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Abstract

This paper describes the study of parameter reduction and structural analysis in Recurrent
Neural Networks (RNNs). RNN has a recursive structure inside and can process time series
data, however, the calculation cost and memory usage often become problems due to unrolling
input time steps of RNNs in the learning. For Simple RNN which is a basic structure among
RNNS, it is difficult to learn long-term time series data due to the vanishing gradient problem,
exploding gradients problem, etc. Because of this, the RNN actually used are gated RNNs
such as Long Short-Term Memory (LSTM) or Gated Recurrent Unit (GRU). These gated
RNNs have multiple gate structures and matrix weight parameters for each gate structure,
which further increases the calculation cost and memory usage, and often results in the
inability to learn in a realistic amount of time or to train due to out of memory. In recent years,
RNN has been tried to be applied to large-scale datasets, and solving the problems of
calculation cost and memory usage is becoming more important. Therefore, the purpose of
this study is to focus on the problems of calculation cost and memory usage in RNN, and to
construct a more efficient RNN structures with reduced parameters. Accordingly, this paper
consists of the following three researches on the construction, structural analysis, and
evaluation of RNN models with low calculation cost and memory usage, which were carried

out to reduce RNN parameters.

Study 1: Four types of RNN (Simple Gated RNN: SGR) using conventional gate structures
was constructed, and it was attempted to reduce parameters without degrading performance
from conventional gated RNNs such as LSTM and GRU. We compared the performance of
SGR with that of LSTM and GRU by translating from English to Japanese in a machine
translation task. As a result, some of the constructed SGRs showed better machine translation
scores than the conventional LSTM and GRU. However, the machine translation scores of
SGRs in the case of multi-layering does not improve as we expected, and the relatively large
number of units is required for the scores of SGR to exceed the score of GRU. Therefore, it
was not able to reduce the parameters significantly. In order to solve this problem and further
reduce the parameters, it is necessary to consider the function of the gate structure and
examine the gate structure itself.

Study 2: From the results and considerations of the experiments in study 1, in order to further
reduce the RNN parameters, we focused on the scaling feature which is the advantages of the
gate structure, changed the matrix weight parameter and conventional sigmoid function of
the gate to a scalar value and sech function, which have not been used in the gate in the past,

and constructed a novel gate structure with fewer parameters. Then, keeping in mind the
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vanishing gradient problem and the degradation problem, a new RNN with fewer parameters
was constructed by inserting this newly gate structure composed of sech function and a scalar
value into a structure of the RNN based on the shortcut connection. Here, four types of new
RNNs were constructed in consideration of the presence or absence of the matrix weight
parameters for hidden state and the position of the output activation function. In performance
evaluation experiments, these four types of RNNs were evaluated using two natural language
processing tasks with different properties, which are a language modeling task using
WikiText-2 and a binary classification task using IMDB, and compared with LSTM and GRU.
As a result, in the case of the language modeling task using WikiText-2, our RNN model was
inferior to LSTM and GRU even if it was multi-layered, however, in the case of the binary
classification task using IMDB, the accuracy was about the same as LSTM and GRU with the
parameters were 1/6 or less. Therefore, the experimental results showed that the parameters
can be reduced by improving the gate structure. In addition, it is assumed that it will be
possible to improve the performance of the language modeling task by alleviating the
vanishing gradient problem at the time of RNN model output, which was found by analyzing
the sech gate structure. Further studies are required on the selection of the output activation
function and the structure at the time of multi-layering.

Study 3: In order to further investigate the performance of RNNs constructed in study 2 with
a gate structure using sech function and a scalar value in tasks other than natural language
processing, we set the Parkinson's Disease (PD) detection task as an applied medical
information processing task that includes elements of time series data processing and image
processing. Here, in PD detection task, among the RNNs that have gate using the sech
function and a scalar value, the RNN with the best performance in the binary classification
task in study 2 was called RNN-SH, this RNN-SH was used, and further verification was
carried out. In the detection of PD, we focused on the motor disorder dysarthria of PD
patients, divided the voice of PD patients into specific sections, and converted they into two-
dimensional recurrence plot images. After that, we classified the RP images by the PD
detection model using CNN and RNN. In the experiment, regarding the PD detection, we
compared the performance of RNN-SH with that of the conventional gated RNN and
examined the performance when the output activation function was changed from tanh
function to relu function. As a result, statistically significant difference was not found in the
accuracy of each PD detection model between RNN-SH with tanh and conventional LSTM
and GRU. However, despite the small differences of the accuracy, the parameter amount of
the PD detection model using RNN-SH is less than 1/3 of that using the GRU, and it was
suggested that RNN-SH can be applied not only to natural language processing but also to

tasks such as time series data processing and image processing. On the other hand, the PD



detection accuracy in multi-layering of RNN-SH, which was the problem in study 2, could not
be improved even when using the relu function, which is an activation function that plays an
important role in multi-layering. From this result of relu, it is necessary to further examine
the parameter initialization and normalization methods, and to conduct a more detailed
analysis. The PD detection accuracy was around 70% and did not reach a practical accuracy
throughout the experiment. This causes may be due to the size of the dataset, the choice of
suitable voice for PD detection, the time interval for generating RP images, the size of the RP
images, or the structure of the CNN in the PD detection model may not have been optimal.
Therefore, we consider that the accuracy can be further improved by optimizing them. We
will plan to improve the accuracy of PD detection through detailed analysis and study of above

points that need to be improved.

This paper is composed of 6 chapters, and the outline is as follows.

In Chapter 1, the background of this study was described regarding the complicated design
concept of neural networks and the constraints of computational resources in recent years,
and the importance of study of reducing RNN parameters is explained.

In Chapter 2, I describe the basic structures and features of conventional RNNs used in this
study, and explain the main RNN models in detail. I also explain the problems and the number
of parameters in each RNN model and describe the significance of this study.

Chapter 3 describes the contents of study 1, which is the structure of the new RNN models
incorporating the existing gate structure, the outline of the performance evaluation
experiment in the machine translation task, and the result of the experiment.

Chapter 4 describes, as the contents of study 2, the structure of the novel RNN models based
on the shortcut connection, which has a gate structure with few parameters using a new sech
function and a scalar value. I also describe the outline of the performance evaluation
experiments in the language modeling task using WikiText-2 and the binary classification task
using IMDB, which are two natural language processing tasks with different properties, and
the results of the experiments.

Chapter 5 describes, regarding the contents of study 3, the outline of the PD detection task
using the recurrence plot and the performance evaluation experiment in the PD detection
task. Here, among the RNNs with gates using the sech function and a scalar value constructed
in study 2, one of the RNN with the best performance in the binary classification task using
IMDB was used. Then, the results of the experiment and the points and prospects to be
improved in the PD detection task using the recurrence plot are explained.

In conclusion, Chapter 6 summarizes the results obtained in each chapter, the conclusions

of this study, and future issues and prospects.
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25 Gated Recurrent Units (GRU)M¢H %3, GRUTIE YV &y h 7 —FEEHFTT—F &S
22007 —MEEEMCTHEL SN EREZHIHT 2729, LSTM @ 3/4 8T X —%
BETHY, LSTM LW dEtHEa A P - A2 VHEHENKEINZMHEEL oTwd, Lo L
Simple RNN & WL L 72855 DX A =2 B335 THE T Lo, GIHEHa A - ATVl
FEIIRA L LCE L, F7- GRU IZHEEM I FIME MR 720, FEECETEEIC X
5> TIELSTM & 0 dHITHEIEL 22560352 EORERLEH 5.

L7z23o7C, FRto Z 226 RNN OFtEa X b R A€ ) fiHEOHRIZIER IcEE T
HY, KT =22y b~OHHbTONEHFTDRNN ET LD T X —2HH%H
FIMAERRIKRE V., ZoTEREEE X XEICEWTRIFFEOHMICOWTEHIHT 3.

1.2 FIROBER EBE

RNN €7 MCEWTT — MEED T A =213 50 2 EHEIIEFICRKE WA, LEp<
TA—ZOEINL, ETNADOBEFEE G ERILZVBITZEHLL L2 35720, Kka]
RERIRY XN ZRETH B, X7 X — 2 DHIIIL, SHEEFRORO N-BEEIcE T 3=
2—=INF Y FT =2 EFADMAICE T, LHNARM»SIEFICEETHLLEZD
N3, LEzR->TAIFETII RNN iz o b oicEHL, ftEax b - X2V HED
Bl 58T X — X DHIB M OREERRIT 2175 2 L 2 B E 3 5. £ 2 THEkD RNN % 5
<, WEEx XD EEL L 728727 RNN €7 A% L T A — 2 2 HIT 2. 2o L Cf
L 7z RNN OPEREIC D W CRFEREZ A 72 28R/1C X D kB RNN & F - REAEZ 1TV,
FU A G LR T 5. UFICARGRL DB B HFENE & EROBE K U5 5 h -5 5R
ICOWTHERICHE RS .

WF7E 1 & LT, kM7 — Mg x v 72 4 FED RNN #6551, MhREx B L T2
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A NTRA—=ZEHIRT 2 2 & ilAhd, HEEL - 45O RNN (Simple Gated RNN:
SGR)IZX L T, AW REREZ R OB 2 X 7 1< BT 2 5550 b HARGE~OFFIC X
h, LSTM & GRU & OUREHISEER 21T o 72, Z DFEHE L LT, L 72—E8D SGR 28
fitsko LSTM % GRU X W ENHEWFIR A 2 7 2R L7z, 20— 7T, SGR%%ELL
72355 OBMEIRR 2 2 7 o FIZFRE Y Tl <, SGR DEMEIR 2 2728 GRU @ 2
a7 % bR 27T KRE 2=y PR EL D, KRIFICXT A — X 2 HI T
LICEEL Do Tz,

7E2 L LC, RNNICETE 7 A X% FHICHIKT 5720, 77— MEEofEcd s
EHREEDO A7 — ) v ZBREEICEH L, T ZRBLE 20 7 — FEEDOfTHE AN T A —
REANT—HICEET S, $2NCEoTH — MBED R — ) v FHEREDME) A 71 <
725 AHEME RIS E 2, kD7 — MEEICH W b N B iETELEIECCH B sigmoid B E, Tt
KHWOLNTZ D o7z sech BABUCE X2 7237 XA =2 DL nwg — MMEE
DOHEEEITo 72, % L CHRHARESS degradation A STHICEE, FTL SHEL /-
sechBHEL L 2 h T —{HIC X Y Wi X 7= %7 — F Hii& % shortcut connection % #£1C L 72 RNN
DEAREICHFAST BT, N7 A =2 DI EF IRV L RNN % 4 R L 72, C
D 4 D RNN 2w, WikiText-2 ZFHW/AFEET Vv 72227 & IMDB %7z
2MENFA A7 L WS HHE DR 2 2 ODOARSFHENIE X X 7 2 Wi L, ko7
— F %2 $#2 LSTM < GRU & OMREFEMEER 21T - 7. Z OfEHE, WikiText-2 #H W72 5
EEFY VAR TIER, %ELLTh B LSTM £ GRU K4 385> TLEo 7
25, IMDB % w7z 2 {5 EL R 2 DBETIE, ST A=2RB 16 LT huniansdd
LSTM % GRU ICPEHtd 2 KL & 70 - 7=,

g2 3 & LC, W92 2 THESE L 72 RNN I D W T HAS UL D & 2 71 351F 2 Mg
B L CHE A ZRET 21T S 720, KiRAT — 2 LRI D B3R % & U 0 7 B
[HALIERE L L C¥—F vV Vi (Parkinson’s Disease: PD)MiHH 2 2 7 3 E L 7=, 2D
PD i 2 2 7 Clx, WFFE2 D 2L 2 27 1B\ Tt b TEBED HB 2> - 72 RNN % RNN-
SH L WEFRL, Z@ RNN-SH % CHICHGEEZ D 72, 7k e LT, PD ¥ o
BlEEEEREECERHL, PD BFOEF 2R EXMICAEI L 2d0% 2 X0 AL v R
Z'a oy FERICEH %, CNN & RNN ZHw72 PD e T vic k i d %, EETlt
PD BHREEE % T, LSTM % GRU & of:gettigse, HIHHELBEI% % tanh 225 relu
BABUC AT L 72 56 OMREDOMGT 21T 5 72, % OFER, tanh % HIIEMHACBABUC V7285
£ D RNN-SH &k LSTM, GRU %{HF L 724 PD #iii€ 7 v DA ICEREZE 12 H £
D7, MEHOER RS b A o7z, LA LA S, RNN-SH ZH\w7z PD kit
TNADRT X =281 GRU 272860 1/3 IFTd H, RNN-SH 2HASELE D
Al bd, FRRYT — Z IR HRIE 7 S D 2 X 7 ICH ICHRJRETH 5 2 L BRI
LAERPME O N, T, MR 2 I WL 72 - 72 RNN-SH o % J@{bic 1) 2 15
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] i, 2R Ic EE R E %2 572 TIEHE LB T H % relu B W 72356 C b HIRE
ExrmE b€ LI TES, N7 A 2oL IERULIEZBET L, XV ErllZ2iiE %
179 RED D HFEHR L e o7z,

—feric, fREMRT —FFE RNN TH 25 LSTM Tix, EWOMKFRRR, M i KB
B OB DT — 2 2 v M ICE T KR 7 — 2 UEIC B W TR R W L T i,
GRU T, R - REIAOMKAFELR, I ONC HUBHY KBS 78 & D 2> & /NEBIRE ©
T—2%ty b ETIETIRRIT — LU THEREARWE AN, b rihE
A, RIFEIZR O N5 REEHO S & THEREEE coT -2y F 2RI HHED XX
JICEBF BT A=ZHICN L TV HODDTH B,

1.3 BEHAR EAMROESR

KIFE DBEMZEIC B % 7 — F #FF> RNN ofiiiciz, MUTB% Minimal Gated
Units (MGU)®), Simple Recurrent Units (SRU)"017z &d RNN 236 %. Zi#H D RNN ©
X, 77— MEEZEO T, 50T — MEEDITIESANTRA =R BRI P VICEET S
RELTLSTM ° GRU X Y bt a2 F #HIKL, X VRN REEEEREL T» 5,
BAKRI2 12 MUT ® MGU 13 Eic GRU R—2of#EEcdH b, MUT Tld7 — FEEoE A
NI A =2 %YL, MGU Tl GRU Ik T3 22007 — MEd&ExBICL T YT A —%
ZHIIE L T3, £7/2SRUIZLSTM MU GRU Ofif#_R—R & L-k )it koT
BY, Y= MESEOTIELZ T A -2 %27 PVICEREL, 77— 2822 LSTM X
D7 — MR D IR o T 0B, LA LAaMRS, MUT % SRU CIIERO 7 — MEER S
N = PCBFIEBOT X~ —VERRBEICERD L h s, WRNEIREI A - X2
EHERE,. T2 GRUTE Yy b7 —FEeBEHFTIT—F L0 22007 - 2FioTH
D, HHEMIC) 2y b7 — b OFHREELICT 5 T b Th X IVIREB 1T 3 2 EALT
WaFHHTE R WEYEH 5720, —fECTEATIIZFHE TEF, LSTM © SRU & H~XT
WHEIMEL o TLE D LW I ERAH L. MUT £ MGU TiZ GRU Z_X—2 & LT
Wb 7®, [ X ICFIEME 2 & TEITRHZARS 2 ) LT HERSERI AT
2. AR 1icE T 27 — MEEZ 72 RNN offfifbci, BEhIREEICH L CER T
A —Z % F7= 70 Simple RNN icxf L, LSTM % L < 1Z GRU @4 — & 20 A A7
RNN ZHE4 2 2 & THT XA =2 %HIET 5. Fricr — b2 o o)1 % v 2 SR I
XYV 7 =1 EMHEZITY GRUDEH 7 — b DA ZHALZ RNN £7LTlE, 7 — b S
12O e ORDANTA=ZHIBFELY DETANT A= 03D7 CFERH,
S a2 b - EITEEM O MW THEA 2 OWHIME D En -0 EE S X ) B cEmEs
D&7%. MUT % SRU e & oftto 7 — M ff &% RNN LA 1 oltik2R L7777 %
1.1 TR,



LSTM GRU Simple RNN

L

SRU MUT MGU NG A

T—hDHE T—hrONRTA—=2% 7—roHE Simple RNNIZ
il NOVA S S8l % HIR iy T—hEEYAS
i

e RS X—ah bzl
BT HHIEAEL B TN DBL

7— MMIERNNZ Bi59

\\/

X 1.1 i % — b ff % RNN & A% 1 D g

—J7 T, 7 — M HE RNN L 3Blo7 7o —FFike LT, BRUEICE W TRE X
#L7= shortcut connection!” X 0 F4H %157 RNN & D 7#7E L T\ 5. shortcut connection
i, EEFEICECTEREZ 2 ICONMERESIEITHICR > T L 9 &) degradation [
EERRTR_RCEAINAFEETH Y, shortcut connection 1ZEFFEDE Z & i, FHEEIC X
2R AT OMEIC R L & I R X 1L 5 B e fi& % 52, Z @ shortcut connection
2 6 E5 #1572 RNN OB EFZE 1213 Residual RNN (Res-RNN)[111%> Independently RNN
(IndRNN) 12172 & 238 %3, 235 d RNN TiE, shortcut connection & \» 9 HiffiZfiiEo
ICHERL S, R 2 X P 23R4 70> RNN 23R ¢ & 28| d 5. Lo L, H
Wi REGE 7S T OB ER T 5 2 & 1T L /2%, Res-RNNHIUG T shortcut connection Hi
MOMLE TR, THERANT X =Z 227 — MEELEHT 5 2 & CHREZMHERL
TEY, St X MR EPMEE 5. 72 IndRNN2CIX, HIREAZXZ FLICKH
L, batch normalization!™ & \» 5 IEHULFE L DA G D IC X DV HREZTER L T 5. &
@ IndRNN T, batch normalization 255y F % 4 XIIKEFEL CIEH L ZITS 2 & 205,
HA R LT — Z Ik 3 HRENE D Tld 7 <, M2 T batch normalization ® RNN K& T
DFAIE I XA T ICEZBRENRD D720, A2 A7 ICECCHE—ICHERHT
BT EHEEL W, AWE 2 ICB T B sech B E W72 7 — FMEEIC X 557 A — ZHIIRT
X, 77— MEEIC BT 2 RUVREDO R T — ) v ZBRBBICEH L, 7 — MEEOFI R ZEL L
BHELL, JERAWONTZ b o7z sech I e 2Ah 7 —flix Fl\ 7287 A — 2 DIERIC
YhHT LW — MG KT 5. £ 0 L CHBLEKRME L degradation [ E % RFHICE
%, shortcut connection % %:1C L 72 RNN D REAREEIC sech BIE e 24 7 — %2 FH 7287
LWy — ME&EZFAT S 2L T RNN £E7VEEKT 2 & 05 lH OGN T 7'e —F
WX DT 2 —=2DHp7 v RNN 283 2%, O RNN G ICIBRR7ZEEIEIC BT 5 &
DRNN TV X D DETAANT X =203, 7F— MEER MDD 27 7 —fli% v
27207 — MEGEOEIT DRSS CTH 5. FHAMIEIZIERLTFiEZ LI fikfee 37, ZiRICfE
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Ak EHREREEZ HIET b0 Th h, 7 — PG ICH W 3 IEHALEIE &2 A #H L C o3
T X — 2B E KA ERIIATEGFGE DD DTH B, Z Z T shortcut connection #H 3 3
Res-RNN 2 I8 IndRNN & Afff%E 2 oA FK L7227 7 X 1.2 IR

1 ERIFE ! | I I LSTMETfERE N3 |

I (batch normalization) | 1 shortcut connection 1 T— hEE |
I

e e e e e - - - - |
[ 5o
¢/\7%—ﬁ7&ﬁ'Jﬂ
IndRNN Res-RNN A2
FAE T — 544 Kt GNEBEDT — b aricky | SSHEEEANT@ERLT

i <t | i Z N T — MEED/NT X — 2 & HIR
BB LY ARAA A B R T it BT

\\\\\~“_¥ \\\ﬁ_i—_#’zzjﬂ

K 1.2 Res-RNN K U IndRNN & A% 2 o Hlk

KWEOER, FEZzUTICELD 5.

