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' Question and answer (Q&A)
' Pattern recognition

" Supervised

*Unsupervised

® Classification

* Lable

¥ Text mining
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' Information retrieval

' Indexing

" Query

*Web mining

® Information extraction

* Natural Language Processing-NLP

v Concept extraction
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' Topic Modeling
' Sparse

"High dimensional
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'Lexical

' Syntactic

" Semantic

* Pragmatic

® Context

* Discourse

¥ Parts of Speech- POS
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Det  Noun Aux Verb Det MNoun Prep Det Moun analysis
\/ \/ \/ v (part-of-speech
tagging)
Noun phrase  Complexverb Noun phrase Noun phrase

Semantic analysis Verh phrase Prep phrase

Syntactic analysis

Dog(d1).
(parsing)

Boy (b1).
Playground (p1).
Chasing (d1, b1, p1).

+
Scared(x) if Chasing(_,x,_).

'

Scared(b1)
Inference

Verb phrase

Sentence

A person saying this may be
reminding another person
= to get the dog back.

Pragmatic analysis

(speechact )

(Zhai and Massung 2016) x> O3 &5 58 30 b 0318 3 (Sldiges —F-¥ <o
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' Vector space model

" Term Frequency-Inverse Document Frequency- TF-IDF
" Corpus

"Word embedding

® Latent Semantic Analysis- LSA
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K-means, PAM, CLARA, CLARANS, FCM, EM,

BRICH, CURE, ROCK, CHAMELEON DBSCAN, CLIQUE
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' Hirarchical
" Partitional
"Agglomerative

FDivisive
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' Balanced Iterative Reducing and Clustering Using Hierarchies-BIRCH
' Clustering Using Representatives- CURE
" Complexity
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' http://www.lemurproject.org/

' http://mww.cs.cmu.edu/~mccallum/bow/
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' Granularity
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' Principal Component Analysis- PCA
' Singular Value Decomposition- SVD

" non-negative matrix factorization- NMF
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' Continuous Bag of Words- CBOW
" Target Word
" Context



YOO .. o) sode sbwl slpioy (sl p auadss> 0,504, drwg

oty &G a5 L 2550l e 53 2 55 S (s Jos i Tl 3l 0 S 53 51,55 0S5
o.&bb@)ﬁjb_fgu\_&biqﬁu})y—\’fd&hW}JH@(@‘&L«MQ“
o:Lﬂ.‘.‘..»\Qwéj‘.ﬁjji.&il.ud‘j,.&M@)FQYJQL@.QYWJ?}»Q))L@.ﬁjoﬁ 4.'.'3;

vy ‘W;;‘W cd::r.a) S gb o
.3)}»)@.«:;5éwoﬂjﬁﬁﬁyd)w‘su)bﬂcJMw@ﬁ:‘s\ﬁCBOWJJ
C ol p o iy o 5I1 5wy, Wy, e, W LS Jols e 0,y ST epl ply 23,8 o 5l 3 ealin !
LOT (Kloar SLIS 4 a5 LW aalS sl Jlazt mls ) 53) b Sl sl s b5 el

:(W‘W LQ,Z...AU’J)b- LL;.?M) (J}.&u_n wl:u c J}b @ °)’=‘-1

1T
T—Zlogp[wtl > WH,-] (f-Y)
t=1

—c<j<c,j=0

CU gJ'.’.‘J"L‘ u\a‘,_&@ wﬂ Lo 4.Q.l§‘5|f J.E;'_MA)}E @ oﬁdg: RNy Skip-gram du\.«a BE

1 T
T—Zlogp(wml > Wt] v-Y)
t=1

—c<j<c,j=0
(i P ((o2me) 3,57 eolazl SOFtMAX w51 05 o2 PWeyj[We) oz 4rsles (51
:(Yyav

exp(V,, vy,
p(Wo |W|)=W ( ) *-Y)

' T
WZﬂexp(vW Vi )

;J.:ﬁ ol Gl OLUST S slaas Wy i a W alS” ()15 5 slaisl 1y, 1, &S
)%t)ﬁ@&)ﬁT&\ijgg)jo&&isz‘u\:ﬁ‘\f‘ﬁJJ\J&YLUJLMBM
' ek oS Cile (51l g3 skt peed a5 dal g 5l O Slwlowe 5 Sl 3L

YAV ¢ iie o ¢ oome) i slgiiny T it (6515 54 5e0

' Hierarchical softmax

" Negative sampling
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' Stop words

¥ Min-count

" Bidirectional Encoder Representations from Transformers- BERT
¥ Pre-training

® Fine-tuning
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' Minkowski
" Cosine

" Jaccard
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Single-link agglomerative clustering
Complete-link agglomerative clustering
Expectation—-maximization

K-means

Oo0ooaod

l{‘\bb))&@‘\—&f&b)ﬁ})mtfoud"JJLg.Luu?)}JL_w‘w)ﬁo‘}wW
D o a3 f2e (glaesls

LOsbe 9 O 519 wlel g (S dbes

o3liz | Lag o sl (3L (51 laad 5 o Fege S5 ok stuad = O S5 sl 3 S5y nl 3
334 Gl ATt X d b s jle cdiw—o05ls s sl il liw d 57 gsl 0 S S15458

el Ll )5 05150 1SS 63955 (5, ) 0T

' Relative entropy

' Divergence
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' Co-clustering

¥ Subspace clustering

" Projected clustering

F Topic Modeling

® Probabilistic generative model
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' Classification

' Constraint-based methods

" Distance-based methods

Principal component analysis- PCA
*Deep Clustering

* Deep Neural Network- DNN

¥ Network Loss

*Clustering Loss
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‘AutoEncoders based O

Deep Embedded Clustering (Xie, Girshick, and Farhadi 2016) o
Discriminately Boosted Clustering (F. Li, Qiao, and Zhang 2018) o
Deep Clustering Network (B. Yang et al. 2017) o
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Generative Model Based O
Variational Deep Embedding (Jiang et al. 2016) o
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Direct Cluster Optimization ©
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Unsupervised Learning with
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Closed-loop
Joint Deep Multi-step Deep
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Multi-step
Sequential Deep
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Feedforward Fully-Connected Neural Network
Feedforward Convolutional Neural Network
Deep Belief Network

Autoencoder

GAN & VAE
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' Coherence

¥ Separation
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' Utility
"Recall

" mean average precision- MAP
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Recommender systems help users to make decisions based on their informational
needs. These needs are recognized by users’ queries, users’ selected documents,
and users’ behavior. Knowledge based recommender systems or content based
recommender systems are two well-used systems, in which machine learning and
pattern recognition is applied. Text clustering is an important approach in machine
learning that uses documents features and similarities to other documents to cluster
then into meaningful classes. Thus, determining features and similarity measures
are two most important task in any clustering method. On the other hand, almost all
of the clustering methods are developed for non-Farsi languages. Therefore, the aim
of this research is to develop a clustering method for scientific documents in Farsi.
A set of documents of Ganj database in three different subject areas (Art,
Humanities and Engineering) is used and three similarity measure including
Minkovisky, Cosine and Entropy, is selected. K-means, FCM, and REFCM
clustering algorithms are applied on the dataset. The results show that FCM with
Cosine similarity and REFCM could achieve to better results.

Keywords: Scientific documents; Machine learning; Deep clustering; Relative
Entropy
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