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Learning Interpretability from RNN with Feature Changing
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Abstract Recurrent Neural Networks (RNNs) have been successfully applied to many practical tasks, such as
speech recognition, text classification, etc. However, their inner working mechanisms are not clearly understood.
In this paper, we focus on Recurrent Neural Networks (RNNs) and attempt to learn interpretability from it. We
find that Finite State Automaton (FSA) that processes sequential data has more interpretable inner mechanism
and can be learned from RNNs. Besides, in open environment, the features often change and thus we need to
incorporate this situation into our setting. In our work, we propose a method to learn FSA from RNN and study
the impact of feature changing. From the FSA's point of view, we analyze how the performance of RNNs are
affected by feature changing and the number of gates. We then give the graphical illustration of FSA for human
beings to simulate, which shows the interpretability. With the graphical illustration, we also analyze the semantic
meaning behind the transition of numerical hidden states. Our results suggest that RNNs with simple gated
structure such as Minimal Gated Unit (MGU) is more desirable and the words on the transitions in FSA leading
to specific classification result are within the same class, which are understandable by human beings semantically.
Furthermore, we find that different features will not make a serious difference to the performance, which suggest
us to choose a short one for the sake of saving time and space complexity.

ek H A 20194E8 H13H; HmAMBERILEI H M. 2020452 H-H o AR FIE K HARRHE S LI H (FF 2R 1) 2 41 B 5 I B AT 75, 61673201)
M. B, 5, 19924E4:, W-LAFRA, MRS AN TR RS HLas I AEHETZE . E-mail: houbj@lamda.nju.edu.cn. iz GBEEH) ,
4, 197644, 14, #d%, W EVENLSS(CCR)4 11 (10759M), FEZERF AU N T8 8. Hlas2: I REdEZ48 . E-mail: jiangyuan@nju.edu.cn.


mailto:houbj@lamda.nju.edu.cn
mailto:jiangyuan@nju.edu.cn

2 PR RS N T8 R84 (CCFAI 2019)

2019 4

Key words

1 5|8

B4, fEIR 2/ 451 (Recurrent Neural
Network, LA RfiiFR RNN) $iARELEE TR KK
By, AHRMKIRAFAEIR 22 A /& A R A oA 1) i)
P AN RUANZS G R, . ARMEIE A BT AR S &
NG, 2 (learnware) [V N &6 fin] RS H —
AN IR N %2 T AR (comprehensible B3
interpretable). T & J& 1L H Cevolvable) Flm] #H
FA) Creusable) . [R]EFAFFE3X =A™ i 2 LL A R AE
Fir AARSC S SR RN SR AT I &, R RNN A
FRREVEAN AT R SRR

ARV A — BN E X, (HE&fH —LLk
BA R E UEA 5. Bl Kim 558 A17E 2016 4F
P T — AR BT B nl Rt A
] AANBLAY 0 — B AR . A — M)
ZE EH Miller@BH Y AR 2 N 2R
FR RS R AHORE B R SR 1 S R IR AR B2 . Lipton £ 2016
SEARAR T AN AT AR PR A A e S, R R A
M Chuman-simulability): —/™ B A B
B, N DB TR . YR,
YR — /MRS AR, B N S N E A A AR R
MZH, R EA RN MR NI — PR, &
SORAFFIRT — B T 45 R X = OS2
—EU: RN AT DAL AR (12 AT I AR
(Lipton), B2 33X N At DAFIARSL RS e 100 285 2R — 55
(Kim), 3R] DABE I AN A5 28 {0 RH . o 52 1) D DA
(Miller), Fr LAFRATIOGIE AR UL o

AJ R AR AR F IR 2 A R W] DL B B 8 1) AR
e FEFFRIA S B 0 0 A . RRIERIR i 4
RS . FRATTCTE RO AT E AR H R AR (R R AE 1)
AEARIOL, T[] I % R AT R I AR AR AL R AR E AR
HiAE 1 J A TR AR A 0T RNIN AT R 4 (1) 52

