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Abstract

KIRERET ZBIB X Connection Sparseness B T {EAUH — AR, £EXE
R LEREM £, RE—LRRUNOH, HEOXLDBUNLINER, @
B9 SR IXYRE T 2R8918 2 M Bt TREH B ER B G YIS RIS
BRER, BLULNER RS —HX Long-term DropConnect FVIRAEF =
1o

Keywords: sparse attribute; sparse structure; value; randomly prune;

connection-pruning; speech recognition; sparse deep neural network

1 Introduction

At T 2 1146 % Connection Sparseness [ TAE [1]f#E— i 7t. E#H
FEZ R TAER)FEAL b, 320 —SeR R Ve o), JFIE I SO 253X 6 v @ L5
Ko Za, Bt 7 BB .

BN SEI0 7y K%, T TR R AR & Bk s, IRAE AL B AR
FEAE ) TAERI G510 BEAT BRORS 22 AR -

(1) Connection Sparseness [ TAE S fAT,  BRAEFRAT W 2% X AR BE 3% AL
B (3 %, connection), ALK ZIAREAEE AR HERNTKI, wHRH
A [FIFE 2 BUE 1 A 3 I 2% AT 18 5 RO IS5, IR AR To 24 0 2 11 2 28 UL 8
XYL TR % b 1 P A

(2) RAHE pre-train — MW %% 3 B4 H 4T connection-pruning 2 J5, #¢€
F10 4 A 0 2% 5 A L 4 N B — A BEBIL A A8 A6 R IR 25, 5 3K A 1) 199 2% k4T
retrain, RILIXASH )N EAT IR GEIL BIAEE I ROR.  BEHIRTT—AN3ET T pre-train
F1 connection-pruning 2 Ji I/ 4%, & FFE ISR (structure) HLIERERE
R{E (value) BEEMWZ,
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(3) TATHF —AFEHLBI 26 1L 1K) X 2% 3 AT BEHLAY connection-pruning (B: AS
4 AT (T pre-trainff) M 25D, 73S W] LUK BIASEE AR, Ut W I 45 (0 7 i s 1k
(sparse attribute) HLHBEARPIFTIELEH (structure) HEE, Z545 (2) M (3),
FATI N E BT LTI FHEF . sparse attribute > structure > values

() FET AT = mRM, BATEZRE 5N B F MR T AES &k
oK, M s R A TR RE e 2 I 4 50k 1 R B BOR BEAT S . AT AEAE % drop
connect [2][7 %, FIH (3) MK, LI long-time dropout CRIXT JLANBEHLH]
a4k BEALEEAT connection-pruning [ 28 #EAT I 2R )5, EAMIERM (make an
ensemble)). 1HZ, LA ESHXIHF AR BIRGHRCR.

(5) ZJa, filf (o Ko7k, WA EA. BRI T ensemble, %
B TR, ERNEEE EAE, LA IR AN S B T .

0%, DAE SRR A TS E AR, 038 4L R AR e s0ikes,
XL TAEHEAT RN T it

FEEE2ER 4y PR, FoFE T 5% Connection Sparseness f) TAEHE H — LR R ER
W, VRN TNORMERR TAEM R . TES3pitar . FBE X Tk A E AR &R
BEATHER. FEZBAZIEE6 Hr . 454 HARSZIX XL i) B 45 1 W10 1) R A4S
Wo FESTER TR, FETXLLLNR, ik 1k B BRI R S, IR e
FESHNERILS T WL SR T — 8 TAEM REMEE. &5, N 7B 2l
LIS BEAT TP RRER, 510 #rrh, AWRRSLERME, W Jixer %
(RS TT Ve

2 Motivation

{EZ 1§55 F Connection Sparseness [ T.{E [1]4, FATE LTI (pre-train)
—MREMZE L (Deep Neural Network, DNND, SR 5 R #8 HAE 1) KN EAT AL
fE# 5] (connection-pruning), 7E U2 & FATT = 7 I 2580 15 21 (¥ 55 Bt 28 FE ot 22 09
%% (Sparse Deep Neural Network), HE1f5¢ i % iR %] (Speech Recognition) ]
155, TEMEEAL b, RATHRE:

