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Abstract

KB SRIAE N Sparse Neural NetworkIIB8Y—37), FRH{TXIDNND D%
ERORET (Prune) BE, MMXIDNNDIERZRIIVEIRITIZRG, ALKHF
FAMZEPrune/55% (Value Prunef0Pct Prune), YEARZFHENERZL (Pnorm,
Sigmoid, Tanh, Rectifier), XYPrune/@BUEELHITAFPIMEEE (FVIZBIFIZE
%/5) BBR, REBH T —EHSHL.
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AR A ST 20 0 R S P T A R K B R AT L E A . B 3T
o BB GRS KA MGRE, RIS GEIA) Prune J7 AR AN
Ho AR VAR B] RS B AR IR, BRE AR BT ORI 3R
RIBIAD RIEES, TR S 54 T IR AR ST/ Seft
SRR D ANE F U5 i, IX eSO RE S 5 (15 3 AT SE IR I R B R 6 7R X T it (4
SKRAT VA, JFERETRE A TSR R R ARLE R, Rk, TESRSER X SLIRAh
RAT THIEL 8T, IR TN IEE 1B, BEORE > AT EE U I T S R SE A AT
AR 2B T AR

2 LHHIESR
AHRI BT AR SR s (52D, FFEAT L Z A,
ARSI R P kaldi e (1w 204 4R
FAN AT T ERE, #dev3Fleval92ii A H 5 1 dev93->eval92 1 FF AT
G9F, WA RdevI3 _eval2¥idiEE. Bk, 7£ “kaldi/egs/wsj/sb/data” XK T,
Az plifbank RFAEJE . 12 HEECE R SUHE & AP I R Bt SR train_ si284  hires M1 G E0 4
ftest dev93 eval92 hires, PANSCARHFN:

/work7 /wangyanqging /kaldi/egs/wsj/sb/data/train si284 hires

/work? /wangyanqing /kaldi/egs /wsj /s5/data/test_dev03_eval92 hires
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3 LRIRE
AHB > NI A AR S AR 55 SR A B

S

—. SLIERIEE

ARSI BRI M A W 4% 1 K IE L E Mlinear  params (RN RTAUED
AT prunef/E F A M IMERER . F B AW KE 5, 1S, s
W 2% 3t 1T prune 5 BIZ AT FHMD; L2 0, XpE M4t {Tprune 5Lt
iTretrain (JFRI: refine, EEYIZK), FHEATMIS. FTH D HEEAT A,

1. pruning task without retraining

- {m |
Rz
[eomoar—rm | [ vumn || v |
#iTpruneRfE—r%2
R EAHREE L J (n=2) + EHRD ‘ + Result ‘
(x=1)
[emmoar=rm | [ xumn || e |
Pruning Task
Without Retrainin -
9 *"’fﬁ"“‘jﬁ'ﬁfﬁ*l + RS ‘ { Result ‘
#1Tprunetfff— %2
VIR 2 j (n=2) + EHED ‘ + Result ‘

(x=2)

{ itﬁprurzeiﬁ)—fi¥3 H BB H Result ‘

1RB

(1 HRINGYIEER (IR 9 5x=1,2,3...).

(2) FERYIAE BRI FE Al b AR BEAS 5] & 2E AT prunetf 7 CAS [F] i prune 58 1% 1)
Fn=1,2,3...), FEHHBAR A

(3) MBI A SO HEAT RS, 193 Result (wer).

2. pruning task with retraining

MIZE:
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#ATprunetftE—AR1
(n=1)

{ A ERD

2)

HATprunetftE—AR3
(n=3)

Ui o R { Retrain ‘ -| RS } { Result ‘
(x=1)
e RS { Retrain ‘ -| W } { Result ‘
Pruning Task
With Retrainin s
g e R { Retrain ‘ { AR } { Result ‘
s Pkt R { Retrain ‘ -| R } { Result ‘
(x=

-| T ERD

TiRE:

(1 HRINGYIEER (WA 9 5x=1,2,3...).

(2) FEFEAI AR ) B Al b AR A [R) SR M 3E AT prune#® A CAS [ (1 prune 5% B8 ¥ 2
Tn=1,2,3...), 1FEEHEA A

(3) HllZretrain.

(4) FI R AR S A AT RS, 19 FIResult (wer).

Z. prune/FE

ERSTRF, WE T ZFAR Gprunef F.  FRFERES, HFEMxT, TFEKn
I R 7] — )46 B R 1 S )y prune J7 %

1. Value Prune UEEELFR)

1.1 Abs Value Prune (Zi%H{E#57)

BB ARG, Hlinear params i FITAH 4aXHE /T %48 IBUE B A0,

1.2 Positive Value Prune CIE{H#:37)

WHE—IE(HB{E, #linear_params_ H A ZEXHE /N T8 10 IE{ERUE B0,
1.3 Negative Value Prune (fifE#:37)

BB UEBE A4S ED, Klinear params  H1 T 4axHE /N T %G 1 2
ERE B N0,

2. Pct Prune (JEEBEREEAER)

2.1 All-layer Pct Prune (£ /2 H 4> ba#ksT)

BEH L (%), WERBREMlinear params AT a1 FER1E:
e BrA IEE S, SN ATa% MUE 1 E H0;

WP FUE T, EHE RN T a% M B E N0,

Page 3 of 28



Wang

2.2 One-layer Pct Prune (HLJZETF 7 LbEED)
BWE AW %), XNE—IERMlinear params HE472.19 Frid (41,

4 XHRFSEW
AHR Gy EEAS AL EEAGE. F3oh, LA AP IR, 53w DA Brds
RIS R DL LS. Pl 200 25 A I B A D RERS T 1 — #E A e, 4E
AHR Iy PANE B A

