T 6 4 BRI R A e B T 2 BHE L I
(EmReZAT3%

ANBEEOFHIPRICK 2 HAFE CommonGen X XY DILE

PRl THIR T HIK
EE WA HEA (23NMT26L)
EEHE HTNIE = B%

FMTHE2H3H (A)



S 6 EERMAFRKFEG TERARHER TEHR B im X
ANBEEOFHFIRICK Z2HAEE CommonGen X X7 DILE
&

AR MEA (23NM726L)

BEHE
HINTS =2 2%

2

XES

HASRBUMNCIE, WillHam e dh 2 B0 FEET 5. Wilkitam e 13, 3
TR ZAT 5 BRICH A 2RO WO X 5 IR E RGN E W 217
S5 TH5.

SEETNVOEEMREE 122 2 227 2 LT CommonGen M-I 3, W<
ODOHFEEEZ A LT, 22 E0EMN, BARBRZHNIIFET 5.

Lo L, @SR AKHESEE 7L (LLM) OHBICE D, BEETMILE X
AMDBENEIKREL M ELR. 20UV, EMERER LLM o HIHMENCRIH S h
TWISAERAEI 2R 2 X 2 7 3BTED LLM ORENZ I 2461R e L TI#EI 2 b
DTRABHOTLESRHDDEZ W, ZL T, CommonGen X X7 & ZD—DT
bH5.

AL TR, XEREX R 27 D CommonGen (2B 5 A JJHEEZFFE D 77 I
BolHMHREICTA I T, ILIKEVWERENEZRDOLNDE X R 72T 5
HEfTol. BIHBINER L7 — &y FEHWT, LLM 2 & 2L
FHi & AFaHi 2470 LLM OSUERREY) & BEEHfio RTREME IO W T E L 7.

BT



Master’s Thesis in Scholastic 2024, Major in Computer and Information Sciences,

Granduate School of Science and Engineering, Ibaraki University

Extending Japanese CommonGen Tasks by Restricting Input
Words

Author : Masato Suzuki (23NM726L)
Adviser : Prof. Hiroyuki Shinnou

Abstract

In natural language processing, there is a field called common sense reason-
ing. Common sense reasoning means that when a language model performs
inference output based on a large amount of background knowledge, such as
our own common sense.

As a task to measure a language model’s common sense reasoning ability,
we use CommonGen, which takes a few words as input and produces a set of
common sense, natural sentences containing those words. CommonGen takes
a few words as input and outputs common sense, natural sentences containing
those words.

However, with the advent of high-performance large-scale language models
(LLMs), the ability of language models to generate sentences has greatly im-
proved. As a result, many of the tasks used to measure sentence generation
ability before the advent of high-performance LLMs are no longer appropri-
ate as a measure of current LLM ability. The CommonGen task is one such
example.

In this study, we attempted to make the CommonGen sentence generation
task a task that requires an even higher level of sentence generation ability by
using specialized terms focused on specific fields as input words in the Com-
monGen task. Furthermore, we investigated the sentence generation ability of
LLM and the possibility of automatic evaluation by evaluating the generated

sentences by LLM and manually evaluating them using a test dataset.
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HAA S sBILBNC I E i m & I 2 D H D, FA NFEDFFOH E FHEh 2 X
IDIRBERLBERIAGRICFELRZVE S ICHMTZ 20 WO RELRMETHS. 20X
ANEDF; > TO B HBBIFALETH D, TNEEDLIIEABL, Z2I26EDLIK
R Z T I VDPDBAETH o THRBIRIEZDLOTH L. T K5 2EERNICHD #HTe
iE, BYIR<ANZA =V 8RB R R ZERTLHIEHERTH L. ERINLLXR
7 DfREZRE 25 Z T, EMLHEOMENHHINTOE, ZOMIRESHES N
TV P6THDL. ZDXI LEBHRENZN LT —&ty IV D2FRINT
W, Alon &®/AH L7 CommonSenseQA [1], Maarten 5 ® SociallQA [2], Keisuke
5 ®D WinoGrande [3], Kazumasa 5® KUCI [4], Rowan &® SWAG [5], Rowan &®
HellaSWAG [6], 72235 5. L L IHHIEWT NG BIRAOFE MRS X7 TH 5.

Z D75 T Lin 5% CommonGen & \WHH L WHEBHRDO X X 7 2B L [7).
CommonGen ¥, BHOF—V —FZANL, ZOoF—V—RFZHWTEY L XEE
S % & WSl EXERDE R TH%.

PIZIEF—T—F2 T, KR, 801 %o MEDRICEHZD TS Vot XE2ARK
TL20OMREBETHS. TRBIBUCEHZ DT 251 ESHEANTIFIEL < THHEMANIZ B, L
BXTHY, ZOX5BER LR WTDICEBHEEGRIBNEL STV 5.

L2 L, CommonGen X A7 Rlpd ¥ § 58422 A 71X, &MrElR LLM O BRI
XD, NLHRIZBWTHRRATGEREZ R L ho7bDHDin .

AWFETIE, £3 ChatGPT & T5 Z2MAL7R—Z 574 ¥ X7 LTH—DT A b
T—RIZTXEAERL, BIED LLM 123 5 HAGE CommonGen & R 7 D%V % %
AEL 7.
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2.1 BHEERZIOI/S XY
2.1.1 CommonsenseQA

CommonsenseQA [1] 1%, —RAYLFHRAMZzZ HEH e T2EMICER AR 7 TH 5.
T =Xty MIERSUIN U GERR 725 5 DO HEED S BEMSUCEY T 2 HiE %%
S ekoTws.

BRIXEESIRIC, L RAZHENRD LNTE Y, ZTOHEIEMUICEENS. £
LU CEIRBL L 72 2HGED 5 DD 4 Oi% ConceptNet 12X D, Jte 7 2 HEE L R H
ZHGEESH I TN S,

COEREITIRIC KD, BIIE—EoMFREzROHEL Lo TE D, HHXDOBD
TEHZ B2 A e U TR OB ESNEDDH 5. il L THXNTIX, "Where
on a river can you hold a cup upright to catch water on a sunny day?” & \»5 B
¥ ?waterfall, bridge, valley, pebble, mountain” @ 5 D DHEFEDFREARINT WS,
COERTIRENND ECH D, K2%HBTL % 20w EiiE R 2R A2 TR
R ZeMNTERVEIICK->TNS.