TR R A TR r SR BT AR 1 30 R 0 A T A
[, AHSE X TR0 2% H G iR o 1 e 4B AN
TR 28 1) 2 51 RNN, JCH WA 11480
HI RNN,  Eeanay A —AN T MGUIL, A A A
[T GRUBIHI A =N T LSTMIIE: 3] /77140
HIABEEFEEWNA, g, &E A
INFR I, 55 B ATIA% . TR T RNN, AHRUIR
A HBIHL (JE Finite State Automata, 455 A FSA)

machine learning; recurrent neural network; finite state automata; interpretability; feature changing

(13100410051 1 2 B Wb ER /2y 40 #5RE S T2 . FSA
FEASERIPRESAREZ RINER, ©2RH%E
HNFEIAFE B NAEIRZS 2 [ Bk S o FSA IXFEIPIRZS
BhiE I FEA RNN 7EE2UF BN J5 A — B =k
RN —NRER IR A F 2 47T
FSA BN HE TAENLSI AT AR N, X756 AT
Frut AT sl ik, AT BA T S b vl et . T
RNN P38 TAEALHIED B 42 B0l L - R R
MELE NI E B BR A T4 Rk FSA KX —
FEME R K FZATTA RNN #2245 FSA, A FSA BIRAR
A DAFR AR A SR 2 B AR RNIN 0 P BB L3
N7 MCRNN H 2495 FSA F4 F e sk B A% RNN
AL, FRATHERZEHAME: —NMEEZ
5y A B B R L Y 2 o T A A
BATT fEBUE S AT T THENLHI RNN R E T
S A SRR AR LT, FRATT T LA A X —
RE R R 224 FSA, AHSRTRATAN RIS IXFE (1) S5
REEWA T HENLHI RNN N EBIRARFEAE: FHH.
PAVEZL FECR I, R A T 1 HLE Y RNN
22 K O EE . X T AN, A1
BT IAEIX L AL ) RNN R T2 K
MVER, THEARPHENTSE BRI
M ; FE, FSA PURIRAS Z Ak & A B & L),
BV AT DAAIX AN FESRIRE RNN P8R Z 2 ] Bk
FERTZE A E SUE R, TR AP EE R RNN 1A
TN H4h, FEFIRENAIRE R, HR M RRE AT
RE 2 R AL, T AES % RNN F R e Pk i i
M, DR AT T3 B2 R A BT R AR Ak X RNN [
A fRRE I (R R
ASCESIUE T A TN RNN IR 2
T AU B R R R, SR
k-means++1813 X i LE B 2T A H AR 5. &
SRBATME T St R, (R R TEH
AR R 8, R ELRETE 2 T 8] N i
R RER R TTATIM . RIS IG BATHERRZ T s 12K
FAEAIRES, Wit AA B EICER K ES FSA. X
TR BRI ES IREES. RS,
BOIRSE G FIRES k% . ) RNN %243 FSA
ZJa s BAMERT DL AT B, AT E R
FIg AT R R 7 (H ER i B s AT WL, AT RIRE
WA AR R AT 7328 78N T Ed 42 R B S s
£ FI 245 R RNN 5 H 22151 FSA 7E 7% RE



24 GRS, RRALASAL N AEIAA L 00 2% () T R AL T 7T 3

FEBG M, NiE FSA £ — 2R E L AEAR
F RNN, JB4 75— Lo 55 Z0] iRt Bl (B A 1 5t
MWW, A Hu RS, FSA BLANLSE
£ RNN 7o FR4h, sRIGsh SR B 1 451
RNN 1l i g/ 11428 5.6 (MG U D) i B ERAE ) RNIN
4514, IF H FSA S EURE 4 2845 R Bk 11 H
FAHENEE, XA R MRS ) iE NFEAER .
IEAR, FRATTR AN R IR AEAS 22 0] 14 e ™= A 7™ L 5
Wi, X R BABRATTN T 98D st a2 8] 52 44 1 1%
128 B A R AIE

AJ
2 B=HIR

REWGA BT IEHIFIZ 8 RNN L
T AN T TR HLE] Y RNN, AR $EIX 25 RNN (1)
PR R R — DT PR R X — 18 R, A e A
IHAHR TAE.