—. Pruning Task Without Retraining
Y HxAE AR IR R A SR AT S, AR S50 1) XOAE T WA AN R (e
AFEHIBEOE . PIRE RS, R R 2 AR O R I — N 3

1. SeAiwsjHibaseline FI#IEER TIE

(1) FIH “kaldi/egs/wsj/s5/” T irun.shif 4T 5e default P47 1RI#6 73

(2) X} “data/test eval92 hires” F1 “data/test dev93 hires” ~ M % #& it
17 thank RFAEFIFR I, AT F AR :

/work7 /wangyanqing/kaldi/egs/wsj/s5/run_ feat.sh

(3) ¥ BRI ST R IO RSO G 9F (4% dev93, eval Q2R IF), JHUE 2 —
AHT S Jedata/test dev93  eval92  hires/ o

(4) B “data/trainsi284 hires”, FIF (2) F A lefIREE, 7EZSCAF
Je P FERES SAE & 1P Il Zitdnn. (nnet3) 77 BT SR s

2. AR IER

Page 4 of 28

ffi Fnnet3frun_tdnn.shfiAd (f2#: /work7/wangyanqing/kaldi/egs/wsj/s5/run_tdnn.sh)

Zktdnn iR, JERRE X% SH:

28 =2X

stage EIRENS, NIRRT ; ZIREN9, HARR
SCIRERES. SR LURIIRE NS

dir RNARE Nnnet tdnn_a x (xgLIEL23.. BRSNS E
BI3)

3. #{Tpruning taskBEZTE
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N T AE B A S5 SR LR A, FRATTE X B RR B — sl 4% LA,

(1) SERtdnn I ZRRIEIG(ESS 5, 78 “kaldi/egs/wsj/s5/exp/nnet3/” HiAE K T
“nnet_tdnn_a_template x” SCfFR. KR “nnettdnn_a_template” )

B NI CRED B4R “kaldi/egs/wsj/s5/exp/nnet3/nnet _tdnn_a_template x”
AR

(2) fF “kaldi/egs/wsj/s5/exp/nnet3/nnet _tdnn_a template x/” F, ¥ fiRid

AFF “decode tgpr...” #zhF|decode baseline LI T

(3) £ “kaldi/egs/wsj/s5/exp/nnet3/nnet _tdnn_a_template x/prune” T, #
I — 2 B ZMfinal mdI 3 F2 B Bllbaseline , FH 4y 44 final baseline.mdl,

(4) 7£ “kaldi/egs/wsj/s5/exp/nnet3/nnet tdnn_a_template x/prune/baseline”
T, #final baseline.mdl & #ill yIE —@EHI X (final v baseline.mdl.

(5) K S A (R xise B IR A 1R -

nnet tdnn a_ x/combine best wer.sh
nnet tdnn a_x/prune/run_several.sh
nnet tdnn a_ x/prune/run_several pct.sh

nnet tdnn a x/prune/sparse rate/combine sparse rate.sh

WEIER: AvimdTIF &N, ST NS (Ri1ux FISERRED:
:1,8s/nnet_tdnn_a_x/nnet _tdnn_a 1/g

(6) BitfE “kaldi/egs/wsj/s5/exp/nnet3/nnet tdnn_a_template x/final.mdl”
A% R B linear _params_ CREREFERE) B b AT 8L RIS THES RAE R A
SCA AR R B AT T

nnet tdnn a x/prune/prune template/prune.awk

nnet tdnn_a_x/prune/prune template/sparse rate layer.sh

nnet tdnn _a_x/prune/prune template/sparse rate total.awk

nnet tdnn a_ x/prune/prune template pct/prune.awk

nnet tdnn _a_x/prune/prune template pct/sparse rate layer.sh
nnet tdnn _a_x/prune/prune template pct/sparse rate total.awk

nnet tdnn a_x/prune/prune template pct/split.awk

(7) 1t “kaldi/egs/wsj/sh/exp/nnet3/nnet _tdnn_a_template x/prune” T, #frun_several.shfllrun_several p
i “run_tdnn  x.sh” Hx (SO 2 SE{H.
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(8) 7E “kaldi/egs/wsj/s5/” T, ¥run_tdnn_x.sh™'[Fstage SN, FNTE
ARG 2 S, RBEEEFHE, AHEREINGE R,

4. #HTpruneMMBBHIES CFRFZAEESREREE)
N ANF T A pruneAE 23 HIHAT BN, KIRN ST

(1) @R Value Prunefi 5 R (GERFE=EH) #iTprune:

@ 7E “kaldi/egs/wsj/sb/exp/nnet3/nnet tdnn_a template x/prune” T, ff
FHUN R i 24 iliprune ST %«

bash copy template.sh n
Hrr, n A NS .

@ NI “prune n” SCAFJE, 1B “strategy n” SO, TEUGUCEIAAH
SEIG M prunef AE I g  HART{n R

S 3N e.g.

EF—1SH WHBINE all, affinel
abs<0.1

EPSH SHE O<value<0.1
-0.1<value<0

@ BM A B T “prune.awk” XM, 7EMESZILARL LI i prunetfff. EAKTs
AR BELER AT E A — AT BUN R, SRR

@ALZREZO, @, @, FIHEZALE

® R [A_E—2% H 3% “kaldi/egs/wsj/s5/exp/nnet3 /nnet _tdnn_a_template x/prune”,
Brun_several.sh (] JLAN S 4L

Z¥ 2X
max__id SL5id (BIn) BORAIE
for x infEEBVED (FR) RREZHKid (Bn)

® 12{Trun_several.shBIA]

(2) tNRFKAAl-layer Pct Prunef A E GERE=E4) #{Tprune:
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@O £ “kaldi/egs/wsj/sb/exp/nnet3/nnet _tdnn_a_template x/prune” T, fi
FHANF Ay & A iliprune SO :

bash copy template pct.sh n

Horp, nf AN 5.