2.1.2 Social IQA

Social IQA [2] I3ARANC—IRZIRM 2R L, HHE 3 DD 5, WY EE
BERIRATTH 5.

il LT, "Tracy had accidentally pressed upon Austin in the small elevator and
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it was awkward.” £ W 5 IRWAVRE A, "Why did Tracy do this?” & W\ 5 HEHHER X
L, 7(a) get very close to Austin”, ”(b) squeeze into the elevator”, ”(c) get flirty
with Austin” ® 3 DDFREEAREA, a, b, c DVWITNOLTEZ S DDIRIN TV,

ZoflTiE, BRO this” 32483 D2, FREEHEROBEBREHEMETE TSI 0L
WolzZ 2 LTBD, FRID DIZLR—Z—1ZFo27202KoTWVW5S.

Social IQA TIX, NIEMDERE L THMEEHUOERIIBWTIERE 22 LS5 7%
BRNKZHEST2X5 2779 PV —A—IZERLTHED, TOMEICXDAIEROMEE
DAHREZEWS LTS,

2.1.3 WinoGrande

WinoGrande [3] 1& 2 DOXFE L ZDOXEFITH 2 REFNITH LT 2 DD HFEDHER
Bhbz o, EXEICRAFADIETIELWHGELEIRT 2227 Th 5.

il & LTiX, "The trophy doesn’ t fit into the brown suitcase because it’ s too
large.”, ”The trophy doesn’ t fit into the brown suitcase because it’ s too small.” ®
TODXDREN, ENENDOITHIELT 57it71Z "trophy / suitcase” D EH LA S
PEERT 2D DDRENT VWS,

ZOBITE, FIH2IcEANDEE, AW Ahd b OR/DPEFOE#IHIN TS
D, F1BHDHtrophy”, D XA suitcase” £ 125 DHIEMRE 7o T\ 3.

TRty FERT2IIHToT, TEEIKEISNLZ F7T FY =YV T DFi
Z & AfLite 7L3V X 4 & MEEH 2 NEIDGERAIT & 2 HEE 0 B 2 R8I T & 5
HDIABRINCHD AN 2 A ZFHWTRETR R AL 7 22/ S T D A EE R
ATy TREALEBD T .

AN E2 T A MERLEEBETNCESZ T A MERZBL, 7—&2ty FOHH
PEERT L L HIT, WA 7RI K o THA DO HHEREE T 28\ AGHE L TWw 2 7]
REMEDID 5 L WHBRZRL, Ml 7 AOWFENEETH S e 2 TR .

2.1.4 KUCI

KUCI [4] ZHAFEICB W THBI XN TV 2 XE L Zuckhi  ERMNRERE RO XE
% 4 DODEREDH 1 OFIRTE2HXR7TH 5.
fle LT, MEMOEY IEFRE D FEVD T Wiy, la. EEOPEMREEEE
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FEBLEEAL, b, SENIHMRETOBEFICRY £5, Te. KTFEZ2FEELT
%1, 'd. REHICUSB r—7LVEWE T O 4 O0D:FIREDH 2 20 REINRIN
TW5. ZoOfITX, BEHORMD BREVWERSIE, 582083 RSBR»ZIKLTED,
IEfE d OFER 7o T 5.

aA—RAPHDHEHLE 75T FY =YY 7R MASDE S Z e TIRREYR S D, K
NA 7 ATEa R M REBHEGRT -2y NOBEAFERIRELE. ABPESVHET
RS ZENTEDLHDDFHEET AT ZNRDIEVEEL RS I ZRLTWVWS Z
ERT =Rty FOFITIZE D ANA T ADRDIR N e 2R LTV 5.

2.1.5 SWAG

SWAG [5] 12 THZHBHETOLTAF ¥ F>ar] 4200 ROBETOF v 7
> a vy OFERK R EXEEZTERL, ERKD ARV ORDGETOF v 7> a X
ZENT XA TH%.

il LT ”On stage, a woman takes a seat at the piano. She”, £ \5 3 ¥ 7a) sits
on a bench as her sister plays with the doll.” ”b) smiles with someone as the music
plays.”, 7c) is in the crowd, watching the dancers.”, ”d) nervously sets her fingers
on the keys.” ® 4 DDZFBIRHIREINTED, X7 =Y ETET / ORNTEE - 722D
& HHIMZTEE, CAUCHZZ2D0EMLTLTVS. ZofITIE, d O MEERLE
D5, RO LICIEZEL ) DERER>TNWD.

MEDZ DT =Xty MCRONET /7 —> a YORERI R AMIZ L 234
TARAEWV S LRI LT XL, KRG EEDT Y IV ERER DR LITY, £h
LEHAVWTT—=XD7 4 V&Y ¥ 7 %4T5 Adversarial Filtering {85 L, FEMH7Z
Adversarial Filtering ®EAIZE D, AEOT7T X MERTIEEWVIERELZFE 2D DDY
FREDBFEET L TIEEHET 5 2 & 2R L 7.

2.1.6 HellaSwag

HellaSwag [6] 1& SWAG %7t ¥ LTE 5108 LWREMOERZEAT 2 Adver-
sarial Filtering DL A2 ETAF ¥ 7> a Y OROER Y 21TV, AR & B &
TT A MERDEMIEE > Tz SWAG 2HELZBDTHS.

ANRBNZ & - TEMARZEDREHDET LTI LI LIS FICB S 2 EE R BERT
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HBHIENHBHILERLTED, MNNBRFRCEIZT XLy NOREBEVENTDH
5L FiRL.

22 XEBODFE
2.2.1 HFE N-gram

HiGE N-gram L IIEEOHFEM N TXEZDEIT2FETHD, REWRDDE LT
1 HEETHEIT % uni-gram, 2 HEETHEIT % bi-gram, 3 HEETHEIT % tri-gram 72
E0H 5.

AAGE T, HEEEHEICOEI S TwiRned, BikeFoRBREROR/NEM DTE

BRTHEIT 5. fle LT bigram T IMPHIZRVWRATTR) L WIXEERDEIT S

TAHEIET,T BRW,T RWRA”,” RATT?,” TTR” LI X517 HITE 2
(B 2.1).

