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Abstract

Text generation and prediction is an important research field in natural language processing and
has broad application prospects, such as predicting the next word or text when typing through an
input method or a search box. However, people’s preferences and habits are not the same, and
traditional forecasting methods are difficult to have a good forecasting effect. With the develop-
ment and application of deep neural networks, the recognition accuracy and speed of text predic-
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tion systems using deep neural network models have also been greatly improved. This paper trains
and evaluates the most popular deep neural network prediction model, and designs a word pre-
diction system, using front-end and back-end separation technology. The front-end is a visual web
interface, and the back-end uses multiple deep learning models to facilitate the evaluation of
model effects.
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1. 518

SCAAE RS TN 3 ARE 5 AR T — AN E R A UKL [2], BATT MRS, BRAEEH
W40 Automated Insights. Narrative Science LA “/INEg” MlLas AFN “/NBR” MLEE NS SCARA R A NAE
F o 1% 88 R GEAR A A% 300 B0 B SRE 5 SOA AR BOBT ) U R AR R R SO . N, Automated
Insights (1) WordSmith % AR CL4 4 S B AL S WAL AT, 5 BISE AL IE KA Bk 28 35 . A =1 0 #5550 1
TXASAF S AT AR [ B S AR, i HLAE A IR R LR KT AR A R IR O TR E 1
EAi

2. HXE
2.1. iR

SRR Y NLP [3] [A1E45, IRt B AR S B, WA A LRSS MBI RS, P
BBk TR, SRR TR S R IR ) TR R — MR, R —MARH A R
AR FFI des . R TR T 77 2

P(X) =TT, P(x 1% %) (1)
B2 — A B3] 5t v] LR IR N
X = arg max, P(X % % y) (2)

2.2.LSTM

MIERFHZ 2% RNN [2] (Recurrent Neural Network) i, 1% & —Ff F T A4 BE 7 51 $ds i 40 28 0 4%
B S NLP [3]45 4735 .

BOFIEM RNN EZR WA 1R, X8 x UEPRERA, h IR E—1 S5 y Y
ARSI, hOf 2] T — S, PTRE 2t h'5 x A h (B R AR K

K422 LSTM [4] (Long short-term memory) & — Rk ) RNN, 2808 7 v K7 511 2
TR FRIB0 25 30 2 RO R AR 1 R, EDAR EL T3 RNIN, LSTM 878 5 K521 i oA SE 4 A 6 B0
LSTM [ZE 14 K LA i RNN £35%5 Ee i) 2 B
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Figure 1. Schematic diagram of standard RNN structure
1. ¥5f RNN R EE

LSTM
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Figure 2. Schematic diagram of standard LSTM structure
B 2. ¥0ff LSTM SR EE

FHEL RNN AUE — MEEARAES h', LSTM A B AMEHPRES ¢ (cell state) 1 h' (hidden state) . X T-&i# T
200 ¢t BURIIRYE, EE A ¢ R A T B s, T h EAN R AT N AR R KX A

N —F LSTM (A EBEEH, 2508 LSTM ISR 4 AR | s 3 1 Sk A 8 3] DU AR
A, WrAE:

Hz", 7', 2° R Ptz B IR LA M 5 , PR — A sigmoid s eR £k ¥ 0~1 Z 1A] 20 >k
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Figure 3. Schematic diagram of the internal structure of LSTM
B 3. LSTM AL REE

LSTM I 3 fieJa A BB TH R B8 7 =N B

BCH B XABrBEERR AT R R R A AT RS, R & “EEA
BEEN, IMEEEN” o BARBRBETHEARIN 2" (FFoR forget) RAENRILI 1%, Kuhl E—/R
A ¢ R R R R IR R S

WFALNZI B ZXABBOR XA BURA A S PR EEAT “ie12” o EER SN X BET IR
L2 WRLE EE B AL ok, WREE A B, e — 2, HETHA A N A B AT TS B 2 2o
TR 14545 5 W2 2 (i 483 information) K A7 il o

