obtained. The experimental results
on MNIST(Mixed National Institute of Standards and Technology ) and CIFAR10(Canadian Institute
for Advanced Research) data sets show that the differential deep ensemble learning based on knowledge

distillation can compress the model and increase the classification accuracy of the model to 83. 58%,
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4% higher than that of the original model without distillation, which means that the differential deep
ensemble learning can compress the model and improve the generalization performance of the model.
Differential deep ensemble learning based on knowledge distillation breaks the stereotype that model
compression is inevitable at the cost of generalization performance, which provides a new research idea
for model ensemble,

Keywords: knowledge distillation; differential ensemble; Deep Neural Networks

B R JBE = 20 1A RS TR i 2 ) 4 S R AR A 22 S5 A 30 1 I A R U B Y L AR
EE AL A B ER 2R T A A B L SR O R R IS o R O SRR B b PR 2R
(graphic processing unit, GPU) , Il 5 H i T8 B 1 28 [0 28 A B 1) 2 25l LUK BT /2 . BERDALRE A 97 R
AR AN K Az Tk RE B A ER T (U XE LAV G5 T 22 o0y F KR i 800 A S B . T 1 O 9
RN B PETH A RE T AT 8 B R A7 1) ORI o I 2 TR BE Y 8 0 5 R L A T G RE B 7
£ 0 28 el A T AR K 1 B 0 75 Rl 2 ) 4 AR e L 7 P B i A B b I AR R e L B B 2 B
RAENEE) o O TSR ST G A /MR W SO AR TS 2R 1) R 405 1 1 SR
Hinton &5 8 1 RIR AR J5 16 G ek K 205 1) 52 2% 1) R B2 2 > A5 78 CHBOUMASE ) R34 S 6 30 45 44
B TR BE 2 o) BN CE AR b L DASE BRI BE o o) BN B TR A6 o LR L 2 A B TR G 2 2 o A R AR T
IR 33K T R A TR T 4 LRSS TR 1) 0 S BB D AC T o S il 7 40 /N TR AR i [ B (4 48 R 32 Ak BE T
— A EA PR TR O T AR PRI A TR 2 A B — i T R R O Y 22 S R TR R A R L KA
PRI 15 22 S PR A BORR 205+ 70 R AR A8 88 s 24 A6 70 g il o 80 T 4 SOk £ i B B F) 20 S PERE . oy TR
I R T RS A AR TR ] £ 2 S R S DA A 2 T R R i1 R I R Dk R T I 45 o R B
TN AR 52 AARABE A Sy iy o A 00 22 S P 9 TE U AR 30T . b A o 78 TR 4R G 1) 5k R o e 5 e /N A A5 % R BROR 3
i i DA A 2R ] F) ) 2 e

1 ZHBERMEXAIR
L1 FERZEIE

TR JBE il 225 D0 245 A5 TR S — RS 5 N ol 428 ) 0% 25 4 1) D 2 2 T R BE R A i 2 T f (el 0) ROR
SEH AL ORISR f(2.0) € R 22— m ERER ) i 08 m AW B G AR RS — 2R
Fi Softmax JZ . XN fi = exp(z,)/ Dexp(2,) |1 » HoH 2 SR A5G — I WG 10 i H 1) kL 40000 0 )5

j=1

(T2 ¢ = argmax f; . Hinton ™ YA BERARAG R AR GUF 68 T K B INBIR ZHE0) e -
R IACRI S AR 3T (f s foaeee s ) W OB T3 WA 2 08 0 A S0 2R v 2 2K 2 T 1Y

WER A5 o A U 28 8 o I R B R B 2 A R
AR ZE R AR T 8735 « EBUWARL £ (o, 0) BRG] B oo BN & BOBRAR A -

Ysort = (pl’ﬁ;m"'spm)o @)
KD Hip = explz/T)/ D exp(z,/T) | imres T > 0 FIH 2 BIBEFREE v 5 HAREE y o (7] 025 A
7=1
By (o) 04T 2808 %5 -
arg;nin(a] o folx.®) + A =T Yoies fo (2. DIT?) (2)

A @OHJCoO NN R B e [0.1]0 W BEANF B EEETIG. T REBREWRE BN RZ I
R R
1.2 REBEM

TE AT 1z AL RE TR THA BRI OL T AE Z DS BRSO K . th T 24 R B AR /IME I A7 1



222 W TLR B B o 4 %33 %

A AN [ 19 5 80 2 S BN [ 19 ME 230 A o DR b 50 ) 90 A6 TR By o 4L 5 A R T 4 e M RE L B 4 iz b
BT AT AR AT LG AN A R M TSR 1 43 A o L A IR A R VA TR ST 2 T A RO B
] B 249 35 Hh A B AR T

