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Introduction




Dependency Grammar

* Analyze dependencies between certain words
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SyntaxNet (1/3)

* Package by Google allowing:
e Tokenization
 Morphological analysis
* POS tagging
 Dependency parsing

e Only supports Python 2



 Embeds sets of features deeply
e Hidden layer of words can also serve as word vector representation

* Two network graph structures are provided:
* Greedy: picks only best #1 choice at each step of parsing

e Structured: allows beam search with Conditional Random Field objective over
several hypotheses



SyntaxNet (3/3)

* Information typically flows from top (tokenizer) to bottom (dependency
parser)
* Qutput of tagging used as input to parsing

e “Parsey McParseface”



SyntaxNet Parser

e Arc-standard transition system

* Input sentences
* Represented as a sequence of transition actions and labels

» Train input parser state against gold standard output parser state



Arc-standard Transition System

punct
root obj Correct transition: SHIFT
nsubj am Stack Buffer
e e
ROOT He has good control . t ROOT  hasVBZ good JJ } i control NN o
PRP VBZ JJ NN . -~
He_ PRP
Transition Stack | Buffer A
[ROOT] | [He has good control .] | ()
SHIFT [ROOT He] | [has good control .]
SHIFT [ROOT He has] | [good control .]
LEFT-ARC (nsubj) [ROOT has] | [good control .] AU nsubj(has,He)
SHIFT [ROOT has good] | [control .]
SHIFT [ROOT has good control] | [.]
LEFT-ARC (amod) [ROOT has control] | [.] AUamod(control,good)
RIGHT-ARC (dob7j) [ROOT has] | [.] AU dobj(has,control)
RIGHT-ARC (root) [ROOT] | [] AU root(ROOT,has)

Chen, Manning (EMNLP 2014)



Challenges




Challenges of SyntaxNet

e Lack of documentation
* Input features to parser are important

e Processes sentences as a series of tokens
* Tokens assumed to be separated by whitespace
» Separating Korean into tokens is difficult

e Can’t yet use SyntaxNet tagger as input to parser in Korean case
* Tagging Korean in SyntaxNet difficult due to lack of Korean features

* No GPU support (slow)



Challenges of Korean

 Morphologically complex

 Some markers in Korean are optional

— CHHIS
° L|'E a'll-al-a 7é|' OJ El|-|()-|

- Lt 5 & 2O

* Honorifics/verb stem changes

— CIHI=
° Z‘lt a'll-al-a ZEI- OJ E_ll'IO-I_CUD_

o AL|O o
« 22| WFH2 HES E A EMR

T



Preparation




Prerequisites

* Sejong Written Language Corpus (Constituency-Tree Format)
e ‘L2 LE2EM 22 2|” available on sejong.or.kr
* Preprocessing/output to CoNLL-U Format

 Google SyntaxNet
* |nstallation process is well-documented

e Third-party POS tagger
* Not using SyntaxNet for tagging

e Custom scripts
» Convert between necessary formats, etc--




Sejong Corpus (1/5)

* Available freely online under Miscellaneous section of sejong.or.kr
* Sample sentence:

; AME IS EUSID EES B EYLE DAZH SAHES SOICHLCH Hi2E 7|=2 25 =8 SUCs TN E+e2 1% 400 THE.
(S (NP_SBJ (NP_MOD (S_MOD (NP_SBJ X}&I/NNG + E/JX)
(VP_MOD (VP (VP (VP (NP_OBJ ILul/NNG + &/JKO)
(VP EY/NNG + St/XSV + 11/EC))
(VP (NP_AJT (VP_MOD (NP_OBJ &=/NNG + 2/JKO0)

(VP_MOD H/VW + =/ETM))
(NP_AJT EZ/NNG + 22/JKB))
(VP (AP = °"=I°*/MAG)
(VP (NP_OBJ SAMEL/NNG + 2/JKO)
(VP EOLCtL|/VW + C}/EC)))))
(VP (NP_OBJ (NP HHE/NNG)
(NP_OBJ 7|&/NNG + 2/JK0))
(VP Asl/vv + O{/EC)))
(VP_MOD (VP ¥2/VV + O/EC)
(VP_MOD &t/wW + S*/EP + CH=/ETM))))
(NP_MOD H/NNP + M[/NNB + 2|/JKG))
(NP_SBJ E/NNG + F®I/NNG + 2/I3X))
(NP (NP (NP 1/SN + Y/NR)
(NP 40/SN + O{/XSN))
(NP 2E/NR + El/NNG + ./SF)))



Sejong Corpus (2/5)