AW TTENLHIZ M RNN BAE BN L
A B SCHRLRE T B, XA
IIFEALH 2 0 RNN 2 BE A1, e
Wi, HHER TR, BRI E
NfE 5 RNN (3¢ Simple RNN, %354 SRN).
SVARTIT S, SRN 3 J 7 41 LK d— S e R IR H AR
NI, SRIGEEG 2GATHIAR [ — 26 K52 1R
R ECA TR R S . SRR, FE
Zt, BATEFEIINE t DMIeR xMA SIS ZS
Ao BRETT S SARYE LTI x A 2B R
AU hea R4 DUR 192 20T 5 H 20 % he

he=f (he1, Xo).
X I B R ORI AR S 1t 0 oR A &2
4 WFFR:
h¢= tanh (W [he1, X + b)
HPERE W 25 he Fl xe BHAHRINSEL, b2
. SRN FIESS w2 215 W b.

SR SRN Ref BN A RO AL B 7 71 5, (H 2
6 5 ELIEC DX A PR R Fe AT THI AT PR 250408 1) R ASE AR
FRHBOREER, SRN il IS5 8 O & TRIEAL BIX 4K
UL 1, BT DAFRAT 7 0 5 R S IR (A AR ok
LTI — 1 ioh20], {H2 HE R SRN, {ifFI
TEPRIRIE, 2 T H FEE VA 2R B e 1) Ie) s, AT
4352 >] SRN ZZfFRMERMRU, AN 28 ), N
AR BETH R B BEAER R R, AATIZE RNN A
FINE TSR SRA B2 5 s A B3,
1ML RNN RO A, X 3H, KAERd

2R (P93 Long Short Term Memory, 45’5 R
LSTMOFI T#E &3 #6953 Gated Recurrent Unit,
455N GRU)D AW T F 3 i B [ T4 AL
RNN. LSTM A=A, @AM (330
output gate), —MEE[T] (JE3C forget gate) Fl—
AT (FE3C output gate) . H TSR #1515
B, ssl el E2/ D IHMER, M
T A RS A E B s . GRU AN,
— /NI FEH] (FEC update gate), — MY & ] (3
I reset gate). FEHTIIAILSTM (B 126480, H
FREHEEZMEE, MEETHLSTM 1Al
KAk, FREHAINZDHHER.

F1 ZHHIHEHIB RN MEEAR . MEMNEEE.

MGU (/N1 5T)
f, =oW,;[h_.,x]+b;) an
s, = tanh(W, [f, e h_,,x ]+b,)
h,=@-f)e h_, +f s,

GRU (I J#1E¥F#70)
z, =oW,[h_,.x]+b,) an
r,=ocW,[h_. x]+b,) an
s, =tanh(W,[r, e h,_,,x]+b,)
h,=@1-z)e h_ +z, s,

LSTM (KAEHH I AZ A D)

f, = oW, [h,_,x,]+b;) amn
i, =oW[h._;,x]+b;) an
0, =o W[, x]+b,) an
s, = tanh(\W,[h,_,, X, ]+b.)
c,=fec+ies

h, =0, e tanh(c,)

LSTM Al GRU #B7E 215 s m 17 &4,
FEAE TR Z BN S HHR BRI, rLIEA
R N T RPN, SCER[71EEH T 5/
BT (I Minimal Gated Unit, 465 9 MGU).
MGU SR HA—/ ST, #1f LSTM. GRU &
EHAM L TR FrLUS ARSI LT LSTM A
GRU, MGU HAH R REZ5H), A MSHATE
PR ZRANE S RS A

SRN. MGU. GRU #II LSTM ¥Rk
INHRIEEEIER 1, o

1
o(x)= 1+exp(—x) @
72 S BUAERK 2R ek £ (b pR B0 /R FHE S N 1) 12 (1) B



4 PR RS N T8 R84 (CCFAI 2019)

2019 4

—4t ), e HIMERRMEMSMAME X TER
S RIAHAR. 1 FATA RNN ITTER “O1D7 s
WK T, KA DURTE R HE 2] MGU A —A4M,
GRU AWM, 1 LSTM H=ANT. N T HiE#
2R IR S A T IHLHI Y RNN & a5, B 1
g T BTN S AR RS AT .

