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2% 1: deplacy \ZHEHE W BE 22 4R 2V RFT Y — )L (2021 4 6 H 20 HEIE)

77 VH— VR

Camphr-Udify, spaCy-COMBO, UDPipe 2, Trankit, spaCy-jPTDP, Turku-neural-parser-pipeline 7 &

77 ETE

Trankit, UDPipe 2, Turku-neural-parser-pipeline, spacy-udpipe, NLP-Cube, spaCy-COMBO 7s &

R7 )N — ik

Camphr-Udify, Stanza, Trankit, UDPipe 2, spacy-udpipe

TN T

Trankit, Camphr-Udify, UDPipe 2, CLASSLA, NLP-Cube, Stanza, spaCy-COMBO, spaCy-jPTDP 7z &

AN —= %k Camphr-Udify, Stanza, NLP-Cube, spacy-udpipe, COMBO-pytorch, Trankit, UDPipe 2 7 &

a7 ik Stanza, spaCy-Coptic, spacy-udpipe, UDPipe 2

Fz aik Camphr-Udify, spaCy-jPTDP, Trankit, UDPipe 2, spacy-udpipe, NLP-Cube, Stanza 7% &£

7 — )L RE UDPipe 2, luigi/custom_models, Camphr-Udify, Stanza

Fe— 7k Camphr-Udify, UDPipe 2, Stanza, Trankit, Turku-neural-parser-pipeline, COMBO-pytorch 7 &
FA ek Camphr-Udify, Stanza, COMBO-pytorch, UDPipe 2, spaCy-jPTDP, NLP-Cube, spacy-udpipe 7% &
XV 7EE Stanza, UDPipe 2, Trankit, spacy-udpipe, Turku-neural-parser-pipeline, spaCy-jPTDP 7% &

W Camphr-Udify, Stanza, COMBO-pytorch, UDPipe 2, NLP-Cube, spaCy-COMBO, Trankit 7 &
AR Vi spaCy, Stanza, UDPipe 2, NLP-Cube, spacy-udpipe, Trankit, Camphr-Udify, spaCy-COMBO 7% &
IA =TGR Stanza, spacy-udpipe, EstMalt, Turku-neural-parser-pipeline, COMBO-pytorch, spaCy-jPTDP 7z &
INR TG spaCy-ixaKat, COMBO-pytorch, Trankit, Turku-neural-parser-pipeline, Stanza, spacy-udpipe 7 &
VT T Stanza, spaCy-COMBO, Turku-neural-parser-pipeline, spaCy-jPTDP, spacy-udpipe, Trankit 7% &
A Ik Stanza, UDPipe 2, spacy-udpipe, NLP-Cube, spacy-fi, Turku-neural-parser-pipeline 7 &

7z H—ik Stanza, Turku-neural-parser-pipeline

77 VR spaCy, Stanza, NLP-Cube, UDPipe 2, Trankit, spacy-udpipe, Camphr-Udify, spaCy-COMBO 7% &

)

Stanza, UDPipe 2, COMBO-pytorch, Trankit, spacy-udpipe, spaCy-COMBO, spaCy-jPTDP 7 &

TNV (TANT Y
[

F—ViE(RAay v F)

GLA, Stanza, UDPipe 2, spacy-udpipe, Trankit

AT

Camphr-Udify, Stanza, spaCy-jPTDP, Turku-neural-parser-pipeline, NLP-Cube, spacy-udpipe 7 &

WY > e

Camphr-Udify, UDPipe 2, spaCy-COMBO, spaCy-jPTDP, Stanza, Trankit, spacy-udpipe 7% &

~T7 7 A G Trankit, HebPipe, Stanza, spaCy-COMBO, spaCy-jPTDP, Turku-neural-parser-pipeline, UDPipe 2 7 &
vy —ik NLP-Cube, spaCy-COMBO, UDPipe 2, Trankit, Turku-neural-parser-pipeline, Stanza 7% &
sa7FTEE NLP-Cube, UDPipe 2, Turku-neural-parser-pipeline, COMBO-pytorch, Trankit, Camphr-Udify 7 &
NV —iE Trankit, UDPipe 2, COMBO-pytorch, Camphr-Udify, NLP-Cube, Turku-neural-parser-pipeline 7% &
TIVRA =Tk Stanza, Camphr-Udify, Trankit, UDPipe 2, spacy-udpipe, spaCy-COMBO, YerevaNN 7% &

LAY R3TTHE

Stanza, Trankit, Turku-neural-parser-pipeline, NLP-Cube, spacy-udpipe, Camphr-Udify, Malaya 7 &

TART Y FER

COMBO-pytorch, Stanza

A5 TRE NLP-Cube, COMBO-pytorch, spaCy-COMBO, Trankit, Camphr-Udify, Stanza, spaCy 7% &
HAGE spaCy-SynCha, spaCy-ChaPAS, UniDic-COMBO, spaCy, NLP-Cube, GINZA, Camphr-KNP 7% ¥
h 7R Camphr-Udify, NLP-Cube, spaCy-COMBO, Trankit, Turku-neural-parser-pipeline 7 &

R Camphr-Udify, Stanza, UDPipe 2, Trankit, spaCy-jPTDP, Turku-neural-parser-pipeline 7 &

7T Vi spaCy-COMBO, Trankit, Stanza, UDPipe 2, spacy-udpipe, Camphr-Udify, NLP-Cube 7% &
VM7= TR spaCy, Trankit, Stanza, Camphr-Udify, UDPipe 2, spacy-udpipe

Camphr-Udify, NLP-Cube, Trankit, UDPipe 2, Stanza, spaCy-COMBO, spacy-udpipe 7% &£

SuPar-Kanbun, UD-Kanbun, GuwenCOMBO, UD-Chinese, Trankit, spacy-udpipe, Stanza, UDPipe 2

Camphr-Udify, spaCy

Stanza, UDPipe 2, spacy-udpipe, COMBO-pytorch, Camphr-Udify

(7 —7E—)

Stanza, COMBO-pytorch, spaCy-COMBO, Camphr-Udify, UDPipe 2, Turku-neural-parser-pipeline 7 £

IV 2=l (== IVA D)

Stanza, spacy-udpipe, spaCy-COMBO, spaCy-jPTDP, UDPipe 2, Turku-neural-parser-pipeline 7% &

* 7Yk

spaCy-Alpino, Camphr-Udify, Stanza, UDPipe 2, Trankit, spacy-udpipe, spaCy, spaCy-COMBO 7 &

A—7 v Nk

spaCy, spaCyPL, Camphr-Udify, Stanza, UDPipe 2, spacy-udpipe, Trankit, COMBO-pytorch 7 &

AV b A VEE

spaCy, Camphr-Udify, Stanza, COMBO-pytorch, NLP-Cube, spaCy-COMBO, spaCy-jPTDP 7% &

