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* Text Data Mining / Text Mining
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— Text mining 1s to 1dentify useful information.
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Negative Positive
@6 5161806 & iPhone — Tesla: The Key Reason The Shorts Are Getting
. " Run Over

E’Eiil_thuT -Fﬂf:vtﬁﬁ?l % Ex ZEEW,IZ’[E DocloRx = Yesterday 8:00 AM = 412 Comments
BRKE, BAREL, BEE~modle3 PRRSESESERSS:
ﬁ?Fﬁﬁ%,W%%ﬁﬁMﬁﬁAﬁ%k
HIRE ., HEXRESmBERETNIEES—F— ‘ A Tesla Shareholder's Biggest Fear: Robotaxis
7, FRERE® T, AILmBEITiS S AR, RIS eI S O

EXRRLERK, siEEM=ERA, LH
R S| EEZR=E BRI LUEY, Y,ﬁ}ﬁff

# Tesla: New Estimates Not Good

3, B4, RUREEREE+RE, B, 2 Bill Maurer » Wed, Dec. 18 » 520 Comments
— I KItE, BBARERT, ﬂﬁﬂ/\ﬁﬁéiﬁ

ﬂ Dissecting The Life-Cycle Profitability Of
Tesla's Leased Cars

Cunningham = Tue, Dec. 17 = 281 Comments

o The Tesla Cybertruck Is No Ford F-150

John Engle » Mon, Dec. 16 » 492 Commen




Elon Musk & @elonmusk - 13h v
Tesla stock price is too high imo
O 13K 12 181K Q) 143.9K F
TSL A 49214 2308 496.05 391
Tesla, Inc. 1§ &
138 188 3f@ER 61EAR 15 2% 5% 104 258
499
491
484
476
10 1.1 .12 . 13 14 . 15
|>.....‘ 1
HEE 473.70 A= 30568 52 BEEE 498.49 IEFEE =
B 498.49 A28t - 52 EE{E(E 176.99 ARAR 0.65

RER 468.23 Gk E! 845.318 TR E 960.7 8 EPS -4.77
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Fish's Wild Island Grill @ caimec

(] 4 [ [ #]

324 reviews | «hDetails

$$ . Seafood, Poke, Ramen | Edit

+r Write a Review 2 Add Photo [+ Share A saved

COVID-19 Advisory: Business operations may be

Due to ongoing precautionary measures, please contact the
hours and availability.

Popular Dishes

Chicken Katsu

Jiawei C.
Davis, CA
¥+ 0 friends

3 1 review

Megan D.

San Francisco, CA
¥+ 99 friends

3 4 reviews

53 2 photos

Dot Island
38 Photos - 64 Reviews 1 Photo - 37 Reviews

G000 9/30/2016

Lemon pepper steamed shrimp is awesome.

Q Useful 9 Funny @ Cool

nnnnn 10/21/2018

One of the healthiest, friendliest, fastest and tastiest places in
Davis! When | first moved here | avoided it thinking a cheap
seafood place couldn't be good but | was so wrong! | get their
grilled fish bowls or poke bowls weekly. Their poke is a hidden
gem, it's one of the best in Davis in terms of fish guality,
freshness, and ability to customize every aspect of it. The
small bowl is a perfect size without being overwhelming and
super affordable.
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Shanghai University of Finance and Economics

From Wikipedia, the free encyclopedia
(Redirected from SUFE)

Not to be confused with Shanghai University or Shanghai Finance University.
"SUFE" redirects here. For other uses, see SUFE (disambiguation).