1. ko RNN #tgEcldthRem Lo-o, MExEMIcT 2 X5 2d o»n% e b0, &
Hax b+ oflikz B3 5msi bz,

2. ARWFICHT 27— MG x> RNN offf it <, #UEMiRIic XY 7 — PR Z1T
5 GRU OB 7 — b Z BEAVIREE IS 3 2 fTHIE A ¥ T A — X % Ff7z 75> Simple RNN
AT BT, 7= 1M 1 2L R ERIRE D b7 A =20 vwET IV
W27V, HICIEHEA LRSS 2 RNN o flafEiE o/ Cilf 3 2 2 & CTHRGHKL ik
L, TERER T2 2 &K N A= X ZHEL T 3.

3. RNNiZ&1J % LSTM #® GRU 7 & DfEkMD 7 — MgEofmicE L, chETr
— MEEICHERA W O T T 7 o 7872 G PEALBEE & L T sech B & 174 EE 4%
FA=RIROYZAA T —fliHERACTNT A =2 DY T — MEEEWHET L. %
D ET, ARHARME L degradation %2 RIHICE X, HEL 2T X -2 \»
sech 7" — b f3& % shortcut connection Z35ic L 7= Hifdi7s RNN 2§ A L, RNN =5
DTG RA=REHHT 2L WIEEN T 70 —FIC XV XT A =X ZHL, kA
RAAZICEWTH I ATREAEEZ HIE T b0 TH 5. 77— MEEICH
W IEMALREIE A AT 5 2 L T T A= X EHIE T 5 L v ST iR b ke
WHEHDOT e —F%fTo T 5,

LA B3, fhoo BEETSE & o il NIC AR DB, FHETh 5.



1.4 FRIXHERL

RFSCIRD X S IR S 1 3.
2T, T, AW OO /R RNN offid & Bifs Sicow Tt L, (RENZA
RNN £ 7D W T EMRNICHAT 2. 22N ZNOREE LT A — X &ICD W Tl
R, KiffEoEREZBR 3.

3T CIE, MEDT — MilE 2 72 RNN offi fifbsiThbh, Lo EE 57
A— 2% HIJE L7 RNN 253 5~<, 4 MoH L\ RNN 253 5. #EL 7 RNN
IO THEIER 2 Fl VW 72 BFRERESERRIC X 0, ko 7 — P& % 12 RNN & o g% 17
Wz OMERER FHIi T 5.

FAETIE, BIROMGFEDOT — MEEZH W/ RNN 20 HICRES 2, 7¥— Mgz
fRIL L 7297 e ii&o RNN Z#EE L, 7 — MEEs R I T wE 2 EEL, Hih b
N A= ZHRO RO W THRET T 5. BEWICix, 247 —fle 2 ot bBI%K
ELTHOwWLNTZhd o7z sech B EH T2, XTA—=2DVYH0HiLnwr — MMiExr
FO RNN % 4 ST 2. O 40 RNN IR LT, HRASELH IS T 3 5EET
Vv xR r e 2 LR 7 RV izREHEi 2 T, AT, 77— FEE T
PHEELT.

FBHETIE, FA4ECTHWELEZANT —EL sech B ZEH W77 — FMii&E % £5> RNN
CBEWTHER IR ZIT) 720, A BOEBRCTHELSRL 72 1 20T A L THAS
FEME AN D 2 2 7 1c BT 2 WRER I 3. % D=0, BRI T — & WL 2 G % & TG
FHE 7 (G LR & L C¥—F v v v (Parkinson's Disease: PD) Ot} % % 27 % 3 iE
L, stEMA2 WA EER21T5. L0 BfRficiE, PD BE Db OMEBIfEE RS S e s
HL, &FE2REXBICHEILZb0% 200 AL vy 27 1y FERICE:, Z LT RNN
W7z PDBHEETVIC X W IRHL, % OMEREZ ik UFHli 3 2.

BBIC, B 6 ECRAMEORELFRICOVWTE LD, SHOFHELELICO>WTR
~5,






2522 Recurrent Neural Network (RNN) O#ExE & 4585

ARECI1E, 187 RNN OfE&E L 2 oRic o w23, 7 RNN Bl 3RO E
B e o WCERHT 3.

2.1 Recurrent Neural Network (RNN) #fE

RNN NI HR#EEZ D, Fic7 14— Py 2z 08 E T2 222718 TH
wWHN5, FIRE T, RNN o idRREEE L CHE RNN i AJ1E BN O H )
RERT BN TE S, FoMEEELRIOZ LIk o CRWIREEZ Z L THIJIERK
EITHT LN TESL2D, FHlREDXZZ7ICH VS Z EHATE, RNN oKX 2ffH0
—2>TH%. RNN O FHRIIIEF ICHIKICH Y, AEREIRC BRI, E¥s A7 4
DHFE, SCEEAERK, HHERRC 25 UER R E oL 2 2 7 il S TE Y IGHED &
Woa—INA Yy N =0 Thb.

RNN o &K% K 2.1 1R d. 211250 Tx iZAN, h ZEVKEZRLCTw 3,

Xt he_q*--

X 2.1: RNN of&K

RNN D 4%E1Z (X Backpropagation Through Time (BPTT) 23 \» & 41, KERH 75 A< 2R 3
5 2L THEDOLIE =27 b v e FARICEUENEEEEZ A CARGEH R 2T 2 &
T&%. BPTT oftaXzX 2.2 1T/

= hey Xt T > hy Xt+1 ;"—“"’ht+1 Xt+2 I’“’
| : \/
1 : 1
RNN ! RNN | RNN :
1

r____: r____n r____:

ht hiyq hiyo

dh, dhysq dhyy

Xl 2.2: BPTT ot&K



22 1R K i FEME T ) 2 5 DRI, KD b DR IR ST W BT
Winik2 T 5.

2.2 Simple RNN

RNN o/ Cig b FEARR 7l % 752 D 2% Simple RNNW-CGH %, Simple RNN [ A1
N3 BEL L REIIREBICN T 2EAZFFL, UTOBNTERINS.
hy = actWx; + Uh;_ + b) (2.1)
ZZTm% Simple RNN ~D ASJOXRIE, n i 1oXRITTEF 5 L, x, € R™IZKEZ ¢t TD
A1, he € RUZIREZ t TOREIIREER O], W e RM™, U € RV™ (ZE AT, b e R I
NATAEERL TS, 7z, act IITEHELBEIBEZRL T 5,
Simple RNN Ol &M % X 2.3 1IR3, 7nds, A T REFEKL TW 25,

Wx,
Uh¢—q

"
*

X 2.3: Simple RNN OB X

Simple RNN (2 > & 4 % R 2 ih PEALBIERIC 13 sigmoid PA%L, tanh BI%KL, relu BI%7
EBHY, zhrhxiorIBEATRING.

sigmoid BE%L:
1

sigmoid(x) = oo (2.2)

tanh BE%L:
tanh(x) = Zi __I_ :: (2.3)

relu BE%L:
relu(x) = max(0, x) (2.4)

10



/e, ENLNOEBKE X N ENRITRT.

sigmoid BE D EBHEL:

sigmoid’(x) = (1 — sigmoid(x)) - sigmoid(x) (2.5)
tanh BE# D EBIEKL:
tanh’(x) = 1 — tanh?(x) (2.6)
relu BE%L 0 &R
oy (1 ifx>0 (2.7)
relu’(x) = {0 otherwise

T ZC relu BI¥E x = 0 DI, B ICIIMO PIRETIZ W28, HE, MofEE 0 £33
L THRALT B,
BIEMEACEA % D 775 7 %X 2.4 1SR T

sigmoid tanh
A m

———

sigmoid BI#

| tanhB#& reluB
------- B ! s------ EEH ! ——----- EEH

B 2.4: FEMEALEE% & HEEK D /T 7

\\\\\\

D1 2L, BRIl onNTRONIHRSHKAL TLEWEEBEITTE 2%,
HLVIEFEBIALEICE>TLE ) LW HAEHEAMELRZET NS, Z OL)EHARM
AT, IEMECEIBE oy L 72 BRICRE S L 2 /N & P RR RS 1T X D /NS WEAITHIU
AP EIRRE I B W THEERIRET 2 Z it ko THRET 2. & iidiic, AJESER
DT EICREL o TCLEVHBMLCLE S ARERL WOIREDHFIEL T 5, fthic
%, degradation FE L MEXN 2L ELIC X VRESEALCLE ) EWHIEND B 5.
Z @ degradation DK & LT, EHOIRIC L I O R P IERTEIED 8 < 75
LIk VESEGGREFET BB LVE v BN E Z LT B8R
BEZDBRCODBIIRTS 5.

L7z > CEREDZ & 206 Simple RNN %538 &4 2 2 & 3# L <, LI TIEREILA
TR 27—+t % RNN WO N2 DB — kL o T B,
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2.3 Long Short-Term Memory (LSTM)

Long short-term memory (LSTM)[2 3113, Simple RNN o 4] ftiH KR IS LT % 720 D
TF—MEE A, BELINIEHRET — MEEIC X > THlfEl T2 RNN D 1 2TH 5.
LSTM % Constant Error Carousel (CEC) & \» 5 # 2 JjicK o %Kit Tw3. CEC &%
HAZENT 5 2 L CEEBRE VI 22 2 & CHARGEAREICHLL X5 & T2 D
DTH%5. CECZAEY & (memorycell) & FEEN, Aim3CH Tlit L DIREER NF L v
IS,

— M RER & 2 SR 7n LSTM 3L P o cER S N 5.

z; = tanh(W,x; + U,hy_; + b,) (2.8)
i, = sigmoid(Wi,x; + Uiphe—q + bi) (2.9)
o, = sigmoid(Woy:x: + Ugyehe—1 + bout) (2.10)
fr = sigmoid(Wyorx; + Uporhi—y + byror) (2.11)
Cr=1iroz+ frociq (2.12)
h, = tanh(c;) ° o, (2.13)

ZZTm%LSTM ~DANDRIT, n 2 HDORITTE T 5 L, x, € R™ TR ¢ TD AT,
hy € RMIFA t TORWRERCHE N 2R T, 2 THECFIEDLT, WeR»™U €
RYM ZEAITH], b e R I ANA T RAEEZRL T3, z, 3K ¢ iICB T 2N ~D A
., i foo ZENENRER ¢ ICBTF B2 ANT =, BHF—F, BT —t200HT, ¢
FIREZ t Ic BT 2N L DEZ KT, &, old7— FOFIRICHWLNE T X ~—1E
(BRI TH 3.

LSTM 1z CEC icEBE I N2 EHREZHIHT 2720, A7y —r e W7y — b8 AINT
W3, 77— oHAIE, sigmoid B EETZ ik Y, (0,) o EES. AN — b
T, vV ATENnG z, DfiE QI HLDOHIITH % i, & DT X~—AFEIC X b HilfH
T2, FzehboHICBILTh, WEkk v o ICTEMACBIECE B L 72 1) & (2.10)
PoDHNTHL 0, LDOT X~ —AFEIC X VFHIFEIL, FEAIREE R, 24T 3.

P ER S iz LSTMRICIRRIEH T — F 37FEE 9, Wit r 29t 2 2 23T

TRQADVICRTEH T — b f, PEAIN, HNEB-LLOHHILAARE & 72 5 72131,
LSTM oM %X 2.5 1R d. rd, A7 ZAHEITEKL TWw 3,
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.
o
ot
o

Winx, W}orxr
Input gate Forget gate
Uinhes - sigmoid . Uforhtfl

......

tanh

Woue X
Output gate
sigmoid T U he—q

hy

K 2.5: LSTM D&

LSTM (23 2D %7 — MEi&EZ#FFO 72997 2 — 2 %3 Simple RNN D 4 {5 > TE D,
TR — AR EDEE T EHEIA MRS O IEL RS20, EEOMAICEIL TX
TV ARRLETR oMK A EAMBEE 5, ERITHAER ST A -2 %O — b
FEBEEOZ D, 2a—TI 0ty b7 =2k E LORENEMTH Y, BIIREECH
Herick T 5 HMERKE OB NEBRRZ 2 L REL L, WNICETr — R T%E %
BT (OBl - T3 2 2 L D AS Tl e,

2.4 Gated Recurrent Units (GRU)

GRU (#, LSTM X 9 = ehphE & L TRREI N7 RNN TH 3.
GRUMIZU T oBATRIN 2.

1y = sigmoid(W,.ox; + Uyehi_1 + b,) (2.14)
u, = sigmoid(Wypx; + Uyphe—q + by) (2.15)
h, = tanh(Wy,x; + Ugy (1 © he—q) + byy) (2.16)
he =ugohe g+ (1 —up) o hy (2.17)

ZZTm% GRU ~DANDXIE, nkihhoXkwe 5L, x, € RmITKZl ¢ TD AT,
he € R* Lt TORNKREROH T Z2RKL, THRHEXFICEALDLT, WeR»™Ue
R ZEA(TH], b e R 34 T RIEZERT. %7, i3V ey b7 —F2EL, u 3H
Mr—rohERLCWE, RQRI4)TERKEINE ) vy b7 — M, BTOKRZ DO RIVIREE
THDh ZFENLTERBL TH LORIWIRIEETH 2 b 2T 22050 L CTB Y, &4
O WERZNRICHIFRCTE 2 -0 R AR EETH 2 L I b, £/2K(2.15)T
RINDIHEH T — P ER L7 b ZIVADEERREL, KA OBEORENIRE L 72 % h,
DERZFIHL TH Y, BEDRNIREEBICH] 2k N ZFWRE 2 FIH T 2 2 & TRIUKE
IR SOl HOEW A M ATACRA-S (RN

GRU oME&K %[ 2.6 ISR, 7o, AT REIFEKL TV,
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Wy x¢ hr_—l

Wrext
Reset gate
sigmoid ‘., U._h
re'tt—-1
Ugr(re © he—y)
tanh( 7) hg_l
Wupxr

Update gate
" Uup he_q

M 2.6: GRU oK

GRU 37— b &2 20U &b, NI AXA—28RLSTM @ 3/4 THY, E
KRR ax b - 2= VfHEZ T2 HNWTHY O 28, R(2.16)IckE T ) &y 7 —
FORRICELCIFIERK WY, £ - ofThEE - fECEIET A LD TE S
LSTM X Y d FETRRIN RS o CLE 5 75— A4 H 5. 7z, Simple RNN & Ll L 728
ADONT AR EIFETHYFHE IR IEE. AT, LSTM & GRU ZZ R Z7ICXoT
HEREDZE D 2 1= D IS % DT 5 & & 23 L\ 1eel,

2.5 RNN HEDEE

Rl % TIoii~ 7238 ) Simple RNN % fff] L 7 534 CIRPEREDE C o TL £ 5 7%,
LSTM % GRU ® X 5 727 — MM & RNN Z 272356 CIEEHR 2 X b 2 € ) &30
WL 257 — A0S, FEMTA R, R ERR S SEIC 7 5 75 COREAEL 5
HREME D D 2. C OB IE, WP E RS I TR B o b ma—F Ly P —2 0D
FHRICH W & 31 5 Graphics Processing Unit (GPU) I B WC, i X 11 5 S 72 B H VRAM
A2 ) BIFICTEMTHZ A —HELTHY, ZOFEEEEFET 5701 GPU & —
FRERSTWEILALEMAAE) LT 2T LOTERVWHLIbH 5. LFS
12 b 72 3 I CHMIET v T HBEE 75 2 &b bAMIET v 7 ORI AT R 0P E
bH Y, VRAM OFRAROMBERE CICEFRL AV Ex N5, KL T — 4+
v b ~OHA OB P CTOFE 2 A b - X ) HHRORIKIRIER ICKE <, FE~0
FRVRSEN B YL X NG, 75— MEER=Z2—F L2y b T — 7 DRICEEY T T
HlcoOWTHRFIHECIE R, Ehd=a—FL3y N T — 2 DRED-D, @A SLE
TH 5.

Al Ll ORMES 2 E 2, BIFED RNN EF 455 D85 X — 2 OHlI & i HAL
%25, £ LTH LY RNN EFAAMEEL T7 4 — 2 DKz RA, LSTM KU
GRU & OPREHIESR 21T S T & CZ N ZaHlis 2. F 7 RIKHICHERER COMTIC DWW T
bAMREZRIR VAT 5.
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F3Z Simple RNN BB HFE L4 — bEEEET S RNN @
BEs%at & MERESTE
3.1 i FC&®IC

AETlE, LSTM *° GRU & w572 RNN £ F A3 FOBFED 7 — ME&E 2T, £h
5 % Simple RNN Icff A 3 £C4 —  fif % RNN Offi#{t 217w, HEEZ D DD 8T 2
—2DM 7, FEHTEAEYICKI L DTEEH L RNN 2458425, L v RNN
ETNNE, F— MERESCANICH T E2EANNT A -2 OEEIC X 2 WREEZHERT 27204
FEEBEIND. ZOH 727 RNN £ 7LD L FRIZLAE, BRRICKFE T % 729, Simple Gated
RNN (SGR) & M3 5.