(1) “FER” BIEZEM: 754 X Connection Sparseness [ TAE [1]4, FATE
3, WATHI ML EI#TE connection-pruning 2 J& R {RE TR (3%) MIBUE, H9R
AT LMF B — AN AT MR R (BIRA I baseline). 4, HFEFEZ (JHMZAUE
HHK3%) KIBUEEH B M A7 S R, RE IS B AL AR 2 IR
ANFTEL, T8 FRATTAT LA X 28 B A R AE X 22 39 1 B A
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(2) Value V.S. Structure: 7T pre-train 5[] connection-pruning i £+,
FAVREE T pre-train Z JFHIM &t (AT BOVHEZEMAUE, [FR i
TR I 4 S5 K. FEIEAT T connection-pruning Z J5 FIHETNZE R, R & BUE
(WIRMED LR EEE, bR M 4 L s 22

(3) pre-train B9 EM: WREMEE LV EEMEE, Tar—1L
B IR R I 28 S5, — 58 BT 3556 pre-train [1] /2515 2

3 Related Work

W e M R B 2 ST T B AR R 4% 32 QT [B)e A MR A 2 I 2% PO 7 I T AR
FRYEM BT (Pruning) FIAERESME [4,5] BN 91 10 R Z8 B AT LAY N4 o0
#87 (Node Sparseness) [6]FIF{E# Y (Connection Sparseness) [7]F 45l
XfF Connection Sparseness i) LAE, B &1 #x fa] 51K 5 € BB HEAT #3107 & (7],
{15 A5 T Optimal Brain Damage (OBD) 775 [s], At T 76 s
P TR BT AR

AT AL A FU, Dropout 77 £ R AL AR [0, 25, XA TR
F T ARUE S ) DropConnect /7% [2]. 25 |, Dropout Al DropConnect J7 £,
5HmMEIREMEZE ML (Sparse Deep Neural Network) A& NTEMELR, FNX
PAFNTT AT b X BEAT T B BT AR 22 M 2% 134T T 2B (make an ensemble)
[10].

4 RR1: “BMlR” NERM

1. LWIEESE T

RESRTE Connection Sparseness AHIC TAEH, WATRLRE T — ML 3%1%E
BERUE, R LU B R (WER: 11.26% / baseline 8.51%), #-4 Wi
BATHFEIFEZ 5 W28 BUEEH 193%) BIRUE 0 H 1 4 3% 52 0 2% 347 15 5 R0,
RETR L BB RCER 2

JE WY 4 1) 25 R A B AN3604E B 5, 22 16120004 1 Sigmoid I
BRAL, B ¢ 343048 B HE. BT LA, 97T% B B RE IR Y 45 1 SBUME B H
(360*2000+2000*2000*5+2000*3430)*3% A~ A T R K A8 W 45 (0 e i v CFF
Wi L ) 288 AR AR I 28D, ARIE I 28 25 10 S5 AL S 4O A, BT DU R =k 808
() (AR 2% (R0 eR B 4L
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TEHT R 2% PR B0 R B4R 9 n A, BT REN:
(360*2000-2000%2000*5+2000%3430)*3% = 360*n+n*n*5+n*3430
fiffR: x=176.99 (BL177)

Kyt B4 (7ES L1030 56165, 15 1T M 28 il 2RI AT .

2. LWERRLIL
W I0 Ax A P TEVAAE I SR RE 8, ) WER J9100%. 3 i B I 2%
(FR B PE— @ FE B B ARIE T W45 T ATEYIZRad R vl s, SRI T Fhmi P 1 o 2.

5 I®RZR2: Value V.S. Structure

1. LWIBEE "I

fE pre-train J& i connection-pruning i FE 4, FATRE T pre-train 2 J5 M
gerh (FRATAND BONEERUE, R EAE 7 MBI s g, oA E
BT X 28 kR TR TTE R, RATFREEZE, EXAFMLE T, FK2
GARMAUE (TEAHWIIEED HEE S, bR AR I ) 45 25 40 LU A F 22 2

AR AR S, RBP4 R TE I 28 S50, B0 HAUE AT BEALY]
Rk, T AR E BEAT retrain. WERIXFE ) B AT IR Z BT 2% PR RE, A m AT
DAIE BF 0 265 (1) R i 1tk 5 A PR EE S, DA S HL B i 2 AR LA 1) O R R