N— =Tk UDPipe 2, COMBO-pytorch, Trankit, Camphr-Udify, spaCy, Stanza, NLP-Cube, spaCy-COMBO 7% &
e Stanza, Trankit, Camphr-Udify, UDPipe 2, Truku-neural-parser-pipeline, spaCy, COMBO-pytorch 7 &
AWNF T Camphr-Udify, UDPipe 2, Trankit, spacy-udpipe, NLP-Cube, spaCy-COMBO, Stanza 7% &£

ABRRZTEE CLASSLA, Turku-neural-parser-pipeline, NLP-Cube, UDPipe 2, COMBO-pytorch, spacy-udpipe 7 &

LIV ETHEE (XY I)

Camphr-Udify

ILVETE (7T V)

CLASSLA, UDPipe 2, Trankit, Camphr-Udify, Turku-neural-parser-pipeline, NLP-Cube 7 &

AT 2 —F ik

Camphr-Udify, COMBO-pytorch, Trankit, NLP-Cube, Stanza, spaCy-COMBO, UDPipe 2 7 £

& 3Lk Camphr-Udify, Trankit, UDPipe 2, spacy-udpipe, Stanza

5 A G spaCy-Thai, Turku-neural-parser-pipeline

yhu ek Camphr-Udify

FLadk Stanza, NLP-Cube, spaCy-COMBO, spaCy-jPTDP, Camphr-Udify, UDPipe 2, spacy-udpipe 7% &
7774 FEE Stanza, Camphr-Udify, spaCy-COMBO, UDPipe 2, Trankit, Turku-neural-parser-pipeline 7 &
X+ LGE Trankit, Stanza, Turku-neural-parser-pipeline, spaCy-jPTDP, spaCy-COMBO, NLP-Cube 7 &
ER VA UDPipe 2, Stanza

rhEEE (A Trankit, Stanza, UDPipe 2, spacy-udpipe, UD-Chinese, spaCy 7% &

rRERE () Stanza, UDPipe 2, spacy-udpipe, UD-Chinese, spaCy 7 &
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(o1

NG INIA Ty 7 AT, XL FE D5,
FORM: #&. F7:1%. fJFtacs,
LEMMA: #EH, 354,
UPOS: UD THIE S 7-
XPOS: 5 iElE A D i 8 7,
FEATS: UD THIE X 17- HEAREEZEEDY 2 b, SHEEA OIRED A,
HEAD: M4¥ O HEEDIR D Z I ILID, R D ZIFILHBEAEAIZ0 LT 5,

SeE 2R D Z Y 7 (#2), HEAD 250 D41
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. Modifier Function
Nominals Clauses Words Words
nsubj 3% csubj i 5
ar g‘r’; € s obj Atz ccomp i i34
g iobj i H ity xcomp fifiz
obl & iz =7 AN
Non-core vocative 73 Lo | advmod stz | oo igﬁﬂm”
dependents expl advel i discourse #amzx | COP o
dislocated #}iE3E mark ik
. nmod kS i X 2 ki det B
Nominal . . . . et 111 2o
dependents | @PPOS fifs acl Hkfsgiti - | amod M ic & 2 skweizs | clf iy
nummod #dtic & 2 &fiizE case t##m
Coordination MWE Loose Special Other
. fixed F# , orphan #i7 L punct f i
conj ## flat 91 list #lH goeswith i = il root
o dets 2 H ok e 2
CC i compound #4 parataxis B reparandum L dep #iEs
(JADJ « ADP - ADV - AUX - CCONJ - DET * INTJ - NOUN « NUM - PART - PRON - PROPN - PUNCT -
SCONJ * SYM - VERB - X @ 17 f&#,



UD DR D Z1F Y v 7 1%, Mempuyk IKFESGEDBRETH D, VbW ZEEIFLIERTH
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ficEo LBHMIFENE ) 7§ 5, 2L MIEE GG RRIER) 2 K5 OBHiRE2 L
A7 T RVIDY Mempuyk & 1FHZ > TW5E, BRAIC, a2 7 ITEWTIE, fizEZY
YIImE LT, FENEYVIT B,

k. AFOKIRICH T WS UD ALY — )L deplacy 3. LEMMA - FEATS - DEPS
ZAFUEHR E LTk, I Difmz s 279 B, CoNLL-U 7—% Z1Hik%
BTzl v,
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DICEIAHEANA T, HEETH S, CoONLL-U DEITH ., FHIEBICHIEL TW» 5
Lo LA, HEEL WIHIEZHIZ, BETCOFEITEEZ DD TIE R\,

3.1 HEERNZIXYI D 3% \WEEED UD

Frlz, HGE L HEEORICXYI D B2 WERBICE W T, HEORIICTs, 47TL Y
BRI, HHPEFEUD TIX, VAT I XF=15EE LX) BT, BG4
PEGENCR > T2 XFU EOHEEZIF L Tw 32, ZHUIEE S offEafiE %2 A48T
527:0DHDTHD, ﬁ_é%#mnfm%bffu&m ﬁl?ﬁﬂ@UD*gm
TlE, EH L5 (Stanza® B 7 )L — 7D — N) DT, HERICO LW TAE 2 KA
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obj

obj
advmodw nmod l dvmod nmod
(vers) NOUN (nouN) [VERB] [NOUN] (nounN)

v.ElFE 5T BR v 857,174, BE % EEL L] % AL EEY, 1 ‘7 R v, EF 7 1 THh /% LEFEN 1) n&, A BR

X~ AN B N A~ F O OE F
1 LR EEE UD TR ABRXASIE S (UD-Kanbun)

/

root

advcl
l punct punct

advmod obj

advmodw [—Ob] aux— ase:pref
& (verB) (noun]) (PuncT) (ADV) AUX [VERB] (PART) (NOUN) (PUNCT)
R A BN, B4 B MB N EE
X 2: FEFE (fEiff) UD TAEARRNR, EBABINENER, | (Stanza)

[MJoakim Nivre: Towards a Universal Grammar for Natural Language Processing, CICLing 2015: 16th Inter-
national Conference on Intelligent Text Processing and Computational Linguistics (April 2015), pp.3-16.