L 72 SGR T2 Tid, LSTM & GRU & oMk % 1Tv, % OYERER FHId 2.
PERERHM IC I B O MBER B E I NIRAEX A7 L LT, ®EAT v 7 TOH 3%
(encoder) 32 & X A L AT v 7 TOH 12305 (decoder) & 72 5 RNN % 72 encoder-
decoder 7 VIC X 2 HGED b HAGE~ OWMEIER 2 EAT L, % OERE% FFf 3~ 2 17,

2ECTHhREY, LSTMEICix AN — b, BH7— L, 75—t 3207 -+
MEIC X Y e 2 2 EMETIET 2720, RINOKEREGR % FOoRERY T — 2153 3
HRE R W23, —7F5 T Simple RNN I LTI A= @ER 45 moTLEH. 2D/
WEtHa A MR EE T2 HNT, LSTM XYV hRMafEEE LTiRESh7z, 7= M
232 5C LSTM @ 3/4 &4 7p X5 X — 2 %> GRUMBMER S5 2 L 23% < o T
W3, L2sL, GRU Th-Tb Simple RNN @ 35055 X — 2825 0, WHIHEE

TEHEEaX AR VHHERME S 2 2729, 7 — bt % RNN oAl e O & b %
1T-7- MUTBl MGUY, SRUMNIZ: &> RNN OfffifLIic B3 28 haiiEzINTWnw 3,
I LHF T O IREINEETLOFCRENLET AL ZLLTFICRT

[MUT]
z; = sigmoid(W,,x; + b,,) (3.1)
1y = sigmoid(Wy-x; + Upr-he_q + byyr) (3.2)
h; = tanh(Wy,, (r; © hy_q) + tanh(x;) + bpp) © 2, + he_q 0 (1 — z,) (3.3)
[MGU]
fr = sigmoid(Wyx, + Ush,_y + by) (3.4)
hy = tanh(W,x, + Uy, (f; © he_y) + bp) (3.5)
he=1—f)oh1+fioh (3.6)

15



[SRU]

fr = sigmoid(Wyx, + vgf © ¢,y + bgs) (3.7)
ct = froce1+ (1= fi) o (Weexy) (3.8)
1¢ = sigmoid(Wy,-x; + Vg © ¢i_q + bgy) (3.9)
he=r,0¢c,+(1—1)ox, (3.10)

22T, m%% RNN ~DANDORIE, nxHioRkoce +5¢, x, e R™ IRt TO A
71, h € RMIKEZ t TORRNWIKEEROH I 2R L, THEXFICEDLT, We R, U e
R™™ (ZEALITH], b e R™ (354 T RHZR L T3, £72 SRUICET B v, v, (F2¥T X
—XemBRT PALERT.

MUT % MGU (3 GRU R—2 D& CcH Y, SRU (Z LSTM KU GRU R — 2 D
ETHBEVWAZE, ZhbD7 — & RNN icoWwT, MUT % SRU Ti37 — MMz
R B L LCEME 2 2 F 235 <, MUT  MGU <Tl3%7 — F 3HEDIEF DB A 5 if
FIPEAME  SFERREIARLS 2o T LTS LW MELELD 5. HEa X+ 2T 3720
F— MEEDERASNT A =2 E2MOT, HEVIEAATREOATT — 2R L, HHEa
AFEHREL &9 & LGsCd H 208 0I5, REICE T 5% Cldr — FMEEoE S
L72H L RNN #5423 2 & CEHEa 2 Ml E X 3.

3.2 LWL RNN ETI/LDO#ERR

9 SGR #HEET 21cH 7=, Simple RNN OFEIIREEICH T B EA T A — 225 1.0
ICEE SN RNN 2F 2 5. 22T, "HAx 1L.0OICEHET 271k, A5 %2 REIREE
~NDNRT A= LTHEL, HADOFEITOR WA LEMTH L. EAaz 1.0 ICHE
L7z, ANy —7 v ABACENRT 5, B2 0IFEKEICOZVFE ARG 2 bh
G EICFIRRMIEATE v e Lo ZIELRFAE T 2 REM A S 5. C o RREIT YA
DEHT — b ZFF7z 7 LSTMPICHEEL CTh Y, BERRD -0 BH 7 — F 238 A X
NG ERT 225 L, BRI 2EA YT XA — 2 1.0 IZEE & 7172 Simple RNN
ICH—D 7 — & Z AL 72 RNN OMWEEIZEE D 7 — b % F5> RNN ICVLEid % vl HetE:
BHb, Lo T, T TIREBIIREBICHT 2EA T A —2 5 1.0 ICHEE X #1172 Simple
RNN icHi— 57 — MEEEFALETVERMET S, 2720, GRU O XS ICATIB L
DREAVIRRE I LEERIR 2 W — 7 — 2 FoA L, LSTM 0 X S It AB X
OBEIREEOM T IR 27— P 2 Fo8 6 & CHREENA L 2 a2 E R L, GRU &
LSTM o7 — MMEROWM G 2 MEEST 5. 72, ANMCHTIEANTA—2DOHFEICL S
PEREZE D GR35

FRAVIRREICN 32 EHA X T A — 223 1.0 IC[EHE X 117z Simple RNN (&, AT o# 5k
TIN5,

hy = act(W,x; + hi_y + b) (3.11)
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TZTC, mi%& RNN ~O AN ORIE, n 2z IoXRTLL $5 L, x, € R IFKHIt TOA
71, hy € RMIKZ ¢t CORIIREER UCH 12K L, W, € RV™ IZEARTH], b e R™F5A4
TARAHEZRL TS, ¥, 31 ICRRIIREEBICHT T 2 EHA YT A — 223 1.0 ICHEHE S 7z
Simple RNN o fig X%/~ 3. a3, M TONA T RIHIZERL T 5.

Wex;

X 3.1: AT XA —4% 1.0 ICEE L 7z Simple RNN

ZORNNIZH LT, 12057 —F(GRUDHEHFHZ— FITHH) D LLF 22007 — F(LSTM
DASIZ =+ EBHIZ — MY Z A LD DD SGR TH Y, ANICHTEEAR T
A= REFFOET N LR VETAEMEST L. 22T, "HAE DRV L E, EHV
TA=2% 10 ICEET L L¥EMiTch s, LLTICZD 4FEHD SGR DB %R,
SGIR : 1 oD% — FMEE KR AT LTEHA T A — 2 %7272 SGR

g1, = sigmoid(Wyyx, + Uy he_q + by, ) (3.12)
he = g1, 0%+ (1—g1,) 0 hey (3.13)
o, = tanh(h,) (3.14)
SGIRW : 1 D207 — MEEKI FAINH L TEA T X — X% F> SGR
g1, = sigmoid(Wy1x, + Uy he_q + by, ) (3.15)
he =g1,°oWixe + b))+ (1—g1,) o hey (3.16)
o, = tanh(h,) (3.17)
SG2R: 2 2D — MEER O ATITH L TEHAZA T X — X % Hi- 75> SGR
g1, = sigmoid(W, x; + Uy he_y + by,) (3.18)
g2, = sigmoid(W,,x, + Ug,he_q + by, ) (3.19)
he =91,°%+ g2, ° hea (3.20)
o, = tanh(h,) (3.21)
SG2RW : 2 27 — Mi&E L ATICH L TEAR YT X — X ZFfD SGR
g1, = sigmoid(W, x; + Uy he_y + by,) (3.22)
g2, = sigmoid(W,,x; + Ug,he_y + by, ) (3.23)
he = g1, o Wixe + b)) + gz, ©hey (3.24)
o, = tanh(h,) (3.25)
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22T, m%&%RNN ~D AN ORIC, nZH okt 45 &, x, € R IEKH t To A
71, he e RMIEZ ¢ TORNWIKEZER L, PHNE2XFICELL S, W e R U e RV (3
HAHITH], bERM I AT RHERL T05. £, g1,9,, 37—t oDOHNEZRL T
BY, o FREAKREIN L CEMECBABKZER L 72D TE~DH /1 TH 5. 72k, SGRIC
BAL ClR[F CHRREZ i o b DICR Y A LR AFZ M T 5. M 3.2 I L 72 41D SGR
ICOWTOWIERZ ZNEIRT. BHITH AL 7 RIHIEKL T3,

SG1R

ngxt

W2,

Ugth—l

tanh (_/

-

O¢
X 3.2: #EEL 7~ 4D SGR
18



SGIR & SGIRW %, BEAVIREEICH 3 2 EH YT X — %28 1.0 IC[HE & 17z Simple RNN
I GRU OFEH 7 — F # AL T SN2 DTH Y, SG2R & SGR2W (3 LSTM D A
NTF—=reEHT7 - 2FHATIHE BRI NZbDTHE, £/2, RNKN~DAN L7 —
FETE2—AEICK o CEHET 2 2 L ITEAT & DIV RFTR CTH 2720, AJjicxt
TREBNTA—ZBPLETH AL D 2. 20720, AT 2EA% 1.0 ICEE
L2 # 8 L 72, SGIR & SG2R BANICHR LEA ST A -2 %S 2R VETALTH
2725, SGIRW & SG2RW ZANICKH LTHANTA—ZW, b DET AL ER> TN,
TCCHMICE Z GG, EANT A —2HINT 3 L HERAET 2 b0 EESI RS,
EMELER%E RNN o HIgihE o R A L, FE~o H ki EiviRE I LA+
% XD ICHEEE L 723l X LSTM @ CEC & AR ICTEMALBISUC X 2 AIBLiH AR R & D
HORREI I T 5720 TH 5.

3.3 MERERTMRER

331  EeeRHEOBE

4 fHf D SGR OVERERHN 21T 5 7= 9 ic, HEWEIFRIC X 2 PERERTAT 217 5 . FEEHERICH
\» % encoder-decoder &7 L ClE, 2 HAFHICE S 1 2 RA&RZI 0 1 % v CEE 3T
bird encoder He, XEAMICRRI N ERLTOH IO T RXTEHCTHEEITD
2% decoder #id 2 2D RNN £ 7 ViC X W & 115, W 21T encoder-decoder £ 7 L%
7B 2 2 7 1%, EBOBRZIWHED 2 X7 p3éb X BN EER i 2 X 7 ©
HhreEZOND, T TOMMERICET2HHEEITIRGELHAETH S, hb, iR
Bex o 72 BEEIER < U, Python 3.7 &M~ E 7 4 77 Y TH % chainer v6.4.0 & Cuda
10.1 Z v CHURG RSB NEBURTEELIC KL D T3 5.

332 HEWBRETIL

BEbR 7B I, Iz &b/ RNN %\ 72 encoder-decoder & 7 /L1201 % (i ff 3
%. encoder-decoder €7 Tlx, AN INAFEFUTONEZFEE~27 v & LT RNN
DENIREEIC= v v 73 3 encoder §§ &, encoder Eii~ v v v S L RHMENRZ LA
RNN ofEiiREE L L CTHWTHI 243 % decoder % FF2. Z & T, encoder-decoder
E 7L sequence-to-sequence (seq2seq) ETF A EMIEINZ b H L. ETA~DAN
I, 7o bHEE INLHEERCfThN, BIZHEBOMRS ML L TERINZDDRH
1 DFOHFEZBETNN L T, HEBEORFUIMHERSHOF S 7 v X LIGESR, LA
R e — LY —FRRAMEZ 5 757 EEED 555, KRRV E7 TR, 0oy
220 LT ETNAZGET 5 72 ORI AOF TIRAD D DEIERT 5.

encoder 13 HLEEIE % 1A A J& (embedding layer) & #5(D X & v 7 X 117- RNN J& THEK &
N3, ANKOMDIALRETIE, ZnZhD ANHEED one-hot X 27 b V% pHEEEI~ 27 |
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NELTey Y 7 %ITH. TTTone-hot X7 b éid, 1 20HENR1, TS OH
B0 ELBRBENZIATHY, BHEOIDICHYTERZ FADORITTOEHEN 1 & 725,
B2, T _XCTOXED 5 DOHFETHKI N, 2 FHOHFE ID 2RIHAHETHNLIL
[0,1,0,0,0] D X S IcFR XN D, one-hot X7 P A TIHHFET RN CTEFEHFICR S 2 LN TE,
AN = ZADOERERIANPARETH 55, T XCOXECTHET 2 HEBEHNEX7 P LroX
TCL 757280, RICHBIEFFICKELS o T LEIRNEDLH 5. WD 2 ICHFEMH D IALE % v
T, BHaN7 PV E LTOBER~NY PVICHEE 2z~ y Y 735 2 L CRITHIEZAT ).
Z D, DEEBNZ PAVIZHEEEZ LI RNN ~ & A S, BRIRIEBICCERH 2 b v
ELTwy ¥ v rEnsd, —J decoder i3, HGEHOIALIE L HE DX X v 7 T 17z RNN
J&, ROHJE s, HEEHOIALE L, HERIEOFFEHNE7 5 7-® encoder & 1
B8RO DS, A&y 737 RNNE T, encoder i~y vy 7 L7z
BERAVIRREZ WIHIRAE L 3. Z 2 T encoder iICHWT AKX v 7 X7 RNN DEIKEEIX
MG S 5 [E UAZE D decoder D4 RNN ICwJkRE L L CERE XN 5. HJIJETlx RNN 2
oM #ZITEY, BFEID o R UXITTOR7 bArzi)1$5. ZOHJ)% softmax
BRRUICE S 2 L CHEREDMBIMER~ AL, &b MBEROEVHEICHY T 25HED
HEEID %23 IRT 5. NRITTOHIRZ b v o @i HHDOEFRICKN)IET 5 softmax BEHGHE FH
BOBEFRIFLI T TcREIND.

exp(0;)
ZN=1EXP(OJ')

decoder IC1%, encoder 2> b DFRAVIKEEZ WIHHIREE & L CTHI RN 7218, L o#b Y 2
4 % end of sentence (EOS)& \WwH F— 27 VAN INBEZ & THAHEEID o4& %H
1L, decoder 225 EOS 8 E N2l CHEE ID 04K 2 T3 %. encoder-decoder
ETNOBEX %M 3.3 10K,

softmax(o;) = (3.26)

//J\\ ’/, \\‘
\ /| =encoder | ; =decoder
Input sentence (word by word) o \ /
EOS ol o2 o3
J' ,«"~ v v
Initial /
- L P P
state LS
1
______ | 2 2 4
ol o2 o3 EOS

Output sentence (word by word)

X 3.3: encoder-decoder &7 VD&M
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333  HEHEIFRICAVL 20—/ EFTNE

FEARENER I 35 1) 5 2 — ¥ 2T 13" Tanaka corpus” 2% F\\ CTHEED & HAGE~DFIER 2 %
7 &ATH. a— "R E T BEIERSTEIT 149786 XfTH 0, RiULELE L CHAEEIZ
Mecab?, 3EESCE (X NLTK®1 % Flv CHEERMICHEIT 5. chic X Ve e )+
N % & HEERUIT 25722 §E, HAGEDOHGEEIL 3180978 L 72 5. I, XD T 2 E
42 EOS M A 72 b ORHGER & 72 5.

BT HE D9 H 0% ZHFT — 2t v b, HYVD5 T 2EBEET — X7 —X+& v b
LTAMT =%ty McpET 5, IR T 22y FCEINITRCOHEEEZED
R DORIR 7 SI3E I iTb R,

334  BHEBIRIC K 2 MERETIMERORTE

AREDEERICHEH X5 encoder-decoder £ 7LD RNN ICEWT, 2=y P X
HREAZ MR T 5 7=, AHIoXJtix 250, 500, 1000 D 3 X2 — v #iXET 5. $/-%

NICtE, AR 1ot 1E o AJ1otd 250, 500, 1000 ICRREXLE. A
£y 2745 RNN OE#IZ, RNN Z¢ic1E»5 3EFE e L, encoder & decoder (Z[d]
Ufgie 75, FERBEIL 25 0], 1=y F9 4 X(T 256 ICHET 5.

FEIAEA T 2 RN AR MiEo 7 A3 Y X 40k AdamW B E W2, RESIND
NAPR=NT X — 2%, EFE R T o M EEE (weight decay) % le-4 & L, Z Ofthid e
WANFTX—2TH5a=0001, 5 =09, B, =0999 & L7z. FETILBFEEZH 0D
dropout!®!' % 5% L, dropout 13 0.2 & 323, & ZT, RNN iZE Tl dropout & AJJIC
ML TOARITY, BRIVIREEBICKT L Tl fTh v, AEER %[ <729 D Gradient Clipping
DANFTRA—=Z225 &35, BEOVIMLICBIL T, EAHILTIF20, 780 /1/n (0 2=
v MED &7 BT A THIERI L T, N A T RIHIZ TR0 IS 2.

FEICH W 2 1RJEE%IC I, softmax cross entropy % FHV>, softmax cross entropy (L)%
UTicns#ackIns.

1 exp(y;,
L= —E;t 1o (Z—" le)((p(Jy)le (3.27)
TIZT, m niZZNZENANyFIAXREHNIAX, i 137 —20F5, jiIRITTHY,
Vi tij ZENENESE» D OH N LBEH T ~ 2K L T2, BIZIE, ¢ i FHDT
— 2D jRILCHOHAN T b 7n b,

EERICBWT VRAM A VBRIV T AE) 7 -2 B Z L %279, chainer ®
softmax cross entropy BIZX CIIHFRIF v v v 2 2R LAV I D ICEE L 72, T -[E0H
HiIck Y, LSTM 28 38220 2= v 41000 DEE DNy F9 4 XL 128 ICRRE L7z, E
BRI E A CHERN LR ML 7 v X o2 FEL C 2 MlfTbh, Z OV cikfis 3.
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335  MREsHmiEE

PREFHMFEAE & L C, Bilingual Evaluation Understudy (BLEU)?7% Fjvs%. BLEU I3,
n-gram O—FEEFIC, BEHMEEIC X 2FECCE SR E o FHLE 2R T 5.

BLEU iZMA Ficnd#ckaIns.