2. XWHERREER

BT HEAT IS pre-train Al connection-pruning 1) /A 4% (1) 45 k) B3 N 1) — 4
BENLWIEIL IR S (S50 F: X} connection-pruning 2 JiF X &8 AR B 45K, [ A o)
PUEBEATBEBLATARIE) (7152 WAB103 7 B2 50, KX MR BEAT retrain, &FH
ROR

FEEEF I, AR N2 S5 B BEN LTI A BUE 2 S5 IR 2%, 15 2 1T
% BAMFEIRTERE (BR11.26%), X EZEUI M5 2 EER), MAUE (I
B X retrain J5 B4 %A 2 KR,

6 #F7R3: pre-traindINT M
1. SRIESE ST

R IR X 28 254 LA AR B SE N 2L, R4 — A BB R gk R 2 4y, — e 22
KA T F S pre-train il 251 2 GERFATIR 20 —BEHLRIAE LIS 1 2% BEAT BE L
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] connection-pruning f retrain , BT AR ?

2. LWHERRLEIL

SEE X AN BE LA LR AL 1K X 2% 3547 7 BE LY connection-pruning (A B BE
NIT%) (72 WEB10ER /3 53 m0. AT T DUZH 5258, PUZHSR50 i 2 WER 4
MR12.50%, 12.09%, 12.61%, 12.50%, Z£#H K, X E5HEZ2H MR (WER
H11.26%) FFEA KK ZER, UiBHRZRELE M (sparse attribute) 1% 5]k
AT FER A, 3X— 4 A B (1 8 M LG I 45 44 D07 B i 2

AR, MR, BE NN, T DHEIREME MR, 1%
B Hm & (R NGz m) Yhaem g fE g, wl RO & i LA 8 AT HE 7

sparse attribute > structure > value.

7 12880

N

—. EZN2ZHE random connection-pruning FHIIZ G HIMNLEZIHITERK

1. KWEES R

RN N 2 BT AEE 2T — N2 pre-training £/ 4% 347 connection-pruning
(4 weight-cutting [7] A1 OBD [8]) #EAT retrain, HIRATAR I — AW 2% B i35 A
285k pre-training A & 8T IBUE FIIERE, 598 T AFERE AL connection-pruning
(FATFR 2 Arandom connection-pruning) 2 32| — M AEERIE. BHIX5F %
dropConnect ) TAE [2]HH45 &, XFEATHEE R LA —E R E Ko

DropConnect ] 82 A 57 I 2 X 2 BBl prune 5 — L8 A AE 1 W 2% 3 47 42
B (make an ensemble), AR A DU S X FER) AR, X LAN4Id random
connection-pruning FAMBEAT retrain, FHE—AEAIH ensemble, HH &7 REIA K
AR U752 WAB1085r 554 0.

2. XWHERRLIL

EFAM T LA R EANED, K ensemble 752 2 #x fi #1 [1) major
vote T & (X: unweighted average). {Hi2 \NZEHKFE, TEMH T ensemble 77
R G, kst WER B EAE F W5 &L, #uA Uit Seie s R
K133 Fros.

= BENERHIMKIHITER

1. SERIESR

Page 5 of 11



Wang et al.

&R 1 {flensembleqi/GH WER (BIRE: 75%)

B—MBNBRE (%) B—ME (%) Ensemble (%)
75 9.15
75 9.10
9.17
75 9.26
75 9.35

K 2 {lensembleqi/GH) WER (FFHRE: 80%)

P—MBNBRE (%) B—ME (%) Ensemble (%)
80 9.44
80 9.28
9.19
80 9.44
80 9.28

EERAER TR BRIEME 7k S W08 4 555, “5%
A BR7 MRIE R X VYA L% 08 58 B2 BN T5 %, R T B DS R 4 2
linear_params (. ¥BHME, ERHFEME, BUED AN, W73 —A M
“e WHLRUL, EAEEML I connection 73 k4 S0y, M3 EI YA “ 584,
HIF” KM%,

FATAESE BNy, RPN YL 22 57 (0. PR I 25 R X 45 544D
T BE % 2% 2] BIAS R RFAE, 84 I EAT M ensemble 1T 8215 20 T 50— I 45 (1) 45
o UL, BEAERI FRIXFER E R B2 BRI (structure) |
FIEAME, T7E making an ensemble Ji& 23 HL AT I RUR

