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[HZX|Al] Ei2ld Bl o1 X| AH|(Energy Consumption) =]

« 2 HERIE AIEY I 7F5X|E Q= (fetch)dt= IPHOIAM B2 22| CHYE S @16t EQES
Qlsl e 49| Li&(dot product) §I4HS SEHTHL|CT
- E5| H22] M2 (memory access) DA B2 oL X] AH[Dt 2T 2~ QISL|CE

< UIEY3 oAl >
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Deep Compression: 3Et7| ¢4 mo| X 2}ol(Three Stage Compression Pipeline)

1. ZHXIX[2](Pruning): 22 8% HES 7HX|X[2[St0]

2. YXt2HQuantization): 2 7=

3. &Z=ot A (Huffman coding) : XtF S&t=

=89 %Himportant) 1 ZTHS EH2L|CY

X|& LIEHLZ| fIet Bl E(bit)2| =5 ZAA[ZIL|CE.
#

= X|(weight)ofl 22 ZE

E(codeword) &&tetL|Ct.

Quantization: less bits per weight

Pruning: less number of weights
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128 HIEL 3 7X|X|7|(Network Pruning)

« UHIELZ IIX|X[?](pruning)= S & = (complexity)2t 2t e (over-fitting) 20| 22191 USL|LCY.
1. POl HEYIT ShE S TIRRHLICE
t&Xl(weight) 2{0] %2 @& (connection)= A|H&LICH.

2
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[Figure] Three-Step Training Pipeline. [Figure] Synapses and neurons before and after pruning.
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[HH A X|Al] 8]& LZE(Sparse Structure): Coordinate Format (COO)
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[HHAX|Al] s]l& 2= (Sparse Structure): Compressed Sparse Row (CSR)

« ofl ot= M H(Row Pointer)E 0|84l 3|ANHEE HHSH= A2 L XRQILICE Row Pointer
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[HHBX| 4]

A X (Sparse Structure): COO2t CSR &4l mo|M 316

. ©lojo| 8|4 S COOQF CSR HAIOE XTBIT ALRE 4 LTt
import numpy as np data = np.array([1, 3, 4, 5, 3, 7])
from scipy import sparse col idx = np. array([5 1, 3,0, 2, 3])
row_idx = np.array([0, 1, 1, 3, 5, 5])

ﬂ =2 il (Watrix)

arr = |
[0, 0, 0, 0, O, 1], coo_mat =
[0, 3, 0, 4, 0, 0], print(coo_
[0, 0, 0, 0, 0, 0],
[5, 0, 0, 0, 0, 0],
[0, 0, O, 0, O, 0], row_ptr =
[0, 0, 3, 7, 0, 0] csr_mat =
] print(csr_
dense_mat = np.array(arr)

print(dense_mat)

# C00 (Coordinate) &4/

sparse.coo_matrix((data, (row_idx, col_idx)))

mat.toarray())

# CSR (Compressed Sparse Row) &4/

np.array([0, 1, 3, 3, 4, 4, 6])
sparse.csr_matrix((data, col _idx, row_ptr))
mat.toarray())
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128 HIEL 3 7X|X|7|(Network Pruning)

A== MOl 2| X|(position) S X &SHK| k10 f|X| ArO|2| XtO|(difference) &
L= X2k 2/5l 3bitsPhE ArE 1 XtO|2} 3bitsEL} FCHH TIHE S A
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X| 35(Weight Sharing)

« YAk 2t OhsK|(weight)E 245t E(bit)e] 8 ZAAZ|= 210t USLCE.
1. 2H=E AEE IEX[2] = k& 2 ELICY.
2. ST k2| IHEXIE XEet F/of| O|& &5 (sharing)&fLICH.
3. Y kIH2] 7S X[ O|M 2 (fine-tuning) & LICE.
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2¢HA| 1) 15X] kI E ‘844510 0| & S7(Sharing)ot?|
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2CH3| 2) 2 8El 715 X| £7|Sl(Initialization of Shared Weights)

1. Forgy (random) X723k 7}5%| Z0IM HHO R kIS MEi5I0] O|HS £7| SAROR ALBSILIC
2. Density-based £7|2}: 75 X[2| CDFO|A y-axisOf| CHSI] 5ot 2ZHE 0 2 MEHSIL|CT
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[Figure] Left: Three different methods for centroids initialization. Right: Distribution of weights (blue) and

distribution of codebook before (green cross) and after fine-tuning (red dot).
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3CHY|: 3| ot B 5 S5HHuffman Coding)

« EXot 348 (centroid)0] 0| SAFEILICE (biased distribution)

« Variable-length codewords: O|X{& B0 S&6t= A= (symbol)d| M2 HIE(bit)E e

SE 3Rt =2 IS X|(weight)?t &Y

100000 220000

75000 165000
€ c
3 50000 2 110000
@) @)

25000 55000

0 = 0 R —
1 3 56 7 9 11 13 15 17 19 21 23 25 27 29 31 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31

