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Statistical Machine Learning
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» 22345 (Introduction)

15 B3 5 7% (Supervised Learning)

< BHé 2 H (Support Vector Machine)

5 3477 7 % (Sequence Labeling)

o W B3 57 % (Unsupervised Learning)
erLE T MAEA (Probabilistic Topic Modeling)
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= WB4 35 (Supervised Learning)
« F5|47:% 7 % (Sequence Labeling)
= W E% 3 (Unsupervised Learning)
- #E& T A2 A (Probabilistic Topic Modeling)
= &AL 5 3] (Reinforcement Learning)
= R E5 3] (Deep Learning)
= KIESHM (Large Language Model)
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We need to find it,
Extract it, Refine it, Distribute it and
use it to drive Economic Prosperity

Gartner



“*Wiki: Big data Is the term for a collection of data sets so large
and complex that it becomes difficult to process using on-hand

database management tools or traditional

applications.

data processing
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19365, Alfred Landon (XAe5, Z%A) vs. Franklin Roosevelt
(REX, ZH4) TR TREEL

% «The Literary Digest» (X5 4%) Rz Fmnl (1920, 1924
. 1928, 19323 F M)

“* «The Literary Digest» 4 H10007 48 & ¥ &, & £ L af1/469
K, E2407 4, TR Landon &2 vA55:41 69 4%, 3 5k Bk

PR E R Z . Roosevelt VLA61:37 &9 JE AR AR F 31 ik

3 K Z B E 6 4] £ George Gallup ( £ 74-2) XA 13000 A
B ) AR A, 1FR) AT LTINS R
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John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES

Iy M 2 KB 2 B 2024 55 V5 DL R W) PR 22 3247 T
John J. Hopfieldf1Geoffrey E. Hinton, A& #Aih
AT MR N A2 25 134T ML 2 ST 1 2
Tt R IR B

THE NOBEL PRIZE
IN CHEMISTRY 2024

John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

THE ROYAL SWEDISH ACADEMY OF SCIENCES

Hij i B2 5B} 22 B 20244E 5 DURAL 22 82 T
David Baker, LLEE# HAEHE & H kI
J7 R s Ek 3 W 3L [E] 4% 7 Demis
Hassabisf1John M. Jumper, VAR FE HAEHEH
o3 8 A6 FTI 7 T ) DT R
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(a) Functional Regions (b) Station

bR 2014 5F4-6 A =/~ A 6007 & 69 91612 23— F il 2P0k, Rk
RXRIG A AN By BR e Ty e K 3, 5T T 896 40 B &2 18 6944524/ 3
Z 5 Fe18 5 Wbk & 22 3t 69320 bk 5k 09 F3E

€4 Bowen Du, Chuanren Liu, Wenjun Zhou, Zhenshan Hou, and Hui Xiong, 2016. Catch Me If You Can:
Detecting Pickpocket Suspects from Large-Scale Transit Records. KDD 2016.




2 - p—o——G—————>— A £ RE —o—

e ST

- —F g == - — T - =

Figure 1: Trajectories of passengers.
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TravTime Historical Profile
53174410 0.90 29 5 20 25131 TripFreq 10.06 TripTime 11837 .4
52537759 088 14 4 8 16047 TrpFreq 6 875 TripTime 6897 .1
44492021 0.79 10 7 7 271486 TripFreqg 5.1 TripTime 13070.4



Table 3: A Performance Comparison.

Algorithm Precision  Recall F-score Run T'ime(s)
CM Methods

DT 0.002 0.451 0.004 44 .81

LR 0.003 0.476 0.006 36.72

SVM 0.005 0.512 0.009 21.31
AD Methods

LOF 0.004 0.560 0.009 300+

OCSVM 0.015 0.583 0.029 39.67
1T'S Methods

LOF+D'T 0.011 0.780 0.022 301.18+

LOF+LR 0.016 0.829 0.031 301.16+

OCSVM+DT 0.053 0.878 0.099 41.19

TS-SVM 0.071 0.927 0.133 41.05
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= WE-4 3 (Supervised Learning)

= 53452 7% (Sequence Labeling)

