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Residual Based Gated Recurrent Unit

ZHANG Zhong-Hao' DONG Fang-Min' HU Feng'
WU Yi-Rong"*? SUN Shui-Fa'?

Abstract Traditional recurrent neural networks are prone to the
problems of vanishing gradient and degradation. Relying on the
facts that non-saturated activation functions can effectively
overcome the vanishing gradient problem, and the residual
structure in convolution neural network can effectively alleviate
the degradation problem, we propose a residual—gated recurrent
unit (Re-GRU) which leverages gated recurrent unit (GRU) to
alleviate the problems of vanishing gradient and degradation.
There are two main improvements in Re-GRU. One is to replace
the activation function of the candidate hidden state in GRU
with the non-saturated activation function. The other is to
introduce the residual information into the candidate hidden
state representation of the GRU. The modification of candidate
hidden state activation function can not only effectively avoid
vanishing gradient caused by non-saturated activation function,
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but also introduce residual information to make the network
more sensitive to gradient change, so as to alleviate the
degradation problem. We conducted three kinds of test
experiments, including image recognition, building language
model, and speech recognition. The results indicate that our
proposed Re-GRU has higher detection performance than other 6
methods. Specifically, we achieved a test-set perplexity of 23.88
on the Penn Treebank data set in language model prediction
task, which is one half of the lowest value ever recorded.

Key words Deep learning, recurrent neural networks, gated
recurrent unit, skip connect

Citation Zhang Zhong-Hao, Dong Fang-Min, Hu Feng, Wu Yi-
Rong, Sun Shui-Fa. Residual based gated recurrent unit. Acta
Automatica Sinica, 2022, 48(12): 3067-3074

FEIE 2 - T UAFE B, PR 2 2] (R 4 H R 4 3R 45> ek
ok TE RIS, REME ML, SR A W 2 FE
&M 4% (Recurrent neural network, RINN) &5 fifi £5 [ 2%
R 2 B T &N, Hoh, PRI e 22 1 2% B 1l
SAEFUALIIRE ), DA 2 B TEE TR 15 5 s,
PLasFliEe 6 J ARG 5 AL FR I k. JRT, I8 g 5 4 4
o 2% 2 R A s 2 90 ) AR, A M T 8 7 AR AR AN R, T
A BT KIHRCIZ#T (Long short-term memory,
LSTM) (1B )28 VA i1 28 IO 235 1 O SR 2 g ofs P55 ¥ 2R B A
FEI . AR LSTM #isA 2, (HILT TR E A, TRt tes:
AYFZEX LSTMF S R 7 R, b 63 g
(Gated recurrent unit, GRU)™ & LSTM #x B AR —
LG

PRBE 22 I B £ AR T & R R S50 SRl
Gr— IR JE GG R B R IR . B8 X 4% J2 2 3
BAEEVH S BREEREIE . W 45 BA0 1 55 i) 35 2 T BROAR 20 43 437
W.OAT R AT EIRM NIk, HAroA 2 MiRER
TP I 28 R SRR L, e BARTR I A vl 2 B DY 2%,
T B P4 5 = P40 DL s i 4 32 HY 1 R %
AT SR 28 N ZR ) 7 BRI FR BT (Simple recurrent units,
SRU)[12*13]'

TENBI AP LE I 28 v, DR DR i 4 F 1 R0 R
K, BT MR 2D 2 e A= B FEE B K 0] R, AFL 2 bl o0 R0 R 2
T SR RO RH 2 90 2 T i X0 AR 8 L. B8R LSTM A GRU A
FEAL 4E 1) RNN & B & G2 B 23 2% 1) R K e 0, (E S bR
IX PG R AT BRI, XA i) UK 7E S5 SO S e Rk FL AR
JEIL. FEAEFRANZ X 45 b A7 75 55 ) 25 R AL 1) L, 3 350706
FRAT 20 X 45 (10 1 e T o o) 2% J2 210 166 T bl SR BoRE R . SR
FH e 2 8 X 245 £ 77 1k B 008 2 ikt 0 5% () 3R AL ) 8, {HL 2 IX
P vk 2 BN 28 2 B0 E FH N ZRFE I M. 30 PR A 4% 32 O01E
[ SRU [P 2%t 40 &5 1 AL vy 38 2 1% I 246 (1) 45 44 191 [)
SRU &2 T EIF BT IR (R 248, Bt RIS AT PROE Y [R]
I 7E — S84 55 L B 8 130 4T TE IR I P 25 )11 5.