SHEFWLWWKR TIR

ﬂ?‘%&?ﬁﬁ@*ﬁ%ﬁ}
v
SH (& LY l P T9 R e
SHE| [FEVL | [BUXS| |XSTYT| | T bi-gram

2.1: bi-gram D

INZFAHLT—EULORZDONET, HFEDHAGDOED N-gram 23HIHT 2%
i35 T, H2HBORICHIT 2 HEEOHERZ I TFENEZ o, FHEBKIC
IO ROBGEZTFHL TV T TXEZENT 2 KO BREHEETADPERIN.

2.2.2 Neural Network

Neural Network(LAR NN) &, AJNIH L TZEORRELEH & IFRIEZ#R 2175
THRE BT RERME S R Ze D TELHFET L TH S. NN BZHD -t
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Fa Y THERENTED, —tk Xt Z2hZNEEOEAZRD. X 2.212,8—
7 eyl RT.

AT X b T EREER

ANz \le \ \
X“&\\\\\/:?\ f(z)

Ay ——— xun A ) >

X Wy,

. /

X 2.2: X—+t 7 b roOfE

H7I

ke LTEANE, HiE, fhEe Xidhs 3ETHEhTtEsd, ANIETAN
IR BB DIEERZITED , HREEICET.
HEETEEANCENZNEFOEAZEEL, N 7R LMIh 3 EEEZ INE,
BoNTMEERET 2 DIFEBEBIC IR0 LT, KXz —
7 br VAT S,

A TIE, PREOH 2 ATy LT, FROBETH 2152, K 2.3 129 REH
1D NN off| %R

CDETNTIE, ANCIEREZENOMTH AT — 2252, E7 10l
EfE 722 M DRRAEZBREBIC K DEHEIL, EFVOHNDBIERITED X 512%&
NR—t 7 b OEAEHEYNCTHETZ e THRARZADEER M EXE2 22
TE5.

2.2.3 Recurrent Neural Network

A L7z NN T, KR T —& L HIN 2 HESCRRIIDEE R T — X 2| 2720
MR H - 7=. % ZT Recurrent Neural Network (MR RNN ) Ti, FE% 181
LT, RRAIT—XDHETIO AT oG on itz ROATT L & Hi2#HEH L THUER T
HHEBICATIT 2 BIRRRHEEICZR > TV 5.

T KD R ETEELICETORRINZERLE N TE%. RNN Tld NN
TS ZEDTERDP S LXERDRAZ /S ZeHNTEZLITR-T2. K241
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2.3: Neural Network D&

RNN gz £ L =Nz RT.

BFRINF—SFDAN ¢, FTZERLUICES

\ 4

BUEHFEED

T L9 T3 Tn

2.4: RNN ot fE
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224 LSTM

HIZRD RNN T, =7 Yy V7 =X ZWA 5 K52k 7h, HELHAMEZ
2 TW., THERRINT X0V A XHBRKELRoTLES L HIREIKDEZ, ¥
BrBUNED 270 DA IEFHIT/NES LD, BAEZEHITER{KoTLES
WO HBETH 5.

I ®ET 572912 LSTM(Long Short Term Memory) 25 RNN O—ffix L THER
Eh7z. LSTM Ti&, LSTM block EFHINZ X EY ETEHI S — e AN — 1+, HiA
F—trD=D0DF -+ 2EATSILICLD RNN XD RIFOGLELZAREL LTW5.
FZDTDNAERD &5 B RMOKRINT — 22/ 5 XA 71BN TH, RELEREZM
kg7,

2.2.5 Transformer

Transformer [8] 1% 2017 FICHR S NREFAEETALTH Y, BIRX XA 7 12BWTH
RO BLUE 2 a7 Z# L7z, YFERZ 572 RNN % CNN T FIEHE AR A
Bl o 72, ZNH2MHLTE ST, Attention F4#D %% | L 72 Encoder-Decoder
ETFINTHZ, ZDOMFFIEMIARETIRIC, 2 2RV R v mThENR
TW/-.

Transformer T L7z Attention X, D2 AN =2 V2o R2TD AN
F—2 e DBIEMICEDWTEAN T 21T 2N TE, KD, XRRE2ERE
L7227 MBI/ T 52 TE 5. Attention MDA ZFIH L -fEnEILTE
D, TOHRDELDEBEBETNVICBEVWTZD—E, FRE2ERESEICLIZETANEAL
HBI L7z, Transformer OfEZ X 2.5 IT/RT .

Multi-Head Attention 1%, #%(® Self-Attenion #éfEZ2 iR, LR 2 ED 2HEETH
%. Add & Norm ZFE¥EOMAINFIETH 3 Skip-connection & Layer Normal-
ization 27 L TW5. Skip-connection (XL RETDOBOH 1% AJNTIEAET 2FETHD,
Layer Normalization (ZIESI{LOFIETH %. Feedforward Network 1% JEFAID A D
—a2—IN3y Y= D—FfTdH 5. Masked Multi-Head Attention & Multi-Head
Attention WCHED AN I D D =27 V2B ITHMAZMA T2 DTH 5.
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Decoder
!

| Add & Norm <
T

Encoder | > Multi-head Attention
A

|
N agd &TNorm | | Add &TNorm 9l 6
‘ Feed Foward Network ‘ ‘

A
] X 6 A

Feed Foward Network ‘

[
N A &TNO”“ | | Add & Norm <
: : 1
Multl-HeaS T Masked Multi-Head Attention
A
z1 Z2 Z3 Tn n Y2 Y3 Yn
AN xp)

2.5: transformer DG

2.2.6 BERT

BERT [9] & Bidirectional Encoder Representations from Transformers D% T 2018
12 Google 2S5 NXNTZETNLTHE. TFANT—XD—ED b —27 % MASK
T2 (B9) FECKD, HREE N 2 Ka R b RHRE R U 2 KBRS T -
TW3.

HATPFBEHEADET MK L, fine-tuning 2N S, ZHAZHDOX R 7T 2
72D DA NRBEDHE B 21T 5 72T, BED KX 27128 WT, HKD State of the
art ZEMRL, BWTEHEREDT-.

Mg ¥ LClE, Transformer @ encoder HinaX—2X & L7zdD (X2.7) %* 12 &
R THREATWS (K2.6) HID =27 o8Bk b—27 VRED, HEEE
WO e B RAZITWIE LT d DICHERST 2 28 T, A REZAZITHIGTE, FLANZE
FILTHE WS R D 5.