= M4 3 (Unsupervised Learning)

© LR AR (Probabilistic Topic Modeling)

= %452 3] (Reinforcement Learning)

= R E5 3] (Deep Learning)

= KIESHAY (Large Language Model)
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(Algorithm) (Model) (Evaluation)
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, Vapqik, Cortes
J.R. Quinlan \
Breiman
Freund, Schapire ‘ —
=
S
§_ bnv:?::;ma 1970
o ‘
o =
% 6&\9& ,\q& ‘ P Decision Tree, ID3 .
=} eov\ &Y |
>S5 & .\o* | LeCun
n <& Perceptron é Rumelhart, Hinton, Williams
@ | | Hetch, Nielsen | |

‘ - Hochreiter et. al.

‘ Hintop

| Neural Netwoﬂ(s ------ J. Schmidhuber Egg:’

- cocssemmemmaEEET IDSIA Andrew Ng.
Created by erogol
| | | | | | | | | | d >
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015

Source: https://chatbotnewsdaily.com/since-the-initial-standpoint-of-science-technology-and-ai-scientists-following-
blaise-pascal-and-804ac13d8151



19494F ) Hebb (A% K) # & 44 5 3 2w (Hebbian learning theory
), RARMEBEFEIIIET KRR UL ENTN, HEENEFE]
Mz B E—F .

o HRAT ] R RIEIAYZ W% (RNN) &3 5 Z A 49 X 34
, X JUHIRNN B A feta b 22 ) i 45 — A 69 HF 4L, FFA2 3] 2000 T
1T 89 VE S

€ Donal Oolding Hebb, 1949. The Organization of Behavior. New York: Wiley & Sons.



19524  IBMa-d #9Samuel (£8, #% 24 ‘MBI ) &t
T—HTUFE IO EERMEE S, T TS ﬁ%%i@%ﬁ%ﬁ
R AL, SRR 3RS 8 A T AL T

S Samuel f IX AN F IR T UU4E MBREEBRAL, Rl AKX —4F
BRAGFF 3] 94 AR

A MBET BLA: REZEXBERTART IR LR
B3 An 1, (A field of study that gives computer the ability without beln
explicitly programmed.) .

€ Arthur L. Samuel, 1959. Some Studies in Machine Learning using the Game of
Checkers. IBM Journal of Research and Development, 44: 206-226.



1957 % EH & iw 4% F4Rosenblatt (£8) 23 7T A E (
Perceptron) #A!, & £ 3 FThe 409N EF TR,

SRIBTUNERMBENEMN T ERIADFRARAAGEAREMNE, Lt 23
HFRANRE B/ RT EIREN AP Z W BAFIR R R I b B 22 2EH)

o =%, WidrowF=Hoff12 & 7 £ =5 3J # N (Delta learning rule)
W TR B Y TR ER IRFAENERESEE,

o domestication ° domestication ° domestication ° domestication

€ Frank Rosenblatt, 1957. The Perceptorn: A Perceiving and Recognizing Automation.
Report 85-460-4. Cornell Aeronautical Laboratory.
€ B. Widron & M. Hoff, 1960. Adaptive Switching Circuits, pp. 96-104.




1969F, Minsky#fePapert3z i 47 & (XOR) FIR, %FE T Redn B
e KRG TEEEERT R, WENEMBRGNT
Kiz+ % S o942

< Z4&19704, Linnainmaa® Xk X 4k T R X A o Bk
(R a3 F xBPo ) |, 1248 S o - %A 5l A2 E A,

AND ) HOR
i) 0 7
H2
[ L)
oy
b4 %] %] %]

Output 0: @ 1 @ is;gﬁgﬁ;ﬁg e gelg?;uf%ﬁ;th
€ Marvin Minsky & Seymour Papert, 1969. Perceptrons: An Introduction to Computational Geometry.
€ Seppo Linnainmaa, 1970. The Representation of the Cumulative Rounding Error of an Algorithm as a Taylor

Expansion of the Local Rounding Errors (in Finnish). Master’s Thesis, University of Helsinki, Finland.
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e IR EHE: BPHRZZNILS