A - ———

() LSTM.
1 A ARRTIHLEI RNN PSSR sh A -5 .,

RUE XS] — s FEFE AR v 1 B P T O A%
JER IR, HA2T A TR /31X 58 RNN 1)
PERHLERRL T2 4%, T ZA 6 e AT R R A 7T
R ME . L HR A =A F R R SR T Xy
AIIFENHIT RNN NP S 2. —MEE
M2 RNNRAGE R SR IR 2540 R IEIA &5
PRIy 2 AL B B B () e, (ELR AR R &
B P b AL AN [ BN 2 Lk AT I R 4y 26
PRk AR AR R . A — AR MR IR BT A
5. REENTER MGU R Z T LSTM Al

GRU A #H /DRI, AHZ T TIAE I HE A w4 2
fift, JCHRZBIRZ /AR T IXAE n] KSR
ANEREF=AERNER A T T THEALE RNN
(1) N I AR A B T BUEE S, SR A& i
HEAREUE I 2 BRI SE & R R B —E, By
PUIX Lo {8 ia AN EUE [ AR LE NS . 2,
WA T AL RNN 28 1 P B3R HE L 3
e, AIRRREVE B C AU T,

AN BEAREMER M RNN ) TAEY:
PEH . —AN 2 Karpathy 28 A7E 2015 SEEHIE
T AT ARSI N R AR () TAERY, XA AR B
(heat map) K ¥ 7~ H 4 A\ B9 STAS HH B 8350 7 R o
RISER 2RI, LEanfEdS 5 i 2k B 3hbr N4
o, RTINS AR AR, F—A TAEE
fEH “t A BEALABEE RN 7 (323C t-Distributed
Stochastic Neighbor Embedding, 4&’5 4 t-SNE) [24
XA T B R T A 7 I8 RNIN J B A A
A R R RN E e E) LR R, (B2
BATERA IS RNN BRE7T MU AR &, PRtk
RNN [ A HLERAR AR MEBE AR A RS o b4h, IEF
— B SVEIRFE M A N 28 1R o — 3 SCBE A 22 ) 4%

(CNNUED ¥ e TAE, Lk SCiik[25] [26] [27]-
[28]55 5 E Tl M4 SCHR[29] A [30] 55K IE M4 Y
HBT R B OC F A TAE o {H 2 X e PR AR BB CNIN
) TAEFEARE EHIT A2 3 RNN A |

HAMETT — TR B AT 3] — 28 RNN KU
HUF RNN AT e 1 1) ARSI 5 . e AT
M RNN 1224545 BRAR S HLR A 7818 125 00 Bl
RNN R AT ERE: , (E2 BT I 5 SRR AR A ot
RNN A g1 1 50 o

AL RNN H2z A BRORAS B L (383
Finite State Automata, 45 FSA) SRIRRAEFHIEAL
LR TN RNN BRI R . SRR
MGU BERIA RN, EREERAE FSA
A FE T EHA RNN B B ERE. X AT ELA
WITHELF) RNN i —2635 5. ALK FSA
FRNN BG4 —M:, Frbl FSA G HLSTE 7R Za
NEGEERMESFH B RNN. Ao, AFPIRHEA
220 FSA B RE = AR ™ B RZ M, X R BHIRATTN T 6k
/U [ R 25 (] 2 4% P55 12308 136 A5 R AT RACRFAE