Overview

raw corpus markup 1 (utf-16) raw corpus markup 2 (utf-16)

raw corpus markup N (utf-16)

combine corpus, strip metadata (utf-8)

sejong_gumun_reformat.py

parse trees to discard ambiguous data
re-output clean trees

corpus_tree_{parser,repair}.py

split into training, tuning, testing sets (80-10-10)

split.py (code from 1)

convert constituency tree to dependency tree

c2d.py (code from 1)

Lhttps://github.com/dsindex/syntaxnet



Sejong Corpus (3/5)

<IDOCTYPE tei.2 SYSTEM "c:\sgmi\dtd\tei2.dtd" [
<IENTITY % TEIl.corpus " INCLUDE">

<IENTITY % TEI .extensions.ent SYSTEM "sejongl.ent'>
<IENTITY % TEIl.extensions.dtd SYSTEM "sejongl.dtd'>

1=
<tei.2>
<teiHeader>
<FileDesc>
<titleStmt>
<title>ZMYE d2(93), T2 24 TXI</title>
<author>ZM Y & At</author>
<sponsor>CLi3t o= Z3tetdf</sponsor>
<respStmt>
<resp>22lYH, B#FE}, 7 HE
<body>
; 1993/06/08 19
(NP (NP 1993/SN + //SP + 06/SN + //SP + 08/SN)

(NP 19/SN))

Result

Hxt</resp>

; 1993706708 19

(NP (NP 1993/SN + //SP + 06/SN + //SP + 08/SN)
(NP 19/SN))

; WOHsd SIHE 7/
(NP (NP (NP A OH=A/NNP)
(NP S7+2/NNP))

(X //SP))

; QdM U FAELE.
(NP_AJT (NP_AJT 2|&/NNG + A{/JKB)
(NP_AJT (NP & LH/NNG)
(NP_AJT EAZE/NNG + S2/IKB + ../SE)))

CIZtRl MIA 3
(VP (NP_OBJ (NP CIX}RI/NNG)
(NP_OBJ AM|AH/NNG))

(VP H3l/vV + O{/EC))



Sejong Corpus (4/5)

e Depth-first traversal of constituency tree
e Output to CoNLL-U format (introduced later)
* Determine HEAD of all leaf nodes



Sejong Corpus (5/5)

Constituency Tree -> Dependency Tree (c2d)

; ZEA0| MAFC o4 CIXo|H Aor=A S7t=27F U EAE HE X0 1 ZZA0 Z2FA/NNP + 9|/JKG NP_MOD 4
S v 2 MAZ 2l MAI/NNG + E/XSN + O|/VCP + . /ETM VNP_MOD 4
€ (NP_SBJ (NP (NP_MOD ZZA/NNP + 2|/JKG) 3 o| At O| AH/NNG NP 4
(NP (VNP_MOD M|AH/NNG + E/XSN + O[/VCP + _/ETM) 4 C|Xto| C| X0 L4 /NNG NP 6
(NP (NP 2|&/NNG) 5 Ao+ A OF+2A/NNP NP 6
(NP C|X}O[LH/NNG)))) 6 2727t S7t2/NNP + 7H/IKS NP_SBJ 11
(NP_SBJ (NP A O+ /NNP) 7 ALY ALH/NNG NP 8
(NP_SBJ 27}Z/NNP + 7}/JKS))) 8 HAE HA/NNG + 8/XSN NP 9
(VP (NP_AJT (NP (NP (NP & L{/NNG) 9 AZ A2 /NNG NP 10
(NP EHA/NNG + 8/XSN)) 10 CIXtO|H 2 CIXIO|LH/NNG + 2/IKB NP_AJT 11
(NP & Z/NNG)) 11 LiMch. LiM/svv + QA/EP + CH/EF + ./SF VP 0

(NP_AJT LC|X}O|L{/NNG + Z/JIKB))
(VP LEX/vwW + QU/EP + CH/EF + _/SF)))

Credits to Myungchul Shin?

Lhttps://github.com/dsindex/syntaxnet



Google SyntaxNet

* https://github.com/tensorflow/models/tree/master/syntaxnet
e As of writing, Python 2.7 only

* Install prerequisites for SyntaxNet

 Compilation process hogs huge amount of RAM and CPU
 Compile and verify SyntaxNet tests succeed



https://github.com/tensorflow/models/tree/master/syntaxnet

POS Tagger (1/2)

* Reassembly requires POS tagger that supports 54 indexing
e Reassembly makes output human-readable
* Provides index of input character in morphological analysis

* Unaware of open source tagger providing this
e Except Komoran 3.0 beta



POS Tagger (2/2)

e Komoran 3.0 Beta
e http://shineware tistory.com/entry/KOMORAN-30-beta
e https://github.com/shin285/KOMORAN