“ A B Wertbos (£H) FT1981F2 B ¥BPEXNH TAZMENIET S
BRI B)S, AR W AN BT AFVARIE

< 35 % ££1985-1986 7 4 4] Mm%'%Wk FbAg kI T4 AIBPE &
k) % % R RBdn 3% 0948 % A8

&&S

N\ \\\
S NI\

€ Paul J. Werbos, 1981. Applications of Advances in Nonlinear Sensitivity Analysis.
Proceedings of the 10th IFIP Conference, pp. 762-770.




e IR REHE: ReRH

%1986, Quinlan (G KA I) 3 TE L9 TR HE % (ID3)
05“@M&”%ﬁ%m&ﬁﬁxﬂ,&%ﬂ%ﬂ?ﬁﬁﬁﬂw
P VLERFSHACEGEE &, tk4wlD4. =)amt. C4.5. C5.0%

outlook

DN

sunny  overcast  rain

A BN

humidity P windy
high normal true false
N 3 N 3

€ John Ross Quinlan, 1986. Induction of Decision Trees. Machine Learning, Vol. 1, pp. 81-106.



= INRREHE: ZIFRE

19954 | Vapnikf=Cortes# i 7 I #F @ =M (SVM) F ik, RAUH %5
IRl mEA LR ERILE &,

CMRIAE, MBEBFIHAHTHRKAR: WMERNLF I FwE
“20004F, HREISVMARIZE G, AP 2 M 4&Z# 4 T TR, SYMAE AT
Aﬁ%n%%m%%ﬁ¢%m T 75 IR 89 A G

€ Corinna Cortes & Vladimir Vapnik, 1995. Support-Vector Networks. Machine Learning, Vol. 20, pp. 273-
297.



P ASVMEL R R Z IR, MEMLFRZTE T E4 . Hochreiter (/217)
BIEAAEE RN, EABPHE R, LAZRMENETIFZ )G, R
SR EMER L (XM EYT )

B RV, AV GATZE M AR AGIIE, BT — W ER AL
AR Ko A w4 (over-fitting) o

€ Sepp Hochreiter, 1991. Untersuchungen zu Dynamischen Neuronalen Netzen (in German). Master’s

Thesis, Technische Universitéa Minchen.
€ Sepp Hochreiter, A. Steven Younger, & Peter R. Conwell, 2001. Learning to Learn using Gradient Descent.

Proceedings of the International Conference on Artificial Neural Networks, pp. 87-94.



o bz Ay, 1997 FFreund#f=Schapire (£ E) #E 7 54— /NA AT E
F ] AR Adaboost, ZAER A WAL E m AT T &R (Galel) %,

CHOER: AR —AMNGENGARRNES RS, RERENEs
AR, MEBEZRORESES (BHRB)

LR £, Adaboost™ YA F 4 A % AT R 89 e R R — AP AL
ABSE—ROEIH - T .

€ Yoav Freund & Robert E. Schapire, 1997. A Decision-Theoretic Generalization of On-Line Learning and
an Application to Boosting. Journal of Computer and System Sciences, Vol. 55, No. 1, pp. 119-139.



“+2001<F, Breiman (£H) #ETH —F L2 ZWESEA: FEAZMK

o FAHUARAMAL A P AN ZRE ] — AT D G m AT, wmk e P A
— BN &k | X — LT AR

Instance

Random V \
@ £A0% ~ KARN

Tree 2 Tree -1
Class A Clalss -B Class B
Majority-Voting l
Final-Class

€ Leo Breiman, 2001. Random Forests. Machine Learning, Vol. 45, No. 1, pp. 5-32-297.



1997

Sepp Hochreiter and Jirgen
Schmidhuber publishes a milestone
paper on “Long Short-Term Memory”
(LSTM). It is a type of recurrent neural
network architecture which will go on to
revolutionize deep learning in decades
to come.

Deep Belief Network 2006

15t learning algorithm for deep belief nets

n and Simon Osindero

Geoffrey Hinton, Ruslan Salakhutdinoy,
Osindero and Teh publishes the paper
“A fast learning algorithm for deep
belief nets” in which they stacked
multiple RBMs together in layers and
called them Deep Belief Networks. The
training process is much more efficient
for large amount of data.