WEEEMNLE, IERNZ ATFAT R I random connection-pruning 2 5 A~
Z2, EMERSRIA A HANER ST Rz, anRIRATINAT P2 i 1% R A 1R K
(1) 5 Me) (1) A2 P 2% ELAR AR B ME S5 (structure), T AS A2 W 2% M BB 1% (sparse
attribute), HSAXFER LI A G HI —— WA BRI, Hbaf
ZFLE B PES ) (structure), WHLLARFEILPIE (LD MM 2 M
RERIA I =

2. SEIRER R LEID
MFAFIR.

& 3 fflensembleRifGH WER (FRIRE: 97%) (F: ANAXIIZN T XI20db [RERSHEMHIRR)

B —FILBHRS o | MARSEHE . MNBSE
e o6 | 70| Ty | Ereemble 00) | (Enembe
97 12.56 48.44
- 229 46.24 11.82 46.98
97 12.05 48.86
97 12.45 4936
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& 4 XITEEROBRENT5% 00T MZ fensemblefi/aH) WER

B—MBNBRE (%) B—ME (%) Ensemble (%)
75 9.10
75 9.31
9.04
75 9.15
75 9.10

KRR 23 B TIE A AR Bk, emsemble (] WER #f SE 8 T4 — A
B4, HIK, 5 baseline ] WER (8.81%) MZEAZ, (iF: XHEK WER of
Baseline 52 B2 2851 %A, & NER AN T PRIt s, K417
THIFE ) (R, XFEMSEIRE RS LR — IR, &F fFilt—B ik,

B2, XFERSRIR Bt SR A F I 7. A1, XREmE R
“CHR” F5 EIRAREARLE (K RV 45 454 (structure) [H12E 5. IEAIFRATTHT A1IE
(1, AR — AR R MR T AT B RS, XA TR SR G4, ARG R
R EEERIE, FTLL, BRBAERET 0 AL B AN, FEASREDLBAIX LA P48 [ 45
MRARKERM. (ERLMTSET, AR SR E] —ANFI % B 5 B & 5~
LR LER ZE I T, BRI 25 8 2 R K I LA 2% ensemble.

8 Conclusion

— AN B A 2% AT LA FE R R MR T RE S B MR AR W R
P (sparse attribute) (f & A, ¢ A 1) & ). # 85 PE 45 8 (sparse struc-
ture)s VIURAE (value). ZE NN F B IR FWKIR A: sparse attribute >>
sparse structure > value.

fif % DropConnect [2]f] & #%, FA1#2 1 Long-term DropConnect ] 77 %:
LA FEHL R UG 1. BE AL 4T connection-pruning [ /A 4% i 17 % % (make an
ensemble), (HIZRCRARARIAL, SRT, AT 2 A 56 4 B % 1 W 25 3R AT 48 A
W, AR DA BIAEE I RCR . FRATAT DIESRAE 73X — R ILIEEA b, AR X254
R T B OGBS E S T B ensemble 7 &, R THEE AN
ZEHITERE.

9 Future Work

L GRERESAE: X)L TE4. B FHIME 3 TS (make an ensemble) [)77 %
TS 2T RPN WX 25 1 B L SR I3 T

2. Emsemble )77 ZHMREZH [11], EHWARH M2 HRIEAR—M: major vote
/ unweighted average, B ] LLEAT HAthensemble 77 2 1 SEILAN L 4L,

3. BUNAEETER oy vh 42 B R BEAS EAwh e, FRATRT DLAR O 4R B “H R
SONAERRIET E L, T X — ensemble 7R, FEFIR BRI M2 1 PERE.
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10 SLHH=R

B

1. W B & Deep Neural Network (DNN) 3¢ Time Delay Neural
Network (TDNN) HI%5E#)

A Kaldi ASR tookit H1 nnet3 FZH A run_tdnn.sh JIAS, FATTAT DU AR SEDL
DNN #1 TDNN W% Z5 R (I B run_tdnn.sh IAEH T train_tdon.sh {4, &
B NIX— AT 240, BTS2 2% 25 1 R e &

(1) FIEMRCE : BN train_tdnn.sh [ splice-indexes Z2%, B AT s xt
TDNN AN LS. AR EREE — A S HOM HAb 2803550, WH9] TDNN
A MIE, A2 HEiE K] DNN.