The Shanghai University of Finance and Economics (SUFE; Chinese: W iEA%; pinyin: Shanghdi
Caijing Daxué), founded in 1917, is a top-ranked, world-renowned finance- and economics—oriented
research university located in Shanghai, the People's Republic of China. The university is under the

FBWEXRE

Shanghai Univ. Of Fin. & Econ

A2 A2 ( Shanghai University of Finance and Economics ) 2% A B BN ESERA—ALISFEESH A
+ .4 B & X B BEFEFRhEEENWRESEACTE  BxXEHHAREREEER , B2 IR, "98s1E
AR HREEER , NEER MR, EEERAT USSR, ERECEEReIGHE. ERE
FEEMAAEFEN ERSINEEAACNENED SESRECEEACEGNE SEFFAHSHEBRAHRE
ih, EBEEKFEAELRARENE. TERFRFSREEFERERR. 2EFLAMISEURHFaRESNS




B 13 54 (Tokenization)
B H.E4L (Normalization)
Bt & X% (Noise Removal)




o JFL W Ky 4rr K 1)L 5 B
« 413 (Segmentation)

lv}a%l%

'La 2 Tj‘«l% ‘}:]J 7]: /g;%
W3 A )

* #Hr A It's not straight-forward to perform so-called "tokenization".

o Hrdi#1:'It's', 'not', 'straight-forward', 'to’, 'perform’, 'so-called’
"'tokemzatlon" '

A #2:'T,"M's', not!, 'straight', '-' 'forward, 'to', 'perform’, 'so’, '-'
'called’, " 'tokemzatlon' e

9
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* wi-fi => wifi

18] 5 3L )& (lemmatization)
15T 3 L (stemming)

# A7 )2 4




o fCAET T 4y LR Bk A R
o ¥
¢ ladies => lady, ......
o HITX
¢ referring => refer, ......
TN

¢ forgotten => forget, ......

ORI, T RARAREAYERARE

e ground => grind, ......




o FThid BT B AR KT AZ

B R— 2B ik TAEGESL
e fisher => fish

e effective => effect
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H 1% 5 (Stopwords)
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. person

* the, 18, at, which ......

R/ S &k

1
1

22

23
24.
25,
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time

1

2
3. year
4. way
5. day

6.
7
8
9
0
1

thing

. man
. world
_ life

. hand
. part
12.

e . T. & ...... s

15
16.
17
18
19.
20.
21:

child

eye
woman
place
work
week
case
point
government
company
number
group
problem

fact

L R
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1
12

13.
14

15

17
18.

19
20
21
22

23.
24.

25

75,

Verbs

be
have
do
say
get
make
go
know
take
see
come
think
look
want
give
use
find
tell
ask
work
seem
feel
try
leave

call

%

B ORORS RS RS RS ek e ) ek A eE dwl s e s
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Adjectives

good
new
first

. last

. long

great
little:

own

. other

old

. right
. big

high

_ different
. small

large
next
early
young

. important
. few
_ public

bad
same

. able

Prepositions

e I =~ T T R ST By N1

SO ®m N m s W N

to

of

in
for
on
with
at
by
from

up

. about
. into
. over

after

. beneath

. under

above

XA TIRERAY, W

) F = A,

Others
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25

el =T e

the
and
a
that

not
he
as
you
this
but
his
they

. her

she
or

. an
. will
. my

. one

all

. would
. there
. their



e U #%1: Text mining is to identify useful information.
o X #%2: Useful information is mined from text.

e X #%3: Text mining is a subset of data mining.

B LARMEELEXR

* U A%1: text, mine, identify, useful, information

o UA%2: useful, information, mine, text
o U A%3: text, mine, subset, data, mine
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o ﬁ} ’&Pcim
o f& 1A % o AL 32

B TFE
« 13 ZEM (Setof Words)
18 %42 (Bag of Words)
w2 = HEA (Vector Space Model)
FAEA (Topic Models)
@ 2AE%  (Word Embedding)
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o X #%1: text, mine, identify, useful, information

- MR RS, FEEENAEIHTEE HIAL

IR

e SUA%2: useful, information, mine, text

o X #%3: text, mine, subset, data, mine

text | mine | identify | useful | information | subset | data
A1 1 1 1 1 1 0 0
42 1 1 0 1 1 0 0
Y3 1 1 0 0 0 1 1
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o X #%1: text, mine, identify, useful, information