Yee-Whye 1

Department of Compu

GPU Revolution Begins 2008

Andrew NG’s group in Stanford starts
advocating for the use of GPUs for
training Deep Neural Networks to speed
up the training time by many folds. This
could bring practicality in the field of
Deep Learning for training on huge
volume of data efficiently.




ImageNet Is Launched 2009
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Finding enough labeled data has always
been a challenge for Deep Learning
community. In 2009 Fei-Fei Li, a
professor at Stanford, launches
ImageNet which is a database of 14
million labeled images. It would serve
as a benchmark for the deep learning
researchers who would participate in
ImageNet competitions (ILSVRC) every
VCELR

Combat For Vanishing Gradient

rse Rectifier Neural Ne

Yoshua Bengio, Antoine Bordes, Xavier
Glorot in their paper "Deep Sparse
Rectifier Neural Networks” shows that
RelLU activation function can avoid
vanishing gradient problem. This means
that now, apart from GPU, deep
learning community has another tool to
avoid issues of longer and impractical
training times of deep neural network.

AlexNet Starts Deep Learning Boom
2012

AlexNet, a GPU implemented CNN
model designed by Alex Krizhevsky,
wins Imagenet’s image

contest with accuracy of 84%. Itis a
huge jump over 75% accuracy that
earlier models had achieved. This win
triggers a new deep learning boom
globally.




1997

Generative Adversarial Nets

ellow. Jean Pouget-Abadie, Meohdi Mirza, Bing Xu, David W
Sherjil Ozalr. Aarva Courville, Yoshua Bengio
[ prartc ment ormatgque of de revherobe opdratuons
ny de Montrdal
Mostréal. QC H3C 3)

Abstract

. m can be rasned backy
sy Mark Puar ¢ uexoliod spproxamase indee

VL] |k T WP CgEEs 8 S@Hon laorars nqnl

Generative Adversarial Neural Network
also known as GAN is created by Ian
Goodfellow. GANs open a whole new
doors of application of deep learning in
fashion, art, science due it’s ability to
synthesize real like data.

AlphaGo Beats Human 2006

L -

Deepmind’s deep

model beats human champion in the
complex game of Go. The game is much
more complex than chess, so this feat
captures the imagination of everyone
and takes the promise of deep learning
to whole new level.

Trio Win Turing Award

Yoshua Bengio, Geoffrey Hinton, and
Yann LeCun wins Turing Award 2018 for
their immense contribution in
advancements in area of deep learning
and artificial intelligence. This is a
defining moment for those who had
worked relentlessly on neural networks
when entire machine learning
community had moved away from it in
1970s.
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- ICML » Machine Learning
© NIPS (NeurlPS) » Journal of Machine Learning Research
| OVPR » Neurocomputing
: SK[[))I\[; » Expert Systems with Applications
- ICDM o Applied Soft Computing
« PKDD » Data Mining and Knowledge Discovery
= PAKDD (DMKD)
= CIKM o |EEE Trans. On Knowledge and Data Eng.
- UA] (TKDE)
= SIGIR » Pattern Recognition

= ICDE o ACM Trans. on KDD
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= WE-4 3 (Supervised Learning)

= 53452 7% (Sequence Labeling)

= M4 3 (Unsupervised Learning)

© LR AR (Probabilistic Topic Modeling)

= %452 3] (Reinforcement Learning)

= R E5 3] (Deep Learning)

= KIESHAY (Large Language Model)
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Login/Register

Large Scale Hierarchical Text Classification Challenge
PASCAL[HLTTTETH:

Navigation Call for Participation News

< Call for participation Large Scale Hierarchical Text classification ~ May 18 2015 - 15:51

= Datasets, Tracks, Rules and Registration problem
Guidelines = Mar 31 2015 - 10:24

o Important Dates Email: ioannis{dot Jpartalasfat Jgmailfdot Joom Cite the datasets