3 EIARRESAEN

K LB PSS FSA, FFiliT S



24 GRS, RRALASAL N AEIAA L 00 2% () T R AL T 7T 5

FSA SR TGP X 25 R AT iRt . 38— &/
PIRATH EEIINER, o 75 2 BRI A48,
3.1 FFEHESR

40
40 ' & . a2
- P
20 » . 20 Seor
. F | ~ 0 . o
0 " -
* 4 > 3
S~ -20 >
_20 oo e’
o -40
—40 “ ®

—40 20 0 20 40 —40-30-20-10 0 10 20 30 40

(a) MGU (b) SRN
40 . . - .
30 20 -
20 o ~t W
10{ q é.tg;- . J\.J‘ .‘b
0 « e o ~20
“10{"® s 3 -"' -
—40
S PR = .
7 Th0-30-20-10 0 10 20 30 a0 20 0 20 40
(c) GRU (d) LSTM

B2 B2 e R 2 2 R IR, EATRA AR

SCHR[16] 35 VR BRATT 4 AN T IALHI Y SRN (IR 2
M heB A g R — A i, IR 2
AZE] SRN H 1751 Fit BLE) he A2 U HL R
%, M pE TR, BATKIHEA TIPS M
RNN t A X E. AT H AN EMEZ,
AL “t s A BEALAT B A\ 7 (P 3 t-Distributed
Stochastic Neighbor Embedding, 45’5 A t-SNE) [24]
T EHE 400 ANERE N 10 1) he (5483 2 48, SR)GHE
H AR T 4T . B 2 I@BId) A A H T
MGU, SRN, GRU F1 LSTM F] 400 4N 245 i1
it he A . MWEIHRRTLLE E], PUFF RNN FIFR
JEAT s e BRI T SRR . AT A
A RRAREAR R AR, 475 B —AN &R
HIANZE] RNN ZJ5, BRJET s & e 7481k,
I 2 IS LR R RS R A T #:%, Frimis
W2 RIS — A RSN A MR SRS A
PR, ABAFRAT AT A RNN B 2275 —A4N FSA 1.

o) FSA F B =B BB RATE AR
£ FIIZR— RNN, SRJ55 ZDIERAIESE v B3k
R A ZT SRS H, JR RS &
JEHE RN H JEEREAS FSA. E3RTS FSA
Z e, BATAT LSS EoR E A E RNN [ 5
/BT 3BT RNN R AT fgRE P o 25 — 251l 25 RNN,
PAVE FH AN SCHR[TIAE R S e, BT DAIK Bl AS JE
AT T B PN H RS, TATT E S k-means

) — NSRRI R A k-means++0181, “E BEAS TH B A
HHTIE R L, (RIS EE R — e RS,
MITARIE T B Ja s R mfaete. BT REANTBEE
I =R FSA 1% 312

3.2 ZEZJFSA

RE 0 |1
start S 0
SO0|S 1
S1[S1|S2
S 2

(a) FSA EI/R (b) FSA REHR £

K3 AIIREHL (BRI HARES R R

—/NFSAM 22— 5 i, BERNIEK, 4
AT, Qv Ry F. 5. Hfx 2FRE, REM
NFHRBIE R MES Gl 3 i SECk
BB TF “07 A1 “17); Q IREES (WK
3 HPIRA “start”. “S_ 07, “S_ 17 1 “S_2” Wi

FIEES): ReQ ZFMHIRE (WK 3 FEPRE
“start”); F c QefEIRESMES (K 3 iy

WA 5 RN IR “S 27 A ES);
3:QxX —>QHR /R M HHLREHF (K 3(b)HN 2
FIRSFER SN TR ). % FSA BN TR S
LR, 251K FSA WERIRES B, HiNg
W USRS IETE R SZIRES , MIZRET FSA AW A
MFFIRIES, RN EE 3 1F+H,
2N “10017 F| FSA Fi, ffa B EIREAZR
A4S 27, Mo EkEE 3 ) FSA #:52 17“10017,
BE U FSA HE “1001” NIEZK. N T %#E—4
FSA, A ¥ — — PR Wil 2215 FSA X HAN TG 3R
321 ZHIJFERERS

