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217581 (Parallel Corpus)
E T E.: scrapy, Beautiful Soup

DD-‘-

» BFE{ETLHE — 2475 (Lexicon)
» 553 nltk
» 7 Jieba, MMSeg, CKIPER5a %47
» HX: MeCab, ChaSen, Juman++

» Mt (POS, Parts of Speech)




N FR A ERNA

» Foj[oj=
> Eﬁﬂ DJ% (One Hot Vector): #Hio£ - BEEEENRKRERDERE - RARNKZAHEES1 - HERE

» NER[O]E= (Embedding Vector): BBME  SEAERESEERHES - ROEEES0

Table 4.6 A small document collection: six documents over 10 terms.

> XHEE
> fhMO=
» TF-IDF[@ £
» AER[EE

d Document 0y

Pease porridge hot, pease porridge cold,
Pease porridge in the pot,

Nine days old.

In the pot cold, in the pot hot,

Pease porridge, pease porridge,

Eat the lot.

L=F I I i L R

(Witten, 1999) 4




QD 15_[ EJ | ‘ % W ﬁlﬁggj r':_',l %(Embedding> Word Vector)

e
\u a8 Wikipedia as text Input
WIKIPEDIA

»

Generate Output See some —
famous example o
) ..’~.. woman

king ‘.
w ([
Powerful Word2vec -
Blackbox
(Thanaki, 2016) Male-Female
= Y F3EEAEE T EEEMTELIRFNE S T EE | 4

* Google Word2vec: Skip Gram (SG) or Continuous Bag of Words (CBoW)
- Stanford Glove

» Facebook Fasttext




Word2Vecilll 4R 5%

Input | Vocabulary :
Corpus Builder Lossy Counting
Vocabulary
' : Subsampling
Builder ;
Pruning
CBOW Skip-gram
taput layer Output ayer Al P A8 AR A B
| —
0 V4
Input | > - Output
Words | we s 7 Words
: ol - Vectors
%k S | b (Final Product)
Parameter |
Learmner
Backpropagation (Thanaki, 2016)

Hierarchical Softmax
Negative Sampling
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Source Text Trammg Rsamp e

(Here highlighted word is centre word)

Word2VecHlll#R & i Word paring
FREAEE X/ NSEIEEF
I\I7<e deep learning. & (1, like)
(like, deep)
> (like,l)

| like deep learning.

U

| like deep learning. > (deep, learning)

\U (deep,like)
- (learning, .)
| like deep learning . (learning,deep)

(Thanaki, 2016) w /
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SEHEME (Analogy)
king - queen + princess = ?
computer_programmer - man + woman = ?

doctor - father + mother =?

IR REERRERE (Jurafsky, 2018)
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_ V(dy)-V(dy)
[V (dq)||V(dy)|

= Cc0os(6)

Sim(dl, dz)

(Manning, 2008) ™ Figure 6.10 Cosine similarity illustrated. sim(dy,d,) = cos 6.

gOssip

1A

)

3(d,

/
/

-

0

0(d3)

10

> jeal
- Jealous




Table 4.7 Vectors for mnsr pmllu:t t:alaniatinn.. {il dncmm vaum, {hl quenr

vectors.
(a) d Document vectors (wy;)
col day eat hot ot nin old pea por pot
B4

ENEIEE N | 1 0 0 1 0 0 0 1 1 o
— ac 2 o 0 0 0 0 0 0 1 1 1

1 %75@_51}% 3 o 1 0 o0 0 1 1 0 0 0
0= Tk L3R 4 1 0 0 1 0 0 0 0 0 1

5 6o 0 o0 0 0 0 0 1 1 0

6 o o0 1 0 1 0 0 0 0 0

> XE[O=

e (b) eat o 0 1 0 0 0 0 0 0 0
S0 E hotporidge 0 0 0 0 0 0 0 1 0

NIEHEUEEEHEZIER

where the operation - is inner product multiplication. The inner product of two
n-vectors X = (z;) and Y = (y;) is defined to be

X Y= imiyi.
i=1

(Witten, 1999)  Forexample, 11
M (hot porridge, D)) = (0,0,0,1,0,0,0,0,1,0)-(1,0,0,1,0,0,0,1,1,0) = 2.
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(Witten, 1999)

Table 4.8 Application of the cosine measure: (a) term fruquanclm fd t aml document
weights; (b) cosine snmllaritles for queries.

