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Research on data-to-text generation based on transformer model
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Abstract; Data-to-text generation is a natural language processing method that generates coherent text from
structured data. In recent years, data-to-text generation have shown great promise of profit due to the
popular neural network architectures which are trained end-to-end. This method can automatically process
large amounts of data and generate coherent text and is often used in news writing, report generation, etc.
However, there are some defects in the reasoning of information such as the data of specific value and time
in the existing researches, which make it unable to make full use of the structural information of data to
provide reasonable guidance for the generation. Beyond that the generation process is prone to separate
semantic from syntactic when training. In this paper, a data-to-text generation method based on

transformer model and deep neural network was proposed, and the algorithm of transformer text planning
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(TTP) was also introduced so as to effectively control the context information of the generated text and
remove the deficiencies of the previous model that resulted in semantics and syntax separation. Experiment
results on the Rotowire public dataset show that the method proposed outperforms the existing model and
it can be directly applied to the generation task of scattered data to coherent text.

Keywords: text generation; Transformer model; content preselecting; content planning; deep

neural network
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Table 1 Example of data-records (NBA games)

BRBA BRI
A% o R4 B4 BIIORE 44 4 iR E Bk W
Jeff Teague 20 4 3 Indiana
Pacers 4 6 99 17
Miles Turner 17 1 8 Indiana
Isaiah Thomas 23 5 0 Boston
Celtics 4 6 99 22 Kelly Olynyk 16 4 6 Boston
Amir Johnson 14 3 9 Boston

®2 AIESXEAMHEAR(NBAEFIRE)

Table 2 Example of human-written text(NBA games reports)

P&

The boston Celtics defeated the host Indiana Pacers105-99 at Bankers Life Field-house on Saturday. In a battle
between two injury-riddled teams, the Celtics were able to prevail with a much needed road victory. The key
was shooting and defense, as the Celtics outshot the Pacers from the field., from three-point range and from
the free-throw line. Boston also held Indiana to 42 percent from the field and 22 percent from long distance.
The Celtics also won the rebounding and assisting differentials, while tying the Pacers in turnovers. There
were 10 ties and 10 lead changes, as this game went down to the final seconds. Boston (5-4) has had to deal
with a gluttony of injuries, but they had the fortunate task of playing a team just as injured here. Isaiah
Thomas led the team in scoring, totaling 23 points and five assists on 4 of 13 shooting. He got most of those
points by going 14 of 15 from the free-throw line. Kelly Olynyk got a rare start and finished second on the

team with his 16 points, six rebounds and four assists.

1 NBA %75 26 B Bl §% BRI 2% (National Basketball Association), & 1 /4% 11} Rotowire B4 (3B 4 IR (5 B, £ 2
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I VALUE ENTITY  TYPE H/V VALUE ENTITY  TYPE HV | l
| 7, Phoenix Suns TEAMCITY H ", Chicago  Bulls  TEAM-CITY H |
| r,  Uah  Jam  TEAMCITY V r,  Detroit Pistons TEAM-CITY Vv |[<— #&