227 GPT2

GPT?2 [10] 1%, Generative Pretrained Transformer 2 ORETH D, 2019 FITHERKX
NIZHHIFEHETLTDH S.
GPT2 1%, HROMOERIFEET AL LD KBBAR T —ZEy MTTIDRERSF
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Hh
(NI ML)
Transfomer Transfomer Transfomer Transfomer
Encoder Encoder Encoder Encoder
Transfomer Transfomer Transfomer Transfomer
Encoder Encoder Encoder Encoder
b
Ah [
(25~ 5)|[CLS] =B (& ” [SEP]
X 2.6: BERT Offi&
Hh
" » —® —* - —*
(T L)
3 3 3 3
/ Layer Layer Layer Layer \
Residual Mormalization Mormalization Mormalization rn Mormalization
connection
FFN FFN FFN FFN
Layer | Layer | Layer | Layer
-’..Nc-rmalization ’_>Nc-rmalization ’_>Nc-rmalization rn ’_>Nc-rmalization
Self Attention
Residual
connection \ /
F 3 F 3 F 3 A
AR L L L
(T L)

2.7: transformer-encoder D&

EETNVOHRFEEZITI ZLICLD, BT — &b E, L3 —UFELRWIRRET
WHRCHIHTE 2 ET VBRI 2HRE LTV 5.

MR Transformer @ decoder #97% X —2 ¥ LTW%. Transformer @ decoder
i, LETOEHRIZ MASK X2 oo Emg 2 e HESR L, EuviEkE

Fo.
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228 T5

T5 [11] & Text to Text Transfer Transformer DEHMETH H, 2020 FIZ Google 53
HRLUILBHIFEETNVTDHD.

T5 OF e LTEAS, AT F A MEATIT5 %9, Bt Z2olEZL WS TE
RDTF R MCZ fine-tuning 35 Z 22k D, FERSRER, HHEAXR 7R E—DDHRFY
BETNERABZAZICHEHT 2 EDRBEZTHL VWO R H 5. ZORHER
LA X—=YK%ZX 2.8 1ITRT.

"BAFEZREB(CER SR> T \—) j) "This is a pen."
KEDFETELD

1 FBENSEDHEVNTVDIEDRE(CK il
D, PERBHTIE, HW00AN .. > f ARPIZL TNS
TS5
Iy
DHR RO —YNEE | KRICRDE
DB E (3 ?
F0)

BRIGE : RN ARDEERFED—DT
TH?

2.8: TH OFiH

GLUE % SuperGLUE TX[Kf®D State of the art ZZERLTED, &EEERET L E
LTHIb>NTWS., EFLDOMIEIX Transformer Encoder-Decoder ETF /L2 X —Z &
LTW53.

229 LLM

LLM (Large Language Model) (ZHARFETRKHMZEE 7 L XN, FIT Trans-
former ITED W ED & BOUKBRBITTE 2 KRR EE AR I X - X2 FROET V2,
REDFET - 22N THAFE 2T LSHET NV EZIEIHETH 5.

BERT OR—RET LD 8T X —ZEHHT 1.1 {872 D16 LT ChatGPT (GPT-3.5

*1 AfTld BERT 72 ¥ 0 fine-tuning 20 E L § 2 EF/VIFHEFIFEET L L LTHY, KBESHEE
VAU ALY D) = Rl I
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i ) TiER 3550 e KESHMLTED, HIROEFEETNTIE, T X—XEEKX
FELL, RERFE T X THRREE T2 I TEBETLVOMRENKE (A LT
5T R INT.

ZHUT XD —DODETFNTAERRERMINE, BER, Tu 77 IV 7R 5B 3
MRENZ Z 22 LT BRI N 21T5 2 e N TES.

¥ 7z fine-tuning ZHEE LBRWETILEEZ L, RAZIINT 28T — XBEELR
b, 7Y MCEBIERDOATRRZIIMIG L1215 545 zero-shot ¥ T
W O DHRES 2%, few-shot RZRAZIWZIG LV EDFEF— X TETILDIRT
X — X BT 3 fine-tuning 21T o2 ETF N L BEOARVHNZHE N TEZ 2D
FEo—Dor LTHEIFON 5.

2.2.10 ChatGPT

OpenAl IZ &b RE N LLM O—D2TH 5. E7 /X, Transformer 123N T
B, W ODhDN=Ya YPFET L. GPT-3.5 FRTIX 3550 RDRRT X =&, X5
ZEMERER GPT-4 iR GPT-4o fRTIEARE i TWwiRL.

INBHYA), BEA IR R R ZI1I2BWT zero shot F#E T, HREN/-SEET L TH o7
BERT 72 IR SN2 HAIFEET N ZHBA L HREZH L 72 2 L TRESTEHZED,
B AERZ DE e 25 e HAEEIE R CTHBEICEBET A ZIRA 5 2 2 h 6 — AN
BEDOND XSITRD, ZORDEFEETNIIZ OFELHZ 7.
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2.3 CommonGen

Lin & [7] (3% #HEEREE S 2 ] 2 FIFIT 2 XER K R 7 TH S CommonGen % 215
L, 7= Xty b2RFMALL. HHH#mREZIND KD RA 730V ODPFET2HDDZ
DFREDEREDOH 2 & IEfRZ RN X R 7 THD, ZOIMXLTIFEREX R 7 ITHIE
S cA

CDRAZIZ, WS OO TY =7 MR RTHFELZEDaY LT by b
ZHEL, avt2 7ty MCEFNLHEL2ETHEHALHENLRERE LTRZER
NELERT XA THD.

il & UCamxHicik, "dog, frisbee, catch, throw” WS a >yt 7+t v 2R
X, EELWERMHAIE LT, "A dog leaps to catch a thrown frisbee.”, %" The dog
catches the frisbee when the boy throws it.” @ & 5 R XHI/REINTWS.

CDRRAIZDTF =Rty FEREL, AW OhDOYRORILHDSIEETILTD
N—=2ZA74 %L, SPICE 6l TR b R o L FFEET MIBWVWTSH “dog catches
a frisbee and throws it to a dog” DX I BH Y ALV ZERLTLES Ze i@ L
LT .