Weight Index (32 Effective Weights) Sparse Matrix Location Index (Max Diff is 32)

[Figure] Distribution for weight (Left) and index (Right). The distribution is biased.
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[HAX|Al] 6{mot © 5 5H(Huffman Coding)

* MYotA} of= HIO[E(EXE)?T UE M, 28 20|(fixed-length) F=22t5 0| 80tH 01T 27tR7
+ XYg EXtY: ABCDABAABBDAACBADACAACABA (257H2| 2Xt)

[0 Z0|(Fixed-length) 2= H|0O|&]

(25712] &i=)

&&(Symbol) | F=(Code) ABCDABAABBDAACBADACAACABA
A 00
H o3 Coding)
B 01
1 000110711000100000107111000
c 0 0100100110010000010000100
D 11 (50 bits)

A i
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[HHHX|Al] s{ 2ot B 5 SH(Huffman Coding)

—h
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e
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[HHHX|Al] s{ 2ot B 5 SH(Huffman Coding)

» Step 1) A4 dEs = e &M KO =2 TSLCE

« Step2) RE LCE 249 7O ML,




[HHHX|Al] s{ 2ot B 5 SH(Huffman Coding)

» Step 3) 7t A2 F ==(312] (0] 3¢ ==2f 7|9| 210] 421 =E)& LA T FOf| CRA| A RI”fLICE
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[HHHX|Al] s{ 2ot B 5 SH(Huffman Coding)

» Step 4) 71 A2 & =231 210] 621 L==2t 7129 2{0] 791 L= =) & AUl B F{0f CRAl Rf=LICE
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[HH-8 X[ 4] 5

oot 259 (Huffman Coding)

« Step 5) 7%

2 = L E(39] 240 12921 L E2 3|9

2l0] 13% LE)& ML

» "2 =590t 19H0|2 2, O7|0f|M S{BRE E| 1250 2tZELIC,
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[HiZHX|Al] s{ Tt B 5 S Huffman Coding)

-+ O|LEt ER[S P50t F0ll= 222 L2of RIX[7HA| MHHL = 2£2[6tH, 2% J20| 05, LEF B=

o 12 BOELICE 22X 2 L3t 20| 2f =01 toto CHE Z0[2] 22 (code)?t FHELICE.

o LB,

A
:
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B
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[7154 210|(Variable-length) £% E|O|£]

A=(Symbol) | H=2(Code)
A 0
B 10
C 110
D 111

(25%19] M=
ABCDABAABBDAACBADACAACABA

Huffman Coding

010110171107000101701110011
01001110110001100100

(45 bits)
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« 10MB EE2| 37|= on-chip SRAMOH ISH H%* T 91% MR &2 :Dlo'l_llir
« He(accuracy)= Hel O E FX|E= AS 2old =+ JUSLICH
Network Top-1 Error  Top-5 Error | Parameters gg:: press
LeNet-300-100 Ref 1.64% - 1070 KB
LeNet-300-100 Compressed | 1.58% - 27 KB 40x
LeNet-5 Ref 0.80% - 1720 KB
LeNet-5 Compressed 0.74% - 44 KB 39 x
AlexNet Ref 42.78% 19.73% 240 MB
AlexNet Compressed 42.78% 19.70% 6.9 MB 35x
VGG-16 Ref 31.50% 11.32% 552 MB
VGG-16 Compressed 31.17% 10.91% 11.3MB 49 x

ILSVRC-2012 H|O|E{ MEO| LI £ A5 HQILICE

CONV 2{|0|012] Pt K| =
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8 bits, FC 24|0|0{= 5 bitsE At2%tL|LCY.
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M VGG-16 O3 &l X

« VGG-16 O [EHIN Q| AR 138M X 4B = 552MBO|A{ 11.3MB (552MB X 2.05%) 2 &= Jt=gfL|C},
« = 3Pd: Pruning(13X) — Quantization(31X) — Huffman Coding(49X)
« {2 2 7FEX|(weight)= 32 bits2 AFESHX|RE 242t 8 bits (CONV)2t 5 bits (FC)ZE Quantization2 = 2fL|CL.

. Weigh  Weight Index Index Compress Compress

Layer #Weights g‘;lgh (% bits bits bits bits rate rate
(P+Q) (P+Q+H) (P+Q) (P+Q+H) (P+Q) (P+Q+H)