|
: r, 12 Suns TEAM-AST H r, 34 Bulls TEAM-AST H
| |
| |
____________________________ {____________________________ LSTM
_____________________________________________________ ]
| |
: The Phoenix Suns (39-38) escaped withan Wire-to-wire wins are uncommon in theNBA, but | | Sl
: 87-85 win over the Utah Jazz (34-42). blowouts like this are extremely rare. Chicago : AL Kk
| Rodney Hood missed the game—winning dominated from the openingwhistle, as they held - :
: three—pointer at the buzzer. He was ... a double-digit I
|
|
|
|
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Fig. 1 Overview of data—to— text generation methods with Transformer model and deep neural network
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3 E ),
¥ VALUE.ENTITY.TYPE.H/V iX 4 AN AESEAT 1) f PRE Ty A 2] 2 )2 B g, i 4 8 & — 4510
S B AR )
ri=f W, Lr;sriosrssr; 0] +b), (2)
KQOHAEXTH r, =@ WITH, Hh W, e R, b, € R W, 5b, WSHGEM;[; AP & £, R
TR MR R AL (Re LU, rectified linear unit) ,ReLU & —A> 1 2 JC T sR AL RS IE LML W, [ ]+b )
ZIEHAT £, (2) =max(0,x) , N1 AR 2 P 45
AN T 57 22 1] 9 DG B A 8T DA R 8 2 100 s o T A i s 1) B BEME AR B2 DA 45 10 T A 9 s X T 38
PR EEMEHET . #1405t Rotowire BN 7 , — D ER A 03 £, X 2L 13 30 1R 1T g A 1R 244 1 (8 19 A5 ¢
ICR, ARG 43 =0 8K T BREE . O 1 S A A AR 10 i 2 T Y S RO OC FR B 1R R 1 S O AL o A B
i) 45 4 ¢ 2 A5 B4 .
R AN AICFEER 8 H & By ER— DR M ERR i
€, Cexp(riW,r), (3)



% 7 3 HFBEEA,E 454 Transformer A H5R EAZ WA GHKIED AL R F E 95

rit=w, [rj;zk/jgj,krk], 4
RO ~RWFW, ER W, € R FASBHAEEIH D 60 =1,
2 (O3 i —A> Sigmoid BT PREL, AT ARAS 10 B AR 10 SR BT AR AR 1) B 5
r?=f O, (5)
A © KR XTI R AE 10 & o0 R AR £ KR Sigmoid #F £ JT BTG PR AL, Sigmoid (#§) € [0,1]",
Sigmoid #% RECE L [ () =1/14e “RIH.

TET N 2 TR B B 4 A REAR B L) VALUE ENTITY . TYPE . H/V 3X 4 AN$EAE BF 12 5 4 5 10 4%
TEZRR [ f S ), SRR 25 (AL 3 1 AN ) 288 BUESCHE () 2« LU 43 L Bsf T] 465D 22 8] B % 07 56 & DA S 451 s AR X T
WA EEEHT SR
1.3 XAREFAK

WA MR B B H— 4> Transformer Text Planning (TTP) B &, 28 ik 3 F Transformer %Y,
Transformer J&—Fft &b 3 77 51) 21 77 51 [n] J5 04 50 450 70, 2 58 700 A7 SR W T 48 BRI 44 15 4% — % A5 4% (Encoder-
Decoder) Z5 ¥ , {5 A F- 18 48 28 B 42 B 4% (RNN, recurrent neural network) B( 3 ¥ f1 A 28 W 4% (CNN,
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Fig. 2 Processing of text generator
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HEAT T VEAG . E R A T EUE 4 Rotowire & — MM &R F L sk 5% L A ARG A9 NBA F8 25 48 (19 9% SCH s
KR 1 MK 2 o, 5 H AR B SOA B BRI 5 (B 40 - E2E 28T #3828 B 4R L WikiBio A9 1%
Az BB ) AN TR A 2 2 B 4R 1 SCAS (NBA FE S #GE) PR EELE 337 i LA L, B & K FH R4
A ABH 5 GE BRMEE S 5~7 iR ; L Ah , Rotowire FUHiE 52 B9 SCA b 15 452 48 K 5308 3 A [F]
TEREZE O 05 B T VR B B0(E | B () 4545 B A DT A5 1, JC 3k DA AL 1% SR 50l v e AR . a1, g A 8K
P I VA B bR s LU BRI AR BEER A, A0 i 1 38 AT L 4, 11 3CF N8 W The Atlanta Hawks beat the
Miami Heat 103-95”H1 ] “beat” —1u] , 75 2 £t 4l 21| SCA A B A 153 B BB A2 ME B A $2“ A team with a higher score
wins” X RE YR I DG R 5 0 24 R RO i 2 ] e e s YA 28 I 45 T T B LBk A