* e R—AEFEIHE T ZREA, Gt AR

IR

e SUA%2: useful, information, mine, text

o X #%3: text, mine, subset, data, mine

text | mine | identify | useful | information | subset | data
A1 1 1 1 1 1 0 0
42 1 1 0 1 1 0 0
Y3 1 2 0 0 0 1 1




o« BFIHEATRERMILGE
W AR

c BEEEA, TUASF. 7. W, HEF
B AERALE:

o A THIER A LAY TR A E

Finance
h Dz
_________________ A
g D,
e fﬂ”
. * " '
D3 1 , " . 1
- | :
. /7 -
s
.'/z '

> Sports

; D Ta
Education . D, m




] %%ﬁ;ﬁz]‘] Finance D,
© I . |
A8 B S
B — 12 (Unigram)
¢ i & RAE
B NA#EE (N-gram)

> Sports

Education

B V{2-gram % 17|
* A% 1: text-mine, mine-identify, identify-useful, useful-
information
o SUA%2: useful-information, information-mine, mine-text

* X #%3: text-mine, mine-subset, subset-data, data-mine
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text | mine | identify | useful | information | subset | data

3 1 1 0 0 0 1 1

B fERFE (Term Frequency, TF)

text | mine | 1dentify | useful | information | subset | data

43 1 2 0 0 0 1 1




o FRFAER AL AT A P B Ak
TF(t,d) = N(t,d)

text | mine | identify | useful | information | subset | data | length

=1 1 1 | 1 1 0 0 5
=V 1 1 0 1 1 0 0 4
CR43 1 2 0 0 0 1 | 5
e Ja—4L,
_ N(td)
o TF(t,d) = S N(d)
_ B N(t,d) .
o TF(t,d) =a+ (1—a) mtaxN(t,d)’lfN(t'd) >0




o FRFAER AL AT A P B Ak

* TF(t,d) = N(t,d)

([ ] ya-——%
N(t,d)
TF(t, d) =
¢ TFLA) =5 Nea
_ B N(td) .
o TF(t,d) =a+ (1—a) nr]PXN(t’d),ﬁ“N(t‘,d) >0
B % a=0.58
text | mine | identify | useful | information | subset | data

A1 1 1 1 1 1 0 0
42 1 1 0 1 1 0 0
43 1 0.75 1 0 0 0 0.75 | 0.75




text | mine | identify | useful | information | subset | data
41 1 1 1 1 1 0 0
42 1 1 0 1 1 0 0
g3 )1 2 0 0 0 1 1

B B A ME (Inverse Document Frequency, IDF)
AR E  (Document Frequency, DF) & 754t F &-24%F

AEIR 6 ST A% 25 E)
— AN4F AR #9DFAR 5,

N
IDF(t) =1+ log(F(t))

7N\

R a0 h A3 &2 i AMK




m @J XA ME  (Inverse Document Frequency, IDF)

o XAIME (Document Frequency, DF) & = &#F ¥
AER B A% 55 H
o —NHFAEIR é"JDF%\&%, b:842)

* IDF(t) =1+ log(——=

6L A~

S0 R &G &= AR AEARMK

DF(t (
text | mine | identify | useful | information | subset | data
1 1 1 2.099 1.405 1.405 2.099 | 2.099
2 1 1 2.099 1.405 1.405 2.099 | 2.099
43 1 1 2.099 1.405 1.405 2.099 | 2.099