* Requires dependency jar files by same author
 Compile in Eclipse Java workspace



http://shineware.tistory.com/entry/KOMORAN-30-beta
https://github.com/shin285/KOMORAN

Custom Scripts

 Myungchul Shin’s github
e https://qithub.com/dsindex/syntaxnet
e split.py 80/10/10 training/tuning/testing
e C2d.py : constituency tree -) dependency tree

e Remove erroneous sentences from COrpus
» Until c2d.py succeeds
 Manually or write script

* Reassembly of components to Eojeol (optional)
e Use token {4 index from POS tagger

e Tree visualization
e CoNLL-U -> tree
* SVG file output



https://github.com/dsindex/syntaxnet

Additional Info

* Read available documentation

 Google SyntaxNet
e Training process/etc.
e https://github.com/tensorflow/models/tree/master/syntaxnet

 Myungchul Shin’s github
» Sejong corpus related info
e https://qgithub.com/dsindex/syntaxnet



https://github.com/tensorflow/models/tree/master/syntaxnet
https://github.com/dsindex/syntaxnet

Training




SyntaxNet Configuration (1/2)

* Input corpus needs to be in CoNLL-U Format

ID FORM LEMMA  UPOSTAG XPOSTAG FEATS HEAD DEPREL DEPS  MISC
1 L} _ NP NP B 2 MOD _ _
2 = _ JX JX B 5 NP_SBJ B _
3 Koo _ NNP NNP B 4 MOD _ B
Y PSE

4 =1 _ JKO JKO B 5 NP_OBJ _ _
5  Z0}3} _ vV vV _ 6 MOD _ _
6 L C} B EF EF B 7 MOD B B
7 SF SF 0 ROOT




SyntaxNet Configuration (2/2)

* Configuration file called context.pbtxt
e Configures parser
e Designates input features to parser



This Model's Features (1/3)

token.word: word embedding for specified token

Feature Group: words (dim=64)

input.word stack(1).child(1).word
input(1).word stack(1).child(1).sibling(-1).word
input(2).word stack(1).child(-1).word
input(3).word stack(1).child(-1).sibling(1).word
stack.word stack.child(2).word
stack(1).word stack.child(-2).word
stack(2).word stack(1).child(2).word
stack(3).word stack(1).child(-2).word

stack.child(1).word
stack.child(1).sibling(-1).word
stack.child(-1).word
stack.child(-1).sibling(1).word



This Model's Features (2/3)

token.tag: POS tagused in specified token (previous, current, or future tokens)

Feature Group: tags (dim=32)

input.tag stack(1).child(1).tag
input(1).tag stack(1).child(1).sibling(-1).tag
input(2).tag stack(1).child(-1).tag
input(3).tag stack(1).child(-1).sibling(1).tag
stack.tag stack.child(2).tag

stack(1).tag stack.child(-2).tag
stack(2).tag stack(1).child(2).tag
stack(3).tag stack(1).child(-2).tag

stack.child(1).tag
stack.child(1).sibling(-1).tag
stack.child(-1).tag
stack.child(-1).sibling(1).tag



This Model's Features (3/3)

token. label : predicted DEPREL label (stack (previously processed) tokens only)

Feature Group: labels (dim=32)

stack.child(1).label
stack.child(1).sibling(-1).l1abel
stack.child(-1).label
stack.child(-1).sibling(1).label
stack(1).child(1).label
stack(1).child(1).sibling(-1).label
stack(1).child(-1).label
stack(1).child(-1).sibling(1).label
stack.child(2).label
stack.child(-2).label
stack(1).child(2).label
stack(1).child(-2).label



SyntaxNet Training Script

Training Script

Bash Scrlpt to traln SyntaxNet model Pre-Train Parser parser_trainer.py (SyntaxNet)

Evaluate Pre-Trained Parser

‘ > parser_eval.py (SyntaxNet)
Print token accuracy metirc

Evaluate Pre-Trained Parser using eoj(01 75')

align_r.py/eval.py (code from 1)
Print UAS/LAS accuracy

Train Structured Beam-Search Parser parser_trainer.py (SyntaxNet)

Evaluate Structured Parser
Print token accuracy metric

parser_eval.py (SyntaxNet)

pretrain_parser
evaluate_pretrained_parser
evaluate_pretrained_parser_by_eoj
train_parser

evaluate parser

evaluate parser_by eoj

copy_model

Evaluate Structured Parser using eoj(01 H)

align_r.py/eval.py (code from 1)
Print UAS/LAS accuracy

Label Attachment Score (LAS) — % of tokens with correct HEAD and DEPREL L https://github.com/dsindex/syntaxnet
Unlabeled Attachment Score (UAS) — % of tokens with correct HEAD