ASCEE X GRU S54RI 78, K i i 1 o
i 05 B R 2 1R B0 R BT AR I Bk 22 3 42, ] DA 25t e ok
JR 4G GRU BIHH B 5 R0 WX 48 Ak 1l . it T 17k
LR B RO T R BB B AE R A ARSI R
7 #thR 4L (Batch normalization, BN)™ (1) 77 1 K fif 1.
TEATCH] 3 BAFNS Heski b, AL (Residual-GRU,
Re-GRU) 7£ 3 ZSLIGIJEAS T GRUL LSTM. Highway-
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GRU. SRU % M 2% EAF IR, JF HAERIBRACE T, A&
I Re-GRU B LSTM A1 Highway-GRU #ERT 5%,

1 AR
| WEIEIR T

I8 3K 858 (GRU) & LSTM [ i 4k 22k, GRU
A LSTM 3% AR ML JeHl & —/NME B T, B4
AL FR B CEEL T A TN TR, TR AT AW 15 B
ER/AHM. 5 LSTM AFIZ, B4 GRU 43 5o
FANTIIR, I H GRU B8 e A —/M i, Bl GRU
TEARAE RS SUE BB AR B B TF, A EL 1S
. GRU Hongs i 1 Fow, A0 LT

Zt = U(szt +Uzhi—1 + bz)

1.1

(1)

Tt = U(W'r‘ft + Urhi—1 + br) (2)

at = Tanh(WoUq(ht—17¢) + ba) (3)

ht = (1 — zt)ht—1 + zear 4)

KA, o BN UATER ¢ B ZIENAE, heot 2 ¢ — 1B R
REHAE, 2 M e 25N S ZIERTIMER ], #
TR E B IS B3 o /2 Sigmoid BT, a, N ¢ IS
HIEIERRIRAS, he TR AT E] ¢ FPIRS AR, Tanh 2&1F
JEBRIRZS B IE DTS s 8, B ESEOE W, . W, .
Was Uz~ Up U, REFEA b, by Fl bg.

h, h

t—1

1 GRU Hyo4sty
Fig.1 GRU structure
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FEE B R X 2 v 2 W 4 IR R0 BB R R BR ),
AR ETURNMS R, TURMNSEAAENLERTE,
R SRR AR, EREEMS A AETTR, B
i NS 4 2 S5 R BEATRF IR BT (R o 7 R 28 3 O
N, F(z) Fon o @id 7RMIZE, H(z) ZIZ K5, W
YSBEW L N H(z) = F(o). WRREES T TUR 1M 4
RIS AL H (o) BEEAEF TR o, 2R MESE
W H(z) = o, XA 5L AERE S 115 BB I AN 6 E i 5T
MR 745 2 1A Rcfeids, SEBLH BRI Z5IR AL H (1.

TR B O % ) S R S I IR R 4 I 2% ) 5 K

1.2

A B I8 — N Bh 148 T R s 1 E B R
WRIZMENN o, RGN F(z). W2 T = 110 H
R H(z) S84 H Fo) MR, 24T =0 BT H H(x)
e E—ERER o Mk i1 T LA s R
BRI, T E AN TUAR. A 3 A I ) 44 45
LA 2, AzE W R:

T =o(Wz +b) (5)

C=1-T

H(z)=TXx F(z)+C x =z (7)