@ HEAWIAE R “prune n” SCHFIE, 1B “strategy n” UM, FESLUEEHANZH
S P prunef AR SRS, HARE LUnF -

2%

SX

e.g.
E—PSH WEINE all, affinel
EPSH pct pct
E=1T3H BE (RRE) all:40%

@ A EX T “find_pet.py” XfF, IR EARALL K prune #4F #1772

ERIfE. BT SO Hpct Z 4.
@ALZREZO. @, @), [FNHEZALE

Page 7 of 28

® IR [E E—2 H 3 “kaldi/egs/wsj/sb/exp/nnet3/nnet tdnn _a template x/prune”,
Efirun_several pct.shH I JLNSH:

ZH =X
max_id SK88id (Bn) BUERKIE

for x inGEBAIEBD (FMRL)

RRFPEHTLKId (Bn)

® i2{Trun_several pct.shBIA]

(3) IMRFAHOne-layer Pct PrunefI AR (GERE=#4) #iTprune:

@O f£ “kaldi/egs/wsj/sb/exp/nnet3/nnet _tdnn_a_template x/prune” T, fif
FHANR i 24 iliprune ST %«

bash copy template pct.sh n

Horpr, nfe AN g T

@ WAL “prune n” I, B “strategy n” S, fEHBEIAA
SEIG [ pruned (E I SERG .  HARE LR

2¥

E3Y e.g.
E—TSH BEHANZE all, affinel
BT SH pct pct

E=1T2H

E (REE)

affinel:40%
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@ BMHE HZE TR “prune.awk” SCHF, 7EILHEE T BEXTH— 2 21T pruned /F.
AR M2 Rt 2.

@ BeF A& N “find_pet.py” SCHF, fEBLBCE A HERIERE, RiAT7
T ABECUE I petE

® B F HX T “prune pct.sh” X, TEMWE A4 L RE, HAATr=0an
T B8P 1,2,3.. F1n_ 1,23, JAE 15, UL Nprune.awk & S 11345

© WMUZRERO-G, [ EEZ ALK
@R\l F—2 H3% “kaldi/egs/wsj/sb/exp/nnet3/nnet _tdnn_a_template x/prune”,
Efrun_several pct.shH I JLNSH:

2% ax
max_id Sk3id (Bn) BISALE
for x infGE@AVED (FMRL) KR EBBEIREGd (Bn)
121Trun_several pct.shEJHA]
5. BE%R

TEPATTEEH3 G, 1E “kaldi/egs/wsj/sb/exp/nnet3/nnet tdnn a template x/prune/result”
H3% T, “strategy”. “sparse rate”. “best wer” 4 i 3% T % A~ 4 ¥ prunef
W& prunefm & E MBI, DL R AR Fwer.
R TAET S Blexcel H it AT A BE, RIS AE T “result format” U, %R
B—ATX N T & — L0 fistrategy. sparse_rate. best werffI£5 5, R AR A
—AT A, R AT &N EBUE R X
result format™ [1—47:

all abs 0.04 29.7574 30.9761 28.1156 23.3632 31.0085 32.9020 33.8023 32.9039
8.64

AT BB

S 3N

all abs 0.04 SYETEE (all) HfTpruneifE; M Abs Prune/5&iH
{Tprune; 1REMNEIVER(EV0.04

20.7574 BMERIRRRIRE 929.7574%

30.9761 ... 32.9039 affinel, final-affine, affine2, affine3...affine6BVIEHRE DR
£30.9761%...32.9039%

8.64 RSBV IENRER V8.64%

Z\ Pruning Task With Retraining
FEBEAT BE AR S5 10, 208 T KaldifUeAURS, (E(EA0RABUE A EH. 515k, fEik
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PAHEKIAE “—. Pruning Task Without Retraining” =& 1357,

1. SEwsjHbaseline FIHE % TE
2% “—. Pruning Task Without Retraining” Ff#%J B 3545

2. NZVNIEIRE
2% “—. Pruning Task Without Retraining” HFJ%J B35 55

3. #{Tpruning taskAEZ TE

2% “—. Pruning Task Without Retraining” H %} Bifl45. 0] Hprune, ANEiY:

EREErun  several.shE{run _several pct.shH [AH G5 A) B ]

4. H#iTprunefFHBMES (IHZAEZERTE)
2% “—. Pruning Task Without Retraining” % M55

5. retrain

(D ¥ “prune_n” 3CAF & o B A4 e 1 B8 SC AR “final new.mdl” & il E
“nnet_tdnn_a_x” AFRT, JFEE A4 420.mdl

(2) A TR Tretrain, 7525461817 (run_tdonshH A KD train_ tdnn.shH
A2 0. mdLZ BT I8 4, BN T A Mlegs M. (k20 U EAERLIN HEAT — K,
Z A AN ED

(3) Hrun_tdnn.sh fistageZ Br i B oN20, TERESMAD A A, 247 E I
Do

(4 BINER —EREER ORI, ¥ HAE RN RE— A md 4
(4n40.mdl) FE A4 HMfinal.mdl

6. XFTHYIR BT R ARG
(1) Kfrun_tdnn.sh A Fistage 28 E N9 CRATHIY), FFigfT.

(2) f£ “nnet_tdnn_a_x” XHFRF, #HHldecode X I (decode tgpr...), TE
] DR BRI AR (wer)o fRAFEA G, WTLLEEAT F—SL58.

