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2 2 45S 7IdE 5= 8
t}, o]t -8 HLS end—user AR Z7|7F A
AL 50) FaTE Ao T2 ARSI, FXe] 2
719 Y E9= availability= A HTHS ALE
T AL A 2”0 ZBEE A ASHAIRITH FHA

FE Z2HE o8 = Sl 2 ol e, Al
Sha/58 “d%°] end—user A9 A ATt
Hlgs7] wfizel, Yuba oz A ol vl
aff ek=rt Wrhs A A ©ao] qlth 2o
= o] F7H AT A%stol, end-user FA
O Aee wol HEYAY FEE Wre 7Y
REE ARSHE e g ArEar Qi

o] ZollX= FHA AT, 5, end—user FA|
oA AT A2 52 =Y o= e sl o
3 tRRaLAL Rl o] WSS AA AV 9] 71

TelE BRSGOH, o WHES 714 g A

Hir
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il

I X|&] S&7 718

(Knowledge Distillation)

A4 5 71 7120 ShsE YEY (et
teacher)7} SH53F 2| 4] Ao 2L U[E
2 3(0]3} student)E SH5oH= W Eolt) BE
student YE YT+ teachero] B3] U ELY A F7]
(number of parameter, number of layers )7}
S 757 e, 2717 2 v|EY AT}
E2 35 e E A skssls el

1. 2= XA BF7 718

(Vanilla Knowledge Distillation)

2z0] A4 F37 71HE 20154 0] B o] F

4 soft labels
predictions

distilled| knowledge

hard labels
redictions € true label
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of oJu|A] 57 52 EofollA] wi-e- EelA 3§
%3 Qlth(Hinton et al., 2015). (IH D2 A4
5 AW TA3kRE Tgo|t), 7] ofoltiol=
softmax operatione #2]7] A9] soft label (F+=
logit)o] Sh5E UESA RS FHsHA Bl
ATkl H 31 o] soft labeld} &5 dlol¥
A ARGl
studentE e}<5sh= WAlolth, Student WEY A
© W teacherat} §0] 42 HEHTE AR
oy HEND 45 A 95 o Sich
HEY A A S7E ol H53F student=
teacher® o} A7} 7| npdo|y, Z|Zof& o]
£ 7I415}0] teacher®] A =E A3loh=

£ SH5SHs ol 7 Ak,

(training set or training split)S

student

2. Teacher HESRIA Y52 35t

XA B8 71

rir

Trivial Solution: Teacher WE{Z2] 53
o= 74 FhaskARt X4 SRl Zirt B
HHHO student U EYIE §aFo] 2o H A

[e]

I B80] £ A4S AgsHY Urf, o8 S

o =0

i

teacher U E ¢ 3| ResNet—180] AREEQthd,
student HIE = of MobileNet V25 ARESl= 7
£ MobileNet V2°ﬂ/\ﬂ A A] 25 ¢Jo|% ResNet—18
Hep 2 o A S 1) e
R
0 $2 e e =S s 4 o

Student Y E YT 9] 35 A59| teacherH th
Hels] U A2 teacher?] o5 e A
3]5h= student, & “AEolH 5k UEYAE o
FoP717F A4 gt o fI8l ZLoll Ak
5 7RIS alskarAtk g,

Teacher UE 29 decision boundary=
training seto]] 9} sampleE3} 1E°| 92 Hot
feature space’e] A 9= ZAA= T} Student Y]
EQFE A S5 7S B85to] skssl= AR
o, teacher YE$ 9] decision boundary= t© 2+
HZESE 4 9= sampleE5-S At dh5(adversarial

AHg-ske] Adskar, A4d

0

learning) 7|¥<

sampleS< ‘boundary supporting sample’©| 2t
221} o] boundary supporting sampleS} 7]

Z9| 8k sampleS3} aA A sH58 AL Bl

o7} o= Wi olth(Heo et al., 2019).