23.1 BAFEICHITS CommonGen =ik > 1-HH3E

$ARS [12] [13] 1%, Lin 5 ® CommonGen #5EICHAFEICE D CommonGen D
R=RAFAVIRATLET =Rty bZ2ERL, ZhZzd LITHAGEIZBWTH R
CommonGen & X7 DHEAET 5 > DRREEZ 1T - 7=.

T—&%tv MX, Web LIZRAEATWEXFy > a illTsr—%ty 0o 3
HEErREM T FETCHIMER SN T — &ty b EHEOLPMBICE R HEEE AT
ETDBTANT—=ZD 220055

R ENIzR—2 T4 Y AT 21%, V7 ETREXINTWS HARZE T Hilj#s
BAETFNLZ 2B iz, ElREz7—&ty b ZHWT fine-tuning EN7/7=EFILT
H5.

FEERCE, BEMER LT A M T =R e HMBIMER LT A T —&2DZhEnTE

*2 https://huggingface.co/sonoisa/t5-base-japanese/discussions
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"3RI X s BEERAEOEL s FEVELAREAR
F—7— FREM « BRAXE

2.9: ¥v7>arXroHIER LT X M7 —% (200 #) Rt R

L DR % 5 BRI T, AFIC X DFHEizfThaTwa.

HEIfER L7272 b 7 — X OEBRIERIZ, 72 FF— 208 8 & 5 Bt HRd RWH
RIRAERL L HE XN, IRFZ YR EAERTETE D, HARFEICBW TS CommonGen
RAZIIARET H 5 L n &Iz,

FAZY TRV EHEZN/2XDOFTHXEOAAR T 2Hl 5 ETEFHEi TR wy
M —v— FREH) 2B ERDIEEDPEVDOREESVEAILOFAHRZIZEDXTHD,
HAGECBWT b HBHERFEN D RD BN 2 L EH S IEFR L.

HEIER L7727 R b7 — X OEBRRERD 5%, AT HGER o BE M BEE o Bk H
PERD LR T XWHERLTOVADTIERWDLE WD ZEIIRINTVS,

FAMRAED T TANHFEOHFNIAN T R 2 HGEZBINT 2 FEZERL, EHELLY
AT LEHHTZ LD, ARXON, ANHEZEERVWNERO6T I ENTE,
HETXZI L ERLT.
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AL

Jolk, e, BRE

AfE e b e AP EE R TS
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Y —2AXa—F A.l: train.py

2 import argparse
import glob
import os
import json
import time
import logging

import random

© o N o oo W

import re

10 from itertools import chain

11 from string import punctuation
12
13 import numpy as np

14 import torch

15 from torch.utils.data import Dataset, Dataloader
16 import pytorch_lightning as pl

17

18 from transformers import (

19 AdamW,

20 TBForConditionalGeneration,

21 T5Tokenizer,

22 get_linear_schedule_with_warmup
23 )

24

25 # BRIFEASETI
26 PRETRAINED_MODEL_NAME = "sonoisa/t5-base-japanese"
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# MBFBAHSETI
MODEL_DIR = "model"

# B — RDRE

def set_seed(seed):
random. seed (seed)
np.random. seed (seed)
torch.manual_seed(seed)
if torch.cuda.is_available():

torch.cuda.manual_seed_all (seed)
set_seed (42)

# MABE cru
USE_GPU = torch.cuda.is_available()

# BBBNAN—NFAX—%&

args_dict = dict(
data_dir="data", # T—X Y DT LI
model_name_or_path=PRETRAINED_MODEL_NAME,
tokenizer_name_or_path=PRETRAINED_MODEL_NAME,

learning_rate=3e-4,
weight_decay=0.0,
adam_epsilon=1e-8,
warmup_steps=0,

gradient_accumulation_steps=1,

# maz_input_length=64,
# maz_target_length=512,
# train_batch_size=8,

# eval_batch_si1ze=8,

# num_train_epochs=10,

n_gpu=1 if USE_GPU else O,
early_stop_callback=False,
fp_16=False,
opt_level=’01",
max_grad_norm=1.0,

seed=42,
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class TsvDataset(Dataset) :

def

def

def

def

def

__init__(self

, tokenizer, data_dir, type_path, input_max_len

=512, target_max_len=512):

self.file_path = os.path.join(data_dir, type_path)

self.input_max_len = input_max_len

self.target_max_len = target_max_len

self.tokenizer = tokenizer

self.inputs =

(]

self.targets = []

self._build()

_len__(self)

return len(self.inputs)

__getitem__(self, index):

source_ids =

target_ids =

source_mask =

target_mask =

O

self.inputs[index] ["input_ids"] .squeeze ()

self.targets[index] ["input_ids"] .squeeze ()

self.inputs[index] ["attention_mask"] .squeeze ()

self.targets[index] ["attention_mask"] .squeeze

return {"source_ids": source_ids, "source_mask": source_mask

b

"target_ids": target_ids, "target_mask": target_mask}

_make_record(self, text, keywords):
# RAVBDARNRRICEIRT B, CommonGen
input = f"{keywords}"

target = f"{t

return input,

_build(self):

ext}"

target

with open(self.file_path, "r", encoding="utf-8") as f:

for line in f:

line

= line.strip() .split("\t")

assert len(line) ==
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135
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137
138
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140
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142

assert len(line[0]) > O
assert len(line[1]) > O

text = line[O0]
keywords = line[1]

input, target = self._make_record(text, keywords)

tokenized_inputs = self.tokenizer.batch_encode_plus(
[input] , max_length=self.input_max_len,
truncation=True,

padding="max_length", return_tensors="pt"

)
tokenized_targets = self.tokenizer.batch_encode_plus(
[target] , max_length=self.target_max_len,
truncation=True,
padding="max_length", return_tensors="pt"
)

self.inputs.append (tokenized_inputs)
self.targets.append (tokenized_targets)

# b—=0FMH— () ETINDFEAIAFH SentencePiece
tokenizer = T5Tokenizer.from_pretrained (PRETRAINED_MODEL_NAME,

is_fast=True)