5 B RAER
AR, EEA A DIpruning task I E BRI o) BN, ThRE, B
JOEAERIE (R 5 X

— XN
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combine_best_wer.sh
new_decode_file.sh

decode_$n/
decode_baseline/ --- view_best_wer.sh
prune/ --- baseline/

--- prune_template/
--- sparse_rate.awk
--- sparse_rate_total.awk
--- sparse_rate_layer.sh
--- strategy
--- prune.awk
--- calc_sparse_rate_format.sh
--- prune_template_pct/
--- sparse_rate.awk
--- sparse_rate_total.awk
--- sparse_rate_layer.sh
--- strategy
--- prune.awk
--- splitawk
--- prune_pct.sh
--- count.py
--- find_pct.py
--- sparse_rate/
--- combine_sparse_rate.sh
-=- strategy/
--- combine.awk
--- combine.sh
--- results/
--- combine_format.sh
--- deal_best_wer.awk
--- deal_strategy.awk
--- copy_template.sh
--- copy_template_pct.sh
--- prune_5n/

= XHENE (LL “nnet_tdnn_a_template” N work directory)

Xt

#g0O/hee/3X

decode baseline/

T Ebaseline@Ydecode WA I
(decode tgpr dev93 eval92)

view best wer.sh

BEIZRINAIbest wer

combine best wer.sh

WIRIBERIN, & “nnet_tdnn_a x” THEAK
“best_wer” M, ZXHPIER T ZPRBHNER

(wer)

new decode file.sh

HRY “decode n” N, &SRR HIdecode 4T
BRIZXHEFRT

decode n/ FEM, MESBn LI BYdecode XK
baseline/ BipbaselineBImdIS {4
prune_n/ FEMN, REE—"Tprune SERAIRES, HEASIIZR

i)
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X

prune_template/

#O/IEE/SX
prune_ nBUIENR, AF1EBEFEValue Prunefo i
FTpruneBIESS

prune_template pct/

prune nBUENR, FBTF{EFEPct Prune/5=HTprunedy
%

sparse_rate .awk

#sparse_rate_layer.shi@fd. FmMINIEASEL:
start_lineflend line, {E4GME LASHBIRMT, &
T3 Pstart_line () Flend line () Zi8BIPT
BHZHEN0 898, FHIKItitEsparse_rate, Ff
DU A BB D BIE AN fsparse _rate

F0sparse_rate format

sparse_rate total.awk

#isparse rate layer.shiffl, TENHREIRESH:
is_lines to prune (¥niRlinear params  FTEERYFT
). HBELRSENRET, HEMBRNMEE
FHEFNHE, FHKILITEsparse_rate, FFRAFAD
AEBRDBIE A fFsparse _rate

F0sparse rate format

sparse_rate_ layer.sh

SEERNIIRESE: D start_lineflend line,
VA _ AR Dawk SUHHITIRIE, BRI MR
BN G —EHTsparse_ratefJiR{E,

strategy

1OREPEREBprune 52

prune _templatetP
89prune.awk

SHEHERNEBIRESH: is_lines_to prune, BIRSD
I Value Prune5Z2fprunei®fE, TJif%Rabs, positive,
negative =#Pprune/ 53, (ZMAIS), HINNEUEZ
#prune SINBVER

prune_template pct
H8prune.awk

SENHALIRESE: is_line_to_prune {1,2,3...};
FMINBEANBSE: BENIESE (p{1,23..}) 10
FEE (n{1,2,3..}). #prune pct.sh 18, BRIEE

ABIERSEX B —EiH Tprunel@{F

split.awk BENHEAIRESH:
is_line to prune {1,2,3..}, #prune pct.shiBFE.
RmdIXZ 8RR linear_params_ {R{5 N R IRBIHF
(layer{1,2,3...}), HEEEIE

count.py BBV MsplitawkEHlayer{1,2,3..}, FITEBE
Blinear params FOREHULERL

find_pct.py BAEMERNEIRESEL: pct (B

#prune pct.shi@fB. ZIRBIN “Pct Prune/5&” &
BB, HEISEBN SO NEERENERE,
RIZEHtrs

prune pct.sh

#Pct Prune 52, (J8F 3split.awk, find pct.py,
prune.awk) E{RSKIprunei@fE

strategy/

BIHE N SRI I prune/5 2

sparse_rate/

RS TRIE (BIANBER)) sparse_rate

results/

B8, GREZ XL strategy (prune HR),
sparse_rate, wer, RERLRERTtresult_format PJBY
SZERIN XVresult _format M TS

copy _template.sh

B Rprune template, HANIBRZAIprune  nIT{E
2, FBTF{EFValue Prune/ 5= Tprune 8915)
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Py s #O/IEE/SX
copy_template pct.sh| {EB&ERprune template pct, SRGHENBIprune nI{F
K, BTF{EBPct Prune/ 52 {TprunedViE)n

run_several.sh B8, BFHEFEAValue Prune 52— g2 S50,
BT miESprune nXHK 2 G, 1BIT57EG, BRY
frresults/ XKL TEE

run_several _pctsh | 88, AFESBEAPct Prune SR —THZ K
BT REGSprune_nNHR2 G, BiTREB, BRI
frresults/SHER NEE

= B
RIS SLie A, AR AASCA B e 1, H LSe35 e —H
RIS N SR NI Al EI

6 SKIRfEIR

—. Pruning Task Without Retraining

1. fi il Value Prune /7 %147 Prune

1.1 Abs Prune

S R an R JLAE oS i A, WoE 4a0HE BB #E T prune, Z JE 4 Tdecode -

BUG R AL HE
Pnorm input=2000; output=250
Sigmoid 2000
Sigmoid 1000
Tanh 2000
Tanh 1000
Rectifier 2000
Rectifier 1000

1.2 Positive Prune

S HMER T LS i E, W E positive thresholdi# 4T prune, Z J&#E4Tdecode.