[8IPeng Qi, Yuhao Zhang, Yuhui Zhang, Jason Bolton, Christopher D. Manning: Stanza: A Python Natural
Language Processing Toolkit for Many Human Languages, 58th Annual Meeting of the Association for Compu-
tational Linguistics: Proceedings of the System Demonstration (July 2020), pp.101-108.
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mark: el { unct
e I (|
(NOUN] ADP

[VERB] (Aaux) (scony) (Noun)  (ADP)  (VERB) AUX) (PUNCT)

EBE-ERER-—H BhiA-18BHER BiA-— BhEhEE Bhia-#EiBhEA BE-EBEE-—M BhER-ARBNER Bhia-FFALATRE BhEhEs HBHECS R

Fiv I A &h | BF =2 8B 9
X 3: HAZEUD THRIINICAS SR 17257, 1 (GINZA)

root

advcl
punct
ompound ase ompound case au
ﬁ NOUN a VERB a ﬁ NOUN DP [VERB iAUX] (PuncT)
| &%;‘ Bhaw EEEN 455K, B
ROl AD EhiE BOF 7& B T

4: HAFEUD THRINICA S SR T %249, 1 (Camphr-KNP)

D3, IEE% ECARMOEY (X2) TH 5, FEFE LT Ry L, Iz 28
AT 1 GEE Ak I, P ERE L HRPEREOR TR 20tk >Tw 5,

HAGE UDPNE, EEEDHEHRAINOZ [FEL AR L TWw5, ZORE, GINZAI R &%
COHARFER D ZT Y — i, BEEEVHEHRA 2 HFELE L CHOYTW S (M3), 7272
L. Camphr-KNP!2{% | JUMANIBFGEAARRICH LW THREIMINTE D, HFERED
WECTH % (H4) Kric, Bl TAS UL, %, 3EBLE AL T 25EE A THIC
DWTIE, FEEPIBHETH D,

FAFEUDICBEAL TIX, BR. $F D 95 £ vwoTwiw, spaCy-Thai™>!'d | Turku-
neural-parser-pipeline“6] b, FHOHE (XS5 IRz EE W, FEHE LT, Tauda) ©
fanla, % 23517 720D 7258, PyThaiNLPU D 7V — 7° L SR WD 72,
Hi & @ ORCHID!"NZ 1) % HGEREDS, a3 — S A 2ROMERIAMHIZHEI b DTH 5720
FH L L TIIER Iz v, BEERZIMENICIRD o vl | EEDOEREZ D
L2 EDTET, BRPLEVPEHELVWEIARDTH S,

ORRIIESE, S, =R, HAP SR, KNS, NI 5, AARE: Universal Dependencies H AN a2 —
RA L HIREFEALEE, Vol.26, No.1 (2019 4 3 H), pp.3-36.
(0137 EHH H 1~ 3EARCEE UniDic A IR, Ver. 1.1, 37)11: ERZEZENIZERT 2 — S AB%E £ ~ ¥ — (2016
3 H).
(MIFAFAEL: GiNZA - Universal Dependencies (2 & % FZFH I H AGEMENT, H A S REAEE, Vol 27, No.3 (2020 4E
9 H), pp.695-701.
2lhttps://camphr.readthedocs.io/en/latest/notes/knp.html
ST AGEIEAE LT > A 7 L JUMAN version 7.0, 5UEB: SUHER AR GG WAV RG-S
(2012 4 1 H).
WAV Z2 ] 2 —: TORERMNTIR DS U 2 12 & 23 ARHAEE (IHFIHRA) DR D Z T, FEBALEL A2 isE
£, Vol.2020-CH-124 (2020 4E 9 H), No.3, pp.1-8.
(Slhttps://github.com/KoichiYasuoka/spaCy-Thai
[161Jenna Kanerva, Filip Ginter, Niko Miekka, Akseli Leino, Tapio Salakoski: Turku Neural Parser Pipeline: An
End-to-End System for the CoNLL 2018 Shared Task, Proceedings of the CoNLL 2018 Shared Task (October
2018), pp.133-142.
Mhttps://github. com/PyThaiNLP/pythainlp
USIFIE s PyThaiNLP (X, Tdw&a, Z 255L A% T4, Tqnlda) 2 1§EL AR LTWV3
¥lVirach Sornlertlamvanich, Naoto Takahashi, and Hitoshi Isahara: Building a Thai part-of-speech tagged
corpus (ORCHID), Journal of the Acoustical Society of Japan (E), Vol.20, No.3 (May 1999), pp.189-198.
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aux

{-advmod] l [—objj [—nmodw l ;—advmoda [—objj [—nmodw

(PART) (vErB) (Noun) (NounN) (aux]) (PART) (vEmRB) (NOUN) (NOUN)

NEG VACT NCMN NCMN XVBM NEG VSTA NCMN NCMN

T wih a1 &a dan i lé an  1&a

X 5: ¥ 4 35 UD Mudind&a tanlilsgnida,; (FEEDOHE)

3.2 fiRoeli Zx SR ICRTd 5 UD

HEFEMICZZH2A6T 285BIV TH, HEREILB W THERTANE R, »Wop
b2, ZDO—OPHENHEFATD 5,

7 7V AREUDICEWTIE, Mo 2 mifidEna &OeEic i L 7z BT, i 521k 0
RN EE 29, 72k Z1F Tauxy X, Tag & Tesy ICOfREL 72 BT, Z DO
% ¥ 279, Stanza % TrankitP?!x, Z OEkZ BIIF-TE D, FHEBDLR D 3Z T f@hr
IZBWTH, ABINICHEFEFO DR EZ E 2 7% 9 (K6), —J7. spaCy?!5> NLP-Cube!??!
% COMBO-pytorch!>1% %ﬁﬁﬂ@*%%wofv%wln A %) 7EEUD - KL b
ANFEUD - AV T 7EEUD - FA VEEUD IZB W TH [FEERIC, Mfiia o oo e S
TV 5%, spaCy *° NLP-Cube COMBO—pytorch IFERRIZHE > TV,

root

punct
obl:arg

nsubj Xcomp case
advmo:j;r—advmod l ijj l detai l [—aclj
(PRON) [_L] VERB) ADV (vérB) (NOuN)  (ADP) DET (Nnoun)  (VERB) [PUNCT]
Il

ne peut pas preter attention 2 les articles confractés .

6: 7 7~ A5EUD 1l ne peut pas préter attention aux articles contractés. | (Trankit)

root

punct
expl:subj Xcomp obl:arg
advmod~ | [radvmod case—] acI
PRON VERB & VERB l NOUN ) | l [NOUN] VERB (PuncT)
PRON ADV ADV VERB PUNCT

ne peut pas préter attentlon aux artlcles contractes .

7: 7 7 ¥ AFEUD Tl ne peut pas préter attention aux articles contractés. | (spaCy)

(20]Minh Van Nguyen, Viet Dac Lai, Amir Pouran Ben Veyseh and Thien Huu Nguyen: Trankit: A Light-
Weight Transformer-based Toolkit for Multilingual Natural Language Processing, EACL 2021: 16th Conference
of the European Chapter of the Association for Computational Linguistics (April 2021), System Demonstrations,
pp-80-90.

Rlhttps://spacy.io

(221Tiberiu Boros, Stefan Daniel Dumitrescu, Ruxandra Burtica: NLP-Cube: End-to-end raw text processing
with neural networks, Proceedings of the CoNLL 2018 Shared Task (October 2018), pp.171-179.

23https://gitlab.clarin-pl.eu/syntactic-tools/combo



root

punct
advmod

Fcompound ase appos l
; VERB (Noun) l ; [NOUN] [NOUN] [PUNCT]

NOUN

No pot prestar atencio als artlcles contractes .
8: 71 ¥ ) —=%ikUD "No pot prestar atencio als articles contractes. | (Trankit)

root

punct
obl

nsubj case
aux det
l l {-advmods —objj ramod—

(prON)  (Aux) (PART) (verB) (Noun) (app)  (DET) (vEmRB) (Noun) (PuNcCT)
He <ca n’t pay aftention to  the confracted articles .