S OF Faay g
< 4’(»
s/ SRS
3
Tl a
7 aQ
-: 4l g {E x E
)
%'\\

WA AR R LM FE (TF-IDF) A E:
o 2 L HTFAIDF#& F iz
« w(t,d) = TF(t,d) x IDF(t)

text | mine | identify | useful | information | subset | data
A1 1 1 2.099 1.405 1.405 0 0
42 1 1 0 1.405 1.405 0 0
Y3 1 2 0 0 0 2.099 | 2.099

o XFIRA] A A & LAY AR
o ALBAT AP MBS T
o T fe A% A0 HA SUAS P ik LSRR 245 0)
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Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—
How many penes does an (SRR need o
.‘ﬁl{r"i.ﬁ';“: [.:'I"'\-[ ".'.'l."l.'k AT r}l-l."' Uy Imectinge
here, two genome researchers with radically
ferent approaches presented complemen-
tary views of the basic penes needed forlifed
One research team, using comgurer analy-
ss Bon Oy |:|1l['.'m'.' LC|'||5"|'|'|.E HTIC Ny '\'._'L'l['ll_'l'.l.:IL"..:I
that todiy' S@RERREETS cam be sustained wich
just 250 wenes. and that the earliest life forms
required o mepe 128

l.'[“tl.'l |L"\|."|.r'i_'1:lL'|' [E15 'sl. F'L‘\.:‘ LTI S _,-'f#.
i i stmple parastee amd est- 5
{0 et
matesd thar for this orsanism, | ganame
(1753 geras

B0 genes are pleney rodoche |

jobe—hbur thar anything shor

of 100 wowldn't be enoush.
Although

match precise

v, those predictions |

ing, Cold Spring Harbor, New Yoark,
May & to 12,

SUCIENCE = WOl 272 = 24 MAY 1996

genes, The ——
-

Hysepasmy
| genome
Y, Al gEnes

" Genoma Mapping and Sequenc- \‘“»-_ -

ot all thar Fie apart” especially in
cotnparison o the 73000 senes m the ho
man genome, notes v Anderssonot Uppsala
University in Sweden,
A0 number. But coming up with @ consen-
SUS ANSWET [y I-'k' T e ||.'Ii|:'|. JUST a gt il
pmbers ame, parcicularly as more and
mure genomes are completely mapped and
“Ir mav be a way of arganizing

Bare

whe armived at the

sequenced.

any newly
Acrcady Muoshegian, a computational mo-

sequetioed gencine” explaing
lecular biclogise at the Mational Cenrer
tor Biotechnolosy Information (NCBID)

\ i P

Pin Bethesda, Maorvland, Comparing an

Redundant ard

Relmad and
Ganes parasie-s06 fic modatr qeras
weded ERE R e iR
or e fe e - i geres 52 gones
W gl ey .
Y =R genes
1 i
I - { IR | f I!a i
d 1 e
! % I! GEraE |
e ot Aroosial
Qe Sai

Stripping down. Compular analysis vields an esti-
miate of the minimum modern and ancient genomes.
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FRIRE

| 1

BB o RRAE SR BERGTIHESR
| |

[ 1 [ 1

JERERE T R BEEX D BEBEIBX DN | | BEMARESH
(Non-negative Matrix | | (Latent Semantic (Probabilistic LSA) (Latent Dirichlet
Factorization, NMF) | | Analysis, LSA) Allocation, LDA)




o JIE R 89 KIEFE 5/ Ak P ANIE R 89N R TE
X =WH

> 2 (X = (WH) ;)2 Wia = 0,Hp; 2 0

X - Document-Term W - Non-negative H - Non-negative
Matrix

M — documents
N —words




B -HEEE XA

» & (Singular Value Decomposition, SVD)

h:
5
6\

X =USsv’'

£, UU=1. VIV=I SHBTEMAZRLENTEVUIILSHO
5(\ — UKSKV-’,;

N
M 900 0 0 0
PP 900 0 0 0
— %8 000000
05891 000000
A DICCRETR IR} ) + U-LeftEigen + $-Singular peTeTe sel