Rotowire 1% 2014 45 1 H 1 H % 2017 4 3 H 29 HIMME A NBA FER 0 R85 5 L M EME . %
BlE RS AT 4 853 NREAEUE L B FEAS X I 14 B S e SCA S5 5 R R A CF- Y 337 38D RE AR B 24
K113 KA AR ig il Ry 1.6 M A, FE i s Ak 39 Fh, P 1id sk 80k 628 4%, SCH i Wiseman
KB R o 3 398 SRAEANEE H T UIZh4E . 727 SRREAE I H T IR IE4E . 728 SR REAR S T a4
22 KKEE

KT ELBSE VR TR TR N AL 4 i 1R B8 64 125k 1 Glove Tl Il 2R A5 B 1 47 F51 1)1
It 45 G mean PRBEAT SR AL B AE L TR In] i 4E 52 BN 6005 7E Transformer B SCAS N BB RIHR 4 23k E
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Sy T 2 2 LSTM M2, dropout B 4 0.3, i ] Adagrad fi £k % X 45 8 3547 8 Ak Il 25, epoch & &
25, W0 HA 2% 2 0.15, R {0.5,0.97 } H e 52 > &l , batch 5 E 10, BT A= A4 28 =5 4 38 SCA 1 ) Bt
/MBS B RAE /0 &R 35 5 80, SCHREAIAE Klein 5542 9 OpenNMT-py #ERY [ HEATHY £ .
2.3 W

KM CS.CO.RG.BLEU LUK PPL iX 5 NP 48 A5 XF SCH r ik AT 50 0E . R v ea W RS SCA,
¥ gen ML H SCAS , P 26 R 36, R U6 e A3 [l 356, U D0 48 A & SCInF

1) CS™ (Content Selection) : Ay o, I A IE SRAHE 5 1y o T DEFC 19 B 2R DA P9 25 B 46 2 (1 PR g
KRG 25 A [ H8 0y )y 15

2) CO"™ (content ordering) : B i 1 E v 5 Ve T IC % F 5 2 8] B9 F 45 5 % 55 5 % (Damerau-
Levenshtein 8RS, BU R SCHTIR D %6, PPA P28 F R0 J2 BT 45 3 09 10 S RS 1Y) 7 IR R B

3) RG™ (relation generation) : 3 i Ay o1 S IBCH 09 10 SR ESCHE [] o) A7 78 T I 263 i A IC S5 2 194 LG 491 54 BF
R A ol B8 118 S M SR RS 0 3 A DG P 3 s B0 CRI =) R H 5

4) BLEU" (bilingual evaluation understudy) : i IBM & H} — Ff 5 T8 60 B2 09 A0 000k B 2 1 F 20 0
ygr)ldEj ygenl:'j n ﬁéﬂéj\ilﬁlmiﬂéﬁifﬁ,

5) PPL(perplexity) : J TPV 8 44 25 iU aE 2 ) PR RS, 4 o 0 5 BB P IR A 8 b o 40 = B B8 T X —
A ) o PRI R R R BRI, B0 R Y 1 ) BARE R R e L AR LT
24 KBEHER

FE A4S G Transformer FERY 55 R B 1 28 ) 4 () B8 3 SCAS 2B 07 25 CATL) S ARG S i (JOO F 5 14
EHI(CO2 FEHIHLHI T 5 Wiseman 55 42 H LA WS-2017 Hl Puduppully %07 42 H i) NCP 5 R
FTPEREXS L 2B 45 RN 3 i .

