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Reference : http://www.aistudy.co.kr/linguistics/natural/language_kim.htm
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Scientists study whales from space
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Scientists study whales from space

Reference: https://github.com/YBIGTA/Deep_learning/blob/master/RNN/cs224n/117|/cs224n_Lecture6-1.md
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« Named-entity recognition (NER) is the process of locating and
classifying named entities in a textual data into predefined
categories such as the names of persons, organizations, locations,
expressions of times, quantities, monetary values, percentages, etc.

Ex) Donald Trump will be visiting New Delhi next summer for a
conference at Google.

Ex) New York is one of the largest cities.

Reference : https://www.analyticsvidhya.com/blog/2017/12/introduction-computational-linguistics-dependency-trees/
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« Coreference Resolution or Anaphora Resolution is the task of
finding all expressions that refer to the same entity in a text.

Ex) “/voted for Nader because he was most aligned with my values,”
she said.

| my -> she
he -> Nader

Reference : https://www.analyticsvidhya.com/blog/2017/12/introduction-computational-linguistics-dependency-trees/
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* Question Answering systems based on computational linguistics
uses the syntactic structures of the query questions and matches
them with the responses having similar syntactic structures. The
similar syntactic structures contribute the answer set to a particular
question.

Ex) Q: What is the capital of India?
A: New Delhi is the capital of India

* Both the question and answer dependency trees have similar
patterns and can be used to generate the answer responses to
specific queries.

Reference : https://www.analyticsvidhya.com/blog/2017/12/introduction-computational-linguistics-dependency-trees/
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Dependency Tree Parsing Algorithm
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HA o|= A2 2 M (non-deterministic dependency parsing) 2 220
2= 9|ZE2|(dependency tree)S0f|A 7} =2 H 2| S| EEL]
2 7|t o|& L& B M (graph-based dependency parsing)

El oX of rr my
I

L]

o|E & &M (deterministicdependency parsing)2 €2 &4
= (greedy algorithm)0j| 7| B8t BE-H O 2 X|H A Sh& R E(Jocally training
model)= AtE : 40]7|8l o] & {12 &M (transition-based dependency parsing)
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Reference : http://kiise.or.kr/e_journal/2014/1/SA/pdf/09.pdf



Transition-based Dependency Parsing

« Compiler®| LREfAID} QA
* Shift : buffero| = A&
» Reduce : stack0]| = THO{0]| CisHM =& 2
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* Transition-based Dependency Parsing%| A<l Reducee= Left Reduce(left-arc)2t
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Transition-based Dependency Parsing

Stack Buffer

I booked a flight from LA

I booked a flight from LA



Transition-based Dependency Parsing

° S h If-t Stack Buffer

I booked a flight from LA



Transition-based Dependency Parsing
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Transition-based Dependency Parsing
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Transition-based Dependency Parsing

* Final State
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Transition-based Dependency Parsing

» Time complexity is linear, O(n), since we only have to treat each
word once

* This can be achieved since the algorithm is greedy, and only builds
one tree, in contrast to Eisner’s algorithm, where all trees are
explored

* There is no guarantee that we will even find the best tree given the
model, with the arc-standard model

* There is a risk of error propagation

« An advantage is that we can use very informative features, for the
ML algorithm



Transition-based Dependency Parsing — SyntaxNet

« Transition based parsing
— [Google] SyntaxNet model

Start stat ROOT], |1, ...,n],
art state ([ L[ nl,{} Perceptron Layer } :égén;:i)z:lv(yj) o(z,c;)
Final state  (S,[],A) l - J =
Softmax Layer f ﬁ P(y) x exp{, ha + b, }
Transitions [O@OO]
Left — Arg, = (ali,jlIB,A) = (a,jIB,AV{(,LD}) : 1
. . L. ) o Hidden Layers \\ h; = max{0, W;h; + by}
Right —Arc;  :=(oli,jIB,A) = (a0,ilB, AV{(, [ )D})
Shift := (o,i|B,A) = (o|i,B,A) OOOCDO}]OOO)]W )
- (
Preconditions OOOOOOSE{) b
Left — Arc; —[i=ROO0T] ]
' ' ing = [X,E ¢ word, tag, label
—akal[ (k1,0 €A] Embedding Layer T ; tag, label }
Right —Arc  ~3kal [ (kl'.j) € A] [crnﬁzn ) G0 -
ealures Extracte