BLEU = BP - exp (X7=1 Wy log py) (328)
1 , ifc>r
BP = {el—r/c’ ife<r (3.29)
ZC SRR Yn-gramec Count yip(n—gram)
no E (3.30)

c’e@gﬁigzzn—gmm’ec’ Count(n—gram')

TZT, c lIMERERE R X0RY, r 3ZHROKE X TH Y, BP (brevity penalty)
FSHROR S L0 S HEWMEEER L 22 XORIBHL o lcBao~F T 1 HE It
5. pp IREND n-gram DIFEEKL, w, ZEFIP1ERZLICHEINDIEATD
3. pp DOTIE, BIFCCE SR G2 L 72 n-gram $ & 518 L, 50 FHIEIERCD 4 n-gram
BB LZbD0TH DL, 1272 LT OeMHETIE, BERSC I W TR U BB D 48 0 IR
INBZELICKVBERE A>T LE ) MEMZFET 2729, (EIEX 172 n-gram FFE
PEHAI NS, BIEI NIz n-gram FE L1, BIFCOCE T 5 F-—HEEO HIR SR
CEENDE—HEO BRI O R AMEZ B Z 2 561CE, SRR RKMEICH 2 % (clip)
EWVSBIERTONDE E WS bDTH S, 1-gram ODIFEIFHEROIEL X %, HXD N-
gram DR IZFIER QWG X 2R TfaiE e 0 2. ABEICH T 2 ERTIE, R T2 —2T
HBHN=4L¥—TEHLw,=1/N ZfERHL .
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3.3.6 TAYSLDT7A—Fv— k
341705050 KRELTT7Tu—F ¥ — X ERT.

v
2ENL—T
epoch < 25

v

S A (31

( Eiaki= ) l

¥ FRETILOZE
00—/ R
a7t I H |
¥ BERENER
YEDOHhHEZX
75 & D ETALEE 1]
4 BLEUIZ & % (M

T2ty t0osE

77 AIER
EREZAAH

HRET L OPHL |
1 epoch +=1

epoch =0 |
| FBEN—T

K 34: 7u /7 50KRErPEHE 70 —-—F¥— X
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3.4 MEWEIERICH 1T 2 MEREFHI D RER

# 31 ICERKER L 2% BLEU 227 (%) %/R3. £ 3.1 T, 25 BloEEEEOFC
BRET — 22y MICH L TiRd loss DMEL o 25/ DT AP T —X2 DA TR LTW
5. e, AaTd 2 HoEROF L EEEFEETRI N, MG 3R MUBETILAL T
W3, =y MR 1000 & L8, % RNN 2GS E0ETET Tl
il 75 7 %K 3.5 i, JEROHME &b Ic e Xn 2 RNN OfFFER ST A — &I
DNWTD YT 7%K 3.6 1”3, nP, encoder-decoder ETF NVICEWTE LEEH D RNN
BEAI NG 720, FERRICHERAIN T RfTHIERNT X —21IK 3.6 IRINLED 2 fF
THb. 7 LSTM i~ —F 1 TDFEETH Y, SGR & GRU It chainer function @
HAGbE TREINTNDE Z L2 HME I T 2 LKA TE R\, ZD720DK 3.5 IC
FWTIE% SGR & GRU O EfTHMOAZR LTV 3,

#3.1 %Y, &b BLEU 22 725 \WE 7 13 3 8: 1000 units ® SGIR TH Y, KT
2 J&: 1000 units @ SG1R, 3 Z&HIC 2 JE: 1000 units ® SG2R &> TWw5, LarL, 2=
1000 units ® SGIR & 2 J&: 1000 units ® SG2R icH51F 2 22 7D I/hE v, LSTM %
GRU & ol cid, LSTM % GRU X b % 1000 units ® SGR IZHF 5 2 a7 3L TH
v, ®3.6 XY, SGZROEHA T X —%F, LSTM @ 1/2, GRU ® 2/3 T»H Y, SGIR ®
BAANTA—21F, LSTM® 1/4, GRUD 1/3TH 3. X->T, BEhIREBICHEINDE 2
=y MR U TH B4, SGR Tid LSTM® GRU & HIEL THA ST X — 253074 <
5. ¥72X 35 XY, SGR DT XA =253D0 7 b L ETRRIO AR hoTEHD,
GRU XV b EICEITTE 22 bh b, T THNTA—2&@ L EIHEREATEEIC ]
LBV DIFAT Y =7 v RDGE PNy 74H, CPU-GPU Mgkt — =~y P &
CEBbDTHSD.
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# 3.1: EB&ER: BLEU X 27 (%)

BLEU score (%)

Hidden units

250 units 500 units 1000 units
1 layer 14.34+0.12 16.76+0.09 16.06%+0.09
Simple RNN
with a fixed weight of 1.0 2 layers 15.45+0.14 17.46+0.18 16.42£0.18
3 layers 13.56%0.00 15.97£0.29 14.85+0.14
1 layer 9.04%0.27 9.91+0.44 9.31+0.06
Simple RNN 2 layers 9.82+0.05 10.33+0.23 8.58+0.07
3 layers 8.87%0.31 9.46*0.16 7.16%£0.14
1 layer 16.73+0.15 20.68£0.20 23.04%0.05
SGIR 2 layers 18.00+0.09 22.16£0.06 24.62+0.02
3 layers 17.11%£0.09 21.66£0.08 24.83£0.04
1 layer 19.03%+0.11 21.42+0.08 22.50%£0.24
SGIRW 2 layers 18.00+0.09 22.55+0.02 22.90%0.15
3 layers 19.77+0.26 22.71£0.21 22.29%0.30
1 layer 20.33%£0.04 23.40£0.10 24.60*£0.18
SG2R 2 layers 20.15%0.03 23.01£0.02 24.62£0.07
3 layers 19.65+0.12 22.55%0.10 24.34£0.04
1 layer 20.35+0.02 22.56+0.38 23.06*£0.02
SG2RW 2 layers 20.44%0.22 22.60%0.05 22.66*0.06
3 layers 20.53%0.04 23.05+0.11 20.65+=0.04
1 layer 16.35%+0.36 19.47+0.05 20.28+0.34
LSTM 2 layers 18.00%+0.09 20.42£0.56 20.99£0.58
3 layers 16.56+0.21 18.92+0.45 19.97+0.52
1 layer 19.55+0.04 22.04%0.07 22.92+0.10
GRU 2 layers 20.69£0.10 22.77£0.06 23.31%£0.31
3 layers 21.79£0.09 24.07£0.07 23.44+0.21
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B 3.5: % RNN 27255 OETRET £ Tl b E skl

LST™M

32

30

28

26
5 24 GRU
T Y 22
E = 2 SG2RW
O x
8 : 18
% s 16 SG2R
D = 14
2z SG1RW
g % 10
= 8 SG1R

6

4

2

0

1-layer 2-layer 3-layer A-layer

3.6: BEDEME L bicLBEL Th3 RNN OfTAIEHL T X — &

35 EXR

£ 3.1 DEBROKEREL S, 2=y MDD\ 250 units DA Tl GRU 238 SGR % _[[H
%2 BLEU 2a7t7%o>CTH Y, SGREILDOHIKICENTH AN L TEHAANT XA -2 %
> SGIRW & SG2RW %, A ZHi7~70 SGIR & SG2R ICH TR a7 AEn 2 & A8
MERTE 5, —MRINICIE, BANT A= ZORBLWIZEHERIIEL 22 LIRES NS 29
ZUBFERTH B, £72500units DIFAEICEWTD 1 & 28D SG2R # R %, #alEkk
DA AR 55, LA L 1000 units DIFETIE, ANICH L TEA YT A — XD
SGIR ¢ SG2R MDD EF A LHBLCAaT7HRL IV FEL 2> T3 Z LA TE 3.
22T, W37 ic2=y FE% 1000 units & L 7zKD LSTM & SG2RW, SG2R % fv:7=
A 0B Z, 3.8 1=y % 1000 units & L 72D GRU & SGIRW, SG2R
IRVt ke i N
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SG2RW Learming curve
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B 3.7: LSTM & SG2RW, SG2R %R\ 72356 O%E i

GRU

G 8
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K 3.8: GRU & SGIRW, SGIR &\ 7256 D2 HhiR
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3.7 UMK 3.8 % FLaLiE SGIR & SG2R (3 2AE MR IC 5\ GEEFH O JES R S g,
FEFE TR P ICFEEHBEA TO LT RTING, L7z T, HAENNTA—=ZDRW
SGIR & SG2R Tld#t A e Lic K, 2=y FMEMPEZ 2 IO CTREEE DM 1L 7=
bDEEZOLND, ZOMHBE LT, BRASITA—=XBT — MEEICLAFEL RN L
7> 5, sigmoid BIEX 2 L TR LN BB AR AT X ViEEEAR D ic WIRETH
o7 EHEHITE 5. L7225 T, SGIRW & SG2RW [Z iy E 2L Lic{ w»
EEZLNL 2=y POV WEGAETHENTE, 2=y Mz TR ICHEERTE 255(1C
12 SGIR ®° SG2R %l % 2 &L Tl FEZMA B oEE 2 L3R nTE DL
BEING. W2IL, XOVKERETADBLEL SNIZGMICE T NI A —2EX KT
22 EDTE, GHREaX L - 22 YV HHAROHIRAARFCTE 3.

250 units ® GRU & 1000 units @ SGIR DX F 2 — X % [#E L 72354 ClE, 250 units ®
GRU IcBF 587 A —Z&lx, 1000 units ® SGIR X Y /hX {72323, SGIR X641
e, GPUZHW2SZ & T GRU LY ERICEIET 22 E3A[RETH 5. EITHE O
& LT, 25 [ EET 3% F TIC 250 units ® GRU 1% 5200 #2222 > 7z D ik L T,
1000 units ® SGIR 13 3468 ¥ & 72 5. Ziix, SGR M\ 2 HIEZRF]FIC R 5.

1 207 —F(GRU O — McHHE) S LLAIE 2 207 — F(LSTM O AJ1 7 —+ &
EHIZ — P O EBEAOELICOWT, HEKI/NS WER ST A — 2 OBE&TIR
27 —1PDRATHBIVEL, REVELIANTZA-ZOHAETE1I 77— rORaTaEL &
272, 27 —=FDSGR TIE 17 —1+D SGRIZXW L CT7 — PEFBELICHELRFHEa X P X
TVMHHEDR 2 5> T LI I 20MRLOHMICESLEZOT L LIIHLL, Hhb
EBRR OIS LETH L EEZLND.

1 207 — MEEZHWZZHEICEL T, KAt Ty —F~DANN%Z in, B L, 7
—FEMRICBT 2RI UTO LS ICEB TR 5,

he=91,° ing + (1 - glt) ohtq (3.30)
=hi 1+ 91,00 —heq)
THEFEH I T % shortcut connection!™ %, =2 —F 43 v b7 — 7 1AL DI % 24 H
e CcHEEFMEIEI LI b TH D, EFLoH(3.30)1F, T D shortcut
connection IZIEFIC LA PUzMEL o T D, Lzt T, B—7 — MEED B THEE
PHECE-HED 1 2L LT shortcut connection D X ) ICFEEHZITH TR TE=0D
TlRAVrLWI TP EZLLND,
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36 BHYIC

K#ETIE, LSTM ® GRU &2 572 RNN £ F AR OBED 7 — FM&E 2 Hw<, 2h
xR BIVIRIEICH T 2 EA ST A — 2P 1.0 IC[EE X L7z Simple RNN (i A4 2 CF
— F {1 % RNN Offifi b 217\, HREZHMERI L 2085 XA — 2 R L, EE s> X E Vil
DV HT L RNN OR[> 72, 2 DR & LT, /NS o — 22T
TlRHEBEAL A7 TH ZHEMBIR & 2 7 icB5 T, #FE L7~ SGR 28 LSTM £ GRU X
D HENFEEL oo 7z,

—HTHBEL LG a0ERBER LR, 17— LR 27— a0 BEMEc
BIL T3 E S IclREt s Ech 3. £72, SGR OH§EL GRU DK% a3 7= ic ik
IR E RERANT A= ZPRQBEL Y, KIFIC T A= 23S N7z & 1 FWEEv o
LIENLTHS. TNODORMEHEZRET 327201213, 7— MMEEZ Db DAMEREIC KU T 5
BICOWTHEEL, T A =2 ZHET 2 0ERH 5, RETIRT — MG MR IC RITT
WEICOWTERL, F— MEEICHELZMA S L TLYRER AT A= X OHHZ K
%,
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F4E sech BEEZE B -7 — MMEE & shortcut connection Z#FD
RNN (BT 5/85 X — R Y & BEREREAT
41 FLC®IC

FI3ELY, LSTM ® GRU THw b % & 5 %k o7 — F itz v 7z RNN O ff
AL CTIIMEREMER 2 TER T 2 - O ICHIRII R Z B AN T XA — 2 B3R ETH Y, LJEle
7 — PRED I X B EREMT S EE L 2729, RNN £ET LD o8T X — &2 % X0 KiE I HIE
T 2I1CET — MEESERRIC T TR E R ER L - LT, NI A= X OHFHICOWTHEIC
et 2 ERH D Lbh o7,

PERD T — PG IIATHELRANT A= XFFO 2O BEE L <, T X — & & HifficHl
s LbEL V., ZZTARETEHS — MEGoMHTh RN IKEBOR T — 1 v 71
RRICEHL, Madliss o7 — Mg 2 iRt L 728727 RNN Z#SE L 7= k¢, 77— L
HHE MR IC RUT TR L 2 5 8T A — ZH[JORHIC O WTHE T 5. 20701, 7
— MEEDP SITHNEL AT A =22 BRE, RO TZ v o IGHEEEEE 7
— MEEICHW2 2 THAT7XA—2 DD\ RNN 25T 2. 2 L TH L CREEL -
RNN (1 U R E W25 217 5. Zhic X o TIERBLD 7 — b 2> LSTM %
GRU & offettige, 7 — b RESE % it L T3 5 28,

FHIFED 35 Hich~Z@Y, H—F— MED SGR 2 MEREZ I CE 2Bl e LT
— &% D b D2 shortcut connection & FEFIC L K PUMEETH 57290 & DIREE%E LT
7z, L7=D3o CARZECHEEE T 2817-72 RNN (%, shortcut connection % 5D HiffiZf#iED
RNN o7 — MGz AT 2P TR L, FEBziT ).

shortcut connection %, 152 B L JEHICHFEWE %2> ResNet o hcHw o it H #E
DT 5, EBRCET VBN TEANT A —XOINCED O THREERHITb L 2 Y, &
DENCET ALY HIEEPENLCTL T H &\ 5 degradation [F#EAH 2. Z ORJEICH L
T, Za—JLFy P =7 DEMICHE T 2RERYEIE L TR m LR BT %
D73 shortcut connection TH 5. KD VEEMEH(X), ANEx, =a—F1rF v FT—
7T X 32 W% F(x) &9 % & shortcut connection (I F oA TcREINS.

H(x) =F(x)+x (4.1)
X
17

F(x)

F(x) +x=H(x)
4.1: shortcut connection
31



shortcut connection DX % ¥ 4.1 IZ77 3. ¥THE TlE, shortcut connection 234 Figiy & % fj <
T e CEREDIR EARBIT S & 2R T SR FER I T 5129300 3242 Convolutional
Neural Network (CNN) 7z & D EHFILIIC 5\ T S L2 HEEClEH 5 43, 2 D shorteut
connection 2 b &I #5472 Res-RNNI % IndRNNU2 7 &> RNN ML I Tnw 3. Th
LDETNTE, MO 7 — G L A G b2 72 Y, batch normalization!¥7z & D IEH]
EFELHAEDEZD Lo FIETHRERZIToTW S, L2L, IO DFETIE
Rk sr— &I X 2B o X + %, batch normalization BT 38y FH9 4 X ~D{f
T I AMNEZ 2 A7 ICX s TEZ R TNE b na EOMERLEH 5. KEIC
B1F 25 RNN £ 7 VOETIE, FICNT A—=204D7k\w, X0 EE > OWl-—Ic 6 HATEE
mETNOWMEEHIET.
KETTET VL OFEM A BN S,

4.2 sech ¥ % A\ 727 — MEIER U shorteut connection ZH3 % RNN €7 L
&% DPE

T VOREICEIL T, RNN ERZF I L CEaEvw=a—J 0%y b7 =2 Th
5 7-%, KfZIJ71A~d shortcut connection DEFIC X YV YERER M L¢3 2 3 TE %L
FEibis, ok, HHIC shortcut connection ZffiA L7z RNN T3 X 4 LA T v 78
DIEFICR WA, BRAVIREESFEHL T L £ 5 AlaetEdr» 5. kMoo 7 — 7% RNN ©
i, (0,1) oFIFHOH ) 207 — MGl RIVREEZ @Y ICRA - v 7528 T
FMEH T nE D, 2O LIFMEL T bk, Lo TREICET €7 M
T, F—MEEICB T2 A7 =V v 7¥EEICE H L, shortcut connection IC7 — M &%
HALTRNN €7 LA [EET 5.

SGR 232 X 9 RATHIEAR T X — 2 & O HERM O 7 — FEETIREE 2 X P 23@E
, T—=bMCBIFLMBNDEL 720D, NI A= EHRT 2 LHEECcH L. AT,
TTHNER N T X — R Rl WEAEICE, 77— MEEICH WO S sigmoid BEIE2MHES
Bchnwleho, AOMEEEDMEICH L THELL AT - v /I3 B TERL. &
i, BREBOBER VLA THNIZIEF NI ZEUVREL o T LT Y 5HC, IETHN
WIEFICRE RENIREB L 2 VML CLEIGAZEEL CWE, ZoRERICHL, K
BICE )5 RNN € 70Tl sigmoid BIEUICE D 0, HEE 214 (0,1] O#HiBH L 72 %
sech BIEZ FHHWCF/ — MEELZET 2 C L TRk E X 5.

sech BAEUILA T o ck I 5.

(4.2)

sech(x) =
) eXx+e X

F 72, sech B 2T 3 LU TOMKD L1tk 5.
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j_x (sech(x)) = — sech(x) - tanh(x) (4.3)

sech BAEUI BB CH 720, EAELLDfEICNLTHE L EBNREZRF7F—) v 7
TEHRILENURETHLEEZLNS, 4.2 1 sech BB & oiED 775 7 %R T.

1.0+ — sech(x)

=== (sech(x))
0.8
0.6 -
0.4 4

0.2 4

—1‘0.0 —7:.5 —5.0 —2‘.5 0:0 2.‘5 5.‘0 7.‘5 lOI.O
X 4.2: sech B L % DI E

RNN &7V, RAVREBICN T 2 EHAR T X — 20 HEe, EHABEKOAIEIC X 21
REAEZER T 2720 ATHDOET NV ERET 5. WEL 2T VO Z U TITRT.

model 1 pre-activation

he_, = sech(ah;_;) o hy_4 (4.4)
he = act(Wyx, + Uphy_y + b) + hyy (4.5)
o = h; (4.6)
model 1 post-activation
he_, = sech(ah;_;) o hy_4 (4.7)
he = (Wexe + Uphy_y +b) + hey (4.8)
o, = act(h,) (4.9)
model 2 pre-activation
he_, = sech(ah;_;) o hy_4 (4.10)
he = act(Wyx, + b) + hy_q (4.11)
0 = hy (4.12)
model 2 post-activation
he_y = sech(ah;_;) o hy_4 (4.13)
he = (Wyx, + b) + he_q (4.14)
o, = act(h;) (4.15)

ZZTC, mZ%& RNN ~DANOXIT, nzfiioXRicL 35 L, x, € R™ IRt TOA
7, hy € RMIEA t TORENIKEEZEKL, W, € RY™ U, € RV (ZEARTH], beR™FN
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AT7REERL TS, a3 FEICIL > THERENT 22407 —{ETH Y, AR HEE
THBROEGWERIEIT 2720087 XA =2 L TEALZ. model 1 1ZFENIREEICHT L T
fIHNEANT A =R Uy ZFi2ET A TH Y, model 2 IZFZIARREICHT L TITHIE AT X
— R BRI WETATH S, iEHALBE D E I DT, shortcut connection D IR IC
PRI % B L 72 € 7 L 23 pre-activation € 7 /b, shortcut connection DI IC T &
~OHIIC D BIEWALBAR %W 3§ % € 7 L% post-activation £ T v & F 5. post-
activation €7V TlY, FHIFHEEDINRIC O BIEMWABEIE P ER I NGB L b, BT
Tl, modell & model2 & b ICF UHRELXFFD b DICRY, FIUHBRAFZHVWTEDY, o
BTFE~OH %R LCwE, M43 & ETADORE TS, KT 4 7 RIAITEE L
T3,

model 1 (pre-) model 1 (post-)
Wy xe he—y
sech
Uhflt—l X <+ ah.t_l
act (7
he—y
h’t = Ot
model 2 (pre-) model 2 (post-)
vaxt h’t*l Wxxt ht—l
sech sech
he_s
act (/7
~ h
ht—l ;
act (/7
‘
ht = Ot O¢

B 4.3: L 48O RNN €71
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4.3 REROBLE & Mre s

431 EROHE

KRECHEEL 2T VORIl CIE, 2 200a— X ZHWEHEDOERLZ XX 7
X 2EMEBEER AT S . BRI a — 21 WikiText-2B02 WA SEETF ) v 7/ X X
7k, a—,32IC IMDBP &2 7z 2B X A 7 %@ U CET VOEREZRETT 5.
WikiText-2 WA SBET VYV R A7 T, FLADEXA LAT v 7T LICHFER T2
MEL T2 270, XEICH T 2 RADKFBIRICI A CHEEM OB MKFREFRD L b2 5
VERDH B, —/7T, IMDB 7z 2 fEZF X X 7 CTIEHERIR & 75 2 k) 23S EHE
ThH27-0, XEILETZRMOKRFBAGRDOAZRA S 2R TH 5.