= Ewaluation < Jam 24 2014 - 12:31

LSHTC4 at K |
[= WSDM Workshop at Kaggle

o Forum Please cite the following paper if you use datasets from LSHTC:
[= LSHTC1 (past challenge)

o Sep 10 2013 - 10:22
Workshop accepted in WSDM

__ . LSHTC: A Benchmark for Large-Scale Text Classification, Ioannis Partalas, Aris Kosmopoulos, 2014
" LSHTCZ (past challenge) Nicolas Baskiotis, Thierry Artieres, George Paliouras, Eric Gaussier, Ion Androutsopoulos, Massih- © Aug5 2013 - 18:04
vOLEETE e e s Reza Amini, Patrick Galinari, CoRR abs/1503.08581, 2015 Start of evaluation

= Jul 30 2013 - 16:39

Follow @LSHTC_Challenge Mew date for evaluation

= Jul 18 2013 - 09:45
LSHTC4 starts

o Sep 21 2012 - 16:06
Workshop Schedule

Large Scale Hierarchical Text Classification is organized by Institute of Informatics and Telecommunications - NCSRE Demokritos in © Jul 52012 - 19:47
Greece, LIG in France, Universite Joseph Fourier in France, Department of Informatics - University of Economics and Business in LSHC3 Workshop
Athens and LiPG of University Pierre & Marie Curie. o Jun 29 2012 - 13:58

Evaluation

http://Ishtc.1it.demokritos.gr/
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w[EtRiE (POS)

The | postman | collected | letters | and  left

““DET: jafid]

NN 241 A
“NNS: ZiRE
“VBD: #iAid £
““CNJ: #Ein




=, @ELSHER (NER)

John | Smith | IS | the | scientist

. of | the | Hadgom | Cop | .

2tag | B, I B, BL, BII, ...

3-tag |B,M,E B, BE, BME, BMME, ...

4tag | B,M,E,S S, BE, BME, BMME, ...

5tag |B,B, M,E,S S, BE, BB,E, BB,ME, BB,MME, ...
6-tag |B,B, B, ME,S S, BE, BB,E, BB, B,E, BB, B,ME, ...




<meta-value>The observed preéipitatioﬁ' and satellite-based precipitation data are the two main datasets for this study.

SAME_AS

_[ SRS

The former is authorized by China Meteorological Admihistration (CMA) National Meteorological Information Center (CMA), the authors do not possess the rights to make these data publicly available.

AME_AS
SAME_AS
SAME_AS

But according to the policy made by CMA, everyone has access to the meteorologlcal data at <ext-link ext-link- -type="un" xmins:xlink="http:/fwww.w3.0rg/1999/xlink™ xlink:href=" http /lcdc.cma. gov cnicdc en/home.dd”

AME_AS

SAME_A
\_ SAMEAS

xlink:type="simple"=http://cdc.cma.gov.cn/cdc_en/home.dd</ext-link= by independently submitting their applications to CMA

AME_AS
i s ~{REPOSITORY FROM) ‘TELEPHONE TELEPHONE EVATL
Some detailed contact form for CMA is listed as follows: Tel: 86-10-68407499 Fax: 86-10-68407499 E-mail: <email xmins:xlink=" ‘hitp:/fiwww.w3.0rg/1999/xlink” xlink:type="simple’ }cdc@cma gov. cn<femail> Postal Code: 100081 Address: No. 46,

Zhongguancun Nandajie, Haidian District, Beijing, China Meteorological Administration National Meteorological Information Center For satellite-based precipitétion data (TMPA 3B42 V?)', itis available from  Figshare  at <ext-link ext-link-type="uri"

i e T EED o
xmins:xlink="http:/fmww.w3.0rg/1999/xlink™ xlink:href="http://dx.doi.org/10.6084/m9.figshare.1296299" xlink:type="simple"=http://dx.doi.org/10.6084/m9.figshare.1296299=/ext-link=.</meta-value=

+ SAME_AS
. .
\_ [DATASET NAME) REPOSITORY TO SAMEAS

S I =
=meta-value=Data are available from GenBank (<ext-link ext-link-type="ur" xmins:xlink="http:/Amww.w3.0rg/1999/xlink" xlink:href="https:/fwww.nchi.nim.nih.gov" xlink:type="simple"=https://www.nchi.nim.nih.gov=/ext-link=).