Matrix Vector Matrix. Value Diagonal Matrix. VI— Right &

. Vectorsin U are e
M — documents o Vector Matrix.
N —words Vectorsin VT are

Orthogonal




- R BEIR X O

o X TR AIN B HE, PLSAB A X TR XMAMLTF
2a p(wjlzy) A= p(zild;) #9BAR

DOCUMENTS TOPICS DOCUMENTS
| , m‘f _
| p(wid) _p(wiz) O p(zld)
E Probability distributions | s g Topic Eloocu”;gtr?c;sptiggumns
O over words mm (O | distributions ,
g 3 over words




I -BENF=EL D

© Ky =pWjlzi) A0 = p(zild)) LA AT Z, F W4
KA 0 F e AL T
o I KPARAE T => W vt A fE 1+t

Topi D s Topic proportions and

assignments

Seeking Life's Bare (Genetic) Necessities
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* Variational Expectation Maximization (Blei et al., 2003)
WA 2 A

* Expectation Propagation (Minka Lafferty, 2002)
B Gibbs R H H ik

* Collapsed Gibbs sampling(Griffiths and Steyvers, 2004)
W A% Ty H &

* Online Variational Inference (Hofman et al., 2010)

B 5% X Gibbs F £ H %

* Distributed Gibbs sampling (Ahmed et al., 2012, Yuan et al., 2015)




B Textual Risk Disclosures => Risk Types
— Bao and Datta (2014)
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B word2vec
« ARFARAMEmEAENZ

» Efficient Estimation of Word Representation in Vector Space

by Mikolov et al. (2013)
* Continuous Bag-of-Words (CBoW)
o ARIE LT X5 FM & 03 9]
* Continuous Skip-gram (Skip-gram)
o B P E RN LT L #93)




B Continuous Bag-of-Words (CBoW)
o B iL T AGIE TN P s 14)
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* Pennington et al. (2014)
* https://nlp.stanford.edu/projects/elove/

B FastText

* Mikolov et al. (2018) <Advances in Pre-Training Distributed
Word Representations>

 https://fasttext.cc/

B ELMo
* Peters et al. (2018) <Deep Contextualized Word Representations>
* https://allennlp.org/elmo

B BERT

* Devlin et al. (2019) <BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding>

* https://arxiv.org/abs/1810.04805



https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/
https://allennlp.org/elmo
https://arxiv.org/abs/1810.04805
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GPT
Bidirectional LM

Larger model
More data

BERT

VideoBERT
CBT
VILBERT
VisualBERT
B2T2
Unicoder-VL
LXMERT
VL-BERT
UNITER

ER\ IE
(Tsinghua)

Neural [entity linker

KnowBert
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ZHIEE: ELMO, GPT, Bert:
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language model
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Defense
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Grover

ERNIE (Baidu)

BERT-wwm

By Xiaozhi Wang & Zhengyan Zhang @THUNLP

Sequence-to-
sequence model

Architecture Transformer decoder

Transformer encoder

Transformer

Pre-training Language modeling (2)

Mask language modeling (3)

Sequence-to-sequence
learning

Tasks Language generation

Language understanding

Sequence-to-sequence

Models GPTs32526

BERT,? RoBERTa,” ALBERT,*
XLNet,® Electra’
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Language Models are Few-Shot
Learners