Y BLe IS BOR DR IR LR S G AR AR . BRI 2° R ATIE R . IR HIE
X B BeAs 2 ¢ AT 1R GEIE A tanh B0 B AT A2 4L) -

PLEmtiE LSTM IR, T IEoR I AL R A, DR KN L2 N A, Sl A EZ N (E
2, EE RNN HEIZ & TNEEIF R Z o (HBISIN T EZHSH, (BRI ZRIA A, it &
AT LSTM RCRAH S {EZ IZR 2R 55 (1) GRU SR Kl R B (AR

2.3.CRU

GRU [5] 4 N4 H 2544 5838 RNN 2 — R A —NSariasoN x', B —ANT sif s TR iR
KA (hidden state) h'™', EABRREEE T2 AT AMMHXER . NHKRSPTERNESHE 4, K 5.

o, I E AN R SRR RS RIS X ORI AN RIS . i N E R, H
b2 ) 55 B 11145 (reset gate),  z A% 5 BTG 1142 (update gate).

xt
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Figure 4. Schematic diagram of the internal structure of LSTM

& 4. LSTM AEpEHREE

BENHESZ)E, HRMEHEEHREE “HE” Z RN
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Figure 5. Schematic diagram of GRU internal activation function
5. GRU RERAUE R B EE

RN EERAE T RN X B . AR R N AN E S BT R EOIR A, T “aniz
TYATE R BPRAES” o BT LSTM i £ 2 Be .

BG4 GRU S R — NP IR, ATRARRZ N “HERNaiZ” M. 1Xmf R 347 T BUsAe iz A
IR RAMEA T RT3 210 H7 17142 z (update gate).

EE E v

h'=(1-z)oh™+z0oN ®)

FM#EESX R )EEA 0~1. '#E SR 1, RF “02” FRIEHERZ; Mzl o
MR “BE" 2. GRU RIEHI— S7E T, MH 17 F—AN 14 z A e T DU T8 S AEHad
1Z.(LSTM WA 2N T14%)

REERE, GRU K N 458 53538 RNN AL, ERIEARS LSTM #HL, AHEL LSTM b 7 —A
“GUET ., e, EILEELL.
2.4. TCN

B TCN [6] [71H241E 6 A =AM EARZE R R4 (Causal Convolution). [i#iKk+%H(Dilated
Convolution) fi%% 7 1% #% (Residual Connection).

Jo U1 92 gr—297-19T

AN T

Input
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Figure 6. Schematic diagram of TCN structure
[ 6. TCN &R EE
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B, XAUE RN 7R AR R E Bl . WU, TCN Bl —4E25H(FCN) + FIRER . XFE
B ART A 7 S KR BB IR FE R L Mt G K, i SRAR BRI A 7 5245 B e 2 AR K46
FUZAURIR I 2 2840, NI T IR .

IR B AR S0 VAR (R ANAFAE (R BRRAT, W N B, SRRz B o il | P —JEr d = 1,
TR R SRS, PE)Z d =2, ZRBANR 2 D SCRE—MERRIN . KGR A 25 D
HIK/NEE R R AR R K . XM LU D2, T CASRAS IR RS2 5 .

H 2015 5k 2 W 2% (ResNet) [8]4& H LAk, FLagihl iz B FH T4 20 00 28 1 2% S AY 2 rpr DL o ARRL IR
A ) Ay T A A AR F IR B AN SRR 4 I 2R R, TCN R P 2 2 18] 5] N R 22 S T il — AR 22 B
W ZE VEEAT A I 28 T L LLES 2 1) 5 A5 B . — MR ERA S R G SR R, 1282 ik
TINT WeightNorm A1 Dropout >R 1E U1k /2% ] 7.,

iResidual block (k, d) i iResidual block (k=3, d=1) () )
H H H T—-1 ~T
: Dropout ———————— & : : . .
o : :— Convolutional Filter * T
RefLU Identity Map (or 1x1 Conv)
WeightNorm
%
Dilated Causal Conv
t 1x1 Conv
Dropout (optional)

1 : :
ReLU : H

t : '
WeightNorm E H
LY ' H

Dilated Causal Conv

Figure 7. Schematic diagram of residual module structure

B 7. RERREHREE

TCN Hfk s FZA LUR LA

1) HATME. TCN ALK A)FIATIAREE, AT AR RNN JRRI T 1 kb2

2) RIGMESZEF . TCN (/832 B 0] LUARE AN [F) AT 55 A ] ) AR R 7 1

3) FRE MR . TCN ASKAFLERR L TH J AR ]

4) WAEHAK. TCN f£— )= RIS IL N, WA K.