fa) d Document vectors (wy,) Wy
col day eat hot lot nin old pea por pot
1 10 00 00 10 OO0 OO 00 17 17 00 278
2 00 00 00 OO0 OO0 OO0 OO0 110 10 10 173
3 o0 10 00 00O 00 10 10 00O 00 00 173
4 10 00 00 10 00 00 o000 00 00 17 22
5 00 00 00 00 o000 OO 00 117 17 00 239
6 00 00 10 00 10 00 O00 00 00 00 14
f; 2 1 1 2 1 1 1 3 3 2
we 139 195 195 139 19 195 195 110 110 1.39
(b) d Query
eat porridge hot porridge ﬁ?; E";fig;g
W, =1.95 Wy =1.10 Wy =177 Wy =3.55
1 0.00 0.61 0.66 0.19
2 0.00 0.58 0.36 0.18
3 0.00 0.00 0.00 0.63
4 0.00 0.00 0.36 0.00
5 0.00 0.71 0.44 0.22
6 0.71 0.00 0.00 0.39
Top 6 ) 1 3




Tahle 49 Example showing calnulaﬂun nf m:all mﬁ nm:mnn. {ul rank nnlnr

-EEIZ 1$ j:t Gid) (b} calculating effectiveness. | _ | .
A HI7=
(@ r R, P (b) Recall Precision Interpolated
pairmbr T R 0% 100% prectsion
7= [O] 3= =[] {E 18 B8 S 81/ AR A S 20
2 — 0%  50% 0% — 100%
W - BAR B SO B Bl ST B s — o 0w o
4 R 20%  50% 20% 50% 60%
o] R - (S hE R 4R 5 R 0%  60% 30% 60% 60%
5 — 0%  50% 40% 57% 57%
7 R 0%  57% 50% 42% 50%
g — 0%  50% 60% 46% 50%
100 9 — 0%  44% 70% 50% 50%
10 — 0%  40% 80% 50% 50%
80— 11 — 0%  36% 90% 47% 47%
= 12 R 50%  42% 100% 45% 45%
= 13 R 60%  46% 3-point average 53%
;§ 14 R 70%  50% 11-point average 61%
g w0 5 — 0% 4%
16 R 80%  50%
20_‘ -0 Actual precision 17 — 80%  47%
—— Interpolated precision 18 — 80% 44%
B M S A S woR e AT
ooom
Figure 4.10 Recall-precision curve for ranking of Table 4.9, ;: E 133% :g: 1 3 (Witten, 1999
24 — 100% 42%
25 — 100%  40%
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» Text Retrieval X FiE =

» Tokenization 53l

» Indexing & 5|

» Vector Representation [@EFRTNA
» Document Vector v.s. Query Vector
»Binary v.s. TF-IDF

» Similarity Metric BEEZ
» Cosine Measure &rZ1E

» Document Ranking X 14HE&

» Evaluation Metric {4512
» Precision, Recall, BLEU

14

» Cf: Manning et al. (2008), Introduction to Information
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b XHHEE: nore2EREEHAEB THLEST

b XFE: REAEEERSEACE TR REEROA/) RS
> XAEBDNT: st RR R IREE B85 S EEBR D ST
> DR SREEST  AESHEA0E

> DR /B R AT /B oA
» MAALSKRE2EHEIER T ESERA
» Input: XHEE
» Model: NaiveBayes/SVM/XGBoost/RandomForest/...
» Output: [EEEFHESEER]
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documents = tokenizedDocument(textData);

documentsRaw = documents; (Matlab, 2018)

documents(1:10)

ans =
10x1 tokenizedDocument:

5 tokens: B I 8 T 5

2 tokens: WH ¥4o

@ tokens:

1 tokens: —

11 tokens: B (* 8 T H5 - 2] T 7 &y -
264 tokens: ¥'Z T &£h fr & Ak RYE 5 D « ] T L LHLD L E I T =+—=+— I T Wi
100 tokens: ZD HFE O B O B T LiIFoed i kv L0 12 %o T Bo o4 ~ Lids 5 & EE 2 #AO T 4
92 tokens: 3. & & B Fv T RS L E T b 2 « F{EA B2 RB H —F 6 Bi v - L @ 88 &
693 tokens: L5 @D By T Eﬂﬁ  BEuET L ) 2 RER Aﬁ N HE - BE I HE DOz &> T ES LT
276 tokens: B¥ D TA [T HE I B L B £ S5 F BN 20 - B 3 36 Z £5 £ - FF 95 BS L &