BRI HE
Pnorm input=2000; output=250
Sigmoid 2000
Sigmoid 1000
Tanh 2000
Tanh 1000
Rectifier 2000
Rectifier 1000
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1.3 Negative Prune

Page 13 of 28

S g R JUAL BSOS BB, % negative threshold#E{Tprune, 2 J5#E{Tdecode

o

BUG R AL HE
Pnorm input=2000; output=250
Sigmoid 2000
Sigmoid 1000
Tanh 2000
Tanh 1000
Rectifier 2000
Rectifier 1000

2. i Pct Prune /i £t 17 Prune
2.1 7 pME A0 LA OS2, WOE — B (R H AR ) sparse_rate) i
1Fprune, Z Ja#t{Tdecode o

HOE RN H®HE
Pnorm input=2000; output=250
Sigmoid 2000

2.2 f8 20004 Sigmoid s R AL, X & 21T One-layer Pct PrunefffE (fR¥FH
JZRBLEE N —EE), ZJaiF T decode

Z\ Pruning Task With Retraining

1. {8 H Abs Prunei##{7Prune
3 A AR LA BOE R EG  WoE EHE A I T prune, < JG#E{Tretrain, )5

#H4Tdecode .

BUE EREL HE
Sigmoid 2000
Tanh 2000
Rectifier 2000

7 RRER

—\ Pruning Task Without Retraining

1. ZEEREUT, FHAbs Prune /s £33 17Prune
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1.1 Z%: Pnorm (input: 2000, output: 250), No Retraining

Table 1 Pnorm 2000/250 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer tgpr

17 all abs 0.01 35.7423 8.8600
10 all abs 0.05 26.6452 8.3260
30 all abs 0.0600 31.3210 8.5400
16 all abs 0.07 35.7423 8.8469
9 all abs 0.08 39.9287 10.4570
15 all abs 0.09 43.9048 25.1044
8 all abs 0.1000 47.6445 73.9055
7 all abs 0.1500 63.4790 99.9559

1.2 Z4#: Sigmoid (2000), No Retraining

Table 2 Sigmoid 2000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer tgpr

14 all abs 0.0100 13.1212 8.5200
5 all abs 0.0150 19.5313 8.6100
2 all abs 0.0200 25.7619 8.6800
8 all abs 0.0250 31.7763 8.7800
11 all abs 0.0300 37.5343 8.8100
23 all abs 0.0350 43.0024 8.9400
24 all abs 0.0400 48.1639 9.4500
1 all abs 0.0500 57.5236 62.6600
18 all abs 0.3500 99.8414 99.9600
19 all abs 0.4000 99.9035 99.9600

1.3 Z%(: Sigmoid (1000), No Retraining

Table 3 Sigmoid 1000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best_wer

1 all abs 0.0400 29.7574 8.64
4 all abs 0.0600 43.2075 8.78
7 all abs 0.0800 55.1066 12.08
13 all abs 0.1000 65.2604 86.94
9 all abs 0.1500 83.0400 100

1.4 Z%¥: Tanh (2000), No Retraining
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Table 4 Tanh 2000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer tgpr

10 all abs 0.0225 28.8587 8.9100
9 all abs 0.0250 31.8820 8.9600
8 all abs 0.0275 34.8477 8.9100
1 all abs 0.0300 37.7547 8.9700
4 all abs 0.0325 0.0000 8.9300
5 all abs 0.0350 43.3688 9.0200
6 all abs 0.0375 46.0694 9.1000
7 all abs 0.0400 48.6952 9.1900
31 all abs 0.0450 53.7199 9.4100
26 all abs 0.0500 58.4279 9.7100
23 all abs 0.0600 66.8432 14.9000
20 all abs 0.0800 79.7444 89.2000

1.5 Z%#{: Tanh (1000), No Retraining

Table 5 Tanh 1000 NoRetrain
group pruned layer pruning method pruning threshold sparse rate best wer

16 all abs 0.0800 62.2630 16.29
15 all abs 0.0900 67.4199 48.48
14 all abs 0.1000 71.9367 91.66
13 all abs 0.1700 90.3070 100

1.6 Z4: Rectifier (2000), No Retraining

Table 6 Rectifier 2000 NoRetrainp

group pruned layer pruning method pruning threshold sparse rate best wer tgpr

1 all abs 0.0600 53.8950 9.2000
2 all abs 0.0550 50.3026 9.0300
3 all abs 0.0650 57.2891 9.9400
4 all abs 0.0700 60.4945 11.0400

1.7 Z¥: Rectifier (1000), No Retraining

Table 7 Rectifier 1000 NoRetrain
group pruned layer pruning method pruning threshold sparse rate best wer

9 all abs 0.0700 46.8778 9.12
10 all abs 0.0800 52.3027 9.44
11 all abs 0.0900 57.3241 10.28
12 all abs 0.1000 61.9416 13.95
15 all abs 0.1200 69.9865 29.64

16 all abs 0.1400 76.5635 87.68
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2. FIIER BT, HE{TPositive Prune

2.1 Z%{: Pnorm (input: 2000, output: 250), NoRetraining

Table 8 Pnorm 2000/250 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer_tgpr

49 all + 0.0250 6.8878 8.2200
51 all + 0.0260 7.1543 8.2900
33 all + 0.0270 7.4196 8.3400
48 all + 0.0280 7.6838 8.3500
46 all + 0.0290 7.9459 8.5900
21 all + 0.0300 8.2089 8.9800
44 all + 0.0310 8.4679 9.9600
42 all + 0.0320 8.7283 13.2300
28 all + 0.0330 8.9857 23.5500
40 all + 0.0340 9.2408 43.4700
27 all + 0.0350 9.4953 71.0900
25 all + 0.0400 10.7511 100.0000
23 all + 0.0500 13.1516 100.0000