[FIFE, TCN A LA JLANGR AT :

1) TCN 7E3ERE 2 3] 5 TH %A A4 R IIE N E ) 12 RATE R R R4, A5 7R 0 Fir 7 22 1 7 S A
BEMRAANFEK. Kk, E— AR —NXHEAZE BT R ED R BT R — N 2 KL 1K)
R LR, TCN FIRESRIMIRZE, FNHIEZBAE K.

2) WA N TCN b — R i (25K, 15 S IRBIANE S & AT b, 4l 5l 45 ik =2
FHAE R FRAESCAR R R ZAE XA BS54, M5R0% TCN RS 54 J X nl (454, AN FH DR
G RSB g R

3) TCN HEFi B AE WS AR, BEAMEHT RS DY KEZE, H27AZ R R, Mk
T Transformer R AT DUAT 24 FE 9 AH OG5 B4 0T AP B (W RE M8 2 22 1 fl. TCN 7E SCAH 1 B H 8
AR o
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3. BT REMZMEEH B ImFRRE

N1 EA N LR R R TN R S, AR T LSTM, CRU #1 TCN = HFUAN RN 77 %A
TR, AP i) Encoder JZ= 1 Decoder #B & —#£11. H 1 Encoder JZ 72 )2 i) Embedding; Decoder
SR

TCN FRETRMBR 82N 4 )2, BRI KINk=3, EKFTd=1248, &ZH%HN. i
TE¥ H $5759 600; Encoder =A% H 12 A fii A K7\ 10,000, it 4 600; Decoder {3 FH L J= 42142 )2,
N K/NA 600, HiHE K/ 10000, TCN 743 A 80 46 g P 4] 8
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Figure 8. TCN character prediction model structure diagram
[ 8. TCN FFFNR BYLE 1 &

4. KWERSE 3
4.1 BIEENE

Penn Treebank (PTB)##iE 5 /& — AN SCA A B A5 5L A8 FH e oA )2 B 4, o i i Marcus S8R 48
K 1989 FEAM/RHAT HR 1K 2499 F X FMIEE . 4 FE FUA g AL B AT 45 ) 454 888,000 M A SR Il
2k, 70,000 MEARVENIRIELE, 79,000 MEARVE IR . FIEFRFZON AT %1 354 5,059,000 4 FEA
YERI, 396,000 MFEASEAIIESE, 446,000 MEAENINREE . HIA S H0CH 10,000 4. ASLEG A H
RTINS, BAE4EAE Miyamoto [FF VA CRS AT $2 43t

4.2. SCIRIRER

CPU: Intel(R) Xeon(R) Gold 6230
GPU: Tesla V100 SXM2
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Python: 3.7.0
Pytorch: 1.7.1

4.3. ThiedF
X HEYERE R AN BRI, L2 28 X452 (Cross Entropy Loss); R ¥R 2 /& fH A, 7 LA
PR T AR 2 50 A F0 B S 2 o0 A FOARURE FE, AR 2 TS5 P RIRIE N
L=%Zih—=%2i—2llyic log( p;. ) (4)

H R 2 ppl (perplexity), ppl /& HTE B 2815 5 A BRI (NLP) H, 1 & i 5 B G A I HE R . &
FEEARE RN ARG T — AE IR, JEA A TR B IEN, ARCH:

1

PP(S)=P(ww, wy) ¥ ®)