Kb, 2 BRI, wEE, b EMEE, Fo) 2RET
FEE AL AT, ¢ 5 T s A B LI 14,
o R T WG AL, H (x) /2 ms 2 6 W 253

x

2 A R L A R

Highway-network structure

Fig.2

R A e D 5 B TR PR A, AT DA DR RS
REWS 1B L 5. SRU M 45 iz H] 11X Al AL 45 4 09,
ok HL 1 4% e 0% B b DR AIE AR J2 A

TREM LR

B 22 WX 24 1) (1) 2 B TR B e M A e T A o) 1 S S
BRE L, O B I SR, REMGERE
TEEEW R H (z) = « AR ZE R F(a) = H(z)-
. MR FERET F(z) =0 BRI T H(z) = « FITES B
GF, XFER R T 2 R E AR TUR, 515 W 45 E B
JEE T B (I A% R A 200 b 7 oF o9 265 38 A 1] R, AR T 3K
B, PPN 8% R A 11 Ji PR A2 AL 6 AR R AR, T Bk 22 B (AN
SR A0 118 2 1t 7 et AL B 6 A SR A ]

W 22 W 2% 5 T T A B U 48 AN TR E 1 TR A B 2850
Nt B BRI B ZE  R TMR ZE N SN i
W N A7 E 00, BT DATE T S50 R B i A 5 2 0 PR ) PRl i
LS 2 ARG BB, A5 g T DLER AR 2, AT
A28 T AHEAT SEIR 2 HO I 5. I DUBR 22 WA 4% A B A R0t o
SIIRFEWS HA 26 = 4 B k22 W 4% 24 XL =X
(8), JRtE R 7= M2 i &l 3 Fr s, T E IR Bk 22 T B 1) I
1, By WISE A o(Wat + bf) 324t

y=o((Wal +bt) +2!-1) (8)

X, ! R L RIRIA, 2!V Rom 1 -1 RN, v &on
LRI, ot 8 LREWE I, o S R

1.3
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2.1 BREMEREITBTEN

TEAEI A P45 ) Bofs 5 2R R0 P 2% 38 4k e Sy ™ 2.
EFXHIZ A [ AR, A SCEE X GRU et kg ak. £ GRU
HIRE A S BedZ O A SOMEERRIRAS X (3). 2 (3) 1
(B AT — B 2 BRORZS 1 B L [F k2 T GRU Btk
AR A . BT DA SO By oot 32 225X GRU Bk fa
REANL, FES RT3

1) AEM RIS PR AL

# GRU 512 BROIRAS 130 oR HR 5o 45 1 I o 4
(Rectified linear unit, ReLU), XA 8% Lk A 3 1) ook i
25 Ae 1R G M8 e b VR BR 0S| RS R0 BV 2R, kT R
IS X5} B R P R P 28 1 5091 L) ReLU BREUAN:

f(@), f(x)>0
0, f(z) <0

R, ReLU BEIEINE f(2), f(z) Tom o LT HMEBH.
T ReLUTES X FECH 0, BrbL— B & 0
SR RE T, IBEE N 0. 2 f(o) KT o), A:
OReLU(f(z)) _ 0f(x)
ox T o

ReL U B0i% R A7) LACRIESS S AL H SE M B 4, A EL i
FORIBOE R AL, Rel U A7 700 RN BTG BR 507 SR 0 86 B2 T

Je i), HREE AT HhE A 5% 22 5 B L. 2 (3) 2o:
at = ReLU(Waxt + Uq(ht—17¢) + ba) (11)

TR 2 AR A 2 R 2 v T D32 5 ) AR AT 0TS
B B 2 AR B BERR M R R ReL U 2 ARV AT 28 2L
AR, A7 7E B0 FE RN I L. 170 A AR M AT b S it
PRAEMCTECARANGE 15, R LU Rt (56 3 1 X 1) A 214 2%
2z g b SOl [16] 7 GRU _REAT 1 280U ik,
R T 4L GRU W4 2% 1A T AR 1A 80 R 00 A 2t
AL FE ReLU 52 i1 T H B AR, A H AU AR
PRURI bR AR 2 T AT 0.