e RER T R G W AR . i,
WARHYE D REHARES WA TFES, Az
BT HTA A PR pTA RS . BARNTA

¥ = Vocabulary(D), 2

FH - Vocabulary(D)Fa 12 tHILTE D HH I BT B id] .
322 ZEIPREEAEQ

7611125 RNN 202 FH RNN R, 453k
MIFEAFFHIH A — 0 E] RNN 1, R4 E T
—ANBRE T A% H hey FATTHBEEE L RNN (1 P4 3
BT RTS AT B2 S % he TITE FSA
H, BRI SN —DFF5 s 2 FSA 1, AR 4R



6 PR RS N T8 R84 (CCFAI 2019)

2019 4

AT EPIRES RS A 8 61 Qx s — Q FATAT A
KB ERFRZ BT — MRS R4 . XA RFER
FEAL, BT AFRATTAT A RNINC H B 2 AR ABA RG24 A
T h IRARIE N FSA B — MRS B4 RS
& Q W IHuE N

Q={C|heC}u{R}, ©)

Hr CZBZET mfith h — %
323 RS HEAF

HFESIER, A TTERE RNN R, 5
I — MR AR, TR RRATE SUFIEIRE R N
AL AR Z AT s R PIRES . AR R
R —NRAETFIR IR S . MiEs2IRE F Bk
ORIE. BT FSA H&E— MRS HOT B RNN H
R 2T s I SRR, MR RNN 702848
e RO, RS REREIER, A
X RLPRAS AR SZIRES . ITDAIRATA

F ={C | RNN(cluster center of C) =1}, 4)

H:H# RNN(cluster center of C)Z#& 7~ RNN X} C #28
738 ARV (G
3.24 I EHES

FIANTCRIRES R R 6 2 BRI . &

YN
AIE BT e[| Q¥ sk ik IR 55 R %L

5:QxZ— Qo QR Q FILHM ML [QI]
FoRTEN 12 Q EBHEES, 2| Rns huR
AN FERE T R ATAER MRS GR— AT
THEIRE R, EfE Q HIFSEIQD, TH& 5
R =S s TR AT JIILRT(, ) &
7~ FSATERE | AT s I I 2R R — 4
W& NIRRT, BATERNG ICER s I
— AR RE Ns, HA S i AT26 k SITC R RS AL
& D A e s, S s IFACIRES i B 2R
& kR, BARTECDRRINE

D G WSS sE RS By 5, £
FEA R A BRUZ 1T i R SR P 5 R N5

2) 3 I T BRSO s RO
RE 1 2PRES kIR, W NG k) B 1.

AR E, N (k) FonTEmA s BPREM i
BRI K . AR s I, IRES T ATRES
B BIAFIRPIRES - 9 742 — M E I FSA MM
RAFEWER, JRAVE Ns 0817 AR R
{5, M0 E AR BE AL IR NE ;. AR

345 BRI T R FSA TERE T %, it ix HA R
M B AT FSA S 7T RNN [ m] itk . SR I
T gir] LR Ns R P TR ], Hod 5 2 T H28
RIS IVEREEEE

T(i,j)=arg[nax N, (i.k) (5)

PAE FSA A Te R &R 2l a , BAT 15
T AR FSA, Ik L dh 122 M R

B 1 A RRE AL

BiN: BENMK

. —MEBVIRES B 3L

1. YIZE—A RNN Y, FEAESRUEEE VA
2. TV AT R e R
SR MR BT A, CEIES H L
348 FH k-means++Xf [ E 5 s AR A H NI TG
EXLE S

4B ARQFETERY

5.1t A K@) FIFIREES Q:

6.8 1 A @RI DIREERA F;

750 S B AT s THE—ANEEEAERE Ns,
N, (i, k) R TERIA s IPIRFS M i k2% 21 k (1 8L
8B ARG HIE T, WL RS .

4 SERAR

FEIX—F, A1 HIE N T EH S A B4
e bfeese . EANTEHRESE E, AT RNN
19 FSA Ja . B R ia 17 ik fE H B ok
JEoR, MM EERfE RNN [RIPEBHLE] . 7258 AN IR
SERAE b, FRA FBERRE A FIRHE &7 R AT 4
BERISEIR, DL 5] S AT 8 S B
4.1 BREMES

BAVE=AMESS BIEATIRES . BTS2 1E
N THEARAE F M IITS, 5= MES—IEEL
R A TS .