Si, b;
ley(si), lea(si)
rey(s;), rea(s;)

rey(reg(s;))
ley(ley(si))

Arc-standard Transition
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Deep Learning 7|t}
— RelU(> Sigmoid) + Dropout
— Korean Word Embedding

* NNLM, Ranking(hinge, logit)
* Word2Vec

— Feature Embedding

* POS (stack + buffer)

- A& E2M(F E])
* Dependency Label (stack)
* Distance information
* Valency information

* Mutual Information
- 8Y ATA > XIS T2 B4
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Transition-based Dependency Parsing

* Transition-based Dependency Parsing0ilA] 0]~ [% 24 (oA
Fe2 E24)st= £28 Deep Learning 7|t I[AsHs 7S
0lZ3HE ALt G2elm 9l A 22

7|& & F§¥ ¥4 UAS LAS
o] 8- F[15]: =ro] A W o] 2 88.42 -
LAG[16]) AF 2= 87.03 -
- AFF[17]: AlF28 2 88.15 -
= RX H O —= _ O e
¢ Et—; E'”O = (&l'E'O'I O'” :’.Z-\la = J.D. Choi[18]: A & 5134 2= 8547 | 8347
— A A[19]: AlF3 8 & 86.43 -
=2 ANl = o
1O Ou_l_ =-1-= oFg % [20]: AlF 5w = 87.52 -
H gHY+AH| 7 & FE 4
(MEaF2, 45 24 Yha o) | UAS |LAS
RelL.U+dropout 29.56 87.35
NNLM +ReL.U +dropout 90.05 87.87
NNLM+ReLU+MI feat. 89.91 37.58
NNLM+ReLU+dropout+MI feat. 90.37 88.17
NNLM +sigmoid+MI feat. 89.94 37.64
NNLM +sigmoid+dropout+MI feat. 90.27 88.03
Ranking(hinge loss)+RelLU+dropout 90.19 88,01
+MI feat.
anking(logit loss, LU M N
R mknﬂg(lng,ll loss)+Rel.U+dropout 90.31 8811
+MI feat.

Word2vec+ReLLU+dropout+MI feat. 90.27 87.97




Graph-based Dependency Parsing
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* Dependency structure=S Graph(directed Tree)=
* Vertex: nodes (w;, itH&f &) 218t
* Edgei arcs (Wi, Wi, I), 1= label: Wi, 9Wj




Graph-based Dependency Parsing

» Maximum Spanning Tree - 43AQl Graph&4|
» Kruskal’s algorithm
* Prim’s algorithm
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Graph-based Dependency Parsing

« Graph based parsing
— [Stanford] Bi-affine attention model for dependency parsing

H((u-p_dpp) ,Z l L’Y(‘“T) H(“”‘_’“,ud) S(‘”'l')
T
ee9/0 08 00 0000
[E] ® . +* . [E] _ @
0ee)® = e J 0800
Lo oce ecee
MLP: hf_ur(‘-drp). hf_ur('-hrud)

BiLSTM:1; (00000000 00000000 --- {0000 0000 {0000 0000
Embeddings: x;

root ROOT Kim NNP
Recurrent Cell
Model UAS LAS Sents/sec
LSTM 95.75 94.22 410.91
GRU 93.18* 91.08* 435.32
Cif-LSTM 95.67 94.06* 463.25

Table 2: Test accuracy and speed on PTB-SD 3.5.0. Statistically significant differences are marked
with an asterisk.