LaMDA: Language Models for
Dialog Applications

WebGPT: Browser-assisted
question-answering with human
feedback

Improving alignment of dialogue
agents via targeted human
judgements

Scaling Instruction-Finetuned
Language Models

Scaling Language Models:
Methods, Analysis & Insights
from Training Gopher

PaLM: Scaling Language
Modeling with Pathways

Training language models to
follow instructions with human
feedback

/



C= ~
/—J TS <7 GShard
00
— / G QD 3 @ Ernie 3.0 )
2 —2020 — < NS had g Al21 . ((‘Fﬂ) YuLan-Chat
/ 2021 ~ p) Jurassic-1 =¥
1-4 PLUG labs
crr3©) ~ StarCoder
Codex @ ———— 5 = 2AN CPM-2
CodeGen2
o= 0 \q_m «2 FLAN 3 ” " O odeGen
N mspur Yuan 1.0 @)
Anthropic B . o1 ovanaviR \ 7 ©) AlphaCode ) ChatGLM
webGPTE) S 11-12 i) Falcon
= \ © chinchina =
Ernie 3.0 Titan .éﬁ InstructGPT @ 2022 & PaLM2
CodeG R, G w2 0 Sparrow g . 5% InternLM
Gopher() odeGen 13 s [O) Pythia -
[ | = Flan-T5
GLaM 3 MT-NLG | OPT (X A EalM f wsvs| Vicuna #2 Qwen
e YaLM Flan-PaLM ; ! 2
CodeGeeX " GPT-NeoX-20B [ / O v e % panGu-x |y Mistral
_ 4-6 Luminous ’
BLOOM O GLM (*)  Tk-Instruct Ai2 N / N 5 Bard © Deepseek MiniCPM
mT0 0 a Cohere @ 7-10 o S 00 LLaMA H Mixtral 7>, Gemma
AlexaTM @ e /TS~ 9
BLOOMZ () 2 ~——2023 _ ' | |
WcLM@ 1-6 — 712 2024 — 13 >
Galatica 0Q |
OPT-IML 09 ChatGPT @ GPT-4 @ 00 LLaMA2




B =< B RIRETI AR E

Summarizationf ..
Multi choice QA f*<+-... i

Comprehension

_.-+***| Simplification
XN |

Translation tesa,

Multilingual

e | Completion

,-++* | Self-refinement

Self-improvement

=" Tool planning

§ "ymlm.c _.+1Physical acting i
.: * ] @HJMJ
e[ APIcalling

] -{ Virtual acting I
f Tool
utilization
Interacting
with users \

Instruction
followin

World
knowledge

In-context
learnin:

Augmented

B

LLM Capabilities

Shervin Minaee, Tomas Mikolov, Narjes Nikzad, Meysam Chenaghlu, Richard Socher, Xavier Amatriain, Jianfeng Gao. Large Language Models: A Survey.
https://arxiv.org/pdf/2402.06196.pdf

Knowledge base
utilization




H I 4N

01
02
03
04
09
06 BSERF-EEAFPIFCoHh




W) ELAPIESOHT

BT A YelpE H AFAT P Sifd A P2 4R
e https://www.yelp.com/dataset
WA AT S % AR E201757 A 69310 53R

(review res.txt)

F B AR FHRAGE

user id R P 1D
business_id B/ P ID
date R P +Fi2 B A
text B Pt R
stars RPHESZR, 12352



https://www.yelp.com/dataset

Python - nltk

B https://www.nltk.org/
Natural Language Toolkit

NLTK is a leading platform for building Python programs to work with human language data. It
provides easy-to-use interfaces to over 50 corpora and lexical resources such as WordNet,
along with a suite of text processing libraries for classification, tokenization, stemming,
tagging, parsing, and semantic reasoning, wrappers for industrial-strength NLP libraries, and
an active discussion forum.

Thanks to a hands-on guide introducing programming fundamentals alongside topics in
computational linguistics, plus comprehensive API documentation, NLTK is suitable for
linguists, engineers, students, educators, researchers, and industry users alike. NLTK is
available for Windows, Mac OS X, and Linux. Best of all, NLTK is a free, open source,
community-driven project.

NLTK has been called “a wonderful tool for teaching, and working in, computational linguistics
using Python,” and “an amazing library to play with natural language.”