16




tdetails = tokenDetails(documents);

size(tdetails) MeCab ] 53 #5 4)

ans = 1x2
20472 7
head(tdetails)

(Matlab, 2018)

ans = 8x7 table

Token DocumentNumber LineNumber Type Language PartOfSpeech
! "B 1 1 letters ja pronoun
? "I 1 1 letters ja noun
- "EH" 2 1 letters ja proper-noun
. "BA" 2 1 letters ja proper-noun
2 "HE" 3 1 letters ja pronoun
b " 3 1 letters ja noun
7 "R 3 1 letters ja adverb
6 "L 3 1 letters ja adjective

17
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SR AR B0 B R

> NFAER RS R ol KEEEY (Markov Model )RS - HNfelERAI D IEL B —

Pr(w; | Wy,Wy, W3, ..., Wiq)

> IS (OpenNMT) vs #taT T (Moses) vs AR RIZU(SYSTRAN)
> REEH
» Recurrent Neural Network (RNN)
» Long and Short Term Memory (LSTM)
» Gated Recurrent Unit (GRU)
» Convolutional Neural Network (CNN)
» Encoder/Decoder-based Sequence to Sequence (seq2seq) Generator
» FRM: Google Translate
» https://www.youtube.com/watch?v=M8ZfR4iEwig 2 1



https://www.youtube.com/watch?v=M8ZfR4iEwig

Seq2seq#E TN EE B+ EOS

Softmax !

e e T )
i Encoder Decoder E
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' Embed
>
NN =Wl 2 e Ny S S e — ,
Softmax !
E Encoder Decoder E
e o e e e 1

i Embed 22




Seq2seqZE T aIGED A Ela BoE = &l

Decoder
I

| e m e SRAER - BETE _? —X-

T I I I T 1T (adapted from Thanaki, 2016)
'Embed "




LSTM Egtsmstee
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(Goyal, 2018)

Figure 3-9. LSTM module with four interacting layers 74
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2358 = Python, Java, Matlab
» E4: numpy, scikit learn, pandas, matplotlib, ...

> EEEBEL (Gulli, 2017)

» /E: PyTorch, Keras
» KNI&E: TensorFlow, Theano, CNTK, Caffe, Torch

v

]

]]]

> fEEE
» GPU BElIFLREETT

» TPU skERIEETT

» Google Colab’xEEE}G: RHGPU/TPUBARZ12/N\FHE
25




IR EA IR AR

> NFHREMFENGEE
» LMNTCIR http://research.nii.ac.jp/ntcir/ntcir-14/
» SEMNTREC https://trec.nist.gov/tracks.html
» EMCLEF http://clef2018.clef-initiative.eu/index.php?page=Pages/labs_info.html

> FBE=ERE
> BURBLZ@EXHHLL - Wikipedia ~ EXFHEAEL - HE/ZHBE - BB LWwXAE - ..

» FINLPERIE https://machinelearningmastery.com/datasets-natural-language-processing/

» NTCIR EBSERE http://research.nii.ac.jp/ntcir/permission/ntcir-6/perm-en-CLQA.html

» HPEFEER
» BIUEENIRER: HREMEEOFHREENBR DN - XARED -~ /NSREDH - ..
> AEPEWEER: HAERs - BEREEE - 8RIFEIE - ..
» HtBEIFER: BEsRR  EEIAESA LBEBXRESRRAXNAHEEREEE - ..

26
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A

More Deeper Application of NLP

Group 1 Group 2 Group 3

Information Retrieval and

Extraction (IR) Machine Translation

Cleanup, Tokenization

Automatic Summarization/
Paraphracing

Stemming Relationship Extraction

Named Entity Recognation

Lemmatization (NER)

Natural Language Generation

Sentiment Analysis/Sentance

Part of Speech Tagging Boundary Dismbiguation

Reasoning over

World sense and Knowledge Based

Query Expansion Dismbiguation

Quation Answering System

Parsing Text Similarity

Topic Segmentationand
Recognation

Coreference Resolution Dialog System

Image Captioning & other

(Thanaki, 2016) Morphological Degmentation
Multimodel Tasks

(\Word/Sentences) Discourse Analysis 2
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