Stud (" )
tudent
Classiet;ler = Teacher Student
Teacher Classifier Classifier (g ®
Teacher an ” Classifier__
Classifier ~[“*««, . ° ~
® °
L °
Trained with one-hot labels Adversarial attack Proposed distillation with BSS Trained with BSS )

more accurate knowledge transfer.

The concept of knowledge distillation using samples close to the decision boundary. The dots in the figure represent the training sample
and the circle around a dot represents the distance to the nearest decision boundary. The samples close to the decision boundary enable

Proposed method

Bl 2> SO YE Y83 85 TN FE 1Y
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. IEYA 7FX|X]7|(Pruning)

YEQ A 71X 2)7]= @A AFHEZ2 deep net—
work=0| —3}2bH| €] 3} (overparameterized) =
of ltfal 7HRIt}, &, Fagh Q14 A= Wl
$18ll =E parameter7} H 231A] GIths AP RE
], 9140 2 T Q3R] 9k parameterS-S 714
A7) oo, skt #29 FReet aas wole
e Bz Rt (9 32 7R e =
A5} gF 1golch, 11 FollA Aol W E
311kl Optimal Brain Damage(OBD) ##} |
of HhEEE WSS A H A} g,

1. Optimal Brain Damage(OBD)

Optimal Brain Damage(OBD) $'-& Y E¢=2
£ IRt o2 353t Fof|, <55 parameter
weight 42| ‘5 2%"5 ZH7H9| weightgto] oF

9] &2 9l (perturbation) 2 & W3 ¢ loss

™o

T ko) HEk= 9Hloss7t 217 Wdh= parameter

7]_ %—_8.—8]‘1] %Js_'\% 7}‘\])—‘%— H]’%‘gi %‘_g-—al‘xl (L)g:‘g_‘

parameter = weight52 §lo1L, ThA] hs53}
+ iterationsr FHESH= WA 02 Y ELQ|A 7R
7| (weightS 022 F=2)E 433 (LeCun et
al., 1990). o] AoflM FHA R thE HE2
loss@] HoleS ALt =3

Taylor A7/j2 ARSI ALt BEAEE A6 &

Q1 2] .

2. Deep Neural NetworkS ¢/t 7}X|X|7]
=]

2

OBD "rjo] 32| 28l A|7ko] A o] 5o
deep neural networkol|A] Y EYA 7} 27| & 5}
+ WHEo| WEEEY] AlAkskgiet OBD Wt
2A o7 22 WA O] IR A7) ARESHAINE, 2t
weight 2] perturbationof] &Jgt loss®] B3} 7|
AFSHA] 931 T3] weight®] magnitudeE =
E&2 ARESle] 7FR A 71E B, 7HA A7
o wfjmict shsa & AAET 7HA A7

=
e de HENAE de o+ e

P

]
]

before pruning

pruning

pruning
neurons

synapses

after pruning

-

-——

<J8 3> HEHYF 7AIXI7] &
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<X 1> AlexNetoflA{S] Han et al.2 7X[X|7| &t (Network Pruning)

Network Top-1 Error  Top-5 Error | Parameters Eg::presswn
Baseline Caffemodel [26] | 42.78% 19.73% 61.0M 1x

Data-free pruning [28] 44.40% - 39.6M 1.5x

Fastfood-32-AD [29] 41.93% - 32.8M 2X

Fastfood-16-AD [29] 42.90% - 16.4M 3.7x

Collins & Kohli [30] 44.40% - 15.2M 4x

Naive Cut 47.18% 23.23% 13.8M 4.4x

SVD [12] 44.02% 20.56% 11.9M 5%

Network Pruning 42.77 % 19.67% 6.7M 9x

o] W E|ICHHan et al., 2015). (AlexNetol A B]  ZH= YEYA 2%5}7 | $13] H= parameter

23 ol FA% F4 WAL AGHE, 7P

7] & Aj-ghgo] & drhd 74AA)7] £4 YEL

0] BehEst 27 Holux] gHerhs A7 Azt
= 2RI Th(Mittal et al,, 2018), (E 2=
VGG-16 YEYA F2A] 7K12)7] & weight
£ 2L el B 7HA7] F HEYA0 of