Natural Language Processing with Python provides a practical introduction to programming for
language processing. Written by the creators of NLTK, it guides the reader through the
fundamentals of writing Python programs, working with corpora, categorizing text, analyzing
linguistic structure, and more. The online version of the book has been been updated for
Python 3 and NLTK 3. (The original Python 2 version is still available at

http://nltk.org/book 1led.)



https://www.nltk.org/

Python -

TextBlob

B https://textblob.readthedocs.io/en/dev/

TextBlob
O Star

TextBlob is a Python (2 and 3)

library for processing textual data. It

6,936

provides a consistent API for diving
into common natural language
processing (NLP) tasks such as part-
ofspeech tagging, noun phrase
extraction, sentiment analysis, and

more.

Useful Links

TextBlob @ PyP1

Stay Informed
) Follow @sloria
Donate

If you find TextBlob useful, please

consider supporting its author:

TextBlob: Simplified Text Processing

Release v0.15.2. (Changelog)

TextBlob is a Python (2 and 3) library for processing textual data. It provides a simple API for div-
ing into common natural language processing (NLP) tasks such as part-of-speech tagging, noun

phrase extraction, sentiment analysis, classification, translation, and more.

from textblob import TextBlob

text = '

The titular threat of The Blob has always struck me as the ultimate movie
monster: an insatiably hungry, amoeba-like mass able to penetrate
virtually any safeguard, capable of--as a doomed doctor chillingly
describes it--"assimilating flesh on contact.

Snide comparisons to gelatin be damned, it's a concept with the most
devastating of potential consequences, not unlike the grey goo scenario
proposed by technological theorists fearful of

artificial intelligence run rampant.

blob = TextBlob(text)
blob.tags # [(‘The , ‘Bl ), ( titular, ‘J3'),

ZIN( - threat S NN LN o FEITNG ) ]
blob.noun_phrases # WordList(['titular threat', 'blob°‘,
# 'ultimate movie monster',
# 'amoeba-Llike mass', ...])

for sentence in blob.sentences:
print(sentence.sentiment.polarity)

# 0.060

# -0.341

blob.translate(to="es") # ‘La amenaza titular de The Blob...'



https://textblob.readthedocs.io/en/dev/
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Direct insball with:
i & pip install gensim

Gopic modelling for humans

Documentation Support

from gensim import corpora, models, similarities GenSi m iS a FRE E Python Iibrary

# Load corpus iterator from a Matrix Market file on disk. o .
corpus = corpora.MmCorpus('/path/to/corpus.mm’) Scalable statistical semantics

# Initialize Latent Semantic Indexing with 200 dimensions.
1si = models.LsiModel(corpus, num_topics=26@) o Analyze plain-text documents for semantic structure
# Convert another corpus to the Latent space and index it.
index = similarities.MatrixSimilarity(lsi[another_corpus]) o Retrieve semanticaily skrillar documents
# Compute similarity of a query vs. indexed documents

sims = index[query]



https://radimrehurek.com/gensim/

Python - jieba

B https://github.com/fxsyy/jieba

“EEEHRNE . MERIFEY Python 3231 4R 14
"Jieba" (Chinese for "to stutter") Chinese text segmentation: built to be the best Python Chinese word segmentation module.

 Scroll down for English documentation.

Sanns

o XM EERE:

o BRI, HENIFHBHMLIF, EEXASH;

o 2R, IBTUFPRAABNFIAIEMNEESRARELE, EEIFRR, EBEFERRIZN;

o BRSIZRN, ERHEIANEML, WKEEXYS, EREEEXR, EERTERESIZESHAE.

o paddlet®=,, FFPaddlePaddle}REFEIMESR, l&FIRE (WEMGRU) MBEILZIN S, B ZHFEMERE.
paddlet& R, (£ E L L paddlepaddle-tiny, pip install paddlepaddle-tiny==1.6.1 , EBijpaddlet&m X {Fjieba v0.405% A
LEhA, jieba vO.40LATHRA, 1&5FHZRjieba, pip install jieba --upgrade , PaddlePaddleE M

XIFEE D
XIFEE X HH
MIT 24X 7N



https://github.com/fxsjy/jieba