52B%1%, Python 3.8 L #¥W*¥*E 7 4 77 ) TH 5 Pytorch 1.4.1 & Cuda 10.1 Z T Hi
FEEFE/NBUSHEIC X D FEITE NG, B AREICE T 2HEBE T, cudnn IFHHE$
TRTCOESE seed 13 123 WAL L7z, 7242 HiCR%E L 72 4 #i o RNN €7 v IC ks
F22H 7 —flaldd~TL0cHftEh, HINIcH S5 EEEBIEIC I tanh %
M3 3.

432  WikiText-2 #FHWEBET U V7R X7 ICH T B 4ERETM

WikiText-2B1(%, Wikipedia 2» bt & h7z5iE€T7 Vv 2/ 7 =41y bTH O, I
T—=20600FCHE, MilT —2 T AT =282 ZTh60itE T oOHEINZb DT
HBH., TRy FRERICBIT5EREIZ332718FETH Y, T — 2 LREET — %, T A
b F—RICE T BREGERILZF N EF N 2088628 R — 2 v, 217646 F—2 v, 245569 b —
JvERoTnD,

WikiText-2 ZflWAEBET )V v 72 A2l $ 5 RNN Zflv/z=a—F 0% v b
7—7%700E, AJiIE, RNNJE, HhEZFH, AHod 4 X385 4 XEFUC
33278 FETH 5. F7z, Wiz = v FEUL, 64, 128, 256 O 3FEMEICHET 5. EEBRT
FT =%y FCBITELES A XBRKE VD, BPTTRICE T 28024 227
v THEREDOR X 1 IKRE L BPTT ORI %1T 9 truncated BPTT #fl\w 3. 2
TlEt=35L LTRET 5. MERWAIKETEICIE, 3ETH M AdamW E2%Z v
%. AdamW ED 8T A — &%, fHEHE (weight decay) % le-2 & L, Z Ofti3ffELE <7
A—=ZTH25a=0001, =09, B, =0999 & L7 @ FHE %, dropout K%
0.2, BJECIEFE % B < 72 % 1T Gradient Clipping DREZ 5 & L7z, FE[BEIHEIL 50 [7], 3
=Ny FHARXIT 128 ICKET 5. hPEHTIE, REOHEZWO»RET L 2L T
Ny FHAXBTRTEFICKR S X5 T L. WIILicBAL T, ERZPFER0, o
s J1/m (2= RO L7 2 AR TYIIMLII L, N4 7 RIS T 0 iCHIH
k3%, BEREEICIX, 3FE T H\ 7z softmax cross entropy Z 272, EERCTIIH X 4
LATy T TOHEN 1 HEET OER I NS 729, HHEFHMIC 1% Perplexity % FH > C3Ffi
9 %. Perplexity i softmax cross entropy # L & L C, RO X HICEHHETEZ 3.
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Perplexity = exp (L) (4.16)
Perplexity I3 €7 VO FHITEREZ FHli T2 2 & 23 CTE, XV RWETVIIIEM L 7x 2 H5E
EEWIERCTIERT LR TE 5720, Perplexity 2L W /NX {7x%. Perplexity D/
flix 1.0 TH 5.

FickbEmo bk~ % &, 4.2 HiCHEEL 72 4 fiifHo RNN £ 7 4 ic 1 5 WikiText-2 %
FAW=SiEET ) v 72X 27 ® Perplexity 1 LSTM % GRU X L T% 24558 & 7n o 7=,
RNN 23 1 [EO A TH 256, 42 HiCHEL 72 4O RNN 71D 87 A — 203
LSTM ° GRU L L CTA R R 2. L7zdo T, 27 A — 2ol X 2 ¥REDm k
ICOWTHET 2720, ML 4O RNN €7 V2 SJEb L 2 8a o KR ZBML
TITH. FHRIER T A — R IEBDEREMF LR U THY, RNN 2T 2L ELS
2. EEIIZIEIC X 2MRER N T A — 2 DHNE % EE L T model 1 TlX 2~3 8 F T
%, model 2 TlI 2~5 £ CRIBMEBRDONR LT 2.

433 IMDB =W 2 EDFEICH T 1R

IMDBBZEIC BT 2L Ea—FT—Xty FTH O, T — &2 25000, A+ F
— 225000 $Oo&E&FENS. F 7z positive LU negative DEIE X 50%TOTH L. AE
KB BEBTIIHEIC, JLADT A b T — X % positive XU negative D& F 4 5 E & 23 FH
LI X ICHGET —& Yy P T AT =Xty MICHEIL AT S, Lzdo
T, MEET — £ 13 positive 28 6250, negative 286250 & L, TAPT —X H[FERTH 3.
FEBR O ) FEEICEE L CIXEHE 2 X b HIR O 72 o IS 23 EA47 20000 FELL E o b o %55
gL LTy, Zofhid unk CEE#LZ 2. IMDB Z Wz 2 X X 7 I T 5
RNN #HWw/i=a—J A3y b7 =277 A0%, AJJE, RNNJE, HAOEZFRH, AN
P A RFFEESFAXLEFELCTHY, HJ19 4 Xt positive B L < 1% negative D 2 fl & 7
5, FEEBHEIZ30MEE L, #HEO BPTT # HWT#E X4 5%, dropout 1 0.5, I =
v F % 4 X1 256, Gradient Clipping DfR#IZ 25 ICRET 5. Z OMEITICE T 2 K
RE I WikiText-2 # W72 E5EE T Y v 7 X2 X7 LA TH 5. IMDB %7 2 {5y
FA A7 ClIdT D BPTT [l CH¥E I 22720, KEOHEZREL TNy FHA X
ERizsZli3ed, Iy FIHAIRNLRICL VAT S,

IMDB %\ 72 2 a3 Tl, HIEMRR L 5 2 RS X4 LAT v 7 TOHT D BB
SEICHWONS 720, PEREFEM X Accuracy % F W CREMi 3%, Accuracy 1%, DAFICR
T LI ICERTE 3.

TP + TN
TP + TN + FP + FN
T ZT, TP, TN, FP, FN iZZL.Z 1, true positive(E[5E), true negative(E[2E), false
positive({&[51%), false negative(f&f2E) # 3R L T\ 5. Accuracy IZIEMEX 2K TR TH
Y, IMDB (% positive 3 X U negative DFIEHBF U CTH 28D L izT—X &y +F TH
% 728 Accuracy ® A % PEREFEAMIC W 5.

Accuracy = (4.17)
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434 705 L07O—Fv—h
M 44122 ODRAZICBITZTa I .DKRENLAE T —F v — FEERT.

[ [
ERBETUVS FEN-T FEN-T
[=Q=[=]
2R ( epoch <= 50 W AERHR R Y ( epoch <= 30 W
=Ny FERK =y FERR
Cw |l Cw |
ETFTILOFE — agm
l (Truncated BPTT) - ETLOFE
dataset dataset
FHAH | FhdH |
PerplexitylC & % AccuracyiZ & %
| S ) il
=t D 1 =t e D 1
BIALE BIALER
77 ALHA 77 ANHA
BRESAAS BREEAHS
ETNOPHR l ET LWL l
epoch +=1 epoch +=1
A A
epoch =1 L 4 epoch =1 \
L FEL-T J L FEL-T J

: l
( Ly ) ( w7 )

K 44: 29D RZICEFTB Tl 7 LOREIP 70 —F%— X

44 EERORER

WikiText-2 Z W2 5iEE7T V) v 72 27 Off %K 4.1, IMDB %7z 2 X
A7 DFERER A2 ITRT. ZNTN, BOWRIET —Z &y ML Tid loss 2MEL 72 o
EEETOTF AN F— RN T 2R 2R LT3, b, BRCII/NEES 3 a2
AL, MNEUSHE 2 F TOEERL T3, 72, Accuracy (35—t v F (%)FRiL TR L
TWw3,

% 4.1 75 WikiText-2 22 S5i#EF ) v 7 % 27 Tld, Perplexity IZHV/NE 13
EETNDOWEREDS R\ 728, model 1, model 2 & %12 LSTM % GRU X b d PERED S - T
LEo7Z AR THIS. modell & model 2 % % @1t L 725G DYERE X 64units DEH
ZhRE, ZELL G & T Perplexity DE/ NS K R W HRER R o T b. L

2L, ZELESEATH>TH LSTM ° GRU ZH W7 AL XY b HEEEDMEL, 7
A—=ZEDLFZTHEMEIE., 248X 2RO R FIc2W»T, modell Tl
38 % T, model 2 TIX5fEE THELL G, WIC Perplexity DfEKE 72 Y,
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£ 4.1: WikiText-2 kW BEBET V) vV /2 X7 OFER

Test Perplexity
model units layers
1 2 3 4 5
64 147.85 - - - -
LSTM 128 135.10 - - - -
256 129.93 - - - -
64 140.68 - - - -
GRU 128 128.12 - - - -
256 128.14 - - - -
64 165.55 - - - -
Simple RNN 128 153.35 - - - -
256 158.39 - - - -
64 165.09 175.17 187.14 - -
model 1 (pre-) 128 157.19 156.57 163.09 - -
256 166.18 165.68 164.32 - -
64 155.64 164.35 173.43 - -
model 1 (post-) 128 157.88 156.70 160.14 - -
256 173.75 169.74 173.52 - -
64 193.17 183.73 190.41 201.15 21459
model 2 (pre-) 128 185.29 163.05 164.22 170.61 177.61
256 206.79 170.85 163.38 164.69 171.00
64 173.48 175.65 184.29 193.46 208.20
model 2 (post-) 128 173.84 163.46 167.76 168.81 171.06
256 198.41 176.79 166.80 158.61 160.55
% 4.2: IMDB %\ /= 2 fED L X 7 OFER
Test Accuracy (%)
model units
64 128 256
LSTM 76.61 86.94 82.04
GRU 84.53 87.39 86.30
Simple RNN 73.18 72.39 72.70
model 1 (pre-) 72.62 76.91 78.50
model 1 (post-) 68.77 70.39 71.20
model 2 (pre-) 84.68 84.28 83.43
model 2 (post-) 85.35 85.65 84.50

HREDHEAL L 722 L3RR CTE 5. HEEE L 72 model 1 & model 2 IC 1T 2 BT, 1JED
BTl model 1 @774 model 2 X U & Perplexity 2R\, L2 L, %ELL 75L&
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model 1 TEHHERESTEMLL T2 DI L, model 2 TIELJEMIC X - CHREAH LTk

D, 1J&, 128 units ® model 1 D227 &, 4JF, 256 units D model 2 125 1F 5 MR %
FEHIZ/NE s, pre-activation €7 )L & post-activation & 7 /L Cli, post-activation E 7 b
DI, ZAAaTHRMERELS RY LT WHARR O 3.

—7J7CIMDB Z 7z 2 fE53 2 XA 7 T, £ 4.2 2> 5 model 2 125> T LSTM < GRU
VS % Accuracy 7o TWb 2 &pbrrsd, FLa=y MITH 55, model 2 D
NF X —2&lX LSTM 7 1/8, GRU D 1/6 TH DBt hb, N7 A—x2@inbinlIE
HICHMTH 5.

model 1 & model 2 & DLL#LTIX, model2 /545, model 1 X b HHH S 21T Accuracy 23
R\». F 7z pre-activation <€ 7 )L & post-activation € 7 /LD LB Tlt, model 1 ICH Tl
pre-activation & 7 L @ 53 post-activation €7 L X D A2 7 2R, L2 L model 2 ICH
T post-activation & 7 /LD Jj 3 pre-activation 7 L X ) 2 a 7R £, WikiText-2 %
ST T ) v 7227 LRROMHERICR > T2 2 LD ERTE 3.

45 RBRERICNT 2T ROZER

HESEL 72 sech B A V727 — ME&EICBE L €, BVRED 1 20ERox L +23L7
— M EEE L 72D EFEIT x-sech(ax) L7 b, TNEZMOTLESERUTOLS 1Tk,

:_x (x - sech(ax)) = sech(ax) - (1 — ax - tanh(ax)) (4.18)

COWIHERERZNCE T 27 — P OLREIRICERE L 2 5720, FEERickwTa=v |
BE128 L L7=2AICHR b HREDE K 7o 72 5T D x - sech(ax) D277 7 LMED 75
TEENENIK A5 & 4.6 ITRT. 77T, AAT7—flH a2 AL T LT 520K
FOAICEEZHEZ TS,

sech BB Z W77 — MEEICB VT, a DEARZWIZEYEIVNET KRR T L,
a DEZ/NZ WIE EARIIKE (RN 5. 4.5, 4.6 7»5 model 2 IZBWTIX 2 DDE
BREAAZICEBHEEDOE Y NNTA—Z aglldbERNLT WS, £F WkiText-2 # V7= 55k
BTV VI RRAZ T, XEICBT 2 RADKEFRIFRZ T TlEk <, HEM R KRR
DL HRIMEND L, FHREIEFHER L, BEUNICHRZHA IS 5720 a IR X <
5 EIICEE LT3, —7 IMDB #H\w7 2 S & 2 7 Clt, REOKERGRY &
5227, aBIFFITNE L, BEdE X VN 2R ECrond KO ICEHL Tn 3.
model 1 ICBWTIE 2 DOEBEXRAZICE T BT A =R aRnThDOXRZDEETH
STHHBIKEL B3 X HI¥FE LTS, 2D &, BERREBICH L TTHER ST X
—2ERATLI b, BEREZECIRVISICHREZ/NSS T2 X5 R EOI A%
L7zboeEZLNS, £ 42 OS5 IMDB £ X 7 TIIEEIVIRFE~DITHIE AT X
—ZRBAETH o7 FE 2 5, model 2 DJT2 model 1 X D PERED E .
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WikiText-2

modell_pre modell_post
xsech{Ax) : A = 0.70577, epoch = 50 xsech(Ax) : A = 0.39490, epoch = 45
1.00 — xsechiAx) 1001 — xsechiax)
0.75 0.75
0.50 0.50
0.25 4 0.25 4
= 0.00 4 > 0.00 4
-0.25 A -0.25 A
-0.50 A -0.50 A
—0.75 —0.75
-1.00 4 -1.00 4
-100 -75 -50 -25 00 25 50 15 100 -100 -75 -50 -25 00 25 50 15 100
X X
model2_pre model2_post
xsech(Ax) : A = 0.88474, epoch = 50 xsech(Ax) : A = 0.43830, epoch = 50
1.00 4 —— xsech(Ax) 1.00 1 — xsech(ax)
0.75 4 0.75 4
0.50 0.50
0.25 4 0.25 4
= 0.00 = 0.00
—0.25 —0.25
=0.50 =0.50
-0.75 4 -0.75 {
~1.00 A ~1.00 A
100 -75 -50 -25 00 25 50 75 100 100 -75 -50 -25 00 25 50 75 100
x x
modell_pre | M D B modell_post
xsech(Ax) : A = 0.95784, epoch = 23 xsech(Ax) : A = 0.86111, epoch = 23
1.00 4 — xsech(Ax) 1.00 1 —— xsechifx)
0.75 0.75
0.50 0.50
0.25 4 0.25 4
= 0.00 1 > 0.00 4
-0.25 A -0.25 A
~0.50 A ~0.50 A
—0.75 —0.75
=1.00 4 =1.00 4
-100 -75 -50 -25 00 25 50 15 100 -100 -75 -50 -25 00 25 50 15 100
X X
model2_pre model2_post
xsech(Ax) : A = 0.01245, epoch = 23 xsech(Ax) : A = 0.00967, epoch = 28
1.00 4 —— xsech(Ax) 1.00 4 —— sech{Ax)
0.75 4 0.75 4
0.50 0.50
0.25 0.25
> 0.00 > 0.00
~0.25 ~0.25
=0.50 =0.50
-0.75 4 -0.75 4
~1.00 A ~1.00 A
100 -75 -50 -25 00 25 50 75 100 100 -75 -50 -25 00 25 50 75 100

x

x

K 4.5: H£ETNVITEIT S x-sech(4Ax)
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WikiText-2

modell_pre
sech{Ax) * (1 - Axtanh(Ax)) : A = 0.70577, epoch = 50

104

0.8 4

0.6

0.4 1

0.2 4

0.0 4

-0.2

-0.4 4

=0.6

—— sechiAx] * (1 - Axtanh(Ax))

-10.0

-75 -50 ~-25
model2_pre

sech(Ax) * (1 - Axtanh{Ax)) : A = 0.88474, epoch = 50

modell_post
sech{Ax) * (1 - Axtanh(Ax)) : A = 0.39490, epoch = 45

0.8
0.6 1
0.4
0.2
0.0 4

-0.2 4

~0.4
—— sechiAx) * (1 - Axtanh(Ax))

=0.6

-5 0.0

X

-10.0 -50 -2.5 25

model2_post
sech(Ax) * (1 - Axtanh{Ax)) : A = 0.43830, epoch = 50

104

0.8 1

0.6 1

0.4 4

0.2 4

0.0 o

-0.2 A

0.4

—0.6

—— sech(Ax) * (1 - Axtanh{Ax))

0.8
0.6
0.4
0.2 {
0.0
-0.2 4

—0.4 4
—— sechlAx) * (1 - Axtanh(Ax))

—0.6

=10.0

=75 =50 =25

0.0 25

X

=100 =75 =50 =25

IMDB

modell_pre
sech(Ax) * (1 - Axtanh{Ax)) : A = 0.95784, epoch = 23

modell_post
sech{Ax) * (1 - Axtanh(Ax)) : A = 0.86111, epoch = 23

104

0.8 4

0.6

0.4 1

0.2 4

0.0 4

-0.2

-0.4 4

=0.6

—— sechiAx] * (1 - Axtanh(Ax))