9: ¥iZE UD "He can’t pay attention to the contracted articles. (Stanza)

A Z N —=%5EUD &, UD2.72MDLHT IR IE R %2 23 L Cuwieh o 7253, UD2.8)
TR DR Z HIE Uz, 728 213 Talsy 1&, Tay & Telsy 0T A EICkhoT
23, Trankit 2, F72UD2.8 BV DWW T AW (X 8), AXA VEEUD b [FEkIZ, UD2.8
THARIE R DR Z BIE L 72hS, TNz R —F LT 5Dk, AFEEER N Tl Stanza
ZIFTh b,

WEEE UD &, MEREEDO D2 HRMNICE 2o T\wb, 772 L., o ICEEE 2 2K
L 72\, é:b)“))d‘f‘)“/—ifﬁ)%gb< 728 Z1F Tean'ty 1F Teay & Tn'ty IS 3
(X19), fERE LT, &G B 2HEOXYID X, ZAMATHRIDHI S LI
%5,

HAZE UD (2. MERIEEODMREZ B k> Ty, EEEVHEHAIIC, MEREO DR L
WIHOBZTBHRDTH S, 7 ZIEX10TIX, Ty %2 Ty TBL ) ITHEL T
T, FFE LTI, HRFEUD ILE W THEREED DR 2 EATRETIER L, BRD
FFEDITDVEEZT0LEY, 5, ilame B EETH 27259,

root

punct

nsubj
ompound —aux
NOUN NOUN & VER iAUXI (Aux) PUNCT
ZRE-ERRE-—R  BE-HEEE R BhzA-1RBhER BhBhEE BhEhE HBNEES-AIm

W W 1k Mo < BLL
10: HAGEE UD TafsEald - & < 6 L, (GINZA)

24 http://hdl.handle.net/11234/1-3424
(25lhttp://hdl.handle.net/11234/1-3687



3.3 ZEAPHGEDOXYID TIX R\ WiEiEED UD

R M FLEOZEAIE, EfizXUI25DTHD, Haz XU b D TldZ\v, 2 HHibl
LOHERIZ, REFFLFEUDICE T, HiERICEA2EL I EIchs, 22, K11OD
FNZEHEWT "miitén; 2313E% 5, Tconchimy b 1ETH B L) ICEHICIEZ 307
3. Trankit I Tconchimj Z 2L AL LTWS, REFLEEUD X, ZOHICEHT S
BEEZRLTEST, MELMEL W,

WEFEOZEA X, EfizXU2b0THY, FEE2z XY 2D TIER v, L2 ADE
EFEUD 1%, 1REfii=158E AT, KRB XPOS Tld, HEDHFED Mis3+ T
BN T\w»3 (M12), HEa— S 2RIPSEDIEH S Leds, 72 & 213, WEAOHL %
eI T TICIFEEART, L) [T, FEFIZEFELBODLR O,

root

punct

obj
nummod
nummod nsubj ompound

(num)  (NOunN) (vere) (Num)  (Noun) (Noun) (PUNCT)

Mot miitén tring hai con chim .

11: X} F 4 UD "Mot miii tén tring hai con chim. | (Trankit)

root

conj

4—“”'1“ r"b"ﬂlr“”"‘w
(noun)  (vErB) (NounN) (VERB) (PUNCT)

NNG+JKO VV+EC NNG+JX VV+EF

#g o1 o yeg

o

12: EZEUD M4S 91 &% W=t} (Trankit)

4 Universal Dependencies 21} 5 ffi D e

UD ARG 13, Menbuyx AP SGEICB T 2R 0D ZITF S 72, 22 D 37 HBEICIRET
LELMNGRA, ELTIAD I ENTE S, 272, UD DHIE TdH % Stanford Typed
Dependencies?12%, #IHIZ 1% Bresnan sERERRE AR 6 A Y — F LTED, ZDHEIC
HAFSGENE S 7 R L2 86, W OPAELBEBIIUAATLE>TWw 5, 2
D—273, fii (clause) TH 5,

fili &L W WEZZ . Mempuyk [FKAED GIFR L 7225, 20z UD IZFEALTW3,
22 D nsubj & csubj i3, WIND FFEZRT UD KRGS 7 ChH h, Vv 7 D3

(26'Hansaem Kim: Korean National Corpus in the 21st Century Sejong Project, &5 13 1| 37 [EIFERFFL A BE >
YERY YL TSiEa— S 2O ETER L (2006 4E 3 H), pp.49-54.

[27]Marie-Catherine de Marneffe and Christopher D. Manning: The Stanford Typed Dependencies Represen-
tation, Coling 2008: Proceedings of the Workshop on Cross-Framework and Cross-Domain Parser Evaluation

(August 2008), pp.1-8.
(281Joan Bresnan: Lexical-Functional Syntax, Malden: Blackwell (2001).




Tdh At csubj 2, % 9 ThWIREE nsubj Z {9, obj & ccomp I DWW T H AR L.,
advmod & advcl IZ2WTH[FEERZZ L, amod & acl iZ DWW T [ARKTH %, case & mark
IZoWTIE, VU v 2 It TH B3I mark 2. % 9 T \»HEZ case & fifi 9 129,

7272, B D HEE (H 5 WIFHGEDT) D2 HER L T 50 89 I, 2 I AW
DEEL\, 72821, K6 T7 7 AGEUD X, T L 7-8hE Tcontractés) 23HiTH %
EARELT, aclZlH\wTw3, —J7, X9 THFEUD X, MHT L 7285 Tcontracted; 23
fichsdEHARIT, amod ZHTWE, ZN6ZFHLRD ., i v B&z S aaiE
PICHIET 2 DIE, IEHFENTH S L) ICToEHITIIEAZ 3,

7. UDIZBIT 2 a2 7 XD IF, MEEPEITH 256, FTVWI ks, &«
EZIENAVEEL, FFELMEED A2 /i TH S L) hat a7 X2lHISE T 205,
INZUDTERTE, D EELRIEE L5 (X13), "Euskaldun izateay 23T EE. Man
extra bat izatea; DifiEE T, 216 Z%EE Tday 2B 0TV 23T HDED, Z29H)FEH
WIERZ 0, SifiEEodRIcd 285 Tizateay £, D 28EE Tday 25, RS- TH
ZTL 9, ToOMEZNMEET XL, spaCy-ixaKatPE, Tizan) (B X O Z DT 2%
GEE ARSI, —ROBFA L FE L L)W (K 14) LT3, LrL, ZHdFINTUD
DREITE L TE D, FEHEE LTIME L v,

root

punct
cop

csubj cop
| —nmod nummod

5 s
ADJ (aux) (NOuN) (NOUN)  (Num) (Aux) (aux) (PuncCT)
Fuskaldun izatea lan extra bat izatea da .