2.2 Z%1: Sigmoid (2000), NoRetraining

Table 9 Sigmoid 2000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer_tgpr

15 all + 0.0100 6.5478 8.8400
6 all + 0.0150 9.7336 9.4000
3 all + 0.0200 12.8286 10.9000
9 all + 0.0250 15.8069 13.1600
12 all + 0.0300 18.6544 16.6800
12 all + 0.0400 23.9105 79.7500

2.3 Z¥(: Sigmoid (1000), NoRetraining

Table 10 Sigmoid 1000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer

2 all + 0.0300 11.2540 9.4

5 all + 0.0600 21.4785 17.43
8 all + 0.0800 27.3353 76.76
12 all + 0.1000 32.3126 97.24

2.4 Z%{: Tanh (2000), NoRetraining
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Table 11 Tanh 2000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer tgpr

16 all + 0.0200 12.8974 8.8600
15 all + 0.0250 15.9457 8.8400
2 all + 0.0300 18.8816 8.9300
11 all + 0.0325 20.3036 8.9100
12 all + 0.0350 21.6870 8.9600
13 all + 0.0375 23.0355 9.1000
14 all + 0.0400 24.3497 9.7900
34 all + 0.0425 25.6267 21.2600
32 all + 0.0450 26.8625 48.7900
35 all + 0.0475 28.0606 78.2200
27 all + 0.0500 29.2173 91.9900
24 all + 0.0600 33.4265 96.5800
21 all + 0.0800 39.8751 96.6000

2.5 Z%{: Tanh (1000), NoRetraining

Table 12 Tanh 1000 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best_wer

1 all + 0.0500 21.4241 8.96
3 all + 0.0700 28.2121 9.69
7 all + 0.0900 33.7019 21.05
8 all + 0.1000 35.9603 67.08
9 all + 0.1100 37.9376 95.22
5 all + 0.1200 39.6462 95.3

2.6 Z%: Rectifier (2000), NoRetraining

Table 13 Rectifier 2000 NoRetrain
group pruned layer pruning method pruning threshold sparse rate best wer tgpr

13 all + 0.0400 18.4608 12.3200
15 all + 0.0450 20.4063 21.5300
16 all + 0.0500 22.2602 52.2600
5 all + 0.0550 24.0203 88.9100
17 all + 0.0550 24.0203 88.9100
6 all + 0.0600 25.6946 98.1500
7 all + 0.0650 27.2688 98.8300
8 all + 0.0700 28.7583 98.7600

2.7 Z%0: Rectifier (1000), NoRetraining
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Table 14 Rectifier 1000 NoRetrain

group pruned layer

1
7
2
3
13
17
18
19
20

3. BWIEREC T, 31T Negative Prune

3.1 Z%{: Pnorm (input: 2000; output: 250), NoRetraining

all
all
all
all
all
all
all
all
all

pruning method pruning threshold

+ 4+ + A+

Table 15 Pnorm 2000/250 NoRetrain

group pruned layer

50
52
34
47
22
45
43
29
39
26

3.2 Z4: Sigmoid (2000), NoRetraining

all
all
all
all
all
all
all
all
all
all

pruning method pruning threshold

Table 16 Sigmoid 2000 NoRetrain

group pruned layer

50
52
34
47
22
45
43
29
39
26

all
all
all
all
all
all
all
all
all
all

pruning method pruning threshold

0.0400
0.0450
0.0500
0.0600
0.0700
0.0900
0.1000
0.1100
0.1200

0.0250
0.0260
0.0270
0.0290
0.0300
0.0310
0.0320
0.0330
0.0350
0.0400

0.0250
0.0260
0.0270
0.0290
0.0300
0.0310
0.0320
0.0330
0.0350
0.0400

sparse _rate
13.1351
14.5843
15.9841
18.6663
21.1837
25.6778
27.6746
29.5020
31.1839

sparse rate
6.9676
7.2389
7.5109
8.0517
8.3229
8.56927
8.8645
9.1317
9.6597
10.9585

sparse rate
6.9676
7.2389
7.5109
8.0517
8.3229
8.5927
8.8645
9.1317
9.6597
10.9585
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best _wer
8.63
8.86
8.84
9.25
10.05
32.5400
82.8000
97.2500
99.3700

best _wer_tgpr
8.3000
8.3600
8.4700
8.6400
8.7300
9.2900
13.2300
15.2000
48.2800
100.0000

best _wer tgpr
8.3000
8.3600
8.4700
8.6400
8.7300
9.2900
13.2300
15.2000
48.2800
100.0000
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3.3 % Sigmoid (1000), NoRetraining

Table 17 Sigmoid 1000 NoRetrain

group pruned layer pruning method

3 all -
10 all -
11 all -
6 all -

3.4 Z%(: Tanh (2000), NoRetraining

Table 18 Tanh 2000 NoRetrain

group pruned layer pruning method

19 all -
18 all -
3 all -
17 all -
36 all -
33 all -
37 all -
28 all -
25 all -

3.5 Z%(: Tanh (1000), NoRetraining

Table 19 Tanh 1000 NoRetrain

group pruned layer pruning method

2 all -
4 all -
10 all -
11 all -
12 all -
6 all -

3.6 Z%: Rectifier (2000), NoRetraining

Table 20 Rectifier 2000 NoRetrain

group pruned layer pruning method

14 all -
18 all -
19 all -

9 all -

pruning threshold
0.0200
0.0300
0.0400
0.0600

pruning threshold
0.0200
0.0250
0.0300
0.0350
0.0425
0.0450
0.0475
0.0500
0.0600

pruning threshold
0.0500
0.0700
0.0900
0.1000
0.1100
0.1200

pruning threshold
0.0400
0.0450
0.0500
0.0550

sparse _rate
7.6134
11.3288
14.9444
21.7289

sparse _rate
12.8905
15.9363
18.8731
21.6818
25.6222
26.8574
28.0563
29.2105
33.4167

sparse _rate
21.4451
28.2322
33.7180
35.9765
37.9535
39.6580

sparse _rate
19.9364
22.1456
24.2652
26.2822
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best wer
8.6
24.5
100
100

best_wer _tgpr
8.9300
8.9600
9.0100
9.1200
28.8800
76.8700
94.6500
96.1200
98.9100

best_wer
8.97
9.07
19.63
84.95
96.51
98.36

best_wer _tgpr
87.0300
99.9700
100.0000
100.0000
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3.7 Z%1: Rectifier (1000), NoRetraining