Greedy Training

e Required first step
e Usable model can be generated in just a couple hours



Greedy Training - Hyperparameters

g BatCh Size: 256 [number of individual tokens (incl. all features) input at once]

e Hidden layers:
512 (RelLU activation)
512 (RelLU activation)

e Qutput layer:
» Softmax activation for choosing best transition action

e Objective: Minimize binary cross-entropy

e Optimizer: tf.train.MomentumOptimizer
* Learning rate: 0.08
e Momentum: 0.85

° Decay steps. 4400 [decay learning rate by 0.96 every n steps]
* Num ber Of epOChs: 20 [number of full passes through entire training set]



Structured Training

e Requires greedy model

« Uses beam search

* |dentifies and fixes training faults in greedy model
e Can take a day or two



Structured Training - Hyperparameters

36

* Batch size: 256

* Hidden layers:
* 512 (RelLU activation)
* 512 (RelLU activation)

e Qutput layer:
« Softmax activation for choosing best transition action
e Beam search also performed

e Objective: Minimize binary cross-entropy

e Optimizer: tf.train.MomentumOptimizer
e Learning rate: 0.02
* Momentum: 0.90

e Beam size: 16
 Decay steps: 100
 Number of epochs: 10



Accuracy Assessment

« Label Attachment Score (LAS) - % of tokens with correct HEAD and DEPREL
* Unlabeled Attachment Score (UAS) - % of tokens with correct HEAD

Evaluated Sentence Count

Training Testing
19,569 3,738
Training Testing Training Testing
Greedy 92.17% 87.71% 89.56% 84.58%

Structured 94.61% 88.68% 92.13% 85.13%



Execution




e So far, we have a trained model
e But running model is a whole different process



Workflow

Input Sentence

3

POS Tagging

4

CoNLL-U Format

3

SyntaxNet Parser

3

Component->Eojeol Reassembly

§

Tree Visualization (SVG)



POS Tagging (1/2)

 Invoke Komoran 3 on input sentence (Java)

« Save {4 index of each token for later reassembly
e Can be saved in CoNLL-U metadata field or externally

e Qutput to CoNLL-U Format
* Only fill in POS tagging fields
« HEAD or DEPREL later filled by SyntaxNet parser



POS Tagging (2/2)

e Input: “- QAtZ2 Eot/|2 of A2 -7
 Part of speech tagging

) FORM LEMMA UPOSTAG  XPOSTAG  FEATS HEAD DEPREL DEPS
11 S| A S| A NNG NNG _ _ _ _
12 2 2 KB KB _ _ _ _
13 23t =g NNG NNG - - - -
14 5t &t XSV XSV _ _ _ _
15 7| 7| ETN ETN _ _ _ _
16 2 2 JKB JKB _ _ _ _
17 St St MM MM _ _ _ _
18 A A NNB NNB _ _ _ _
19 =) ° IX IX _ _ _ _




S|AF | NNG = JKB o} XSV 7| ETN
= ks U v A NNe

=t | NNG
A NNB

CoNLL-U Format

|

SyntaxNet Parser



SyntaxNet Parser (1/2)

 Parser CoNLL-U Output HEAD (parent node ID)
FORM LEMMA UPOSTAG  XPOSTAG  FEATS DEPREL DEPS

11 S| A _ NNG NNG _ 12 MOD _ Modifier
12 2 _ JKB JKB _ 13 NP_AJT _

13 =25t _ NNG NNG _ 14 MOD _ Eojeol Group
14 &t _ XSV XSV _ 15 MOD _

15 7| _ ETN ETN _ 16 MOD _

16 2 _ IKB JKB _ 60 VP_AJT _

17 5t _ MM MM _ 18 DP _

18 A _ NNB NNB _ 19 MOD _

19 ° _ X X _ 60 NP_SBJ _




Eojeol Reassembly

« Component-)Eojeol Reassembly
e Recombine prior MOD components into final Eojeol
« Remap all tree node IDs

ID  FORM LEMMA HEAD DEPREL
6  3AE S| AF/NNG + 2 /IKB 7 NP_AJT
7 Bsisy|=2 S SH/NNG + 8F/XSV + 7|/ETN + 2/JKB 27 VP_AIT
8 o SH/MM 9 DP
9 He Z4/NNB + 2/IX 27 NP_SBJ




SyntaxNet Parser

Component->Eojeol Reassembly

Tree Visualization (SVG)



Tree Visualization (1/3)

Given CoNLL-U format, we can easily generate a tree.