13: N2 7 3EUD "Euskaldun izatea lan extra bat izatea da. (Turku-neural-parser-pipeline)

root

csubj
obl

nummod
;—oij l nmodw j ‘—ccomp~‘ [—punctw

(ProPN) (VERB) (NOUN) (NOUN)  (Num) (verB) (vERB) (PUNCT)
ADJ ADT

ADJ ADI_SIN IZE_ARR DET_DZH IZE_ARR PUNT_PUNT

Fuskaldm izatea lan extra bat izatea da .

14: NZ 7 3EUD "Euskaldun izatea lan extra bat izatea da.; (spaCy-ixaKat)

[29"Marie-Catherine de Marneffe, Timothy Dozat, Natalia Silveira, Katri Haverinen, Filip Ginter, Joakim Nivre,
Christopher D. Manning: Universal Stanford Dependencies: A Cross-Linguistic Typology, Proceedings of the
9th International Conference on Language Resources and Evaluation (May 2014), pp.4585-4592.

BYhttps://github.com/KoichiYasuoka/spaCy-ixaKat



AWho did you wait for ?

Shift

Who LA did you wait for ?
Shift

Who did A you wait for ?
Shift

Who did you A wait for ?
Left-Arc rnSUbjj
Who did you A wait for ?

Reduce

Who did ) wait for ?
Left-Arc ﬁaux

Who did A wait for ?

Reduce
Who A wait  for ?

Shift
Who wait A for ?

Swap
Who for A\ wait ?

Unshift

Who A for wait ?
Right-Arc (eas
Who A for wait ?
Shift ( Case—;
Who for .\ wait ?
Reduce

Who A wait  ?
Left-Arc ﬁobl .
Who A wait  ?

Reduce
A wait  ?

Shift
wait A ?
Right-Arc ﬁpunctj
wait A ?

Shift ﬁpunctj
wait ? A
Reduce
wait A
Reduce

root

Ldoft
obl
|
“ l g \f_ p””"‘lﬁ

Who did you wait for ?

15: JREEERE 7 )L 2 A L12 L % "Who did you wait for?; D& b 321 T &)

—10-



5 Universal Dependencies |23} %1% D 3Z 3T

RO ZITENTIZ, UDICk B2 EENIHD TXE, THH, %L D7 ILTY X LD
WLTW3, AFETIE. CNSDBFTILIY L%, JREEERT « BRET5H - 25
TR I RD 3T T, BET 5,

51 JREEBHT L ITY AL

arc-swapP I ARFE I N B IREEEBLAL 7 )L Y X L1, HEEF O SEHED & KR IZ0»> T
MEAR ) (stack-buffer boundary) ZFEE) L TW <, EWIHIA A=Y TUHE2E RS, HH
By BEI%29E®IX. Mo effEicebans,

Shift THIR, %42 1 HiES, BT 3,

Reduce "HHIR) T CLEDHGERZRE L T, BHTER~ET,
Left-Arc "HR, T CHOHENS, T LEDHIEN) v 728,
Right-Arc "JEHR ) O CEDHFED G, T CHDHFEANY Vv 7 28,
Unshift THR, #2212 1 HiEs, BEid 3,

e Swap IR, DT CHOHEEL T OLADHFERZ AIVEZ S,

HiFEH 4T Reduce ST, MHIE) 23Ry v EMD I NIRRT, 73V X LI
TTH2, REEBA T LY ALK B0EIZ, K 151287, EHTHERICE VT,
AB Y Y7 D3 WHEEICH LT, @3 root ZH D YT 3,

spacy-udpipel*” » UD-Kanbun?! - UniDic2UD!"*%, 425 & %> TW> % UDPipe® 23R &
BB )L Y X LI Unshift « Swap 2225 L TE ST, KiRE LT, Vv 7IcsdEwD
H2UD %A, UKL, spaCy 1& Unshift 2P L TE D, £9 %5 Swap
BFEELTWE L) THD, &E, HIEDOFHIEIZE W TIE, Left-Arc DEZIZ X Reduce
% . Right-Arc DE#IZ(Z Shift & Reduce 2, ZNZ I F L O TER IV 2 FIEDVENR
Th 5,

IREEES AL 7L 2 X 413, BERTP 2 EHi2EE € 7OVIC X 286 EosHIfFC &
BBNIFIEDY, THUIEERDL LR DEHL v, BEa06., FHEIR D 2H0 12, B
A7 VY AL DREEISBEV DI T, W) O, AFEHER N TCOEEZED
RfgchH s,

[31Joakim Nivre: Non-Projective Dependency Parsing in Expected Linear Time, Proceedings of the Joint Con-
ference of the 47th Annual Meeting of the ACL and the 4th International Joint Conference on Natural Language
Processing of the AFNLP (August 2009), pp.351-359.

B2https://github.com/TakeLab/spacy-udpipe

[331Milan Straka and Jana Strakova: Tokenizing, POS Tagging, Lemmatizing and Parsing UD 2.0 with UDPipe,
Proceedings of the CoNLL 2017 Shared Task (August 2017), pp.88-99.

[34Matthew Honnibal, Mark Johnson: An Improved Non-monotonic Transition System for Dependency Parsing,
Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing (September 2015),
pp.1373-1378.

[35Jacob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova: BERT: Pre-training of Deep Bidirectional
Transformers for Language, Proceedings of the 2019 Conference of the North American Chapter of the Associa-
tion for Computational Linguistics (June 2019), Human Language Technologies, Vol.1, pp.4171-4186.

(361 Alireza Mohammadshahi, James Henderson: Graph-to-Graph Transformer for Transition-based Dependency
Parsing, Findings of the Association for Computational Linguistics: EMNLP 2020 (November 2020), pp.3278-
3289.
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Who did you wait for ?
[ N A e O e O o
| | | | | |

case

obl | aux |nsubj| root punct

16: BEEEATHIAL 7 L 2 ) X 12 & 3 TWho did you wait for?; D% ) 321 @M (BX[X)

Who did you wait for ?
I e N e A o O e
| | | | | |

+3 +2 +1 0 -4 -2
obl aux nsubj root case punct

17: 515 XY > 712 Xk % "Who did you wait for?; Df% b 3Z 17 f#HT (BE=NIX)

—12 —



52 BHEATHIRETZ L TY AL

BiaffineP"No 4 X zh%l%xpa*;ﬁ?ﬁ”?w: J A L%, UDIKEFEEZ BN T 7 7 & Ak
L. ZOBET 2Rk %, & 213

root

obl
au |
l l rnsubj [—punct

Who did you wait for ?