#t TANT—2tE Y FDFREAHIAAH
train_dataset = TsvDataset(tokenizer, args_dict["data_dir"], "train.
tsv",

input_max_len=16, target_max_len=24)

for data in train_dataset:
print ("A. L ANT—RDTTICHRBXFFH")
print (tokenizer.decode(data["source_ids"]))
print()
print("B-u)\jJ;"—a (DXFIN = F1 SN k=2 F]) a1D")
print (data["source_ids"])
print ()
print ("C. AT —RXDTTICHRBXFFH")
print (tokenizer.decode(data["target_ids"]))
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143
144
145
146
147
148
149
150
151
152
153
154

155
156
157

158
159

160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175

176
177
178
179

print ()

print ("D. ,\IHAT—F (DXFFH b= F 1 ENT-k—2 V5F) cip")
print(data["target_ids"])

break

class T5FineTuner (pl.LightningModule) :

def

def

def

__init__(self, hparams):
super () . __init__Q)

self .hparams = hparams

# BRIFBEAETINDOHHAH
self .model = T5ForConditionalGeneration.from_pretrained(

hparams .model_name_or_path)

# b= F 1 —DEHAH
self.tokenizer = T5Tokenizer.from_pretrained(hparams.

tokenizer_name_or_path, is_fast=True)

forward (self, input_ids, attention_mask=None,
decoder_input_ids=None,
decoder_attention_mask=None, labels=None) :
B
return self.model (
input_ids,
attention_mask=attention_mask,
decoder_input_ids=decoder_input_ids,
decoder_attention_mask=decoder_attention_mask,

labels=labels

_step(self, batch):
m| ZE-I-E nwnn
labels = batch["target_ids"]

# All labels set to -100 are ignored (masked),
# the loss is only computed for labels in [0, ..., config.
vocab_size]

labels[labels[:, :] == self.tokenizer.pad_token_id] = -100

outputs = self(

input_ids=batch["source_ids"],
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180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220

def

def

def

def

attention_mask=batch["source_mask"],
decoder_attention_mask=batch[’target_mask’],

labels=labels

loss = outputs[0]

return loss

training_step(self, batch, batch_idx):
R Ty TR

loss = self._step(batch)
self.log("train_loss", loss)

return {"loss": loss}

validation_step(self, batch, batch_idx):
nnn)N) F—=23 2 X7y TR

loss = self._step(batch)
self.log("val_loss", loss)

return {"val_loss": loss}

test_step(self, batch, batch_idx):
nnng 2 Ry SRR

loss = self._step(batch)
self.log("test_loss", loss)

return {"test_loss": loss}

configure_optimizers(self):
A T T RA = RTT 2~ 5~ R T B

model = self.model

no_decay = ["bias", "LayerNorm.weight"]
optimizer_grouped_parameters = [
{
"params": [p for n, p in model.named_parameters()

if not any(nd in n for nd in no_decay)],

"weight_decay": self.hparams.weight_decay,

"params": [p for n, p in model.named_parameters ()

if any(nd in n for nd in no_decay)],

"weight_decay": 0.0,
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221 ]
222 optimizer = AdamW(optimizer_grouped_parameters,
223 lr=self .hparams.learning_rate,
224 eps=self .hparams.adam_epsilon)
225 self.optimizer = optimizer
226
227 scheduler = get_linear_schedule_with_warmup(
228 optimizer, num_warmup_steps=self.hparams.warmup_steps,
229 num_training_steps=self.t_total
230 )
231 self.scheduler = scheduler
232
233 return [optimizer], [{"scheduler": scheduler, "interval": "
step", "frequency": 1}]
234
235 def get_dataset(self, tokenizer, type_path, args):
236 ”"”7_'“—5"&“/ I‘%{’ﬁﬁi?% o
237 return TsvDataset(
238 tokenizer=tokenizer,
239 data_dir=args.data_dir,
240 type_path=type_path,
241 input_max_len=args.max_input_length,
242 target_max_len=args.max_target_length)
243
244 def setup(self, stage=None) :
245 nfHIRRE (T—2t Y FDFHAS)
246 if stage == ’fit’ or stage is None:
247 train_dataset = self.get_dataset(tokenizer=self.tokenizer
>
248 type_path="train.tsv",
args=self .hparams)
249 self.train_dataset = train_dataset
250
251 val_dataset = self.get_dataset(tokenizer=self.tokenizer,
252 type_path="dev.tsv", args=
self .hparams)
253 self.val_dataset = val_dataset
254
255 self.t_total = (
256 (len(train_dataset) // (self.hparams.

train_batch_size * max(1l, self.hparams.n_gpu)))
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257
258
259
260
261
262
263
264
265

266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296

// self .hparams.gradient_accumulation_steps

* float(self.hparams.num_train_epochs)

def train_dataloader(self):
T — 2 O — S —E T B
return Dataloader (self.train_dataset,
batch_size=self .hparams.train_batch_size,

drop_last=True, shuffle=True, num_workers

=4)

def val_dataloader (self):
N F—s 3V F— RO L — B R T B
return Dataloader (self.val_dataset,
batch_size=self.hparams.eval_batch_size,

num_workers=4)

# FERICBVWABNAIN-—NFTA—2ZRET S
args_dict.update ({
"max_input_length": 16, # ANMDmAKI—7 &
"max_target_length": 24, # HAMDRAKL—I U#
"train_batch_size": 8,
"eval_batch_size": 8,
"num_train_epochs": 10,
b

args = argparse.Namespace (**args_dict)

train_params = dict(
accumulate_grad_batches=args.gradient_accumulation_steps,
gpus=args.n_gpu,
max_epochs=args.num_train_epochs,
precision= 16 if args.fp_16 else 32,
amp_level=args.opt_level,

gradient_clip_val=args.max_grad_norm,

# EBFEBHORT (ZRAITNIIRY I B1EE) cruizo
model = T5FineTuner (args)
trainer = pl.Trainer (**train_params)

trainer.fit (model)
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297
298
299
300
301
302

# RRRIRYIDETINERE
# model. tokenizer.save_pretrained(’trained_model’)

# model.model.save_pretrained(’trained_model’)

model . tokenizer.save_pretrained (’test’)

model.model.save_pretrained(’test’)

AL 72ET LA ET AT 270070V —2a— K2 A2I1TR7.
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21
22
23
24
25
26
27
28
29
30
31