Table 21 Rectifier 1000 NoRetrain
group pruned layer pruning method pruning threshold sparse rate best_wer

4 all - 0.0400 15.2215 8.99
8 all - 0.0450 17.0668 10.83
5 all - 0.0500 18.8706 14.6
23 all - 0.0550 20.6407 29.5600
6 all - 0.0600 22.3810 91.52
21 all - 0.0600 22.3810 91.5200
14 all - 0.0700 25.6941 100

4. BWOERECT, 317 All-layer Pct Prune

4.1 Z¥: Pnorm (input: 2000; output: 250), NoRetraining

Table 22 Pnorm 2000/250 NoRetrain

group pruned layer pruning method pruning threshold sparse rate best wer tgpr

55 all pct 0.1000 10.0000 8.4000
58 all pct 0.1300 13.0000 8.4200
54 all pct 0.1500 15.0000 8.3500
56 all pct 0.1700 17.0000 8.3700
57 all pct 0.1800 18.0000 8.3500
53 all pct 0.2000 20.0000 8.3300
59 all pct 0.2200 22.0000 8.4000
60 all pct 0.2600 26.0000 8.5900
61 all pct 0.2665 26.6500 8.6300
63 all pct 0.3000 30.0000 9.0400
62 all pct 0.3993 39.9300 18.8700

4.2 Z¥: Sigmoid (2000), NoRetraining

Table 23 Sigmoid 2000 NoRetrain

group pruned layer pruning method Pruning threshold sparse rate best wer tgpr

22 all pct 0.3500 35.0000 9.0400
17 all pct 0.4000 40.0000 9.4500
20 all pct 0.4500 45.0000 10.2000
21 all pct 0.5000 50.0000 12.1400

5. 18 F20004ESigmoid B EE IS B, X BLZ #E47 One-layer Pct Prunef{E
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PrunesRHg BENMEANBHRE | wer

affinelBOMIRE : 70% 1.8274 9.07
affine2B0MIRE : 70% 10.1523 67.77
affine3NMEHRE : 70% 10.1523 9.5

affinedBEHE : 70% 10.1523 8.91
affinebBURBIRE : 70% 10.1523 8.52
affine6BURIRE : 70% 10.1523 8.83
final-affineBMBMRE : 70% 17.4112 21.32

Z\ Pruning Task With Retraining
1. WIS RECT, #E1T Abs Prune
TEWL “SRIRZEIR” ER e 07 #ar A R

8 LWESIL

— HEEIGIFE. AEN TR NIEE

EXH, Bt =F4EmE (Abs Prune, Positive Prune, Negative Prune) *fF
FRTY (1 M R

IO R T 1R

P DLUR & B s nURMERA R, (AR RN A, W SO P 2R
TERAEBAR T O, T2,

1. #£RE

1.1 Pnorm 2000,/250

Pnorm - input 2000 & output 250
120.00
100.00
80.00
—8—abs
60.00 | —8— positive
negative
40.00
20.00

0.00
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16

1.2 Sigmoid 2000

Page 21 of 28
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Sigmoid - 2000

120.0000 -
100.0000 -
80.0000 -

§ 60.0000 - —o—abs

—@—positive

40.0000 - .
—@—negative

20.0000 -

- o— —
0.0000 : . .
0.0070 0.0170 0.0270 0.0370

threshold

1.3 Sigmoid 1000

Sigmoid - 1000
120
100
80

60 —8—abs

wer

20 —@—positive

—@—negative
20

0.0000 0.0500 0.1000 0.1500 0.2000
threshold

1.4 Tanh 2000
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Tanh - 2000
140.0000
120.0000
100.0000

80.0000
—@—abs

wer

60.0000 o
—@— positive

400000 —@—negative

20.0000

0.0000
0.0000 0.0200 0.0400 0.0600 0.0800 0.1000

threshold

1.5 Tanh 1000

Tanh - 1000

120 +
100
80 4

60 —e—abs
—8— positive
—8—negative

wer

40 -

20 4

0 1 1 r i
0.0000 0.0500 0.1000 0.1500 0.2000

threshold

1.6 Rectifier 2000
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Rectifier - 2000

120.0000
100.0000 ~—e—e
80.0000

g 60.0000 —e—abs

e —&— positive

—@—negative
20.0000

3
0.0000

0.0000 0.0200 0.0400 0.0600 0.0800
threshold

1.7 Rectifier 1000

Rectifier - 1000

120

100

80

60

wer

—@—abs

40 —8—positive

—@—negative
20

0.0000 0.0500 0.1000 0.1500
threshold

2. SLINLER

2.1 W IEGERXIFRME

JUF T S8R W], A Abs Prunef#AE AU AT A4S 2 JLF-Pi 4 T Positive/Negative
PrunefI#G gt 5, 117 H 7] AA3 24 T Positive Prune/Nagative PrunefJwer{f. 54k,
M B 25 B Ay W LLANTE,  [R]— AN 20 DX TR] P AR I BRI SR 1 A .
XIS RBEER L, (EXHEARIFK)) Positive value AMNegative value g+ H ¢ B
(0, FRATTATDAAE I X ARt B s - 0 28 i PE e A IR R S, B3kl A
{7 Positive PrunesNegative PruneKMEIA [ XTI FRVERS, P28 f P R SUR R B
BN VE R, AR i —H G5, B B350 B ETE GBS R 2
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J910004ETanh).  FATRT LA I, 3 Fofr [0 45 () 00 FR 2k 5 000 2% 1R TR AR/ 45 /98 B2 /9
T BRI BUE A AR B XA R Tt — B BRI

