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! Classification
2 Clustering
® Natural Language Processing (NLP)
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° Bag Of Words (BOW) Model

¥ v/ocabulary

1 Singular Value Decomposition (SVD)
12 | atent Dirichlet Allocation (LDA)
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! Sentiment analysis

2 News categorization

® Question answering

" Deep Learning

® Convolutional Neural Networks (CNNs)
® Recurrent Neural Networks (RNNs)

" Word vector representation

8 Long Short-Term Memory (LSTM)
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! CBOW(Continuous Bag-Of-Words)

2 Skip-gram

% Projection

* Global Vectors for Word Representation (Glove)
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2 Preprocessing

® Feature Extraction

* Feature Selection

® Support Vector Machine (SVM)
® Latent semantic analysis (LSA)
" Hybrid Neural Network

8 K-Nearest Neighbor (KNN)

® Decision Tree

19 Neural Network

! Naive Bayes (NB)

12 N-Gram
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& Multinomial NB

® Term Frequency-Inverse Document Frequency (TF-IDF)
Y Trigram

1 Accuracy

12 Stop Words

3 Mutual information (MI)

1 chi-Square
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! Smoothing

2 Back-off

® Term Frequency (TF)

* Principal Component Analysis (PCA)
® Semantic Kernel

® Gaussian NB

" Bernoulli NB
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® Feature map
* Folding

)Jd,,a.d r
Lo i S |
Gros G753k g s e syalb YY.Y

GBI Gees e eSS e 500 sl s,
spm Sl S ) 5 bl Bl Sl )5
g 5 el e eSS f 5 nl 500 il
O3l Sl planil 6 535 et ) bl S 13
Lol oals aliuns Gl e WY e 55 il s
el als s ol 5l b e &5l 5 el )l (6oL 5 sl
sl 3 Geas oas laass yls YL Lol ooyl
5 Lles S o LS )8 ey rdle SSok S b
So sy LS JalS b 4 ) mew e By s20050 52
JSis LaaY 5l las gomms Sl Goos (6,550 e Joke
S L RS VIR SRV NCCITITSTIRTS RUCERIW -
Clos Sl Sgoa | s0s w4 Ol Y
ot Loslal (2als 5 (S5 ol Ol oY s
Sl 2 5l SCa ooy L (s 2 Y s e
e Sladds A8 (o Guadb ol iy a5y
0313 ae sama Sl Ls S5 JS555 55b 4 Gaes (5,500
85 02 S el B el (50l e SR Dok
2l 0L 05 Gaes 55k p e S ) (s huand
o d o ol sl l s il &1 S s
2l e PO L s WS P PP W3 B - PO’
OLes 53 Ges S53ls (e 052 Skl Gl
2> ghuaid s Slex w0 Olg e a1 eSS
QOF]-[00] oM mhas 3 (et ([¥4] slecsl mlaws
gl 3 shaib 5 [OVE[O0] aalS mhaws 3 (el

25 Sl [P0 ] [OA] Wa iSO
i s 4SS K [0V ] 0L, 5 Kalchbrenner
03,5 Jde 3l Ga les S @1, &M (3lwde sl b sy
Sl adexr olas lsee G015 o sa 2 e S

PP LU N - B LSRG PPN CePv N 2 W R (R VY

! Dynamic Convolutional Neural Network (DCNN)
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2 Density peaks

% Lookup table

* Projected matrix

® Semantic Units (SUs)
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