—— sechiAx] * (1 - Axtanh(Ax))
0.8 4
0.6 4
0.4 1
0.2 4

0.0 4

-0.2

-0.4 4

=0.6

-100 -7.5

model2_pre
sech(Ax) * (1 - Axtanh(Ax)) : A = 0.01245, epoch = 23

-10.0

model2_post
sech(Ax) * (1 - Axtanh{Ax)) : A = 0.00967, epoch = 28

104

0.8 1

0.6 1

0.4 4

0.2 4

0.0

-0.2 A

0.4

—— sechlAx) * (1 - Axtanh{Ax))

0.8
0.6 1
0.4
0.2 4
0.0 4
-0.2 A

—0.4 4
—— sechlAx) * (1 - Axtanh{Ax))

—0.6

0.0 2.5 5.0 1.5 10.0

X

=100 =75 =50 =25

0.0 2.5 5.0 1.5 10.0
X

=100 =75 =50 =25

X 4.6: £#ETNMITEIT B (x-sech(dx))’
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pre-activation %7 JL & post-activation &7 /L ICEH L T, 45 ¢ [X 4.6 25 post-
activation €7 VD IRHY a 23/N& £ 72 2HMA R 5415, pre-activation 7 /LTl
TETELRER % i@ 4 % 720, RNN =7 A D o, IZECERIR % 72 Ml & 72 2 AJREME 235
5., L7zDoTaDERREL o72Di, 7 — FZ#E L 72 x - sech(ax) DED/NE < 7z
X1 ERTHILT, Hlo PBEICKRE AL 2 VA E 2L T L 2T 572
DEHEHIZNG, L2L, adPKREWGEITIE (x-sech(Ax)) DIED/NEX o TL T .
W Z ARV TR~ DA EGE A S A L3 <, B CERE % KIT L T 2 AlRElE 23
2 b b, postactivation € 7 VT, IEHACEIEE FlRfEE o CEH T 2729, i
HALER%IC tanh Z W 72550 TR~ I, —1<o0, <1 ICIEH LI NG, ZD720,
HIEREENTIC BT 2 RNIKEBOMES R E 2z & o TH METIHMEL 345 bk
W, Ko TaP/hE LI EL, (x-sech(dx)) DfEZ KZ (RO & THRLE X
DIEWIRFZ E TInz % 2 L 23 TE, pre-activation €7 L X D DYEREDE < 7n o 7z & HEHIT
ERAR

FEERCIIREkD RNN & O 21T\ 3 372 7291 tanh Z i HALBI% L L T2
23, HIFEREENET CcORNIREN K E < & o 725E 1013 tanh Z i3 2 BRIC A2/ & <
moTLEW, HRHEENEECLE . 2o L ELL GG 0ERICERE 2 )
ELCW AR E 2 b s, il 21X, post-activation D model 2 IZ3B T, [EIVIRAE
D1I2OEFZx ~ANNEIND LEIODHNAB 0 THoBGEEER D, TOEFR x 1T
JGF2HT) 0l, ATO XS ICEIHTZ 5,

o = tanh(x - sech(ax)) (4.19)
ZO oW TsE, RUDEHCCTUTDOL S ICEIHETE 5.

g§.= (1 — tanh?(x - sech(ax))) - (x - sech(ax))’ (4.20)

= (1 — tanh?(x - sech(ax))) - sech(ax) - (1 — ax - tanh(ax))

post-activation ® model 2 IZE T, 2= M2 128 units, RNN DJEEA 5 E D&
ICOWTIR S HREDRE L o 2R ToREDOR(4.19) L (420077 7 2 2 NF NN
47 LM481TRT. ZZTHMPTIE, AAT—a 2 KLFDAICEEZHEZTRLTY
5. K47 50, HOBIGEW S EHICEOWTHER x DK E { i, Hio /X
3 ZeRRTCHNSE., £/2K4A48 00 x PRI RMEICRIE, BEALIV/NILRS
L HERTE D, EFEOATICEWTR, HRARMEXRATIENDE 720, HFHIC0BAN
NzbFTidevr, ZEtLZSa I 3RNAREREZE LeTwWikEEch oo b
DR TE 5.
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1st layer 2nd layer

tanh(xsech(Ax)) : A = 2.02375, epoch = 50 tanh(xsech(Ax)) : A = 0.64680, epoch = 50
1009 — tanh(xsech{Ax)) Loo —— tanh(xsech{Ax))
0.75 4 0.75
0.50 0.50
0.25 4 025
>~ 0.00 = 0.00
=0.251 =0.25
=0.501 =0.50
—0.75 4 -0.75
-1.00 4 -1.00
-100 -7.5 -50 -25 00 25 50 75 100 ~100 -7.5 -50 -25 00 25 50 75 100
X
3rd layer 4th layer
tanh(xsech(Ax)) : A = 0.80438, epoch = 50 tanh(xsech(Ax)) : A = 0.66205, epoch = 50
1.00 4 —— tanh(xsech(Ax)) 1.00 4 —— tanh(xsech(Ax))
0.75 1 0.75 1
0.50 050
0251 0.25 1
> 0004 -~ 0004
—0.251 -0.25 1
-0.50 1 ~0.50
-0.75 -0.75 4
-1.00 -1.00
-100 -75 -50 -25 00 25 50 75 100 -100 -75 -50 -25 00 25 50 75 100
x x
Sth layer
tanh(xsech(Ax)) : A = 1.42508, epoch = 50
1.00 —— tanh(xsech(Ax))
0.751
0.50 4
0.25 {
> 0.00
-0.25 {
~0.50 |
—0.75 1
-1.00

—1b.0 —'}.5 -5.0 -25 0.0 2.5 5.0 75 10.0

4.7: model 2 post-activation IZE 1} 3R (4.19)D 77 7
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1st layer 2nd layer
sech(Ax) * ll(—1A;t?:€(%§)e]c:h[AA:)}2).16%,3;5, epoch = 50 sech(Ax) * [1t—ldx(tt:r:‘rﬂgxsﬁcr.&}\:}agEJG;G, epoch = 50
1.0 (1 - (tanh(xsech(Ax))~2) * 10
sech(Ax) * (1 - Axtanh(Ax))
0.8 08
0.6 0.6
0.4 04
0.2 > 02
0.0 0.0
-0.2 —02
—0.4 -0.4 4 ___ (1-(tanh{xsech{Ax)))~2) *
sech(Ax) * (1 - Axtanh(Ax))
-0.6 T T T T T T T T T -0.6 T T T T T T T T T
=100 =75 =50 =25 0.0 2.5 5.0 75 10.0 =100 =75 =50 =25 0.0 2.5 5.0 7.5 10.0
x x
3rd layer 4th layer
sech(Ax) * [lt—lixttt:r?l?tgxgﬁcp ,&“5‘3,’;55;3, epoch = 50 sech(Ax) * tlt-1 Ax(tt:m[tﬁﬁm 3"2”0’3%555, epoch = 50
1.0 104
0.8 0.8 4
06 0.6 4
04 0.4 4
0.2 > 024
0.0 004
-0.2 -0.2 4
74T — Sechian - (1 Axtanhiao) 08— e
e s S0 35 oo 25 so 75 10 100 —75 -—50 -35 00 25 50 75 100
X x
Sth layer
(1 - {tanh(xsech(Ax)))~2) *
sech(Ax) * (1 - Axtanh(Ax)) : A = 1.42508, epoch = 50
104 _  (1-(tanh(xsech{Ax))*2) *
sech(Ax) * (1 - Axtanh(Ax))
0.8
0.6
0.4
> 0.2
0.0
-0.2
—0.4 1
=0.6 T T u T T T T

—l:J.O -?‘,S

4.8: model 2 post-activation IZ ¥} 3 R (4.20)D 77 7
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46 HBHYIC

AETIEZRNN DT X — X2 HICHIE T 2720, fTHELAAT X —Z &b O0ERDT
— MEEICEDY, sechBE 2T —fa 77— MEEZHWT T X —28)

Py RNN #f§2E L, Znzirtic WikiText-2 # W= EiEE7 ) v 7 2 227 ¢ IMDB

R 2L 27 L WS WE DR B 2 DD & 2 712D THERERHM S OEbT % 17
o7 RER L LT, REREH OB NBEE L &2 2{EN L 2 7 CB W TEERD T — b
3 DORNN X 0D 1/6 LT EIEFICD R AT XA =2 THFAREOHEREIEKTE S Z
Ebrot, ThICXY, F— MEER2RET LI LICLoTEAR ST A — X DHI

4= =

ZITHOTEDARETH B &) T &R I N,

— 1T, {EHoOH BN EE T 3E5EET ) v 7227 Tl LSTM * GRU 124 % 14

e Y, ZELL=GAETHRETH o7, i, 45 Hiclb_7=@0 HicHw 3

EHEALEIR e O CHRAHAL T LE > 22 ¢ BFERNTRAVWLEEZON D2, FEMl
CDOWTIRSHE O ICHET T 2 L ELRH 5.
RETIERSEWIICET 2 X 2 712 X o THREZ I L 7223, KERYIT — 2 L2
WG 7 1B 15 X A 710 ) sech BIg e 27 7 —fHa 727 — P REGESERNICEE
BT 200 % MERT 2 LENH 5. KETIE, AARSHEUIHLNORRI] T — & JLH-CH
G % S D IC M R EREHRUELE LT, 20t AL v x7ay F EHuzA—F v

VRO 2 R 7 G CTHEZR 2R 2T, T ADHERZBRE A OHES .
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FHE VAL X7 Ay FERW=/—F VY ViRKRH

b1 IZLC®IC

FATEXD, sechBAKE AN T —fla Z W7 — MEEZFFO N T A =280 40 7 W0»
RNN i35 WC, HRASHELHICE T 2 2 {E08 X X 7 Tld LSTM XU GRU X 9 % 1/6 LA
TEI ARG AT A2 BTHRENRECTE L LRI LA L, HASELH
LIS DRER I T — 2 UL LRI 72 Y12 BT 2 X 2218 CH HRHEDSRIE T X 2 2013
KHAFLTH Y, ZJELIcB T2 HREEZSGET 27-DICHELRIFEBHEITILELD 5.

KRBTSRI T — 2 LR G % & DG R BRI LT —F v Y v
J#i (Parkinson's Disease: PD) DM X 2 7 %7 1C30E L, BICKGEEZ D 5. BARRICIE,
PD H# 0 b OB EEWRSEEICEH L, SO ER 2 FEXMEICXY > THdlL 72
bD% 2RIV AL v ATy FERICEL 72 ET RNN w7z PD il 7 vic X
VT 2. zoBRHEBEZERMD 7 — 25> LSTM KU GRU & tig3 2 2 & off
REZMRET L, aFffi% 17 5 B8,

KREEICE T2 ERHNIZ, FERST — 2 U LE{RILEE % &1 PD & 2 7 % IGHHE
ELTHY, 4B CHEELZ sech BB E 2 /77— a W7 — ME&E%ZF> RNN
ETNEET 22 L TH .

FEECII, BET—XOFIEEE LTY ALY A 7oy b (Recurrence Plot: RP) ~DiH
BALZ T PD BRI ZITS . SHET — 20 X 5 BRI T — & & @4 2 B3, BEREJE
WEUENT & L CEIE 7 — VU =& #4 (Short-Time Fourier Transform: STFT) # 3 D
—fxi)TH 5. STFT IEBAKZH W CREES 2RI LRI OB 7 A v MichdlL, %
7 RAV MU THERNIC 7 — V) 28k 4T T L CTRIAE I NS, Lol 77— U =&k
IEEHEZDDMRRENME N L VI REBDH 5. —F, RPIIAA R keR5% R L R
ZREAL T 2 e LT Eckmann I X > TEAI N 2 RITHERTH 2B Y HL v R
7'm oy FEROERK T, WRIIT — X OEED 2 i CHRRGI R 2 1T0, (FEO L 2w
EX VNS VEEEEICH 2%k 7T ay T2 HEC, FEDO =Y XA MELD H/HIW»
DS % 7T uy VT3 EREND S, 7 — U T4 70 BB 2 Y] 1 EIR ©
TR OFRICITE X 72023, RPIINRBIERIE S X OIEER TS 2 L3 TE 509
PD & O EH I LEBEEMSHEICL Y, OBz Th, FOREICFEL2EH
AL 2R EIEEFELEEFF > T3 720, IEFIE» OIEEHES T L AUEAEER RP 2w 5
TETXVIEHEICHMEZ L b2 o N2 AEEMED B 5. %72 RP (3, €0 W& skt <
BFRZ LN D > 2BV OEFRETOMB LR R bRET 2 28T, JEHICHEN
RV —ATH BB KEICk T 5 RP AR TIE, HNHEEZEREL, B S—k v 2 4
MBI X -T2 RJT RP Wi % K3 5.

WAEDE R % vz PD M &1 2 BIEgE <1, BEMAE 272 o —ic
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»H5. BEIFIICE T 2P EICE T 57 7 e —F1Tid, x-vector EMEEND, T4 —7
—a—=InrAy P —=2 b I NAEDIALRZ F % v T Latent Dirichlet
Allocation (LDA)*° Polylingual Latent Dirichlet Allocation (PLDA) & \»» 7243%8E 7 L D
a4 ViR LI X o CTPD 083 2WEETS, 4 O DBk E % (k-nearest neighbor,
multi-layer perceptron, optimum-path forest, support vector machine) & 18 DFFEIhHIE
ZMwT PD RN ZAT OIS S 5. —75, BEFEICET 7 7o —F Tk, #HEO
2=ty PY =27 RO E BEME~ Y 70 X o TGEIRI 1L 26 D&
W C PD 2T o 72D H 2, $77 4T =2 -0 %y PT—=2L 16
DEYEFAN E R AL PD oFEEEZREL XS L3 2M5EdH 240, b
DT, EFFHEEE L TEEOMEZLE L L, ZoMBicr2 25 ax M dE<
mBHMEMICH B, —F, REICEIT 2 RP 2w/ PDHIC KT 2 E/H T — X OFTLEC
i3, WREF OHFE T — 2 h b IRIE O Mo EREE & X — 2 v 2 4 A D A & FHEL L T RP Hi{RIC
ZHas 5728, fEkD PD MR FiE & R THILERIC 22202 2EHR 2 X M IHE L, EEDAES
TH5. RP zH 7wt <ix, HEZEFKICH 542 Convolutional Neural Network
(CNN)[& 1% FivsC RP [iffe &z 73 4H 3 20198 b2 CH h 42, CNNIc k- CPD &
BEOFHEXAF I AT — 2D RP B Z#H T 2% B2 b H 5.

L7chio TARETIE, PD BEOHMEOERT — X bEK I N7z RP H{fz W T
PD i %175 72%, CNN & RNN Zflagbd il =2 -1y VT —J T V%
ISR, 4B L7 sech B XA T —fli a #FHW727 — &S H> RNN
DOUEREHIIICH 2. FEEOHZRY, PD BHOHRNEOER T — X bAERI N5 RP
HifgxHWC=a -3y PV —2EFAICEY PD 2WHT 2051, < OWffofl
ICHE R,

KETTIE, EHET — X ORI D FIE K O T 7 v OEIC O W» TR %,

b2 BET—ZXORNEBOFIEENPD BEETIILOBME

521 PDEBEZEDERT —X

ARETH S PD BEOEFE T —XICOWTHHT 2., HFET7T—4 1y b3 o5~
R4S 10 PRESFE L-2bDEhoTkh, WREALLZHAAEIX /a/ THD. Z
DF—Xty MTix, 22 AN E (Healthy Person: HP) & 30 AD PD BE DT — X 25&
I, 1 AiC2Z 3 HGDOT =20k ENTn5, Lo TT—2 kBT 156 ((22+
30)x3) &7 5. MERMONGERIZ, ZME27 4, BHE25 4 ChH 5. 7 PD ¥ Hoehn and
Yahr (F—v « ¥ —) OFEEEHNFEICL>TRT =Y 1256 5 TTICHEINTEDY,
27—V DOHNFRIFAT— 3-5 D PD HEN 134, 27— 3 X0 H{K\w PD BE 17
%Thb.
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522 BEET—ZOFMLEE RP BERDOIERFIE

—HoEF T — X IE TN IENEL o -RECHREINZDDTH L7720, $XTCOEH
T2 IBRERESLZOHEICED LT, £ IAr0oY v T v ZREBEESD 16000 [Hz]
b EkoicEING, b, TRTCOERT—2ERELEy M l6 vy FTRT
ftanzzdochs.

RP W& Z BT BRI EH 7 — £ 1B T 2 HILEED FIEZ LU ISR

1. FOREZIICXZFEELBITZ-20, IRTCOFHT — X2 ZNETNICOWT, HAIRIE
BETLe Yy e 16 ¥y b CERBARERRAIRIE L 72 2 X 5 I ERILZ1T 5.

2. FEoEHEITo 2 ERICH L, -40dB LT O X% MEXHE L L CHAKEOM
s b D AHIFRT 5.

3. EEXEEZHIRL 2o EBEomE 0.1 W07 —2 2 HICHIRT 3. 2 i3S
XEHIREBOEHICBNT, HOHE &b BIEHICALEICR VLTV &%
ERLTfTbihb.

FEHFIEC X WVELE I NAEEET— 2L, UToOFIETRP BifgR%4KT 5.
1. B INA-EFET—Z2% 001sfEllow 7> a vichEd 3,

2. RP Ei{g%ER T 32 1ERTIC, 0.01s [OHET — X 2 NE IO TIRIED[-1, 1]12 7%
X5k EITS.

3. 0.01sfloERT—ZIcBWT, ZNXThoHICE T 2 IRIEOMNEERZFH T 2. <
D FEREIC BT 35 =k v X 4 VKM T 2 BERER IR, 35 S—k Vv X4
Dk Y /X VIO SEZ 1 (B)TcF ey L, 20D fIZ0(H) T3, 22T
3B/ 08— v R ANEMHHT A, EERICENT35 Y=k v XA VEHR L7z RP
HRCTHRDEVCBERI SO N0 TH 5.

4. I N7z 160X 160 OERY 4 X2 FOHE RP HffkZ N4 Y = 7THIEIC X D, 20
20 DEEY A4 ZIEMET 2. 2o L CHREBESENL CTLE ) A[REM B 3 25,
FEERCEH T % GPU ® VRAM X €Y (8GB) D AR ZE[E L CHIGOFEHMiZ1T 5.