2.2 MEHIEEX FREFF ML

JUF T SE36 R W, 75 BT B0 E IR 1) 4 Xt AR [F] A5 B0 R, Positive Pruneff] #
{E FiNegative Prunefd 2| 7 AHIT () # B &, {H {8 FPositive Prune {145 /E 7] LA1§
#| teNegative Prune B 4f ffiwer. FATAILASE M, Negative valuefE P 4% iy i &
[k Positive value S hy 5 BT A {1,

B 2ZER, R AE F PnormB0E B AL, SR RS8R, FATATLUFN, XA
S5V TS BB & — e R AR, XA T — 2P R A

= BEMNRENEIIEE

TEXE 4, Xtaffinel,affine2...affine6,final-affine 4 7 47 ¥ 2 ) Prune i {F, &
RS H IR 1) R N B (T0%). IRFTE R EMEE — BT, X
JE AT Pruness i KR B 1 SIS 4 g
1. LR
1.1 SEE 4L
PG R Sigmoid (20004 ).

Retrain: No
1.2 4551
P IR i — A RSy AN T

PruneZR g BMIUNBRE | wer
affinelMEHE : 70% 1.8274 9.07
affine2BIMGIRE : 70% 10.1523 67.77
affine3MEHME : 70% 10.1523 9.5

affined OMIRE : 70% 10.1523 8.91
affineSBUMIRE : 70% 10.1523 8.52
affine6BIEHE : 70% 10.1523 8.83
final-affineBOMRIRE : 70% 17.4112 21.32

2. KILIL

L SRR RS ) AT Prunet®AE,  HARFF B Z MG — B0, Xfaffine2t
17 PruneXt T ALK 1 GE 2 A 5K, HLIX AR 2 0 AN W] VA BT Prunedst (B 2 (1 7
(A xtafine2dt {7 prunefi, AR Ksparse rateFfAmED. HILE HAIH
i AR, affine2dH LG T HoAth JUJZ, #7376 50 58 22 1) £ e
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BRSBTS AN R GERE (RS0 R B A RN, S e Prune ) 11 70 L B AEL

------ ) AT R RE

=. ¥fttValue PrunefiPct Prune@ A3
1. XFEEFRAE

1.1 Pnorm 2000/250

abs V.S. pct

120.0000
100.0000
80.0000

2 60.0000
—8—abs

40,0000 et

20.0000

0.0000
0.0000 10.0000 20.0000 30.0000 40.0000 50.0000 60.0000 70.0000

sparse_rate

1.2 Sigmoid 2000

Sigmoid 2000
13.0000
12.0000
11.0000

_ 10.0000

9.0000 _‘__.__/ —e—pct

8.0000 —8—abs

we

7.0000

6.0000
30.0000  35.0000 40.0000  45.0000 50.0000 55.0000

sparse_rate

2. SEIGZEIR

H a5t £ ZR & Abs Prune) 7 %. HEAN NN, Pct Prunel J7 &4

X & Z BN ST Prune)s 5 G2 RIM B L — 20,
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£ LR AMBEIERET, SR 0EAFRT: EPnormi i K 4 T, Abs
PruneffI U R A+ (HESigmoid & R T, Pt Prunef) 250U B ££.

M. SfttRetrainfi/aRutER4E4E
1. HHXER
1.1 Sigmoid 2000

Table 24 Sigmoid 2000

group pruned layer pruning method tr sparse rate ] wer )
no retrain  after retrain
1 all abs 0.0500 57.5236 62.66 8.9000
32 all abs 0.1000 86.3390 100.00 9.5200
34 all abs 0.1300 93.4277 100.00 10.3300
35 all abs 0.1500 95.9358 100.00 11.2600
36 all abs 0.1700 97.4409 100.00 13.3700
37 all abs 0.2000 98.6525 100.00 31.8000
38 all abs 0.2200 99.0829 100.00 41.4600
18 all abs 0.3500 09.8414 99.96 96.1600

1.2 Tanh 2000

Table 25 Tanh 2000

pruned layer pruning method tr sparse rate ) wer .
no retrain after retrain
all abs 0.1500 96.8415 100 14.13
all abs 0.1700 97.9992 100 17.55
all abs 0.2000 98.8709 100 67.68
all abs 0.2200 99.1798 100 96.38
all abs 0.2400 99.3840 100 96.26
all abs 0.1400 95.9457 100 96.72

1.3 Rectifier 2000

Table 26 Rectifier 2000

pruned layer pruning method tr sparse rate ) wer .
no retrain  after retrain
all abs 0.1500 89.9823 100.0000 9.4200
all abs 0.1700 92.9586 100.0000 10.1100
2. iR

fEretrainZ J&, A8 FPEGEAH B Fretrainz §T £5 2 KIE T+, HSigmoid (2000)
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VERNWOE KB, AT B B 9T %I T REAS B AT A2 I A5 2R (wer).
A FHAS R 305 BRI S retrainZ J& fOBER PR RERIIA —. ANIR] 30 bR L ]
SN R AR (Bllretrain 2 Ja AL XA A5 T2E— 2 IR TE.

9 M—HAIIE

1. ffi Fretrain J&5 IR0 “SEEGZ510 7 #oprhi) «—7 “ =7 “ =7 iR 2k
AT UHIES

2. XfpruneF ML AL () IEHE (Brpruneds {E) HHATRENLYIUG I, retrain J& ik
fTdecode. TRITIELIY S 1) 5 150 U 1) = 2
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