HX) 55 eeg Mol

< 2> Mittal et al. 9| C2tst weight £ 0] t2 ZfX[X|7| HEHE Hw

Heuristic 25% 50%  75%

Random 0.650 0.569 0415
Mean Activation 0.652 0.570 0.409
Entropy 0.641 0.549 0.405
Scaled Entropy 0.637 0.550 0.401
[y-norm 0.667 0.593 0.436
APoZ 0.647 0.564 0.422
Sensitivity 0.636 0.543 0.379

Comparison of different filter pruning strategies on VGG-16

Iv. mi2iojE XSt
(Parameter Quantization)

=1 7K1 2)7] Al ks

40 @&t oio]ol 253 25

mlm

=
7t Bas) 4 4 9l
P3¢

ek,
IE &5

=317 9 H

(9], 32 bit)o] mE
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Double precision®||4] single precision©. 22| ¥
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59 ditolA] E
5o Hote:
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precision®] H]&| ATHE LAl B S0l
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compression scheme doesn’t incur any accuracy loss.

Quantization: less bits per weight

Pruning: less number of weights P Huffman Encoding
’
| H ST .
\ 1 ' 1 '
| | ] 1 :
1 1 1 o
original : same : ! same : LN : same
network | accuracy | \accuracy | jaccuracy
1 1 1 !
X I ' Q 1 ! E>
original I 9x-13x | ’ ] | 27x-31x | 35x-49x
- 2 uantize the Weights| | 1 | Encode Index !
size :rednctlon: quith Code Book g neduction: :reduction
1 \ ’
1 ~ s
1

)
I SNeoo___-
Retrain Code Book :
\ 1

The three stage compression pipeline: pruning, quantization and Huffman coding. Pruning reduces the number of weights
by 10x, while quantization further improves the compression rate: between 27x and 31x. Huffman coding gives more
compression: between 35x and 49x. The compression rate already included the meta-data for sparse repressentation. The

<12/ 4> Han et al.2] Deep Compression

1. Deep Compression &iH

Y E Y F9] parameter T weight52 H|S%H
e 2= AF0 R SFYLHY s WRlE E
ofRlglel= WH o 2 ZF networkS weight Se]A
El9] BAIZA FLoR FHsto] YEYAS] A7E
Y7|H 07 Fol= WAlolt}, oju] 7}x 2717} |
HIEQ]=o]| SuiaH e 7|Hke] Ak} W) 5
T TGS ARESl] SR YEQA AV E &
o|A EH, A= FAIDTRE &4 HolX|gk

o

HEYT 3718 T Fo2 =58 = 9| e
E

A Y28 IS 5 At =, 368 =] 2714
A AEES IS 4 A FokHan et al., 2015).

" H= 7R, FAR], slZnt I5E BF

AHE3F deep compression®41e] A Lot}

2. SEFXQl UX}EE WES - Binary
Neural Networks

71 S9ARl FE FASH= 32 bit single
precision®] parameterE 1 bit® H25= Ao},
Parameter”} 1 bit7} =W FA3} F A4S 2 0]
Fo]A g4 F(convolutional) ¢IAHS bit 7+
XNOR @AM} bit—counting AAHe 2 tfA|& 4=
QA Eof dAE At BaEs IS 4 ik 1Y
U o]© binary parametere= FZE=oA & &4
= HA| Eof, AA| ARgs7 ol B Aloko] qlrt,

Z|* binary parameters 7HA| e £ 5=
e EYR 128 Uees A7t ol ot
1 5 e 237 A= gradientd] gk 574
threshold2 2 €] 0] 213} (binarize)sto] back—
propagationd}t®] parameter?} activation map &
F& 0]23} d}+= Binarized Neural Network
(BNN)o|2t= A7} ek Hubara et al., 2016).
BNNZ o] 22 02 3261 9] A2 vj| w2t 2|e} 23u}
S AYEEE ¥ 4 Qo) (& 3)> BNN9| g
T AE502 K, MNIST, SVHN, CIFAR-10 59
AR2- dlo|eAlo)A] floating point HAo] Hsj 7

Shz o] A9 gl AL BT 4 ek,

(=N BRE =

r

(e}
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<¥ 3> Classification test error rates of DNNs trained on MINIST(fully connected architecture), CIFAR-10 and SVHN (convnet).