2) IR R

AL S 25 25 B 22 N 26 v ik 22 I 2% 1) 7 ok X GRU
BEAT SCHE, ANTTTRAE DR GRU H (R FEE Vi 2% A0 004 2% TR A il AT
FARM, ASCRR IR ZEERTIAE (11) . XT3

ReLU(g(z)) = { 9)

(10)

ZEAR IS, ANSCAE A2 BT J2 B0 3 2R 5 0% e bR 2
nett ", MAEHT— 2 FRARES HHE ny =], R R B
B LG J5 B B A E 2 1R A6 B ATt
Witk T RSB R 2 N 2 R (R ZE I 48 AN A, Re-GRU (1
T— ARG, Stk E RIS A 2

al = ReLU(net!) (12)

net, = Wizl + UL (Rl rl) +bL) + Vipeti ! (13)

K, al Rox 12 ¢ W2 IEBRCR S M, net ' A
1—1 B MR A BOE R EERRESE, nl Rt — 18 %]
B 1R, netl, A1 B IERBOEFHFERRE, v
RN R VCERLRE MM L 2R R 2 4E A
B, AN 55 25 24 P UG e

BEAN, AT S ARG R A 8 I 4% I 5 3T ik 7
R M GRU AU HAh A P sk 2=, 41
MEEAER (4) PHRINERZER, SER (3) KB R
ZANANINER ZE R, T I K A SR A SEAE B R A S
FTHE 7 T s P M R B R I SO T R

3) fbhrvELL

HEbR AL 38 X U 2R N R AN 2 B TS
I SA{EL RN 7 22 3 AT BT AL R A R B PR T R R A2, [H]
BB RS I I S TRE AL = R PERE. [FIHS AR 6% &
W TREMILE RS PERE. 1 A RbRE L vT DL iR A0
T DR B IR A T AR AR ) A0S AR SCE I M GRU )
S PR BRI N TR IR 25 i B, T I8 AR AL A 75 14 R
A LB BT BRAE G0 GRU H IR 5 R AT 453810 1% B 1)
LG MARHEAL 2 J5 A S Re-GRU %5 1 2 KI5t 451 I
Bl 3, git s on AT

zj = o(BN(Wlz}) + ULhl_)) (14)

ri = o(BN(Wfz}) + Uthf_,) (15)

al = ReLU(netl) (16)

netl, = BN(Wlal) + UL (hl_rh) + Vineth? (17)
hy = (1—=2zL)hi_, + zla}) (18)

{1, BN R R AR AEAL. BT HEbRAE AL A Tk 2
HEmZ, Frelat (14). 3R (15) Fk (17) F R B A& b
205

22 RENEBEARETHREER

SRR EAN 2 R s LI i R S A g G
JIT CAEAJE PR A8 2 100 28 v 1748 I [ A% 5 03 16 (8] ) 5 160 1%
. AT Re-GRU 5 THPA M 2% E R 21 4 57 1)
TR ZEM 2%, BT LR S Re-GRU BB Bt A 1 IR 1) 7%
FERIT R,

R Fem) %20 (17) RIS 7 B BOEAT S5 B e, B
Ba MR 4 Frs.

F(m) = Wamt + Ua(hy—17¢) (19)

R BLI I 20 A ¢, B L 2% 1T 25, e et
HHPRZED 6, HERE, LRB 1R ZEEH TAM%
. WM A E e 2 o N EOR R, e G (17) R 4ERE DL
BCAERE v AT LAgk g, =X (17) wTBAfR AL A
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nety =(Wg'ay +Ug (hi_yri)) + netg ™! =
L-1 '
F(m)E + netZ=1 = net!, + Z F(m)* (20)

=l

JITEARS netl | 3K net!, , KIS, W] R&IT A

L-1
d | net!, + F(m)l>
e
Anetl, Onetl, N
L—-1 )
o (Z F(my)
i=1
1+ — 21
+ Onetl, 1)

HF ReLU fEF X B SN 0, — BWE TG G
AR R B, TR BE R O, WA 24 T AT 4. BT bL 2
netaL’t KFont, f:

al = ReLU(netk) = netk (22)

454 ReLU HITESR, FERRRERT 0 I
daf  O(ReLU(netl))  Onetk

onetl, Onetl, "~ Onet!,

B CAAR 0 B 20k 0 U, ek FEOIRES 1 28 1 )= R 22 T
6é’t?'3:

(23)

OF: _ OF: 8h{‘ 8atL Bnetg _

ot = =" =
“t " Onetl,  OhL dal Onetl dnet!,
L—1 .
0 (Z F(my)
OE; i=1
2k (24)
OhF Onetl, t

K, ENRZE, bW Ron LEtNZIFPRESHE, LN L
JEFHTITIRR.