5. IRCOpEIN-ERT — 208 RP WRICKR S ETERLD 2-4 Z#VR3. =721,
EET—Z2DRED 0.01s IZi- WAL, UvETcons.,

RP H{{&DIERIC BT, BRIE 3V, = (0, %, 2y} & L, C OREREIF — 2 0ffs
WEERfED 35 N —t v XA NMITHHY T 2 EEEER dygo, & < L, RPHREZRTITYIR IZXD
Xtk 3.
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1 if |xl- - Xj| < d35% (51)
0 otherwise

RG./) ={

TCTTC, i,je{1,2,+ NHIRRI {3, MOFTHI R 0BHFEHF S 2 KT, £/, RPEFRICE L
TRGEH=1I1FHE, RGH=01FHLAS. K51ICEHFT —& LRI N7z RP EH{FOH

N

Healthy person

Voice waveform

32,767
@
=)
)
=
a 0
=
<
-32,768 - . - ; : - T
0 1 2 3 4 5 6
Time [seconds]
Normalized waveform for a specific 0.01 second Generated RP
J 4,640
1.0
o .5 1 =
L 0.5 %’
= c
0.0 54560
= £
= =
< —0.5 =
101, ‘ ; - ‘ . 4,480
0.280 0.282 0.284 0.286 0.288 0.290 4,480 4,560 4,640
Time [seconds] Time index
PD Patient
Voice waveform
32,767
Q
=]
3
p=
a 0+
£
<
32,768 +— : . ‘ : .
0 1 2 3 4 5
Time [seconds]
Normalized waveform for a specific 0.01 second Generated RP
1.0 4 4,640 =y
- U . - _,I“
@ - = ‘
gz 0.5 %
2 c
= 0.0 o 4,560
Q
£ £
<€ —0.5 4 =
101 : . ; : . 4,480 :
0.280 0.282 0.284 0.286 0.288 0.290 4,480 4,560 4,640
Time [seconds] Time index

M 5.1 FFEF—& LERI N7 RP BEigOF (L: @EE, T:PDEEK)
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5.11ck1F % RP Hi{RIE, 0.28 745 0.29 B TOXMICH W TEK S N7z Biff % Rt
[\ 0 ic 90 fEEEE L TR LT3, ZDX 5.1 D RP E&GoH <, f@FE e PD H¥E oD RP
HRICIZ- XD L LAEENRENTW S,

523 PDM&EETILOBE

PD i€ 7 1%, RP [HifR% W4 2 CNN # &, CNN AT L 72 R~ 27 + v & I
FHNT— 2L LTHUES 25 RNN # M0, S ambsER%2 03 2 HE ol h
%. M52 PDBRIETFADOERICOWTORERKZ RS, $7-, £5.11 CNN O&E
CBIFBRENNT A—2%7T. CNNIC A &5 RP HifRY 4 X3 20x20 TH Y, CNN
225 DHITH 4 X3 64 x5X5(=1600)TH 3. L725->TRNN I, 1600 RICDORFE~
7 FABANEINS. RNN ZEB0ERICHE LT, 2=y M 64, 128, 256 DTh
2T, B TED LR 2BIRES N, 2hicb U CHAEO 2=y F b RNN LA
Ca=y M EI NS, HIIfEH» LD N#ERIL 2 fE(HP 512 PD)& 72 5. PD &
HET VL, TXCO RPHERA AT S N-RICREN SR EH T 5.

Input image 64 x5 x5
(20 x 20) _

v 2 S .."'\\
Convolutional layer RNN H
+ \-._____,¢/,
Convolutional layer r___________Jy___,::—_j'_'_'j'_j-\
¥ | RNN N
] ' (only in the case of 2 layers) | I
Max pooling e o "

¥ Tmm—et

Convolutional layer Output Layer

v
Convolutional layer |
L : Qutput
Max pooling (2 classes)

K 5.2: PD ®RHE 7 L 024K
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# 5.1: CNN OEZRIC BT ERE T A -4

layer In-channels | Out-channels | Kernel size | Stride Padding
(for each dimension)
Convolutional layer 1 32 3%x3 1x1 1
Convolutional layer 32 32 3%x3 1x1 1
Max pooling - - 3X3 2X2 1
Convolutional layer 32 64 3x3 1x1 1
Convolutional layer 64 64 3x3 1x1 1
Max pooling - 3X3 2X2 1

CNN D& T A =2 3FK 5.1 ILRTLEY TH 523, convolutional layer D% ICHEH
N5 AEHACEREIC X relu Z W72, 72, AEREOEEE %[5 < dropout (3 CNN #d max
pooling DEH & @ OERTICHA XS, 7272 L RNN 28 2 @0 41213, 2 @ H D RNN
DIERTIC D dropout A XN 5.

5.3 PD RHICH T 5 RERDOBEE & 4 BEFHE

531 EROBE

KREIC BT 5 R CIE 5.2 fii cilki~7z PD Bii€ 7 v & RP Wi % F v 72 GHEFESEER I X
b % RNN OMEREIIR 21T 5 & b ic, PD M= T Vv OtREZ T3 5. FEil Python 3.8
WA 9 4 75 ) TH B Pytorch 1.7.1, fiONC Cuda 11 % v C HAE R BN/ N i
BICXVETEING, SHEORUVEICHERNT 2 74 77 Vi3 Pydub™ZE w7z, 7,
Pydub @ —&BERE (X FFmpeg “NTKE L T\ 5. - FEERICE T 2 IR ZHER T 5 729,
BUEZ R L L€ CUBLAS_ WORKSPACE_CONFIG = :16:8 233 E T, #iLEy — Fid+~
TI10ICEREIND.

532  MEEFMEERICEH I HRTE

521HTHR7ZHY, T—Xty MIBIF 27T —20f#IE, 156 (HP:22x3, PD: 30
X3)ThHd., ZoOTF—2ty %, JEET—%€y F:28x3 (HP: 10x3, PD: 18%x3, #
54%), MEEF—Z % v b:12x3 (HP: 6x3, PD: 6 X3, #123%), FAFTF— X%y F:12
X3(HP: 6 X3, PD: 6 X3, #23%)icnE L C PDHETF V2 H &5, 22T, [HU
WEEOEF IR LT — 2y MCET 2 X 58+ 5. LA UEEE OE 28
DT =Xty PCEEINDE LI o T, FHERFORKESRIGICE 2o TLEI R ED
MIREZ BT 2 720 IcfThbil s,

T — 22y b TR, flEE L PD EBEOMTT — 2 DA EE S E L v X 9,
BEEOEF%Y 2 B7ZF 7 LEEREA—A"—F v TV v I T2 LM%, %
T — 2D FHICKLBEDIEL DX ORI Z 5 7=, FERIZHA RNN it LT 5 [
FTOofTbi, 5 EIOFIPEEICE W THRERHE 21T 5. BETORICT — X2y F 2y ¥
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vy 7NV L TCHET B0, BB —FZBEEL Tnwb729, 87425 RNN ZHW255TH &
Y v INMRICHEINTT =Xy POFERIIFICAERE 5.

PD B E T I X 3 RNN IZDWT, RKEDFEERICIL, sech BAEE 2 H 7 —(H a
7 — MCFFO RNN O, 5 4 HO HASHEUHICE T 2 2 {H3EZ R 7 T b FHERE
%> 7z model 2 ® post-activation €T L% HWTERE TS . LIk, AZETIE model 2 D
post-activation % 7 /L % KL fiilg L © 72 ®”"RNN-SH” & MEFR 3 5. 72 RNN-SH & o [k
MRE LT, kMo 7 — 1+ %55 RNN TH 5 LSTM MU GRU % v CIRIERIC KBk %
179.

RNN KO AEo 2= F8UL, 64, 128, 256 © 3@V ICKEEI NS, F4E L

LA OVEREZTERT 2729, 1@FE 72132 ED RNN ZH v, RNN-SH Clati1icHw 3
?E‘I?Ef[ifa?]*éﬁ(& L C tanh £ 72 (3 relu Z W CTHEEZIT 5. FHICH W 2R L) BCRE T kI
1 RAdam &M% V72, RAdam D37 X — &%, @¥E % < 72 © O EFE (weight
decay) % le-2 & L, Z Otz NI XA —2TH 5, a=0.001, f;, =09, /, =0999 & L
7-. % Ofth, dropout it 0.5, FEHEEZ 50 [\, Ny FH A X 27T ICHREL . FED
HHNT A= ZOYHMLICBI L T, ERITEH 0, 282 J1/m (i =y P& 3
A7 AATTHIHULEN L T, N4 T RTHF T RT 0 IHIL s 5. CNN O — A vics i
L EHDYMLIE, v=/3/n &7 2 v ERWT, Bk [—v,v] TYHULRIL, ~A 7 RIH
3T _XCTO0&L7% RNN-SHO 7= b BT EAHT =37 XA =% ald 1.0 ZHIHALE
5. BEBEHUCIE, 55 3%, 5 43 T M7z softmax cross entropy Z T 5.

PERERTAM 12 1%, Accuracy, F-score, Matthews Correlation Coefficient (MCC) @ 3 5D
BEZHw3., T, SEECsT2AEAIUTOL IR,

Accuracy:
TP + TN
= 5.2
Accuracy = oo TN ¥ FP + FN (5.2)
F-score:
2TP
F — score = (5.3)

2TP + FP + FN

Matthews Correlation Coefficient (MCC) :

(TP x TN) — (FP X FN)
MCC = (5.4)
J(TP + FP)x (TP + FN) x (TN + FP) x (TN + FN)

ZZTTP, TN, FP, FN (%, 55 4 BIT/R L 72 @ L FERIC, Z 2 1 true positive (E[51E),
true negative(EL[Z:), false positive(f&[51), false negative(fAfE1:) DA FL L T 3
Accuracy & F-score (2025 1 OEEIEAIY, flH23 1 ITEWIZ EPERER R W c‘i#'JLﬁ‘Sf(L
5. $72MCCiE, — 126+ 1OEKEZIY, + 183%RATFH, 0257 v X LTl
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A, — 18R RSETHlE o TWnWd T L 2T, NG T — 2B W TIE, F-score
& MCC D /5% Accuracy & Y b IEMEICFHMiZ 9% Z & A3A[EE L 7 . F-score Tl, 2 {57
BICBTZELAD7 JRCED 7 722 E D BTENICL>TRAATHEHLTLED
25, MCC T3 7 7 Z DY B TITHKTF L R RN ATRETH 5. B AFICE T 5 F-score
DOYEREFHER IC X, IEAD 7 7 2% AWK Z 5E %R L C 2 ofED P %%, macro-
average D% R 7.

b4 PDRHBICH T2 EROER

% RNN 7 VI BT 5 PDHO#ERERK 52 10RT. K52 ClEENLThoFETICE
WT, BEET—& %y MIZH LT loss A b o 2T, Miltr—4 €y b & T
AT =205 BORTHHROVPE LFEFEEZRL T2, £/ 5 BOWEET — X & v
FETREPT =%ty MCHT 5T XCORRDT LIFHERFZ S R T, ¥, Accuracy &
F-score 1Z/NEUSEE 3 i ZPUEH AL 72z N—% v P (%)FKELTRLTED, MCC i3/h
BAFEAMZIUEAAL L2fERZ R L CT0a, AT, ek E b2 ) 23 T5720,
X 5.31C% RNN €7 VicklF 5 MCCoOfEREZ 77 7k Lzb %R, 77 7% AT
(T 372 0EHERAEIIEB L TRLTWS, K53 TlEZzhZh, EXEET —% & b,
FIRBT R T —X%2y b, APBREET -2y b TRV T =Xty b ORKRFEE 2R
LTw3,

M 5.4 (% PDHHEFAD AT A—%E RNN D=y MK PEROBGRZR L2
77TH5., /K551, HFEETADIEHOFHICBWT T /7403873 3FT
ICEITIC D 2 WD 2775 7 %R$. 2 2C, NIEREE]E %2175 729, LSTM & GRU
TIFAHNGHETRE R fTHIE AN T A — X % —fERTHE L 7212108132 X 50, mdIcEHE
AlRE R K2 To T\ 5,
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# 5.2: £ RNN =57 LicElF 3 PD REOEE

Acc. (%) F-score (%) MCC
Average Average Total Average Average Total Average Average Total
layers| model | units | (validation set) | (test set) Average (validation set) | (test set) Average (validation set) | (test set) Average
64 | 68.33%7.58 66.11+6.89 | 67.22+7.33 | 68.11+£7.67 | 65.54+6.95| 66.83=7.43 | 0.371+0.154 | 0.334+0.141| 0.3563+0.149
LSTM | 128 | 63.33+10.45 | 58.89+16.61| 61.11+14.05| 62.98+10.23 | 58.46*16.48|60.72*13.90| 0.278=0.219 | 0.187*0.340| 0.233*0.290
256 | 68.89+9.20 70.00+7.54 | 69.44+8.43 | 68.40*9.13 69.54+8.04 | 68.97*8.62 | 0.395+0.194 | 0.407+0.145| 0.401+0.171
64 | 67.22%7.54 66.11+8.85 | 66.67+8.24 | 66.94+7.54 65.33+9.19 | 66.13£8.44 | 0.352+0.158 | 0.337+0.176|0.345=0.167
GRU | 128 | 65.56+9.56 66.67+8.43 | 66.11*+9.03 | 64.98*+9.64 64.92+9.64 | 64.95+9.64 | 0.327+0.209 | 0.363+0.170| 0.345+0.191
1 256 | 70.56*10.03 | 66.67=6.09 | 68.61+8.52 | 70.29+10.29 | 65.84*6.70 | 68.07=8.97 | 0.417+0.205 | 0.347+0.117|0.382+0.170
RNN- | 64 71.11+£7.97 63.33+5.67 | 67.22*7.93 | 70.16*+8.87 61.75+7.27 | 65.96+9.13 | 0.440+=0.151 | 0.282+0.107| 0.361+0.153
SH 128 | 68.89*7.74 63.33+5.39 | 66.11+7.22 | 66.98+10.48 | 62.86+5.45 | 64.92+8.60 | 0.402*0.140 | 0.274*0.111| 0.338*0.142
(tanh) | 256 | 70.56+7.78 70.00+6.43 | 70.28+7.14 | 70.04*=8.26 69.32+6.80 | 69.68*7.58 | 0.421+0.155 | 0.417+0.124| 0.419+0.140
RNN- | 64 57.22+7.16 67.78+9.72 | 62.50+10.04 | 54.42*+8.92 65.24+14.33| 59.83+13.10| 0.164*0.185 | 0.358*+0.195| 0.261£0.213
SH 128 | 65.56+6.24 63.89+5.83 | 64.72+6.09 | 62.10+9.78 |60.16*+10.88/61.13+10.39| 0.370+0.099 | 0.321+0.078| 0.346+0.092
(relu) | 256 | 70.00+6.89 63.89+11.25| 66.94+9.82 | 69.56+6.94 63.48+11.76| 66.52*10.13 | 0.413*0.143 | 0.279*0.229| 0.346*0.202
64 74.44+8.13 66.67*+6.80 | 70.56*+8.44 | 74.29*8.12 65.98+7.43 | 70.14+x8.82 | 0.496*=0.165 | 0.343+0.130| 0.420*0.167
LSTM | 128 | 70.00+7.54 | 68.89*6.89 | 69.44+7.24 | 6957+7.34 67.85+7.40 | 68.71+7.42 | 0.418+0.163 | 0.405+0.136| 0.411+0.150
256 | 65.00+7.37 69.44+9.94 | 67.22+9.02 | 63.60*=8.08 68.95*+10.30| 66.27+9.64 | 0.322*0.160 | 0.397*0.197| 0.360*0.183
64 68.89+6.43 65.56+7.58 | 67.22*+7.22 | 68.26*6.69 64.99+8.18 | 66.62*7.65 | 0.394+0.133 | 0.316+0.150| 0.355+0.147
GRU | 128 | 70.56+9.40 66.11+7.54 | 68.33+8.80 | 70.42+9.36 64.90+7.93 | 67.66=9.10 | 0.417+0.193 | 0.350+0.158| 0.383+0.180
2 256 | 70.56+9.06 70.00+8.31 | 70.28+8.70 | 70.44+9.04 69.01+8.94 | 69.72+9.02 | 0.416+0.186 |0.425+0.163| 0.421+0.175
RNN- | 64 68.89+8.31 56.11+9.69 | 62.50+11.06| 66.18+10.50 |52.25+11.18|59.21+12.89| 0.433*0.142 | 0.163*+0.210| 0.298=*0.225
SH 128 | 68.89+5.39 62.78+5.15 | 65.83+6.09 | 66.81+7.19 59.49+8.78 | 63.15+8.82 | 0.429+0.097 | 0.297+0.071|0.363+0.108
(tanh) | 256 | 68.33+8.89 66.67+7.03 | 67.50+8.06 | 67.04+10.03 | 65.12+8.23 | 66.08=9.23 | 0.385+0.170 | 0.358+0.132|0.372+0.153
RNN- | 64 63.33+£7.11 66.67+7.66 | 65.00+7.58 | 61.86*6.99 65.31+8.69 | 63.58+8.08 | 0.298+0.163 | 0.354+0.146| 0.326+0.158
SH 128 | 67.78+6.94 65.56+5.44 | 66.67+6.34 | 66.61+7.40 63.92+6.08 | 65.27=6.90 | 0.380+0.136 | 0.346+0.120| 0.363+0.129
(relu) | 256 | 63.33+8.50 61.11+7.66 | 62.22+8.16 | 60.44+11.46 |57.78*+11.65/59.11+11.63| 0.288*0.158 | 0.233*+0.157| 0.261*0.160
1 layer
0.5
0.45
0.4
0.35
03
0.25
0.2
0.15
0.1
0.05
0
GRU GRU GRU RNN-SH RNN-SH RNN-SH RNN-SH RNN-SH RNN-SH
(64 units) (128 units) (256 units) (64 units) (128 units) (256 units)  (tanh. 64 units) (tanh, 128 units)(tanh, 256 units) (relu, 64 units) (relu, 128 units) (relu, 256 units)
2 layers
0.5
0.45
0.4
0.35 | | | | i
0.3
0.2 i
0.15
0.1 I
0.05
o i i i i
LSTM LSTM LST™M GRU GRU GRU RNN-SH RNN-SH RNN-SH RNN-SH RNN-SH RNN-SH
(64 units) (128 units) (256 units) (64 units) (128 units) (256 units)  (tanh, 64 units) (tanh, 128 units)(tanh, 256 units) (relu, 64 units) (relu, 128 units) (relu, 256 units)

WValidation average B Testaverage M Total average

K 5.3: % RNN ®FAicisiF 3 MCC o5 R g
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2494434

2500000
1968098/
2000000 1887202
1492450/
1500000
1083106
1000000 ss101
828642
729570
524898
491618 409954 75363 158
500000
38494 286692
171748 270179
167587 l I
0 ] |
LSTM LSTM LSTM GRU GRU GRU RNN-SH RNN-SH RNN-SH
(64 units) (128 units) (256 units) (64 units) (128 units) (256 units) (64 units) (128 units) (256 units)
u 1 layer M 2 layers

B u ul
[} i=] B
o o o

Elapsed Time (seconds)
B
N
o

K 5.4:PDBHEFAD NS A—% L RNN D= v K UVEEOBZ

380
340
300
LST™M LSTM LSTM GRU GRU GRU RNN-SH RNN-SH RNN-SH
(64 units) (128 units) (256 units) (64 units) (128 units) (256 units) (64 units) (128 units) (256 units)

m 1layer m2layers

K 55: 1 EHORITTTu I LKT £ CIiTh o 7-EE

* 5.2 OER»5H, MCC ok EHo x a7z Ea HlEIC, GRU(2 &, 256 units),
LSTM(2 J&, 64 units), RNN-SH (1 J&, 256 units, tanh) DJEFRIC A2 T3 EL T o T\ 5,
LA2L 5 HEOETICENT, ZORU3ETAMCHLTCTZY - FevBRERETLEZLEC
A, MEtELLZ X R o0 5kd o7, 2822 256 units ® GRU & 1 J&2>2 256 units D
RNN-SH o Fefgic 35T, 5247 5 [M 03 ROC fhff & AUC % X 5.6 IR 7.