LWy a7 7 7 Thid

obl aux nsubj root — punct

EWI) B TR RO 5 2 Eick B (X 16), EARIZIE, Fﬁ%ﬁ?ﬂ@%?ﬂ TEICHEER
1 DENOD, RART EDroot 225 1 D%ER, LI DEMERNICEIRH, 7K
L. 2021 TlE. v —=7%03 L b7\ Z £ 25, Chu-Liu-Edmonds 581 % #'H
3 %,

B TR 7 L 3 R A%, BERT 7% EHATEEE TV E OMMELR <, EEE, Camphr-
UdifyP?!lZ bert-base-cased®'#% | Trankit | XLM-RoBERTa*'% | Z N1 Z N HHiFEHET
VELTHWTWS, F35 5 @ SuPar-Kanbun* % 6 fiEH O FHHZEH € 7V FULPEEE)
7% SuPar-UniDic*?13 14 O FHFHE TV (HAFE) 2, ZNZNEIFZATELD

—7J7., Stanza %> NLP-Cube I&, BHEZTII 7L 3 X LICHHFHEE TV EZH T
72} 7;[? N

53 FHI7XRYI7RT7ILTY XL

RN TR TR T ALK D080 ZIT NI, BRI Z T 7 POVICEME
L. BV Vv IEZA 7y bELTRDEET, EXLTE S (X17), ID & HEAD D7
% . DEPREL t [FAIcR@ 27N Y XA, FEEZHILHTES, HiGMICIE, B

37 Timothy Dozat, Christopher D. Manning: Deep Biaffine Attention for Neural Dependency Parsing, 5th In-
ternational Conference on Learning Representations (April 2017), C25.

381H. N. Gabow, Z. Galil, T. Spencer and R. E. Tarjan: Efficient Algorithms for Finding Minimum Spanning
Trees in Undirected and Directed Graphs, Combinatorica, Vol.6, No.2 (June 1986), pp.109-122.

B9https://camphr.readthedocs.io/en/latest/notes/udify.html

(401 Alexis Conneau, Kartikay Khandelwal, Naman Goyal, Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmaén, Edouard Grave, Myle Ott, Luke Zettlemoyer, Veselin Stoyanov: Unsupervised Cross-lingual Rep-
resentation Learning at Scale, Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics (July 2020), pp.8440-8451.

https://github.com/KoichiYasuoka/SuPar-Kanbun

“2https://github.com/KoichiYasuoka/SuPar-UniDic

— 13-



AT v 3 AL L RIEORGEE CRETRIRE 2213977223, BAEITIE, b2 bk
E2 BTz < v,

RIN 7 RY v 77 )L T Y X LD G B AT RE 2 2 £ 2265, COMBO-pytorch
\Z. HEAD-DEPREL |2/l 2 UPOS-XPOS-FEATS % & [[IRfIZEHI L T\ 5, £7, BERT %
EHAFHET NV EDOHMED B, 855 5 @ UniDic-COMBO ( bert-base-japanese-whole-
word-masking®!% | GuwenCOMBO ¥ GuwenBERT*% | ZnZFNHAj¥FEHETILE L
THWTW3,

6 HAGEUD ZH\W7-1% 0 3Z T iras D HIE

CIETHENTENAELZ S LI, HAFERD ZUMIdar2 AEL THa L), AfEL
o TCHb—0ofEabITidel, BT —% LY — LV oflatabeE T, Mend
5l tzHE25, £, HREUD OMET—% %25 7ru—FL L9,

* https://github.com/UniversalDependencies/UD_Japanese-GSD
* https://github.com/UniversalDependencies/UD_Japanese-PUD
* https://github.com/UniversalDependencies/UD_Japanese-Modern

https://github.com/UniversalDependencies/UD_Japanese-BCCWJ]

https://github.com/UniversalDependencies/UD_Japanese-KTC

GSD I%, HAEE Wikipedia 2 b & 12 L 72BURHAGEUD TH D | train(7050 3 168333 ) -
dev(507 3L 12287 iE) - test(543 X 13034 i) D 32D CoNLL-U 7—% 5 7% %, PUD &,
PEFED GRS N HAGE XD UD TH D test 7— 4 (1000 X 28787 i) DA TH %,
Modern (. THH/NHEGSs 2 b LIC L ZERHAGEUD TH D, test 7— % (822 3L 14494
) DARTH D, ZNHiFvind, HERICEFEVERA; 28 AL Tw 5, BCCw &
KTC I, AD9l5e (L7 —% kix TEED ) ) Th 3,

FEVLETRR X Z 9 % DI36SD 72, GSD D train 7 — % 12, HIWIZIHR L T PUD % 1) Modern
BDEMATRZ2DN, BEZHThH3,

6.1 UDPipe 2\ 554

UDPipe [ZRFEEBERL 7 L 3 AL %2 HHAL TED, C++h4 L python 43 3,
C++ilie AL ETeR o HIEIZ, a~v F 74 Vb

udpipe --train my.udpipe train.conllu

D17 TH 5, TNT, l#HT—% train.conllu 2> 5 my.udpipe 3ES L5, HIK
Ao 7 my . udpipe TROZFB2E I 2 H)ICE, a~vy FIA4 U5

WIhttps://huggingface.co/cl-tohoku/bert-base-japanese-whole-word-masking

WATRET B, JEEVSR D T Me A o BEGE R S R, 58 19 Ja R ERHRLRE S22 R il IBibR o5 #E SChik f 44 92
A (2020 47 10 H 31 H).

VSTANHH B, 25 oA, (LT 3R, AR S, 7RI 1ES2: UD Japanese GSD D44 (i & [5G RBUEHR 5, 5 ah0e
SAEE 26 AR 27 SR (2020 4F 3 H), pp.133-136.

4https://ufal.mff.cuni.cz/udpipe/1/install

4https://pypi.org/project/ufal.udpipe

_ 14—



echo JR/NICA S 41U %ZMT, | udpipe --tokenize --tag --parse my.udpipe

D14TTH %, python RDOGEIZ, LT 7077 A THTZ2E %),

import ufal.udpipe

mdl = ufal.udpipe.Model.load("my.udpipe")
nlp = ufal.udpipe.Pipeline(mdl, "tokenize", "", "", "").process
doc = nlp("FINICAS SR TZHT, ")

print(doc)

%ﬁt UDPipe DEMTREIE L, &, £/, UV 7 I ED D 5 UD Z WAL\ R
IHEREIN N,

6.2 SuPar & bert-large-japanese & fugashi Z H\» 5 55{

SuPar® 3, BEEEITIIEI7Z L ) A LR 7 RY) » 7R7 LY A L%, BEY R —
FLTED, python3 7ML ECEIfEY %, Biaffine #rds D HIEIZ, a2 FI34 056
PO 1T (EBATICOP N TO A TTICHELTIZL W) 2FETT 5,

biaffine-dep train -b -c biaffine-dep-en -p my.supar -f bert
--bert cl-tohoku/bert-large-japanese --embed=
--train train.conllu --dev dev.conllu --test test.conllu