Re-GRU AL E LA R A E #A8 F SR -5 5 37, =t
(24) A1, 7 U B0 R BRI NG Z %2 )5, Re-GRU
5B 1 R RERIRS R ZET o), ,, SAEEER R L B3 1 B (A
) % |2 E S0 e S BRI EL B VH k. lid Re-GRU % 1]
1&4%, W AR AR K Re-GRU A1 HLA% 45 BITE R 42 0 2%
BAMTASUE BEE 2 B T8, HRH T Re-GRU

Kot Ao P AR AL PR PE TR B T Rk 2B AL Y H .
3 SRR SR

3.1 BBEEMES

A AR RALE Linux 24 EFIH Pytor-
ch P & ML 58 AR Ik, #4HF NVIDIA Ge-
Force GTX 1060 & AT Inad il 25, A3 5 )6t &R
Bl B AR TR E R A =S B AT T s A
%R )4 F MINISTHdE 41, 8 5 A A F 4 Fl PTB %t
PH a1 F WikiText-2 Z4f 427, 15 & R H TIMIT
RGN T T EAR SRR GE RS, AN T AP
P, 2R SG AR (ol 0 A A 2 TR0 455 0 A R B ] OO A
Sy a)

3.2 MNIST #IBEFEFIRAES

ARSI 1A SEIAT S 2 B &R, RA T MNIST
FE5FHEE. ZHIREME T 60000 7 28 x 28 R FE K
P ZR8ERT 10000 7K 28 x 28 & K IR 4L, ik
XA B R T AR S R LR T S B G, I HAN
B EIR 7 B AT B ARG, AR B, A T
RNN. GRU. LSTM. RNN-relu. GRU-relu. Highway-
GRU. Re-GRU. SRU K47 % b 5246, H A ) RNN-relu
S BOE BB B ReLU 9 RNN, GRU-relu A2 ¥ fi %
FEUIR A5 W0% 2R B ik ReLU ) GRU, Highway-GRU 1
FY i A BRI S5 K (R GRU. AR SCRHEAN 1 48 X 44 T 4
FHAE TR] A C & 35458 32 SCAR 00 % eR B0V 4 2k IR 3
FE R B& A AL 2% 3 48 1 35 5 iR 4% 38 (Root mean square
propagation, RMSProp); ¥J{#f F — |2 4= 3% £ )2 >k L ic i
HZE TR E PR BRORZE I RH 2 038 64 A, WIgRS )
I8 0.01. B WL BT 124 7. 105 14 Z I
Vg

SEHG AR bR v AR R A A 2R . B S
RILFE 1. £ 1 TLAEH, RNN. GRU. LSTM 7E M 4% )=
Fhnest, FLARIY (0 A 2 R AR 76 7 22 S RNN,
GRU. LSTM #5284 (1) 1R 50 B BRI B4 10%. T X AME
FEM R RN —NTFEFERIFRZE 0 ~ 9 Hrms— 4k
7, BN H— M erarh IEF AR N 10%, BTl 10%
MR S AH 24T BEAL A T, b B A28 2 T A5 2.

ALK RNN il GRU FIUE B0 T B0, 1B A
PO B A (RNN-relu) gCA A v FH 30 2630 (GRU-relu).
i #% 177 LLE H, RNN-relu 1 GRU-relu #f b, RNN
GRU BAELFIFRI. XA RS 222 H 7 R
T PR B, AT 8GR TV AR R RO SR PR A B % i L
B 5 R T N 7 2 GRU. GRU-relu. Re-GRU (¥l %k
R R A AR L I 2L, B SFEEE 5 ) GRU #1 GRU-
relu FIFRAEZEAL, AT DB BB He , 76 4 P A AN 05 B
Hrt, GRU V4 JZ P 45 1086 FE T0 1R 2045 208 3, (15K
PR BN BB A RO B, T A T AR M RO oA B, )
G X PR TR RS B BT S A B 3 R )