4.4. NTE

St =R, IG5 E Ir = 0.2, IEARIRECH 200, FH & =M A8 2 K 9. & 10,
11,

Loss of Istm_200epochs

— level 1

6.251 — level 2

6.00

loss

4.75

0 25 50 75 100 125 150 175 200
epoch

Figure 9. Loss drop graph of LSTM training process
9. LSTM IZKi2 42 loss T FEE

Loss of gru_200epochs

6.2 1

— level 1

6.04 — level 2

5.8 4

5.6 4

loss

5.4 1

5.2

5.0

4.8

0 25 50 75 100 125 150 175 200
epoch
Figure 10. Loss drop graph of GRU training process
[ 10. GRU I3 32 loss TFE[E
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Figure 11. Loss drop graph of TCN training process
[ 11. TCN IZKIZE loss TFE[E

45. SEREER R

X = AR R e i 2 aT DL B, TCN Af DABE S8l i LR et B ey, H R 22
FAERLEN G, 7 GRU 1 LSTM IR EAZ . ISUENE, = Z B AR LT .

ZF LSTM. GRU Fl TCN 1 = AMERICR R ] 12, 18] 13 o, ppl 4351y 120.63. 123.94., 89.24,
LB 4.79, 4.82,4.49, Ho TCN HERIVERER LT, LSTM Ml GRU T REFH L.

140
120
100
20
60
40

20

LST™M GRU TCN

Figure 12. ppl index comparison chart of three methods
& 12. =#757% ppl fEARIELE

ID Method Cross-Entropy Loss
1 LSTM (Long Short-Term Memory) 479
2 GRU (Gated Recurrent Unit) 482
3 TCN (Temporal Convolution Network) 449

Figure 13. Comparison chart of cross-entropy indicators of three methods
B 13. =ZM75ER KERIRXT L E
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5. BIRTRM RS sCH
5.1. BFigt

NextWordPrediction R4t —/ Web NAFEF, 32 B4 N Erim FlJG i AN 4 A S i 1 ) b 2% 25
J i RSO AR 4% 2 AR AE I T SO/ I B, BE A2 P SR RE LA AR S5 im AL B s )5 S N Web 3% 5 A FE R
RAYE PR 5y, Web AL ST 52 %0 /7 i AT R, U DA AR AR 58 32 LR [T g 2 45 2R, R G DL
SR B 25 25 7 5 o
5.2. LIt

RY X EAREHAMEE . BOD TN A E S S VA

DTN R R AL a0 ] 14 B B 50 Jaim N a2y, A e A T 4%, i v dd ik 1A FH T £z
IR BRGNS R, A2 ot R e A S R

| miEsE [ T
| STMER | GRELT
EiEma | | EmER
gE . WmED

Figure 14. Schematic diagram of single-step prediction module
14. BESTNRRNERE

HE VPR s 15 Fron. JER AL EIEE =R R PEREBEAT LLEL, T EHRFRY PPL AT
AR, A SO VPSR, 5 im N E R IR A S5 5R SR AR o e s VP 45 R

[ BTIIR A J [ Bl R R ]
PPEIER PR ILE
A

[ JEum gk [ BB A ]
(e THE#E D

Figure 15. Schematic diagram of the dataset evaluation module

E 15. HESITHERRTEE

5.3. RGSLMERR

K ZG AT IE T HTML. CSS 1 JavaScript i 5, J& T & 15 5 4 Python.

AU AHESE A Bootstrap. Bootstrap &3 [ Twitter 22 =] 115 11 ifi Mark Otto 1 Jacob Thornton & 1E 3T
HTML. CSS. JavaScript JF &M B SRR AT A HESE, [543 Web FF & S Ntk . Bootstrap
PEAL T ARAER) HTML F1 CSS 3, "B RIZ t2h#s CSS 1 & Less 5 M.

JEUHESE A Flask. Flask s&— Mg EH A EHIMESE, A Python i EHE . B LMREFHZE & MVC
BT T o Flask 384G 1R SR E il 1, AT AR 75 SRS INAH R DI fg, 72 ORFFAZ O Ty B 157 B2 [ i iz
BINRER B S5 R, FORRR AT DLLE A P SEEANM A B sl e ), R R H DRSO R Yt .
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Figure 16. Overall web interface
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Figure 17. Schematic diagram of prediction function
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Figure 18. Dataset evaluation function demonstration
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