convl_1 | 2K 58% 8 6.8 5 1.7 40.0% 29.97%
convl_ 2 | 37K 22% 8 6.5 5 2.6 9.8% 6.99%
conv2_1 | 74K 34% 8 5.6 5 24 14.3% 8.91%
conv2 2 | 148K 36% 8 5.9 5 2.3 14.7% 9.31%
conv3_1 | 295K 53% 8 4.8 5 1.8 21.7% 11.15%
conv3_2 | 590K 24% 8 4.6 5 2.9 9.7% 5.67%
conv3_3 | 590K 42% 8 4.6 5 2.2 17.0% 8.96%
convd_1 | IM 32% 8 4.6 5 2.6 13.1% 7.29%
conv4 2 | 2M 27% 8 4.2 5 29 10.9% 5.93%
convd 3 | 2M 34% 8 4.4 5 2.5 14.0% 7.47%
conv5_1 | 2M 35% 8 4.7 5 2.5 14.3% 8.00%
convS_2 | 2M 29% 8 4.6 5 2.7 11.7% 6.52%
conv5_ 3 | 2M 36% 8 4.6 5 2.3 14.8% 7.79%
fc6 103M 4% 5 3.6 5 3.5 1.6% 1.10%
fc7 17M 4% 5 4 5 4.3 1.5% 1.25%
fc8 4M 23% 5 4 5 3.4 7.1% 5.24%
Total 138M 7.5%(13x) 6.4 4.1 5 3.1 32% (31x) 2.05% (49x)

[Table] Compression statistics for VGG-16. P: pruning, Q:quantization, H:Huffman coding.
T
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+ = =22 HMEE AEol AlexNet % AEUE M Y=E0| 7P FUASLICE. 240MB ~ 6.9MB (35X)

Network Top-1 Error  Top-5 Error | Parameters ggtrzlpress
Baseline Caffemodel (BVLC) 42.78% 19.73% 240MB Ix
Fastfood-32-AD (Yang et al., 2014) 41.93% - 131MB 2%
Fastfood-16-AD (Yang et al., 2014) 42.90% - 64MB 3.0%
Collins & Kohli (Collins & Kohli, 2014) | 44.40% - 61MB 4x
SVD (Denton et al., 2014) 44.02% 20.56% 47.6MB Bix
Pruning (Han et al., 2015) 42.77% 19.67% 27MB 9x
Pruning+Quantization 42.78% 19.70% 8.9MB 27 %
Pruning+Quantization+Huffman 42.78 % 19.70% 6.9MB 35x
[Table] Comparison with other compression methods on AlexNet.
. — — #CONV bits / #FC bits | Top-1 Error  Top-5 Error Lol e
« 8 bits / 5 bits =2 Al . . Increase Increase
Xtz o| AT A 32bits / 32bits 42.78% 19.73% - -
o= o= . HA O o . 8 bits / 5 bits 42.78% 19.70% 0.00% -0.03%
* 8 bits / 4 bits= =901 =t 8 bits / 4 bits 42.79% 19.73% 0.01% 0.00%
4 bits / 2 bits 44.77% 22.33% 1.99% 2.60%

[Table] Accuracy of AlexNet with different aggressiveness of weight sharing and quantization.
e
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Discussion: 7}X|X|7|(Pruning)2} ¥X2l(Quantization) Z0| A26}7|

" N N — —t 0 H (] ] A- H 'D' - -
. Prunlngﬂr Quantization2 SPH ARSI Pruning + Quantization # Pruning Only <> Quantization Only < SVD
- 0.5%
1 4 s0| =LCE 0.0%
o N on -0.5%
- JNEHOR AIRY UL} = MS50| HM |8 1o
-1.5%
>
X0 HO Bl0o|S A S .20%
=2 g ol 4 ALt g 20
5 -2.5%
8 -3.0%
< 35%
-4.0% : . : : :
2% 5% 8% 1% 1 44/0 17% 20%
<O uniform init < density init < random init O uniform init < density init < random init . % jl.%xl ﬂl—% _IC_>I_ xl |.j| _<|3_|-5|.0;|
58% 81%

Linear X7|g} HIAIS A2l
> o 2 o x7|8t YAlg AL
=2 - E
g s54% S 76% -
= ¢ L 24 EQ|Jo| EAMA}

8 s52% 8 74% « = HEZS EHA Linear
50% 71% XI|g} gAlo| DR 240 M=
2bits  3bits  4bits  5bits  6bits  7bits  8bits 2bits  3bits  4bits  Sbits  6bits  7bits  8bits o oILIC
Number of bits per effective weight Number of bits per effective weight = = = | I-
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* Pruning2 ?tsX| &

o
e Quantization2 T EE(codebook)=S |5t

= = FIHHO1 2210 HRfL|Ct
- HlEZ= =2fQIdl 2™, CodebookO| 710 HE QHF|E= FA[S Tt =F01 = & = USLICE

@ Weight @ Index « Codebook

AlexNet VGGNet Lenet-300-100 Lenet-5

[Figure] Storage ratio of weight, index and codebook.
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Conclusion

« The authors propose “Deep Compression” that compressed neural networks without

affecting accuracy.
1. Pruning the unimportant connections.
2. Quantizing the network using weight sharing.
3. Applying Huffman coding.
« Various networks can be compressed by 35x to 49x without loss of accuracy.

« Deep compression facilitates the use of complex neural networks in mobile applications.

e
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