SPAM SPAN SPAN SPAN ] ( SPAM I ; SPAN )

Accession numbers: for 1,014-bp mtDNA control region sequnces: KY 911550-911578, KY911581-911704, KY911707-911711, KY911713-911718, KY911730,  KY911732-911737, KY911739-911743.  for

( SPAN i ; SPAN ) 5PAN ]

Y- chromosome genes AMELY KYQ:L‘[?4? 753, KYQ:L‘[?Gl 911768, KY911??1 KY911??3 911842, KYQ]J.Q‘M

SPAN

USPYY: KY911850- 911879, KY911881- 911883, KY911885- 911926, KY911928- 911929, KY911931- 911933, KY911935- 911937, KY911939- 911941, KY911948.</meta-value>




g = ﬁ?)ﬁjr F A2 A (HMM) (Rabiner 1989; Freitag & McCallum, 2000;
Xu, 2007

] KA A (MaxEnt) (Berger, et. al., 1996; Ratnaparkhi, 1997)

X E L RA XA (MEMM) (McCallum, Freitag, & Pereira, 2000;
Punyakanok & Roth, 2001)

X Fﬁﬁ)?bb%] (CRF) (Lafferty, McCallum, & Pereira, 2001; Lafferty, Zhu, &
Liu, 2004

o RFn B (Perceptron) (Collins, 2002; Li, Bontcheva, & Cunningham,
2005)

**BILSTM-CRF (Huang et al., 2020)
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=l S,
NEW MILLION CHILDREN SCHOOL i NK FE EE?E F=z
FILM TAX WOMEN STUDENTS {5 =] HELS & e il 2y
SHOW PROGRAM PEOPLE SCHOOLS o n : e .
MUSIC BUDGET CHILD EDUCATION D}’ﬁ A ﬁ’lj el 95
MOVIE BILLION YEARS TEACHERS i It KF Tk ik e
PLAY FEDERAL FAMILIES HIGH it EH K e A 24
MUSICAL  YEAR WORK PUBLIC .
BEST SPENDING PARENTS TEACHER SRS Jiki ? =+ 4 RS
ACTOR NEW SAYS BENNETT [E] fRFTHR <= = Az 2B B 24
FIRST STATE FAMILY MANIGAT e = A o . e
YORIK PLAN WELFARE NAMPHY A i = mﬁ jif * 3 b e
OPERA MONEY MEN STATE Ty g ER8'e 5 2 (ESES| re fit
THEATER PROGRAMS PERCENT PRESIDENT E E i 3 N 5
ACTRESS GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HATTL E 1 AR HIRERE LDA #8282k 25 5 Gif o)

€ David M. Blei, Andrew Y. Ng and Michael 1. Jordan, 2003. Latent Dirichlet Allocation. Journal of Machine
Learning Research, Vol. 3, No. Jan, pp. 993-1022.

® 17k, TR, 2011, HARE S A B K R, i FZP1527K, Vol. 34, No. 8, pp. 1423-1436.



=, FEEHX (2/3)

“Arts” “Budgets™ “Children” “Education™
NEW MILLION CHILDREN SCHOOL

FILM TAX WOMEN STUDENTS
SHOW PROGRANM PEOPLE SCHOOLS
MUSIC BUDGET CHILD EDUCATION
MOVIE BILLION YEARS TEACHERS
PLAY FEDERAL FAMILIES HIGH
MUSICAL YEAR WORK PUBLIC

BEST SPENDING PARENTS TEACHER
ACTOR NEW SAYS BENNETT
FIRS'T STATE FAMILY MANIGAT
YORK PLAN WELFARE NAMPHY
OPERA MONEY MEN STATE
THEATER PROGRAMS PERCENT PRESIDENT
ACTRESS GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HAI'TIL

The Williamm Randolph Hearst Foundation will give £1.25 million to Lincoln Center. Metropoli-
tan Opera Co.. New York Philharmonic and Juilliard School. “*Our board felt that we had a
real opportunity to make a mark omn the future of the performing arts with these zrants an act
every bit as important as our traditional areas of support in health, medical research. education
and the social =services.” Hearst Foundation President Randolph A, Hearst said MNMondasy in
announcing the grants. Lincoln Center’s share will be SZ00.000 for its new building. which
will house wyoung artists and provides new public facilities. The MMetropolitan Opera Co. and
New York Philharmonic will receive 400,000 each. The Juilliard School. where music and
the performing arts are taught. will get $250.000. The Hearst Foundation. a leading supporter
of the Lincoln Center Consolidated Corporate Fund. will make its usual aoooal S 100 000
donation,., too.