GPU M2 2841 T-d o) A 7> avdEMT 3%, 20T, Jl#HH train. conllu
S dev.conllu« 7 A b test.conllu ® 3 57— % 2>5., bert-large-japanese!*®! (HA
5 Wikipedia 2 H £ 12 LT D, HGER IZEREVHEHNL) 2 FEieH € 7 Icfivoo,]
my . supar MES 5,

7272 L. SuPar i%, HGEYID LHEAGIEE 2 bk, K EDS5 7% my. supar .,
B IR A DDIRY ZIHENT (HEAD « DEPREL O ft5) 7213 TdH H . LIN D python 7’12
77 LD &I, BT LI eX R, EEEHERALTY > TS RIE7HR 6 4\,

import supar

prs = supar.Parser.load("my.supar")

nlp = lambda x: prs.predict([x], lang=None).sentences[0]

nIp (LUK, MISm WA S L g T n e nfige ngn 0]
print(doc)

doc

CDHIH, bIPULMEN LI, 74T 7D—2I%, Transformers®?D ~—27 F 1
ZfE D T, bert-large-japanese IC GO ¥ - HFEYID 2B 2% 9 fHiETH 5,

481yu Zhang, Zhenghua Li, Min Zhang: Efficient Second-Order TreeCRF for Neural Dependency Parsing,
Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics (July 2020), pp.3295-
3305.

Ihttps://huggingface.co/cl-tohoku/bert-large-japanese

5% Thomas Wolf, Lysandre Debut, Victor Sanh, Julien Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz, Joe Davison, Sam Shleifer, Patrick von Platen, Clara
Ma, Yacine Jernite, Julien Plu, Canwen Xu, Teven Le Scao, Sylvain Gugger, Mariama Drame, Quentin Lhoest,
Alexander M. Rush: Transformers: State-of-the-Art Natural Language Processing, Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language Processing (October 2020), System Demonstrations, pp.38-
45.
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import supar

from transformers import AutoTokenizer

prs = supar.Parser.load("my.supar")

brt = "cl-tohoku/bert-large-japanese"

tkz = AutoTokenizer.from_pretrained(brt, do_subword_tokenize=False)
nlp = lambda x: prs.predict([tkz.tokenize(x)], lang=None).sentences[0]
doc = nlp("RINICAL SIUIRTFZHT, ")

print(doc)

>

Z @ AutoTokenizer DFRIL, fugashi®!! & unidic-lite®?!' 72 DT, EEHZ TAHA LI,

import supar, fugashi, unidic_lite
prs = supar.Parser.load("my.supar")
tag = fugashi.Tagger("-d " + unidic_lite.DICDIR)
def nlp(sentence):
s = tag(sentence)
d = prs.predict([[t.surface for t in s]], lang=None).sentences[0]

return d
doc = nlp("EIICA S SHULRT 2/, ")
print (doc)

I 5IZLEMMA & XPOS &, fugashi D2 AL X9, £/, HAFEUD Tl HGE
fMlc2H % & F 2. MISC IZ TSpaceAfter=Nojy Z ANLTWE I L6, D
fugashi DHHZHH L X 9,

import supar, fugashi, unidic_lite
prs = supar.Parser.load("my.supar")
tag = fugashi.Tagger("-d " + unidic_lite.DICDIR)
def nlp(sentence):
s = tag(sentence)

d = prs.predict([[t.surface for t in s]], lang=None).sentences[0]
d.values[2] = [t.feature.lemma for t in s]
d.values[4] = [t.pos.replace(",*", "").replace(",", "-") for t in sl
d.values[9] = ["_" if t.white_space else "SpaceAfter=No" for t in s]
return d

doc = nlp("ENICAL ISIUIRTFZHT, ")

print(doc)

UPOS % XPOS & DEPREL 2 5 R 4LE (KX —2°), SuPar & bert-large-japanese &
fugashi Z H\> 7 HARGERR D Z T ENTER D578 TH %, % &, SuPar-UniDic*Tlid, o
UniDiclP¥0, fioFHFIHEE TN L DHAGOEICS, EELR DI L TWw5, FHil
FEE TN OHGERDVEREHEHN & e 2855810, K18 TRT X I T RBIDNE L
5D T, EEINL,

(51Paul McCann: fugashi, a Tool for Tokenizing Japanese in Python, Proceedings of Second Workshop for NLP
Open Source Software (November 2020), pp.44-51.

B2https://github.com/polm/unidic-lite

B3https://unidic.ninjal.ac. jp

(541SuPar 1.0.1al BAFE, char €— FICHFEEL TH 5o 7,

16—



import supar, fugashi, unidic_lite
prs = supar.Parser.load("my.supar")
tag = fugashi.Tagger("-d " + unidic_lite.DICDIR)
def nlp(sentence):
s = tag(sentence)

= prs.predict([[t.surface for t in s]], lang=None).sentences[0]

d
d.values[2] = [t.feature.lemma for t in s]
X

= {n%%‘ﬂn - "NOUN" , ||1ﬁ%§ﬂn . "PRDN" "EJJE:J" - "WERB" s uﬂﬂéﬂ%‘:‘lu S MAUX" s

nﬂi/géﬂn . "ADJ" n%;{ﬁ%ﬂn <MADJ" , ny {Ziggﬂ ". "DET" ||E”§ﬂn < "ADV" ,

quJA:Ju . "ADP" u%f‘}h%‘ﬂu - "CCONJ" , n%y/ﬁ\ﬁ#n - "NOUN" , "%)%ﬁ%" < "PART" ,
"@ﬁjnj" <UWINTJI" , n*@ﬂi—,%ﬂ%u - "PUNCT" , n%‘a%u . ngym" , II%E ". "SYM"}

y = {"Bh@hagte  ravx, [ e PROPN ", " HE " UM,
"B "PART", "EEGeHhEA"  vscoNgt, "4 : "NOUN"}
z = {"aux":"AUX", "cop":"AUX", "advmod":"ADV", "amod":"ADJ"}
u =[]
for i,t in enumerate(s):
f,g = t.feature,d.values[7] [i]

u.append(z[g] if g in z else y[f.pos2] if f.pos2 in y else x[f.posl])
if g == "aux" and int(d.values[0][i]) - int(d.values[6][i]) ==

h = s[i-1] .feature.pos3

if h.find ("JEIREITIEE") >= 0 and f.lemma in ["7°", "7 D "]:

uli-1] = "ADJ"
elif h.startswith("#Z%5"):
u[i-1] = "VERB"
d.values[3] = u

d.values[4] = [t.pos.replace(",*", "").replace(",", "-") for t in s]
d.values[9] = ["_" if t.white_space else "SpaceAfter=No" for t in s]
return d

doc = nlp("BINICAS SR T-Z/BHT, ™)

print(doc)

6.3 Transformers & bert-large-japanese-char-extended % i\ > 2 585

Transformers DR51 7 N1 v 72> T, HAGER D RN 2 E>TH KL 9, FHl
FEE TV, EFEVHERA & # 5 HEER (1 305 = 13E) @ bert-large-japanese-char-
extended® %, fi>TH% I & Ji*z) Ia%é: L T3 goeswith % Fiv>C (IX1 18), FllIHH