B, ] 5 S SO0 2R B0 B AR R T 31 2K ) R
HIFEABE R X 28 1B AL 5] 5. M 2 ~ 14 R AET R ARSI
AT LLE 1, GRU-relu A1 RNN-relu FIHER R B % 2 B0 1Y
AN T %, 2058 14 20908 MRS H0E AL IR, XA
5 B W 4B A0 T T 3. Highway-GRU (145 R



12 TR ZEEE: BT IR I EIR AT 3071

& 1 MNIST Mk 4 R (%)
Table 1  MNIST dataset test results (%)

e LEM%% 3 RS 5 ZMEE 7 EM% 9 RN

RNN 52 12 9 10 10
GRU 92 92 11 11 10
LSTM 94 91 10 9 10
RNN-relu 67 72 63 56 9
GRU-relu 93 93 80 76 11
SRU 86 94 93 93 93
Highway-GRU 89 95 94 92 33
Re-GRU 97 96 94 95 94
3.0
< GRU
% GRU-relu
o5l © Re-GRU

2.0¢F

HURME

1.0

0.5

0 2 zl é é 1'0 1'2 1'4 1.6 1.8 20
BRI
B 5 7EM%K GRU. GRU-relu. Re-GRU 7£
MNIST % & _F it d o A8 fb i 28

Fig.5 Loss curve of GRU, GRU-relu and Re-GRU on the
MNIST data set of a seven-layer network

AT CAR B P AS G R S0 1 7 2 T DA A X 45 SR AH ) 1)
. %} Highway-GRU, 7 2 ~ 10 21, BB R BRI,
HE] T 55 14 20, SRR A T [, (15 HER 2R IR
T, X FE IR Highway-GRU A58 78 [0 2% |2 $UR0G I
FEAE T BB RE A 4T SRU, A 4RI G A R A R g A
SRR 2 S Bt & 5 T I S B S 4L, BT DATEAS 75
A5 B EURAT 5 A T R L.

IR 1 AT LA H, AR Re-GRUAH HLH
b ASEZRY AN L 4% B U AR B, [ B E ) 245 2 R VR I
WA R — A H R, WifER 5 o, X E 3 Fis
R RAEZR A I 2R, REREAR IS M I S it HE A ST Re-
GRU R AH B S -1 HAA 2. fEE IR ERIZH,
AT Re-GRU BE % 8 G FE 1) 1, K A4 e AR R 47
HIRER . [ FENE, AR Re-GRU 162 £
TR, R 2R 2 /IR B ARG 3 15 0 5 B2 [H ) MINIST
BIRERDN, REG =AW EIE, i Re-GRU HAf
kG A B R AR

—_

3.3 PTB 1 WikiText-2 &= {2 EIF0M

ARSCE 2 AN SRR VE AT, A8 ) B SR R A
B 5 BRI E FH ) 248 48 Penn Treebank (PTB)M.
ZEAHE RS T 10000 AN F] H 1R T AE A 45 ARARE AT
LA R AR AC M A R S R RAT S 5 EHRAE S5 AN, 18 5 R
RUAE S5 A2 IS PP 11, e 5 4 T B AS [R] 908 B0 41 28 X 245 1) 1t
fE. ASCHEA T Pytorch B 5 HITE 5 A RS R AS K 58 i
PTB 4l S A UIZRATIR, o i) 0 2% 25 g 30 70 Y & A=
SCEHTIEERY. RS B, ASCRIFEAH 7 RNNL GRU.
LSTM. RNN-relu. GRU-relu. SRU. Highway-GRU. Re-
GRU #EATXf L9258, S5 R FH W 2K B (Perplexity, PPL)
PEAGFRAE, — AR UL PPL B /1N ) 22 B AR B 255 S 472,
SIS R AR R A 4 N 45 i B AR S A RN i E
1650 M TT; RN R IR/ 650, B8 T bt
1, ZFEZ3509 50%. TR 5 AT 3 5. 7 2%
gk, BARGRINE 2 s, Hhig5 58 PPLAH, €5
A IEA IR AT I 18]

#* 2 PTBMIIKA4 R (PPL, s)

Table 2 PTB dataset test results (PPL, s)