€ David M. Blei, Andrew Y. Ng and Michael I. Jordan, 2003. Latent Dirichlet Allocation. Journal of Machine
Learning Research, Vol. 3, No. Jan, pp. 993-1022.
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Navigate documents
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About

SCIgen is a program that generates random Computer Science research papers, including
graphs, figures, and citations. It uses a hand-written context-free grammar to form all
elemeants of the papers. Our aim here is to maximize amusemeant, rather than coherence.

COne useful purpose for such a program is to auto-generate submissions to conferences that wou
suspect might have very low submission standards. A prime example, which vyou may recognize
from spam in vour inbox, is SCIfIIIS and its dozens of co-located conferences (check out the
very broad conference description on the WMMSCI 2005 website), There's also a list of known
bogus conferences. Using SCIgen to generate submissions for conferences like this gives us
pleasure to no end. In fact, one of our papers was accepted to SCI 20050 Ses Examples for
more details.

YWe went to WHRSCI 2005, Check out the talks and video. You can find more details in our blog.

Generate a Random Paper

YWant to generate a random CS paper of vour own? Type in some optional author names below,
and click "Generata"',

Author 1
SUthor 2
AuUthor 3
Author <
Author 5

Senerate Feset

SCIgen currently supports Latin-1 characters, but not the full Unicode character set.
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Bhabha fails to address several key issues that
our approach does fix, In general, Slicer ontper-
formed all existing heuristics in this area [9, 3, 1].

Several psyvchoacoustic and linear-time sys-
tems have been proposed in the literature [35].
The much-touted framework by Sato et al. does
not create SMPs as well as our method. This is
arguably ill-conceived. Brown et al. originally
articulated the need for antonomons algorithms
[14]. Noam Chomsky [13] suggested a scheme for
visualizing robust algorithms, but did not fully
realize the implications of XML at the time.

Oar framework buailds on related work in
client-server information and complexity the-
ory., Unlike many existing approaches, we do
not attempt to learn or study aunthenticated
archetypes. The choice of the Internet in [7] dif-
fers from ours in that we evaluate only technical
methodologies in our algorithm [10]. Our solu-
tion to DHCP differs from that of Davis [11] as
well.

6 Conclusion

In this work we showed that the acclaimed
stochastic algorithm for the simulation of e-
business by Thompson is NP-complete. One po-
tentially tremendouns shortcoming of our frame-
work is that it can store extrems programming:
we plan to address this in future work., We con-
centrated our efforts on demonstrating that the
little-known linear-time algorithm for the con-
struction of model checking by Williams [8] is
recursively enumerable. (On a similar note, our
application can successfully prevent many infor-
mation retrieval systems at once. We plan to
explore more issues related to these issues in fa-
ture work.
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LDAR Y Latent Dirichlet Allocation (Blei, Ng & Jordan, 2003: Blei, Ng & Jordan, 2002;
Mochihashi, 2004)

ATEE';@ Author-TopiC Model (Rosen-Zvi, et. al., 2004; Steyvers, et. al., 2004; Rosen-Zvi, et. Al.,
2010)

ACTE‘E‘;@: Author-Conference-Topic Model (Tang, et. al., 2008; Tang, et. al., 2008; Tang,
et. al., 2010)

AToTHL 2 : Author-Topic over Time Model (shi, et. al., 2013, Xu, et. al., 2014a, 2014b)
COAT 124 coauthor Topic Model (an, et. al, 2014)

Pairnwise-Link-LDA & Link-LDA- pLSA

RTh  AIT & LIT LTHME&CAT AToT coAT

THIDF LSA pLSA  LDA AT ART&RART ToT & DTN APT cDTM & ACT
u -I ----- I ----- |- L -l- I I I I I I | I | I | }
1983 19590 1999 2003 2004 2004 20005 2007 2008 2003 2009 2010 2012 2013 2014