7 —4% train.conllu ZZ ¢ L. HGER % bert-large-japanese-char-extended |2
root
advcl
obl mark:
case
th rgoeswnh goeswit oeswn
(a0P) (vERE ‘ g (scond) (Noun) (aoP) (VERB
RS- PER] ﬂjﬁﬁ*ﬁ\ﬂj BR-EERFE—R BhE-1RBDE  BYEA-FEEIIAIAE
ﬁ%/\k)&béhcatﬁ%¥%1a

X 18: HiERE% | XF= 18I L - HAEU

BShttps://huggingface.co/KoichiYasuoka/bert-large-japanese-char-extended

—17-
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HARIZIE, BLT @ python 7’1 75 LT, train.conllu#*5 train-c.conllu % {EAR
T 5,

with open("train.conllu", "r", encoding="utf-8") as f:
r = f.read()
with open("train-c.conllu", "w", encoding="utf-8") as f:
for u in r.strip().split("\n\n"):
w = [t for t in u.split("\n") if t.startswith("# text = ")][0]
s [t.split("\t") for t in u.split("\n") if not t.startswith("#")]
for i,v in enumerate([v for v in w[9:] if not v.isspace()]):
t = sl[i]
x,t[0],t[1],t[2],t[8] = t[1],str(i+1),v,"_","_"
t[9] = "_" if t[9].find("SpaceAfter=No") < 0 else "SpaceAfter=No"

if v = x:
s.insert(i+1, [str(i+2),x[1:],"_","X","_","_" t[6]
if t[7] == "goeswith" else str(i+l),"goeswith","_",t[9]11)
t[9] = "SpaceAfter=No"
for t in [t for t in s if int(t[6]) > i+1]:
t[6] = str(int(t[6])+1)
print(w, "\n".join("\t".join(t) for t in s), "", sep="\n", file=f)

fietrdr D HAEIX, LA D python 7’0 75 AT, Transformers D517 XY v 7€ 7)1
ZVERT %, 2 2 TlE, UPOS * XPOS - FEATS - ID &£ HEAD ® % « DEPREL D 5 D% |
BbETIRNY VI LTWw5,

from transformers import (AutoTokenizer, AutoConfig,
AutoModelForTokenClassification, DataCollatorForTokenClassification,
TrainingArguments, Trainer)
from datasets.arrow_dataset import Dataset
brt = "KoichiYasuoka/bert-large-japanese-char-extended"
with open("train-c.conllu", "r", encoding="utf-8") as f:
tok,tag = [1,[]
for s in f.read().strip().split("\n\n"):
v = [t.split("\t") for t in s.split("\n") if not t.startswith("#")]
tok.append([t[1] for t in v])
tag.append(["\t".join(t[3:6]+["{:+}".format (int (t[6])-int (t[0]))
if int(t[6]) else "0", t[7]]) for t in wv])

1id = {1:i for i,1 in enumerate(set(sum(tag, [1)))}
tkz = AutoTokenizer.from_pretrained(brt)
dts = Dataset.from_dict({"tokens": tok, "tags": tag,

"input_ids": [tkz.convert_tokens_to_ids(s) for s in tok],
"labels": [[1id[t] for t in s] for s in tagl})

cfg = AutoConfig.from_pretrained(brt, num_labels=len(lid), label2id=1id,
id2label={i:1 for 1,i in lid.items()})

mdl = AutoModelForTokenClassification.from_pretrained(brt, config=cfg)
dcl = DataCollatorForTokenClassification(tokenizer=tkz)
arg = TrainingArguments(output_dir="/tmp", overwrite_output_dir=True,

per_device_train_batch_size=4, save_total_limit=2)
trn Trainer (model=mdl, args=arg, data_collator=dcl, train_dataset=dts)
trn.train()
trn.save_model("my.trans")
tkz.save_pretrained("my.trans")
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per_device_train_batch_size ld, fiA 5 GPUDKEIIC L > T, #WH, ZHL S
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import torch

from transformers import AutoTokenizer, AutoModelForTokenClassification
tkz = AutoTokenizer.from_pretrained("my.trans")

mdl = AutoModelForTokenClassification.from_pretrained("my.trans")

def nlp(sentence):

[t for t in sentence if not t.isspace()]

s:
t = [i for i,t in enumerate(sentence) if t.isspace()]
= [i-j-1 for j,i in enumerate(t)]
e = tkz.encode(s, return_tensors="pt", add_special_tokens=False)

for i,q in enumerate(torch.argmax(mdl(e) [0], dim=2) [0].tolist()):
t = mdl.config.id2label[q].split("\t")
t[3] = str(int(t[3])+i+1) if int(t[3]) else "O"
s[i] = [s[il,"_"J+t+["_","_" if i in m else "SpaceAfter=No"]
return "\n".join("\t".join([str(i+1)]+t) for i,t in enumerate(s))+"\n\n"
doc=nlp("JBINIZA L SNUIRF2/T, ")
print (doc)

7272 L, TN EAERIC goeswith 23> T L £ 9 DT, HEIOXFEL 52 3ET
goeswith Z Il ) L5 9 ,

import torch
from transformers import AutoTokenizer, AutoModelForTokenClassification
tkz = AutoTokenizer.from_pretrained("my.trans")
mdl = AutoModelForTokenClassification.from_pretrained("my.trans")
def nlp(sentence):
s = [t for t in sentence if not t.isspace()]

t = [i for i,t in enumerate(sentence) if t.isspace()]
= [i-j-1 for j,i in enumerate(t)]
e = tkz.encode(s, return_tensors="pt", add_special_tokens=False)

for i,q in enumerate(torch.argmax(mdl(e) [0], dim=2) [0].tolist()):
t = mdl.config.id2label[q].split("\t")

t[3] = str(int(t[3])+i+1) if int(t[3]) else "O"
s[i]l = [s[il,"_"]+t+["_","_" if i in m else "SpaceAfter=No"]

for i in [i for i in range(len(s)-1, 0, -1) if s[i][6] == "goeswith"]:
t = s.pop(i)

s[i-11[0],s[i-1]1[8] = s[i-1][0]+t[0],t[8]
for t in [t for t in s if int(t[5]) > i]:
t[6] = str(int(t[51)-1)
return "\n".join("\t".join([str(i+1)]+t) for i,t in enumerate(s))+"\n\n"
doc=nlp ("JR/UUCA S SNULRTZET, ™)
print(doc)

Z 41T, Transformers & bert-large-japanese-char-extended % FH \ > 7z HAGERR D 32 1) @A 4%
DFERTH %, HE, WORHFAEHEETVZMHEIBETH, ¥ 77— FEFEIEDE
T =8 DEGBNAL DT, RSN,
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root

ccomp

advcl

nsubj
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