No unsupervised pre-tranining or data augmentation was used.

Data set MNIST SVHN CIFAR-10
Binarized activations+weights, during training and test
BNN (Torch7) 1.40% 2.53% 10.15%
BNN (Theano) 0.96% 2.80% 11.40%
Committee Machines’ Array (Baldassi et al., 2015) 1.35% - -
Binarized weights, during training and test
BinaryConnect (Courbariaux et al., 2015) 1.29+0.08% 2.30% 9.90%
Binarized activations+weights, during test
EBP (Cheng et al., 2015) 22+ 0.1% - -
Bitwise DNNs (Kim & Smaragdis, 2016) 1.33% - -
Ternary weights, binary activations, during test
(Hwang & Sung, 2014) 1.45% - -
No binarization (standard results)
No regularization 1.3+ 0.2% 2.44% 10.94%
Gated pooling (Lee et al., 2015) E 1.69% 7.62%
> >

: gl &%
""""" -l 6B et e <S5 e

o £ £

(3] o J
A typical block in CNN A block in XNOR-Net

<12/ 5> ResNet CNN blockzt XNOR-Net CNN blocke/ H|il

13} A]7) o WEH floating point weightS
Zt= HEHA SollAl mi$- 4454 < ResNet(He
et al., 2016)0]2h= Y EA FR2ZHE o]xs}
HENAR AMESL7] 913F Fa3t of7| el A 4 Q1
ofotjo}7} MR E| QT o] =& o|F HESRA
T2 XNOR—Neto|gh= o]0 2 WRE S

(™ 52} 2] ResNet block®l| 4] convolutional
layer?} batch normalization ¥ activation
layer?] <41S BFLE 24 ResNet 7204 0] &
3} Y EAY sh55 7Fs5HA 513l tHRastegari
et al., 2016),

XNOR—Net-2 large scale g|o]g| A2l Image—

<# 4> This table compares the final accuracies (Top1 - Topb) of the full precision network with our
binary precision networks, Binary-Weight-Networks(BWN) and XNOR-Networks(XNOR-Net) and
the competitor methods; BinaryConnect(BC) and BinaryNet(BNN).

Classification Accuracy(%)

Binary-Weight Binary-Input-Binary-Weight||Full-Precision
BWN BC[11] | XNOR-Net| BNNJ[II] AlexNet[1]
Top-1|Top-5|Top-1|Top-5|| Top-1|Top-5|Top-1| Top-5 ||Top-1| Top-5
56.8 |79.4 (354 |61.0 || 44.2 | 69.2 | 27.9 | 50.42 || 56.6 | 80.2

1o
3

50} 0[C|o] M253 25
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Netol | 710] BNNUJH] 2 %) Al R4& 2 7] $I% A& 40l A7 Q14 maSe| of
olu] 52 Witk XNOR-Net AXEE o ofo] 3 Awfugiet, FAHOE A4 Z57 71,
tol xnorai B ABEQS FAFGOW,  ENT A7), MEAD G} 5 Bl
20209 19 Applec] 20191 o)4pe] ool T A A ERH Azt 214 BAEL 27
o] exit 5 o @4 HEHT Qi HA Ao Al g
Zol S8l AOIH F83HA A48 5 Y=

2 A4 229 AL ZUSS 2 of o

va= L o o] wol op glov] 1 A

7hoig ok WA AAEe] 25T B8
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