YV —Aa—F A.2: train.py

import argparse

from hashlib import new

import gensim

import os

import textwrap

import torch

from torch.utils.data import Dataset, Dataloader
from transformers import T5ForConditionalGeneration, TbTokenizer
from tqdm.auto import tqdm

from sklearn import metrics

import MeCab

import random

# T—3R®D (chiVePATHkv:) KeyedVectors
model_path = "chive-1.2-mc15_gensim/chive-1.2-mc15.kv"

# ETILDHAHIAS
wv = gensim.models.KeyedVectors.load(model_path)

# PRRRZAVICEEORR
def findkeyword(inputtext) :
keywords = []
result = []
words = [i for i in inputtext.split(’,’)]
for word in words:
try:
keywords . append (wv [word] )
except KeyError:
print (word+’ IFKRHFETT )
match = wv.most_similar (positive=keywords, topn=6)

for i in match:
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32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54

55
56
57

58
59
60
61
62
63
64
65
66
67
68
69
70

if i[0] not in words:

result.append (inputtext+’,’+i[0])
if len(result) >= 3:

break

return result

# ERERDSOBEEZRRTS
def findkeyword2(str, keyword) :
# BINF—7T — RMER
word_list = []
m = MeCab.Tagger ()
# XB7Z RN
words = m.parse(str).split(’\n’)
# BLICROBONI-F—T— FZ25HE
keywords = keyword.split(’,’)

# XBEOREELSF—T— FMEHORR
for word in words:
spl = word.split(’\t’)
if len(spl) >= 2:
word = spl[O]
pos = spl[-1].split(’,?)
if (%45’ in pos) and (¥R’ not in pos) and (&K

’ not in pos)) or (HAEA’ in pos) or (’IE{FF
’ in pos):

pass
elif ("ENEE" in pos) and ("HII" in pos):
if "HZ’ in pos or ’§ 3’ in pos or 'BHD
’ in pos or L)%’ in pos or ’’&%’ in pos:
continue
else:
# BERTICEHRE
word = pos[6]
else:
continue
if word not in keywords:
word_list .append (word)
print (word, pos)

# BINF—7— FME@EH ST VA LISEH
if len(word_list) >= 1:

sample = random.sample(word_list, 1)
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71 keyword = keyword + ’,’ + sample[0]

72 else:

73 print ("ERROREIMF—T— KHBREOHMD FXEA:")
74 print (keyword, ’:’, str)

75

76 return keyword

7

s # BRIFEEAETI

79 PRETRAINED_MODEL_NAME = "sonoisa/t5-base-japanese"

80

81 # ERBFEEHETI

82 MODEL_DIR = "trained_model"

83

sa  # OFIBPBFE crU

85  USE_GPU = torch.cuda.is_available()

86

87

88  class TsvDataset(Dataset):

89 def __init__(self, tokenizer, data_dir, type_path, input_max_len
=512, target_max_len=512):

90 self.file_path = os.path.join(data_dir, type_path)

91

92 self.input_max_len = input_max_len

93 self.target_max_len = target_max_len

94 self.tokenizer = tokenizer

95 self.inputs = []

96 self.targets = []

97

98 self._build()

99

100 def __len__(self):

101 return len(self.inputs)

102

103 def __getitem__(self, index):

104 source_ids = self.inputs[index] ["input_ids"].squeeze()

105 target_ids = self.targets[index] ["input_ids"].squeeze()

106

107 source_mask = self.inputs[index] ["attention_mask"].squeeze()

108 target_mask = self.targets[index] ["attention_mask"].squeeze
O

109
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110

111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133

134
135
136
137
138

139
140
141
142
143
144
145
146
147

return {"source_ids": source_ids, "source_mask": source_mask

b

"target_ids": target_ids, "target_mask": target_mask}

def _make_record(self, text, keywords):
# ARV RADABNIAHICE]T B, CommonGen
input = f"{keywords}"

target = f"{text}"

return input, target

def _build(self):

with open(self.file_path, "r", encoding="utf-8") as f:

args_dict

line
asse
asse

asse

text

for line in f:

= line.strip() .split("\t")
rt len(line) == 2
rt len(line[0]) > O
rt len(line[1]) > O

= 1ine[0]

keywords = line[1]

input, target = self._make_record(text, keywords)

toke

toke

self
self

dict(

nized_inputs = self.tokenizer.batch_encode_plus(

[input] , max_length=self.input_max_len,
truncation=True,

padding="max_length", return_tensors="pt"

nized_targets = self.tokenizer.batch_encode_plus(

[target], max_length=self.target_max_len,
truncation=True,

padding="max_length", return_tensors="pt"

.inputs.append (tokenized_inputs)

.targets.append (tokenized_targets)

data_dir="data", # T—XtEYv DT LI
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148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188

model_name_or_path=PRETRAINED_MODEL_NAME,
tokenizer_name_or_path=PRETRAINED_MODEL_NAME,

learning rate=3e-4,
weight_decay=0.0,
adam_epsilon=1e-8,
warmup_steps=0,

gradient_accumulation_steps=1,

# maz_input_length=64,
# maz_target_length=512,
# train_batch_size=8,

# eval_batch_st1ze=8,

# num_train_epochs=10,

n_gpu=1 if USE_GPU else O,
early_stop_callback=False,
fp_16=False,
opt_level=’01",
max_grad_norm=1.0,

seed=42,

# PERICBVWABNAIN-—NFA—2ZRET S
args_dict.update ({
"max_input_length": 16, # ANNMDmAKE—7 &
"max_target_length": 24, # HAMDRAKL—T U#
"train_batch_size": 8,
"eval_batch_size": 8,
"num_train_epochs": 10,
b

args = argparse.Namespace (**args_dict)

# k—20F 14— () SentencePiece

tokenizer = T5Tokenizer.from_pretrained (MODEL_DIR, is_fast=True)

# FEEHETI
trained_model = T5ForConditionalGeneration.from_pretrained (MODEL_DIR)

# OFIREE cru
USE_GPU = torch.cuda.is_available()



i

49

189
190
191
192
193

194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214

215

216
217
218
219

220
221
222

223
224

if USE_GPU:

trained_model.cuda()