£ 3 CS.RG.CO 71 BLEU 1545 T HI R BTl 25 B2
Table 3 Evaluation results by model on CS, RG, CO and BLEU metrics

I uF4E
CS RG CcO
Rl BLEU
P% R% e P% D%
WS-2017 28.1 35.9 24.0 75.1 15.3 14.6
NCP+]C 32.2 18.6 33.4 87.4 18.0 14.9
NCP+CC 33.5 51.2 33.9 87.5 18.6 16.2
ATLA+JC 32.3 19.0 33.2 88.5 19.2 16.1
ATLA+CC 33.7 52.3 33.8 89.6 19.8 16.3
i 4
WS-2017 29.5 36.2 23.7 74.8 15.4 14.2
NCP+]C 32.0 47.3 34.1 87.2 17.2 14.9
NCP+CC 34.2 51.2 34.3 87.5 18.6 16.5
ATL+]C 32.3 47.2 34.2 87.4 19.2 15.9
ATLA+CC 34.3 51.1 34.4 87.9 21.5 16.9

M 3 A FE L 7E R UE A 5 R A A P 45 S v, AT L BERUNT HFLZR AR WS-2017 15 NCP B A
FLAE CO $8 43154348 TH i i - CS.RG .BLEU #8455 NCP #81 JLF- 35 2 — 2 ke H 278 CS I P % 5 RG Y
P YCREMS AR 15 00 0E 55 5 K AR 8 AR A5 40 Y3 KA Ty MR B T SO Y SCAR A LR TTP Bk s gy ok
PEREFETE . BLEU 5 ARt A B4 Tt v DLSSIE SCHh Bk i SCAR M M RE A 4t = . BRULZ A0 i LR 31,
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TEMHRAE T, A S5 14 52 ML R TF T A8 ) R 2% B (PPL, perplexity) WAL, W03 4 Ui, SCHRA AR
ATL #AIZE PPL 3545 DI T 2 AR AL, SCrp o 2 IR 2R A 20T e, 55 A0 0T 4 b e 85, 36 0E T A A8 P
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Table 4 Evaluation results by model on PPL metrics

L PPL
WS-2017 7.67
NCP 7.59
ATL 7.38

T B UE AR I SCAR A B X SCA S BEPE A S e 7 DR R R AT T BLEU-n FEAR BTN, S5 R 3L S
Jis .

%5 BLEU(B-1,2,3,4)#5# THERIFNE R
Table 5 Evaluation results by model on BLEU(B-1~ B-4) metrics

BLEU

B-1 B-2 B-3 B-4

ATL 47.87 31.04 21.60 16.19

BLEU-n "1 n /R n-gram, Bl n DGR B RIAES . M n=1 B, 32 M7 S8 1 SR 5 £l
S22 SCAR A RLEE , T »n=>>1 B, BLEU 48 b5 AT LA R A i 4] F 09 i i M. B3R 5 A0, SCh in i @t g ATL
FERIAE B-2 APEI b 38 ] PR A 5 24 DL B4 JEAT BRI B, SCAS 305 M A BT R AIG L 3 2 i T R ) SeA AR
BRFIR , H T A 2 A Ak 0 R A B0 R R O B — R R T A, TR S T Y ) 44 A R
BLEU f& 5t 2 90 T B 9,

3 FRIF

P T —F 254 Transformer 52783 5 T BE i 28 ) 25 (8 20808 B SCA AR iU 5 %07 L6 2 T 2 )2 13
i R T L B 75 ) N 2R Tk LB T Transformer 581 1) SCAS P 28 B0 DA R 366 7 B0 1] 4 J 300 10 12w 22 19
Y SCAR A AR B, TESCAR N AR B, B 5g T — A TN A A B Transformer Text Planning
(TTPY 5k, LR EMN,7E CS.RG.CO.BLEU . PPL S5 A Wl T, AH Lt B A AR R, SCH Jy 1 38 A 1
REA T2 &, LA CO $5An15 40 LRI T 0035 . B ek 9 PO 25 0 3 0 X A il SCAS B 1 S5 ) vk i — 30
P A e L SIS BT AT AL, SCrR o iR B i TR RS A0 HEBRAE 7L R AR T OSCAR R E S E . A BAS dR RO
KT BRE T AE A OCAE 55, I 1 B A6 B0 3] SCAR 19 AR AT 55 v ok 1 4 A 19 AR i I LT A i T
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