K
Fla) = 2 D0 (o), (3)
A 249 125 v 8 2 RUAR 1Y
K
F(x) = > w.f9 ), (4)

A~ (D7 o B K BB A w0, € 0010, 2% SCHRL15-16 D09 BFIT45 3 A F
GOR I 2 B AT

2 ETHRZBHNMEMZRIER

2.1 HEEFEEER
IR 2 MR Sl S T80 () R TR0 R 45 7 1 L ML A 2 0 2 4 /IR TR AR B T 0 2 X VR Y R

T 25 A R 0 BB /N L 5 0TS TR0 A L 3245 P Al AR K R A B 4 LA 5 A L 1 4 B MR R
Mo g T8I A )L L 2 N 2 A M TR R A7 1 B 4 1 DL L M2 A B . — T - ey T
Bl I e T R SR TR ) g 2 SR R RS TR (i) ) 2 S T K R KA Ll B A R B R A M R SR 1 4 2
FACT 5 TR L AU I 0 2 A AR 2 Yl N I AR ] £ 25 S L AT DL T A A A R R (1 S U
5T T B U A AR (02 AL RE 2 A T PG L I TR R T 2 e AR
(I 25 308 3 30— 2 94 A T i) () 5000 22 S5 e ke 52 S B 0 ) 00 A T80 2 KR
2.2 ERMEBER

TR 8 1 1 R T T T R TR 2 2 ST L PR O R R R TR 2 ) Y 0% R R
R B R PR R O A0 ¥ . R SCHR H 2 S P AR A AR T 1 0 B R T 4 2 e [T B A K
S T AR TR A A A AT 0 15 B TE 4 B

68 FFI A S AL 38 Db T R 2 () f) 2 S P BB F0 = (F D0 S & AN B A5 B i A 5
A fO = P T FO BRIEE ¢ IS BERMG FRIEY F O S fO X AAS B 2 ST 5 L
V.SV GV @7 IR AR PR 5 7O SRR I AR B P 5 O %k A R
BIRFD 5 FP 2 R — R R A TR A PR 2 8] 22 e TR RERY O 5V Y a2 R

T A AT 5 P A AL S 5k 9 2 10 2 S «

(VL fULY L)
(VLS VLT
KB Hcos( e )E[—1,1]. % cos(Vf O,V fP)=—1, V. fO 5V, PR aR—5, 5 £k
IEHZE ¢ LLAM I TI 2 S s BB A . o T 25 i BRI L T LR K 1A 4 A DL JEE

MUY fOH D = max cos(V. [0V f), (6)

Al MUV, F IS RE A 39 K R 53 60 780 568 2 ) 258 390 9 000 25 S0 o RT3 C6) J2 — ANl Ok 1 i
B 0 T — Bt A 2 » TR e AT 06 5 (6) SR i LogSumExp o 350k 47 6 1 383 -
LIMUY VD) = logi € 25 exp(MUV [V 1)), )

W K AR BB L (MUY V0D BN T8 2 B B3 5 75 36F A [ 2 51 ) 5000 2 5 4k sk e K L O
SR B F o) W LA S 38 A2 AL RE . o T (48 BB LA BN LM UYL )
LMY, fO V00 g 15 0 AL A S J8 5 750 16 5 SUAR 153 2k B 40

L =— ;mgmf“) FAL (MUY fO8 )y, )

cos(V  f V.,V f&) = (5)




%330 S 0, A < T TR 2R 0B A 22 S PR IR 4R e S 223

SC8) A S B 7 U 5 B o L (MUY F V) BB A L ) 10 2 SR HE K
H b, 22 5 MBI SR b i R0tk #2 .
n?n[—'EzlogmjKi)%—AL(Ad({VJfR”}ﬁq))]D (9)
KO .0={0, €K WA REMHSE ., 25 HEREERNGRBEOE 1 xR,
Qﬁmm%ﬁﬂ%&ﬂﬁﬁw%;

4ok, MEISHL0)... |

PZRRE+1

&

BENINZ
UEL

&

[ msmoonssd ., | [ ey |

&)

RS

B3¢ 8
L=-Zlog,, f(x, 0)+AL(M ({7.F"}1)))

EE NSk
KED
[mitemmpsn s

1 22 5 R 2 1 4 I 2 7

Fig. 1 Differential distillation ensemble training process
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