# TART—R2DFHHAH
test_dataset = TsvDataset(tokenizer, args_dict["data_dir"], "test.
tsv",
input_max_len=args.max_input_length,

target_max_len=args.max_target_length)
test_loader = Dataloader (test_dataset, batch_size=8, num_workers=4)
trained_model.eval()

inputs = []
outputs = []
targets = []

for batch in tqdm(test_loader):
input_ids = batch[’source_ids’]
input_mask = batch[’source_mask’]
if USE_GPU:
input_ids = input_ids.cuda()

input_mask = input_mask.cuda()

output = trained_model.generate(input_ids=input_ids,
attention_mask=input_mask,
max_length=args.max_target_length
>
repetition_penalty=10.0, # ALX

D#DEL (E— FEHIE) ADR
FILT o

output_text = [tokenizer.decode(ids, skip_special_tokens=True,
clean_up_tokenization_spaces=
False)

for ids in output]

target_text = [tokenizer.decode(ids, skip_special_tokens=True,
clean_up_tokenization_spaces=
False)
for ids in batch["target_ids"]]

input_text = [tokenizer.decode(ids, skip_special_tokens=True,
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225 clean_up_tokenization_spaces=False
)

226 for ids in input_ids]

227

228 inputs.extend (input_text)

229 outputs.extend (output_text)

230 targets.extend (target_text)

231

232 m = MeCab.Tagger ()

233

234  key_lost_result = []

235

236 #F—TJ— FREAZRELTRE

237  with open(’result/result.txt’, mode=’w’) as fr, open(’result/keylost

.txt’, mode=’w’) as fk:

238 for i, (output, target, input) in enumerate(zip(outputs, targets
, inputs)):

239 inputs = input.split(’,’)

240 wakati = m.parse(output) .split(’\n’)

241 out_words = []

242 for out_word in wakati:

243 spl = out_word.split(’\t’)

244 if len(spl) >= 2:

245 pos = spl[-1].split(’,?)

246 if *EhEE’ in pos:

247 out_words . append (pos [6])

248 else:

249 out_words . append (spl1[0])

250

251 for key in inputs:

252 if not key in out_words:

253 fk.write(str(i))

254 fk.write("\t" + input + ’\t’)

255 fk.write("\t" + output + ’\t’)

256 fk.write("\t" + target + ’\t\n’)

257 key_lost_result.append (input)

258 break

259

260 fr.write(str(i))

261 fr.write("\t" + input)

262 fr.write("\t" + output)
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263 fr.write("\t" + target + ’\n’)
264
265 mytestdata = [

266 X —7—RRITEEBERT AN T—2 O
267 "wREVavhbIX,,",

268 "FRWEDB 1,,",

269 "AZBRET,,",

270 "ZBEHEACSED,,",

271 "hyor—x%N\7rvJ—2X,,",
272 "WEEERZXB,,",

273 "D mFERK, ",

274 BT AmIEL,, ",

275 "BERESCBIELRE,,",

276 "R,

277 "ABEEES,,",

278 "EEBRRE, ",

279 AREREFL Y, ",

280 "H—DEmb[FB,,",

281 "AANLZE 1,2,

282 wr—xEk—I<F,,",

283 —OERES,,",

284 "EBIEIBIN,,",

285

286 # XCEBENMER T AN T—2 O
287 "RoOrRBEB,,",

288 "LESFERE,,",

289 "BEYURER,,",

290 "IMZ37URE—FRK,,",

201

292 # SVBILEEERT A M T—% O
293 "BENy2—ES,.,",

204 "EABEA,,",

205 "HREH<,, ",

296 nFHIT DM, ",

297 "EEBIEIREEA, ",

208 "FiREER,,",

299 "B SRR/ ER, ",

300 kAL alLy FEAES,,",
301 T VEBRNK,,",

302 "AFX—RATVFE,,",

303 "KREERES,,",
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304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325

326

327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343

#* EREEERT AT —42 O
"“<BIXLERE,,",
"EOHIRZRES,,",
BN HEFEX,,",
"KRERITTZX,,",

RS THBESHEFH,,",
"EEAHRYE,,",

newtestdata = []

# PEHRAZAVTEF—T7—FZEMT S
# for words in mytestdata:

# newtestdata.append(words)

# for newkeywords in findkeyword(words):

# newtestdata.append (newkeywords)

MAX_SOURCE_LENGTH = args.max_input_length # ANNTNBHLEAXDRK

Rl D%
MAX_TARGET_LENGTH = args.max_target_length # £ IND X1 MILDRK
2%

def test(testdata):
# HRE—F

trained_model.eval()

result = []
for i, inp in enumerate(testdata):
inputs = [inp]
batch = tokenizer.batch_encode_plus(
inputs, max_length=MAX_SOURCE_LENGTH, truncation=True,

padding="longest", return_tensors="pt")

input_ids = batch[’input_ids’]
input_mask = batch[’attention_mask’]
if USE_GPU:

input_ids = input_ids.cuda()

input_mask = input_mask.cuda()
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344
345 # ERNIEZEITS
346 outputs = trained_model.generate (
347 input_ids=input_ids, attention_mask=input_mask,
348 max_length=MAX_TARGET_LENGTH,
349 # temperature=1.0, # EWICT VA LEZANDSEE/INS
xX—%
350 # num_beams=10, # E— LY —FDIFEIF
351 # diversity_penalty=1.0, # ERBROZHKIEZEAE TS
DRFILTANFTA—=H
352 # num_beam_groups=10, # E—LHYF—FDIIL—7F
353 # num_return_sequences=10, # T DX D
354 repetition_penalty=8.0, # FIUNXD#EDIEL (E— FEE) A
DRFILT+
355 )
356
357 # ERESNIc b= VR XFINEHT B
358 generated_bodies = [tokenizer.decode(ids, skip_special_tokens
=True,
359 clean_up_tokenization_spaces
=False)
360 for ids in outputs]
361
362 # ERENIXEZHENTS
363 tmp = []
364 with open(’result/result.txt’, mode=’a’) as f:
365 f.write(str(i))
366 f.write("\t" + inp)
367 tmp . append (inp)
368 f.write("\t" + generated_bodies[0] + ’\n’)
369 tmp . append (generated_bodies [0])
370 result.append (tmp)
371 return result
372
373  result = test(mytestdata)
374  newtestdata2 = []
375 for i in result:
376 newtestdata2.append (findkeyword2(i[1],i[0]))

377
378 test (newtestdata2)
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