& SKES, TRA, FRBEAR, 2015. ARG BHOCHR A AMERRFAE 1) 32U A e £33k . /37K 7K, Vol. 33, No. 10,
pp. 1108-1120.
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Multi-task least-squares support vector machines

Shuo Xu - Xin An - Xiaodong Qiao - Lijun Zhu

Published online: 30 May 2013
© Springer Science+Business Media New York 2013

Abstract There are often the underlying cross relatedness amongst multiple tasks,
which 1s discarded directly by traditional single-task learning methods. Since multi-
task learning can exploit these relatedness to further improve the performance. it
has attracted extensive attention in many domains including multimedia. It has been
shown through a meticulous empirical study that the generalization performance of
Least-Squares Support Vector Machine (LS-SVM) 1s comparable to that of SVM.
In order to generalize LS-SVM from single-task to multi-task learning, inspired by
the|regulanzed multi-task learning|[(RMTL), this study proposes a novel multi-task
learning approach, multi-task LS-SVM (MTLS-SWVNM). Similar to LS-SVM, one only
solves a convex linear system in the training phrase, too. What’s more. we unify
the classification and regression problems 1n an efficient traiming algorithm, which
effectively employs the Krylow methods. Finally. experimental results on school and
dermatology validate the effectiveness of the proposed approach.

Keywords |Multi-task learning} Least-Square Support Vector Machine (LS-SVM) -
Multi-Task LS-SVM (MTLS-SVM) - Krylow methods
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i) primitives . r)J‘ l T il O L(
procedure GENERATETYPE
/h‘ A\‘ /\ K +— P(K) = Sample number of parts
fori=1..xdo

ii) sub-parts — n; «— P(n;|x > Sample number of sub-parts
) subpa 270 4 7O L s 2550 .
\ / j \ / l l l sij < P(si8:;—1)) > Sample sub-part sequence
end for
i) parts 3 L I ,O R; + P(R;|S:,...,8:_1) > Sample relation
j L end for
. ; / Y« {k,R,S}
;:)n?blft(e:t relation: ™ “ rel-tlon:\ relation: \ return @GENERATETOKEN(y) > Return program
P attached along attached along attached at start
type level

tokenlevel JANC /N AN e
‘/‘[\‘ /\ /\ procedure GENERATE TOKEN()
for(z' - 1...k dc(> )
3) S;™ «— P(S;™|S;) > Add motor variance

> Sample part’s start location
(m) (m) g0m)y . Compose a part's trajector
vi) raw data l, 1 l er?t}l for(— FEL, 5770 P P e e
31' A™)  P(A™) > Sample affine transform
9—- n rL I™)  P(I)T(™m) A(m) > Sample image
return /(™)

€ Brenden M. Lake, Ruslan Salakhutdinov and Joshua B. Tenenbaum, 2015. Human-Level Concept Learning
through Probabilistic Program Induction. Science, Vol. 350, No. 6266, pp. 1332-1338.
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€ \olodymyr Mnih, Koray Kavukcuoglu, David Silver, et al., 2015. Human-Level Control through Deep
Reinforcement Learning. Nature, Vol. 518, No. 7540, pp. 529-533.
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€ David Silver, Aja Huang, Chris J. Maddison, et al., 2016. Mastering the game of Go with Deep Neural
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Big Model + Big Data + Big/Super Cluster

1 9 la}rers sparse autoencoder with:

- local receptive fields to scale up;

Input (0 anether layer above ] _ i
(image with 8 channels) - local L2 poﬂ]]_ng and local contrast normalization

Number of output for invariant features
channels = 8

- 1B parameters (connections)

- 10M 200x200 i]]:lages
- train with 1K machines (1 6K cnres) for 3 days

Number
\ of maps = 8 -able to build high-level concepts, e.g., cat faces and
® human bodies
Number of input
'\ channels = 3 -15.8% accuracy in recognizing 22K objects (70%
=

relative improvements)

Image Size = 200
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