childList = {}
for elem 1n conllTable:
1T not(elem.HEAD In childList):
childList[elem_.HEAD] = []
childList[elem.HEAD].append(elem)
if(elem_.HEAD == 0):
rootElem = elem

def makeNode(elem, childList):
node = Node()
iT elem.ID In childList:
for child in childList[elem.ID]:
node.children.append(makeNode(child, childList))
return node

rootNode = makeNode(rootElem, childList)

./SF

L C}/EF

Z0}5t/VV

T

£/3X 2/3K0
| |

Lt/NP 2} 210{%{ 2| /NNP



Tree Visualization (2/3)

Componentized Output Tree

2/IKB
7| fIETN
I
St/xsv
E—lenﬁ
— T
0| /3Ks 0/€ec 2/IKB
oy %%I 2 /NNP g jw 3| Ar!mm;
Ezlnm 7 ;Lun
0| APEII /NNG ﬁflsu

o ;IMMB

15/5SN



Tree Visualization (3/3)

Reassembled Output Tree

2351712 /vP_AIT

=

A= 3 0] /NP_SB3J H0{/vp S|AF2/NP_AIT

O|At2| = /NP_0B3 67l /NP

152 /NP




Serving Model

* TensorFlow Serving
 Server-client based APl model
e Requires custom patch from git
 Still buggy for SyntaxNet

e SyntaxNet demo scripts
* Pipe from stdin/stdout
 Messy, but most reliable



Example (1/5)

e Python-hosted script on Amazon EC2 which invokes SyntaxNet
 Generates diagram of dependency parsing tree from CoNLL-U output
 Modified tree generator to output SVG format for flexibility

e http://andrewmatteson.name/psg_tree.htm



http://andrewmatteson.name/psg_tree.htm
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Sample Sentence




Example (3/5)

SyntaxNet Tree Generator (Korean/Komoran3)

Senence to Parse: | HOIET 0| 152 O|AEIS SOf 67} MR ST5T7|2 o XS JHGH 4F ST JD U= TH Y S0 SIAL| XD SUS BEAF| D HTH $22 REHS 79T YshAS X WO R SojH0 ] m
Visualization
E0|ZILC}, /rOOT
B85t E/vp_AIT Z2/NP_sB] EZA|F| D vp HE9oNp SB]
152 /NP_AIT Hoi/vp B ALR/NP_ATT Bt/op B20/Np_AlT HEHE/NP_OB] H| == /np
0| ME| & /NP_0B] 671/NP =/ ve_MoD EM.Y /e EANp_MoD  RFRITL/NP CNI
HEEE/NP_0B] 0 vp

T

Salst/vp MoD  HE /NP



Example (4/5)

CoNLL-U Output

Details
) FCS Tagging B} Cependency Parsing [E) Reassembly 0 Semantic Analysis () Debug Logs
ID FORM LEMMA UPOSTAG XPOSTAG FEATS HEAD DEPREL
1 =HEZZ0 HOS S ZMNNP + OJAKS _ _ _ 7 MNP_SEJ
2 152 15/5N + Z/NNEB _ _ _ 7 NP_AJT
3 OlAEIE DIAFEIINNG + EMKO _ _ _ 4 NP_OBJ
4 B0 EVV + HEC _ _ _ 7 VP
5 67H B/SM + 7HINNE _ _ _ 6 MNP
6 FAR E|ANNNG + 2/IKB _ _ _ 7 NP_AJT
7 e EZNNG + SHXSV + 7I/ETN + 2/IKE _ _ _ 27 VP_AJT
8 gt ZHMM _ _ _ g DP
g9 nE ZUNNB + 20X _ _ _ 27 MNP_SEJ
10 =T SAHMXR + THXSA+ L/ETM _ _ _ 12 VP_MOD
11 == HENNG _ _ _ 12 MNP
12 2= EEMNNG + EKOD 14 NP_OBJ



Example (5/5)

[} POS Tagging [} Dependency Parsing [E) Reassembly [} Semantic Analysis 5} Debug Logs
ID FORM DEPREL Categories Synonyms
1 SiESEOl NP_SBJ Hyundai Heavy Industries

S840 0|27k HI7| & EX{120134 52 A= MHMEZ S Y

[#]
[=]
TETETERIETY S Cp =2 o
EFEEEECEE
g4 M 7|
| =

[alg

= oia]
EXN7I 2as 2201649 22
Cistolsio] FMAH
1978 A&
19734 4 ¢
2 15¢ NP_AJT 50/2/0] Z A
e
[=1

3  OlAR|E NP_OBJ Board of directors
ol

i

=
O|AFZ

4 Lo VP
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