B MES RPN N 4 1) 0/1 FRFHFZER
0110, FATFRILAESS A “01107, FRATREALAE Bk
71000 MEFER 4 1) O/ FRFERAE NGRS, ARk
T 16 MNEA B KN 4 1) O/L F 55 B A NG AE
£ (FONEILRA 16 5L, FERENLAR 7 100
MR 4 1 O/L 458 R IREE . 38 M55



24 GRS, RRALASAL N AEIAA L 00 2% () T R AL T 7T 7

B MESAEL, ERRAMERKER 0/1 F7F 5
RS EESLN 000, BATRRILAES N “0007,
BT B BE A PR, BT DARE A7 )2 TG PR K
(), 3 GBI A vl A5 X P A LT B — AT 554
KT T o FRATRENL AR T KBt BELIY 3000
A0 TR N T AR, BR R R
4 5 2| 20, [\ AR RN 77 JOE A BT 500 AMFEA
VENKAESER 500 MFEALE NIIHASE .
BZMES RN E IMDB KIS SR £
s A, AEXANEARES, G AR EIHE R
HLSZ 0 — BOUPAY, FRATVIAE 55 2 25 I X 28R 1)
JE IRV I 2 FUE VPN . N T IR B FFIEAR L
S PERE DL R AT SRR s, FRATIASE P A B B
AN TA () A TIN5 07 1) 3] ) 2 SR ARV R 1
B — AT FSUR ) . AR 300 4
word2vecB31LL Iz M Wikipedia 2014 1 Gigaword 5 2%
7317 50 4100 4k 200 4EA1 300 4] GloVe (Global
Vectors)B4[r] & . AN [F] 4E B2 AN Fh S 1 ] [) B AR R
FHIAN RNN B RHE R A1 . BRERFFEAL
MO SR PR — T TSk b 238 BRFAE AL AR 10
7 A AT DU SRAR R T ARt o mI R mT A
MARZ ff FE R B AR, O AN B B A A4 5 2 2
B A ARHEEA A AR 2 AR IR 1)
SR BARRTHERE N DU EIF PR RER L.
SERULIRATE “f5AE” BIBIMTINZE SR B DARR
PERE 5 FFAE 2 (8] (1) 5% R 0] DAL FRAT AE AR B AR AT
LA R XS R R R R I — 550
IR =AMES, AT RNN #E7E SR
.z 4R M MGU. SRN. GRU fll LSTM. AT {#
ESE R AT, FRATHEX POF RNN [IBR)ZT5 S
ANECRIRE Z 8 o3 7 B B 10 1 3. B 1) SR 56 4
HE AR, PSR, R 4HIRIEHR TR
WEE R IARIEZE o BATAE SR 1) & & “01107,
“000” FHRE IR A3 BT AT 55 B0 SR FEAS R BEHLIY o
XN TH G4, £ “01107 A1 “000” X P/
FEM Z IR KBTS ERATIRAT T —E 45 LA AH
F2Eie, BARM ARG E S R atht. B
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4.2 BEANBAFETLHTE

2 RS “0110”7 L FSA RS 1 AOAERZRE R 2N .
MANRTHEE—ITRIFHEIE.

RNN F2& | MGU | SRN GRU | LSTM
H—IR 5 13 7 13
At/ ¢ 8 9 25 9
=R 6 6 8 12
IRV 5 5 8 17
HHIK 6 22 9 22
FHME 6 1| 112 14.6

% 3 FEES5 000" £ FSA AR 0. 7 HER R ALRIM L.
MEANRTHEE—ITRIFHNEIE.