A 3 JZM%E 5 JZM % 7 JEM %
RNN 142.37, 149 135.56, 188 143.68, 214
GRU 59.73, 467 50.03, 584 50.25, 750
LSTM 56.42, 409 41.03, 542 84.27, 915
RNN-relu 125.83, 81 115.79, 164 117.32, 257
GRU-relu 96.71, 453 57.03, 602 90.14, 763
SRU 104.93,206  124.18,334  143.77, 432

Highway-GRU 99.77, 523 108.13, 834 88, 1176
Re-GRU 24.32, 378 23.88, 682 25.14, 866

F o BT AT Re-GRU 2 4b, L& I 10 2
LSTM, 7£55 5 2N PPL A% T 41.03. {HE H M % Z 5
FHE# 7 ER, LSTM ) PPLAE T T — 1.

13 2 W40, Highway-GRU 1E525 2 FRIAH AL,
5 GRU A LSTM #ill i &5 S A% b, Highway-GRU [
FIMEEIE L. B Highway-GRU RS 75 W 2% 2 $4 in
I AT R AR PPL A, 52 B 8] 1 48 2 A e 22 1. A
& i % Highway-GRU #HT 7 IR 41125, 72 9 2 W
#&1}, Highway-GRU ) PPL {H>4 90.86, 11 JZi>4 90.64,
TR 1 45 SRR LG AR B R SR R B 22 11, RN Highway-
GRU MIE R &M IFAEH FIXAMES. SRU 5 miE 2 B
W% B A A S5 M), T SRU 4% 1IN F 2% Frbl SRU
BARIBATI R, (H 2 R E AR,

I 2 A LA H, AR SCW T Re-GRU MU & il
(1) PPL AR, 17 HL7E W 28 2 H0 w5 00 A B AR AR DR R (28K
R. K GRU MR Re-GRUZE Yl 45t 72 o 4 AR A5 2 1K)
WUREAT SR, FR4H T PR B2k (WK 6). Hodp
Kl 6(a) e BARLEILZE, B 6(b) M JRERBOK . i@ttt
6 IR 248 4k it 7] DL B35 Y, A S0 Re-
GRU TEAEARRT 2 R BE B ~FI8 B P X &l AL
WA 1 Re-GRU W 45 5% 16 FE B 40 UK, £15 Re-GRU 1E
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—*-Rg:(;RU 5 é Table 3 WikiText-2 dataset test results (PPL, s)
-©-Re-GRU 7 2
551 | DAL H 7 %
A-GRU 7 2 RNN 155.43, 235
5.0 GRU 43.87, 618
) LSTM 29.00, 733
put)
:H<, 4.5 SRU 159.39, 514
= Re-GRU 23.88, 644
4.0
% 3 b, AL Re-GRU KR A %11 PPL,
I His AT KT LSTM. @it £ 3 5% 200 83E b 7T
35 PLR I, &AM 4% (I7E PTB 554 F1 WikiText-2 $35 4
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(b) Partial enlarged figure
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Fig.6  Loss curve of GRU and Re-GRU on PTB dataset
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GRU 1k T LSTMH Highway-GRU. {813 — & # &, 7
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# 4 TIMIT F)IASER (%, s)
Table 4 TIMIT dataset test results (%, s)

et} 3 JZ M4 5 JZ M4 AR
RNN 22.5, 151 23.7, 225 23.9, 295
GRU 18.3, 389 18.2, 620 18.5, 854
LSTM 17.4, 478 17.2, 777 17.9, 1080
RNN-relu 18.3, 154 18.4, 239 18.6, 302
GRU-relu 17.3, 385 17.9, 616 17.8, 853
SRU 17.4, 404 18.3, 656 18.4, 924
Highway-GRU 18.0, 549 18.1, 908 17.5, 1294
Li-GRU 17.6, 287 17.9, 478 18.1, 630
Re-GRU 17.8, 427 17.5, 703 17.1, 984

S R R A 1.4%, H LSTM & 0.8%, b Li-GRU 1% 1%.
BEAk, FEYIZRFEIN J5 T, Re-GRU ¥ 18] #8/K T LSTM
F1 Highway-GRU.
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