(2) BWOE R B PP REAYEZ IRCE . H sigmoid-dim Z%f& A train_tdnn.sh
JEAS, BRI RPREE0E R CAERIAE) Pnorm) f&25CH Sigmoid, - H % B 1% H0E R 2L
MYERE. HARJLFMEGE K%L (Tanh, ReLU) J7iE3AL

2. MERFHREHENEZNBR SO ERNIRT, BB KL
connections

FATHUESSEM T2 ZHRZACA KM —AFT I Z. TR EE
R TFKaldiF 8T K 454 nnet3-init-sparse. U1 R :

FH¥%:: nnet3-init-sparse —binary=false [config-in] [raw-nnet-in] [raw-nnet-out]

AT EAR NZAF I LR config XA CRGE | MK, 2% [12]. &
5 1% N ) raw-nnet-in 458 56 & — B0, & NEH MR, #2071
raw-nnet-in FIREIESH, i BEHLEIAA LA RIZ% raw-nnet-out

3. random connection-pruning BISLI /55%
R BB BREAT RIA] CLARGER FE97% N 1)D.

(1) BEHLFIZRAL— AN P 2%

(2) FIH 1]+ FHER connection-pruning /77 (JEH Pet-Prune %), #5Y
FITRHIBUE CERIAZ 280 BRI HUED-

(3) FIA St AT i 3 T ) fr 4 nnet3-init-sparse, Al (2) HE BT 5 (1 K 4%
TEIEIRI S, LR — BT, XA RIS TRELI Rt )G, SCREPLER
BY 17 97% connections [,

FIEXFERI T 5, BEORAE T MR RIBENLIE (T35 BRI a6 A0 I e R BE L
PR, XARIE 7 BT FIBEHLIE (i T 38322 F H] nnet3-init-sparse #EAT W46 4L
I BAE R BE AL Do
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4. fN{ffmake an ensemble
EH RN TT R e BB final.md] SCAF.
(1) EJLATF ML (subnet) [ final.mdl H1ff) component F! component-node
HEAT E AT 4o
(2) 4% HEHH L (¥ PP IX 287 I 2% [¥) mdl SCIF merge S [F] — 4B S04
(3) fE nnet-simple-component.cc #1 nnet-simple-component.h F1# Kaldi f)
NoOpComponent 5| ARAHLH], TR IR K component (AvgComponent) (GX
P component T HUUANF M2 4 HH O BIMED. S 1%
4 K (BBUS KD NoOpComponent FIEFTFR N AvgComponent 175 i 2
T mdl SOk,
S EHE AT BB M component SCAEMN RISZH] major vote (30 IR AT
component HIZRIIAT ensembling )52

5. aifligER N e £ B RHIR 4
TN F BRI AT AT
(1) FIF “3. random connection-pruning FISEHL V5" HR$R AL 7k Rl —
MELEEY 7 75% connections M, {FNH—FMZ (nnet_1).
(2) FIHZEE I KK nnet3-init-sparse-opposite (Kaldi-based Command) &
B A B M 45 5 nnet 1 582 AH IS nnet_tmp_1  (3%: nnet3-init-sparse-
opposite 5 Al XA A H) nnet3-init-sparse H LA E,  H & 24 Al ) P 4% 25 # AH 5o
K b Y 25 11150% FRE BB, 793 21— AN 19 A% B8 FE75% ) I 2% nnet_tmp_2, | H
nnet3-init-sparse (Kaldi-based Command) ¥ it /X £ (1) 5 #4) 5 FH 21— AN BE AL 46
RIS, BEE AN T4 nnet 2.

(3) FHZE# I % ) nnet3-add (Kaldi-based Command) ¥4 nnet_1 5 n-
net_2 #A0, 5% nnet_tmp_3 (B 85 EE50% ). F7 R 18 (2), F)H nnet3-init-
sparse-opposite (Kaldi-based Command) 425 nnet_tmp_3 45 # A & 1 % 2% n-
net_tmp_4. # nnet_tmp_4 F25% M BUERKFE, 13 E] nnet_tmp_5. 1 J5 F Fnnet3-
init-sparse (Kaldi-based Command) 1 /X £ [ 45 14 3% FH 21— AN BE LT 46 40 1
%, W=7 M% nnet 3

Whttps://github.com/wyq730/CSLT-Sparse-DNN-Toolkit/tree/master/Supplemen

t_for_Kaldi_Source_Code/src/nnet3
2https://github.com/wyq730/CSLT-Sparse-DNN-Toolkit/tree/master/ CSLT_DNN

_Ensembling_Toolkit
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(4) ¥ nnet-1, nnet-2, nnet-3 M, 1§ #| nnet_tmp_6. F| ] nnet3-init-
sparse-opposite (Kaldi-based Command), £ &5 nnet_tmp_6 45 #4 #H 2 1 P 2%,
A 2 55 DU 5P 45 nnet_4.