RNN #13% | MGU | SRN GRU | LSTM
K 38 84 201 26
W 6 28 109 72
E=IX 9 28 201 20
FPAR 8 41 85 19
IR 7 180 201 22
T HME 13.6 | 722 | 159.4 31.8
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RN NA 16 MEAMFERFH, Freladt
64 MEZEF D . & 2 4 H T 4 Fh RNN
FAFH FSA FE/r RUER AR IS 2] 100% (B 1) (1)
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R4 RENEA 20 FSA EBEROAES EEMHEREFEEZ. RERIABEPNEANRTIHES 1T RN FR5F
HI%IE, BRI MGU EEFTHMESHEIE.

HHIE A MGU SRN GRU LSTM HE He#=
EEXESARID | 0.705+.0518 | 0.546+.0647¢ | 0.684+.0288 | 0.679+.0571 | 0.6535+.0506
Word2vec | EEXfRNNARIC | 0.773+.0454 | 0.725+.1190 | 0.744+.0581 | 0.749+.0723 | 0.7477+.0737 | 3
RNNEBER | 0818+.0144 | 0.599+.0439 | 0.804+.0329 | 0.770+.0177 | 0.7478+.0272
PEXTESIARIE | 0.732+.0372 | 0.581+.0290¢ | 0.713+.0676 | 0.604+.0694¢ | 0.6575+.0508
Gloveso | FEXfRNNARIE | 0.809+.0233 | 0.782+.0344 | 0.760+.0704 | 0.676+.0585 | 0.7568+.0466 | 1
RNN R 0.823+.0160 0.603+.0275 0.817+.0179 0.786+.0222 | 0.7573+.0209
FEEXESARIE | 0.664+.0711 | 0.576+.0152¢ | 0.664+.0423 | 0.636+.0754 | 0.6350+.0510
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5 SISBkEEM S_1 BIEFIRES S_0 AR word_class_1-0.

1B R

riffs Wonderful gratitude diligent spectacular sweetness exceptional Best feats sexy bravery beautifully
immediacy meditative captures incredible virtues excellent shone honor pleasantly lovingly exhilarating
devotion teaming humanity graceful tribute peaking insightful frenetic romping proudly terrific Haunting
sophisticated strives exemplary favorite professionalism enjoyable alluring entertaining sorrowful Truly

noble bravest exciting Hurray wonderful Miracle

BT R

downbeat wicked jailed exceptionally corruption
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BT R
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asleep unfortunate criticized weary corrupt jeopardized drivel scraps phony prohibited foolish reluctant

Ironically fell escape

1ETH R

merry advance excused
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tasks, they can hardly perform well or even become useless.
These deficiencies have been describe in Learnware (2016)
proposed by Prof. Zhi-Hua Zhou from Nanjing University.
Considering these issues, Learnware (2016) states that a good
model like learnware should be interpretable and evolvable. We
follow these two concepts and attempts to explore the
interpretability and evolvability of RNNs. Simultaneously
studying the interpretability and evolvability of RNNs has not
been studied before.

In this paper, for interpretability, we find that Finite State
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Automaton (FSA) that processes sequential data has more
interpretable inner mechanism and can be learned from RNNs.
Besides, in open environment, the features often change and
thus for evolvability, we focus on feature changing.
Specifically, we propose a method to learn FSA from
RNN and study the impact of feature changing. From the FSA's
point of view, we analyze how the performance of RNNs are
affected by feature changing and the number of gates. We then
give the graphical illustration of FSA for human beings to
simulate, which shows the interpretability. With the graphical
illustration, we also analyze the semantic meaning behind the
transition of numerical hidden states. Our results suggest that

RNNs with simple gated structure such as Minimal Gated Unit
(MGU) is more desirable and the words on the transitions in
FSA leading to specific classification result are within the same
class, which are understandable by human beings semantically.
Furthermore, we find that different features will not make a
serious difference to the performance, which suggest us to
choose a short one for the sake of saving time and space
complexity.
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