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2.1 Recurrent Neural Network Grammar
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NEINTWVWB3D2OTNVIT) ALZHALE, Zh
WINA., AREGE O IR S T XV DOAFHT HFIZDon
TH3BORA Lz, TbH, AEFT3x3=9@D
DEMTFIEERAL 72,

K123 208 7)) ZLOKEZ 53T, Z
NSEDTIVITY ALFIET Ay TR IChfEE %
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oy bOXER, KOGEER) 2K 1ITRT, iE%
IZOWTI, AT —& T2 [EA LB -5
U7z, 28, AHZRICE W TMKFEREE D 4
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RNNG O Z#E 2B W Tk, FEARKIZIE G X [3]
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FEE 01 OMRNAERE NEZH YT WS D,
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ABRSIE RGeS X, 2] TRESI W TWERYF
< — 7 (SyntaxGym) % JH\N T U 7z, SyntaxGym
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MDTAMEEFLDEHLDOTHY, BLOHFE->T
WA SREBIRIZIG U T Agreement (—2() X° Center
Embedding (HFHRIEDIAA) RELFE 726 DDH
TIVIZREINDG, H3IZ—HDOT A MDO—fl%
R, ZOFITIE, RO BFE O F IR % g
U. P(knows) > P(know) & 73U EfE & AT, K
MRETIZ6 DDHEHTITVIZDOVWTOREERET
B, TVRLR—ATAVIFETAMIL > THRE
20, U T25% A FERoTWV5,

5 {ER&EES

51 SEETI/ILE L TDMEE (ppl) DLLE

MA4lZE&EY) =NV I THFEHLUEZET VDN~
TVXY T4 %R UTz, BTV T XLITKDS %
ERZE EDOVY =N ZIZBWTH ppl DIEIX
flat, left-first, right-first DJH TR E L 5, 74D
L, SHEETILVOMEEL LTk flat W RETHDZ
EMFID, TIUE, left-first X right-first D25 i %
Mg & MG IR R AR E BB, AkEE A
BRI L, XD T 7Y a »hEMED» DK
EIZRA I EITERNT S & Ebn s,
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DEEIE X, POS, DEP DJHTAKE L 25, HAGE
TXAMIE 6 D LD BREHSPNREEIZR D PT
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DIZ ML T 2 EECE AT 2 BN H D, R
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KM EINTWBEEZ LN,
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