Ub ik R B AR LU B, (E R AT DAYE PRI IR J LN TS I 45 M se & B R 2 4, 58
RUETATT A R BEN LRI LAE BN L. 24988, 1R H O 1 fir 2 PR Se 3l
i, WITRBARARRNITT R B HATAL.

Fr RENSHEHR AR T ARSI RS AT, P LLE S
FH gnrt.sh JIARER GZEARR T R #7290

Bhttps://github.com/wyq730/CSLT-Sparse-DNN-Toolkit /tree/master / CSLT _Exc
lusive_DNN_Toolkit



Wang et al.

Acknowledgement

This research was supported by the National Science Foundation of China (NSFC)
under the project No. 61371136.

Author details

!Center for Speech and Language Technology, Research Institute of Information Technology, Tsinghua University,
ROOM 1-303, BLDG FIT, 100084 Beijing, China. 2Center for Speech and Language Technologies, Division of
Technical Innovation and Development, Tsinghua National Laboratory for Information Science and Technology,
ROOM 1-303, BLDG FIT, 100084 Beijing, China. 3Chengdu Institute of Computer Applications, Chinese Academy
of Sciences, 610041 Chengdu, China.

References

1. Yanging Wang, Zhiyuan Tang, and Dong Wang, “Connection sparseness in speech recognition based on kaldi
asr toolkit,” Tech. Rep., CSLT, RIIT, Tsinghua University, 2017.

2. L.Wan, M. Zeiler, S. Zhang, Y. L. Cun, and R. Fergus, "Regularization of neural networks using dropconnect,”
in International Conference on Machine Learning, 2013, pp. 1058—-1066.

3. Dong Wang, Qiang Zhou, and Amir Hussain, Deep and Sparse Learning in Speech and Language Processing:
An Overview, Springer International Publishing, 2016.

4. Tara N. Sainath, Brian Kingsbury, Vikas Sindhwani, Ebru Arisoy, and Bhuvana Ramabhadran, “Low-rank
matrix factorization for deep neural network training with high-dimensional output targets,” in IEEE
International Conference on Acoustics, Speech and Signal Processing, 2013, pp. 6655-6659.

5. J Xue, JLi, and Y Gong, “Restructuring of deep neural network acoustic models with singular value
decomposition,” pp. 2365-2369, 01 2013.

6. Tianxing He, Yuchen Fan, Yanmin Qian, Tian Tan, and Kai Yu, “Reshaping deep neural network for fast
decoding by node-pruning,” in IEEE International Conference on Acoustics, Speech and Signal Processing,
2014, pp. 245-249.

7. Anders Krogh and John A. Hertz, “A simple weight decay can improve generalization,” in International
Conference on Neural Information Processing Systems, 1991, pp. 950-957.

8. CLiu, Z Zhang, and D Wang, “Pruning deep neural networks by optimal brain damage,” pp. 1092-1095, 01
2014.

9. Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, llya Sutskever, and Ruslan Salakhutdinov, “Dropout: a
simple way to prevent neural networks from overfitting,” Journal of Machine Learning Research, vol. 15, no. 1,
pp. 1929-1958, 2014.

10. Zhi Hua Zhou, Jianxin Wu, and Wei Tang, Ensembling neural networks: many could be better than all, Elsevier
Science Publishers Ltd., 2002.

11. Cheng Ju, Aurelien Bibaut, and Mark J Van, der Laan, “The relative performance of ensemble methods with
deep convolutional neural networks for image classification,” 2017.

12. Zhiyuan Tang and Dong Wang, “How to config kaldi nnet3 (in chinese),” Tech. Rep., CSLT, RIIT, Tsinghua

University, 2016.

Page 11 of 11