GRU RNN-SH (tanh)
1.0 1.0 4
—— ROC curve (area = 0.8208) = —— ROC curve (area = 0.8003) ad
- -
’J’ ‘,’
- -
ol »° | e

0.8 L 0.8
2 2
& 0.6+ 5 0.6
13 1]
2 2
2 =
& &
Y 04 Y 04
E E

0.2 1 0.2 1

0.0 4 0.0 4

0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

False Positive Rate

X 5.6: GRU(2 J&, 256 units) & RNN-SH(1 J&, 256 units, tanh) ® ROC giifg & AUC &
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Z 2T ROC Hi#ic s % AUC A E VI EHEREDS R W E S5 23, K 5.6 Tld GRU(2
J&, 256 units) D ¥ AUC {25 RNN-SH (1 &, 256 units, tanh) D AUC % 5] - T
WRZERRTENS., 2D &5, RNN-SH(tanh) Z i L 72854 ® PD HiES) 2
GRU %#fEH L 7255 0HEEN X VD LK o2 &b b. LHALK 54 205,
GRU(2 J&, 256 units) ¥ X — X & RNN-SH (1 J&, 256 units, tanh) D¥F X — X ED 3
e eoTH Y, K5.5 %KX, RNN-SH (1 J&, 256 units, tanh) (% GRU(2 J&, 256
units) & D 7 1.5 f5@EsUc B2 HETH 5.

LSTM(2 J&, 64 units) & RNN-SH (1 J&, 256 units, tanh) & @ H#E Tl 5.5 £ » RNN-
SH (1 J&, 256 units, tanh) D /5725 LSTM(2 J&, 64 units) X V) & 8T 2 — 2 &30 7, %52
X0 &R0 MCC IZIEH I WEE R>Twb, L22LK 5.3 X, LSTM(Q J&, 64
units) Tld, WBEAET — X v M L TIEERERR VAT X by MO L CTHREMEL &
DEFEE R LTWBEZ EbA %, —J5 RNN-SH (1 J&, 256 units, tanh) TlZ, BRIET
— X2y PETANTFT Xty bEDOETRIaTOEIINEL, BEEERRI T L %L
FETCEX TS, 2T, LSTM(2 &, 64 units) & RNN-SH (1 &, 256 units, tanh) D 1 [q]
HoRITIC BT 5 1EHAL X 1177 confusion matrix DH| % X 5.7 i12~9. X 5.7 25 b LSTM(2
J&, 64 units) (IMEET — % & v M L CTEMERERAR VW2, 77X FT =Xty MLk
REAMEL o T Y, kMM R CEN S, EHEE TIZ, RNN-SH (1 J&, 256 units,
tanh) %, LSTM(2 &, 64 units) £ b d 47 1.4 f5EEICHE 2 AIRETH 5.

validation ! test

Confusion matrix Confusion matrix

z T
= £
LST M v 05 3 0.50
2 2
= £
0.45
0.4
0.40
0.3
0.35
Predicted label 0.2 Predicted label 0.30
idati test
validation o070 oo
Confusion matrix Confusion matrix
0.65
0.7
0.60
0.6
— 055 _
2 v
RNN-SH & 1
! 0.50 v 0.5
(tanh) £ g
0.45

PD
Predicted label 0.30 Predicted label 0.2

K 5.7: LSTM(2 J8, 64 units) & RNN-SH(1 J8, 256 units, tanh) ® confusion matrix

RNN-SH @ H 175 HEA IO relu # W 72358 O EREIL, tanh ZHW25A X 0 KL
moTWwW5, ZOZLICBAT5EZEIE, RD55HOERICTIERS,
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55 EER

5.8 1C 50 [ DFHEFICH T 5% RNN £ 7 VA2 HH L 2560 P Hillifi e =3, 7«
B, K58 IRTHFHIEMTTIO RNN EFvickEnTd, 1HEORTICEH T 2R
7 oTWn3, 5.8 2*5, RNN-SH(tanh) & RNN-SH(relu) ZffH L 72854 T, LSTM
 GRU &L T oK D EFEEPEAL TV AT R CHULS. RNN-SH Tl3 ¥ 7
A= 2P fTHNERRNT A =2 B AT L CORFEFOZ L 26, IR 10
BHrRETIR LR TE, BYEHIINLTOHUREGTHLEZONS. 727210, 28
Dty ® RNN-SH(tanh) TIZFEHHMRAKE CIREN L T2 C L 23R TE 5. Skl
TiEHACBASC tanh Z V72 2 I X o T PD B T AR CHBN AR L, BE
BrelslizoEzon s, —J7 CHINEMHALEIEUC relu Z Hv>72 RNN-SH 04 T
X, X5.8 TIXHENZRD L2 EHMTHY, > FLFEETETCWI IS ICAZITLN
5. L2oL, relu L7286 PDBREET L OREE L, £52 2 06fthoET e N
TELSZ>Tws, 22 TH59 1, 1RHDOHITICE T % RNN-SH o s AL B
tanh & relu Z W72 56D EHL X 172 confusion matrix DR D 777 7 %R, 5.9
D OWEET — X & v FICEBIF B confusion matrix I2BWT, relu Z AW 72EE DI A tanh
FHWEEAE XY FPUBEE) 0BG35, TNEREW) 0EIG3MENZ L2 5, relu Z{f
FAL 72 RNN-SH TiZ PD BEZIEL <A CE T, FER D TR RD o722 & DR
T3, ZOFERELT, relu ZHAWEESTIE, relu b I1EX 0127 5 2 & TilltE
L7 Y, SRR O AR AHEAL CLE S dyingrelul 23 AE L CLEo72b D & F
ZTCW5, KREDOFEERTIL, relu ICHRIER ST A =2 % T Z L13fTo T w7z, RNN-
SH ODEHA VT A — 2 OB Bl Cld 72> o 72 0B 23 5 5. relu 3% JE{LICEHET 5
WEPELREE L LCHEH I N T 328, JRAUCH LT cawvC &2 b IERLFiE%E relu
ERIFFICHWE Z 2%, SRED LD hFECHWIIHE L HAGDE S Z L T relu ZH
W7 BETd RNN-SH OMRESRIECTE 22025 L RET I LERH L LEZ TS,
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RNN-SH (tanh)
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epoch
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validation ! test

Confusion matrix Confusion matrix

RNN-SH £ o 1 0s
v a v a
(tanh) & g
0.45
0.4
0.40
0.3
0.35
D
Predicted label 0.30 Predicted label 02
validation test s
Confusion matrix 07 Confusion matrix
0.7
HP 0.6 06
RNN-SH 2 z
r os g 05
(relu) £ B

HP PD

HP PD
Predicted label Predicted label 0.2

5.9: 1 &, 256 units ® RNN-SH(tanh) & RNN-SH(relu) ® confusion matrix

PD HiHE7 AV OREELICBI L T, EERARZE L HEEIEH 70%ME & ERL _IC
FEEL x0T, TOFRERE LT, KEOEBRICHWZHMETH S /a/ 1B TRE
MORFEIHEFEETH > CHHMIEL L, 2ThEPHESALEICR>TLE S 7 —
AR ot b, EBICH T =242y b DY A4 XN E o722 ERFRTIR AN
DEEZTVD, LEERosTHEKIE, YL haEFEAPDREBICEHT 202%HEL, &

HRET—2ERMe LT -2ty PEHAVE L CHRHETAOMWRESR X b I 3
DEDRD L, £7-EHTIE, VRAM DX VAEEZERL T4 Y = T HiiH % v 72 RP [
ROV A X %7078, VI A XE7z RP HIRTIZICOEIRICH - 7= FEB kb
0, L AOREPHENTD L o ZRESE L Z 2 LD Y, BEPEN L 20REM: D &
Zbid, iz < RP WEREERT 2 KHEFFEE LT, 0.01s &) KEFFENEY]©H -
T2 ESHMET LA NiE bR nweEZ S, WA, Tih ORI -2
BOWRT A X2, HEoEICE T 2 RffRE O R, FIKFIC CNN 7 —*7 27 F vic X
BHRD T —Y v 7D PD RBETAMCE T EUEICOWTHEICHZT 22 LT, RP
W PDBRIEICE V# L7252 R T 20 BB H B EZ T3,
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b6 BBHYIC

ARETIT 4 ETHELZ sech B 2 A 7 —fli a ZHW=7 — ME&EEZFFO YT A —
ZEDP 7\ RNN @ 1 2iCH T, HATEUHUIND 2 X 71 BT 2R % Ml 5 729,
KERH| 7 — 2 IGO0 BR A ED X A7 L LT, HRFEET 20 bERI N
RP i % i\ 5 PD Mt & 2 7 2 ZE L, RNN OHEAERFMi 21T o 7. KBRS D,
WK D7 — % S > LSTM < GRU & o PERgH I, HI1iEMALEIRC tanh %
v»% RNN-SH % f#if] L 7z PD #ii€ 7112 5T, LSTM % GRU % fiv»7- PD Miie 7
L OYEREZE IZIERIT/NE , REHIIEBI 2 3R X er o 2. LA L7e2s s, RNN-SH
WL 7 PD BIMEF A DT X — 2 0B o s — FHE RNN X0 bIEF I 7%
<, FHEREE R U A = VR & S ISER ICHR RGO N7, Lo T, Blkoc e
2> & RNN-SH 13551 7 — & UL R &0 2 2 7 12 b IGHTTEETH 5 2 & 2RE
INn3.

—75C RNN-SH O HALBIA & L C relu 2 AV 723554 @ PD BHIPEREIX tanh % Fiu 72
A OMERE LV AL, HIUCIETELBI% % tanh 225 relu ICE X a2 2 72 TS E(LIC
L oMREM EE2ERT 3L Vb o7z, ZOFRKIT relu ICH 1T % dying relu [
FICX2bDLEEZLNDD, ~T X =20 ERLE, X v Eh7z RNN &R
Kb ED, IOICHMAERE R E2TI LELD 2.

PD BHUKSEE 1X, PD BHNCHE L 72 AR 0N, RP HifR % (EK 3 % BRIRE, Sod s
RP Hif& D% 4 X, CNN D& ot Sick ), BcEEr A3 e3R8 TE2
tEZOND, $ERTIET -2ty OV A4 XARHEBHRI/NE Doz, T—X 2y b
e e Th PDMIBREEORENRRIAT NG, 2 ofth, SHEEY Vv —223+21ch %
B, BRI AT IC B B A 7 — ) A E o Tk X B Rk & RP
CE T DRI R A G bE s C LT, HickHEERR LS s L bu[EETH Y, &
BIETh L OWBT R EHCOVLT XY FMICHEZ TV, RIBEO®R®E T FiET
»5.
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Ky, WML 2=a2 -1 3y b7 —=2FFTALDOFTHEIC RNN £EFLICEH
L, ZORNF A= &HlT 2T Eax b - A2V HHEDOD 7 RNN €7
NV DRSS T OREXSEIRNT & SHICBAL CD 3 oD 2 F L Db DTH 3. RNN |TZ Dl
FAMDOEE 2 oA R A7 IKIGHDATRETH 528, FHHa X+ RUGHHEKICE T3 A€
VEBOBS 2 OHNEZIT S 2L 3%,

BIETE, BF0T7 -2ty POoRBE =2 —-F 4y 7 — 2 OGHER &
RNN HE1E I 31 2 PEREMNT I 0% 7 2 — 2 OHIEO BB IC O W Tilk~7z, £/, Zhic
£SO HI, BERCRHICOWTHL .

F2ETld, 874 RNN ot & Z 0FIc > TR, 2z RNN oS
ML INDENRTA=ZICOWTHH L. AT, RIFERICE T 537 A —ZHIRO EFE
E AT O WTEHL 7.

F3EmTIE, BRIWREBICH T 2EA T A —2% 1.0 ICHEE L 7z Simple RNN i LSTM
© GRU 7% £'® RNN £ 7 AR OMGFEDO 7 — MEEZFAL, AN L CEAZFEOD
LR, i 17— F(GRUMHHS) S LK I1Z 27— M ALSTMHHY) D7 — b i
#HETEH LSO RNN % 4 R T2 2 L C, /MO RNN 22 MhREx2 % & 4 C
L NT A= R EHIRT 5 2 & EilATe. TERERTAMN < I &1 72 B35 & RO BEAREHER &
A 7 L LT, Tanaka corpus ZfiH L 7z %385 & HAGE~DOHFIERIC X b % RNN [ <D PERE
Wi # T o 7. ZOfERE LT, HIRI/NE ha— XA TEHEbDD, HEX A T
b BEEMENER 2 2 7 ic BT, R L 72 —H8 D SGR 23Ek M D 7 — P& 2 Ff> LSTM %
GRU X Y b ENREEE R TR L ko7 L2 LA LEELL 28540 IX RS
i bed, EhIZMEIBHETHY, 72 SGR OREOMERICITHRE o=
v VRBBETH DT LD, fERMD RNN 26 KIFIC N T A — 2 ZHIIET 2 I3RS 7x
o7z, TOMERRET 2721137 — MEESMEREIC KT THEICOWTHEL, 7 —
MEEZ DD DDWEIC OV TR T 2 LD 5 & a7z

FAETE, FI3EOERRVOER,L, F— MEEOHMICER L 2D, T REN
o7 — MEEEZEELLH L\ RNN 2L 72 LT, 77— MEE»MERICRIT T
B, CICER LT XA —2HIJRORMICOWTHRE 21T > 72, BA&IYICIE, shortcut
connection % 0 Hiffi 7 & D RNN IS L T, fERDITHIE A YT X — & & sigmoid B
FRWETZ—MEETRAL, RbVicAA T —flHa & 2 F CHEMALBEIEE LTHWS
NTZhad o7z sech BRI X W S N7z, @<L W — & ZHFAT L LT85T
A—=Z D7\ RNN ZHEE L 72, [itko 7 — FEEIC s T 2175 EAE AN 7 —fla ICH
FICE X 7256 T, sigmoid BIEOFHEIC K VIEL DR T — Y v 7 HIEL S HEREL
ROHBEED B o 7223, EBEIEITH B sech B ZBEAT 22 LT, AA T —flia ZHWT
BHETLT— P LTIEFEICKET2bDEEZL2LTHD. D sech BEE A4 T —
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fEa zM\7-7 — G2 H 9 5 RNN 1, EVREBICHN L CEAZR O 2Rz R, il
T 1ETEALRE% % shorteut connection DR EH LI T 222 L w5 Blmih 6 4 f
MRS I N2, Z L CxDMERER, WikiText-2 Zfl\W/=5iEE7 Y v %222 ¢ IMDB %
7z 2D Z R 2 L WO WE DR S 2 DOHRSENIR 2 2 7 #VCFHEi L, §¢
KA D7 —+ FFO LSTM ® GRU & [ L7-. Z 0fER, CEMORHOKFREHRSZ T
Tl 7  BEER O ORIV R FBIR b & 5 2 20 E 2D 5 WikiText-2 7= SiE5E T

Yy 7227 Clx, LSTM® GRU £ 3k o TLEo7%. LirLhdo, XEICE
2 RIAOKFREGRE & b 2 kB o th ) A EE & 72 2 IMDB % w7z 2 fH X 2 2
DGETIE, ST A—=2H1/6 UFePiuvic bbb 59 LSTM % GRU ICVEis 3 K&
o, TORENS, F— MEEOWEICL o THLR S35 A — X DHIFEBARETH 5
TEWRENTZ, T — MEED sech BB L 2 7 —flia ICE 2 b2 LT X U fi#dT
bEG Lo THEY, 7 — MEEOMHTIC X 0 HIA L 72 RNN & 7V H )R 0 ) B i
DREMZZEICL Y, SHEET IV VI ZA7 OMWRELOHEIHEE 2R L3¢5 2 L AA[EETH
3 eEzoh, WINGEHABEBOERCLELROMEICOWTHZ 2 28T 5 2 L
A7z, MACHRSHEWHELAND 2 2 718 UL HRAT 208 LDH B L b
C7.

FAREICE T2 ARSI X 27 51T 5 2HSEZ A 7105 W T sech B L 24 7 —
fili a ZF5> RNN 23HZNICHERET 2 2 & AR T X 7223, RERII T — X LBl /g &
DRAZICOANTH % BT 2HENRD D, 2008 5 BT, KRIT—240
LG % & IO R ERIEHREL 2 X 7 & LCo8—F v Y VIKPD)MHE 2 3E L,
sech B 2 H 7 —fia #Ff> RNN ONT, H4ED 2 flHHEEZ A 7B W T b RE
DR 7> 72 RNN % RNN-SH &I L, @ RNN-SH #HwCHICHiE 2=, 22T
X PD OEBIEEEMEREICEBH L, PD BEOER T — 2 2 FFEXBICHE L-b 0%
2 XJC RP HfRICZE# L 72 ECRNN 27 PDBRIHET A Iic X VR L, % OHIEE
ORI D RNN & i s 2 < & ClEReZ Mt Lt L 72, % of#R, LSTM, GRU, RNN-
SH I 1) % %€ 7 VHTOMEHIENZ IZ380 b T, WREEDIRD TR v v ) fER
BELNTZ. Wz, RNN-SH 085 2 —%i3 GRU #7550 1/3LUTFThs L
o, NIZA=ZPRB NI OED L IR O 7 — 2 FED RNN ICEis 2 L 7o
7-. ZOZtH 5, RNN-SH 2sHASHENHD A7 5, FERIIT — & UL B ULH 72
EDRXAZICHISHWBETH 5 LI NG, Lo Lads, 5 4 BECHEL oW
72 RNN-SH o % J@{tic 5\ ¢, LEIcER L N 5 IGHE(LBIE TS 2 relu BIEE H 72
GHECTOMEEELZR ESE2 L3 TET, N7 A =2 oPIL e EALIEZBETL, X
DM ARRAEZITOBELSD L Ebh o7z, PD BHOKEICBE L Tid 70%RETH - 7=
25, FEPEDMROMGA 2RI & L€ PD MHNICHE L 72 B RFE O FEIR, RP iR % (ERLS 2 R
ik, RP EiffD ¥ 4 X, PD HRHIEF itk T2 CNN DA 50 ©ld 720 - 72 il BELE
BHY, cnbERETNITEICHEELZM LI L AEETHIEEZLNS. 72
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