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Toan hoc va tin hoc

m Vai linh vuc tiéu biéu cta toan hoc trong
tin hoc

m Toan hoc trong x&t ly ngdén nglt tv nhién
m Toan hoc va Web
m Toan hoc trong sinh hoc

m Toan hoc trong hoc may
(machine learning)

= Toan hoc va Tin hoc
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Cac ly thuyét, mo6 hinh
toan hoc lam co sd
cho su phat trién tin
hoc.

Pé giai quyét cac van
dé cuha tin hoc va tng
dung tin hoc, tim va
dung cac ly thuyét va
cong cu toan hoc.
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Logic (Iap luan tu dong,
Al, hé thong minh)

Set theory (tap mao, tap
tho, ... tinh toan vai thong
tin khdng du, khéng chinh
xac, ...)

Number theory

(bao mat théng tin)
Combinatorics

(hinh hoc t6 hop, ...)

Graph theory
(mang, sinh hoc, vat ly, ..

Digital geometry and
digital topology
(phan tich anh, etc.)

)

Algorithmics
(phuong phap tinh toan)

Computability
(gidi han ly thuyét va thu'c
té cua thuat toan)

Probability and Markov
chains (xt ly tiéng nai,
sinh hoc, ...)

Linear algebra
(phan tich dir liéu, ...)

Probability (ngau nhién)
Proofs (ky nghé phan
mem, Al)
etc.

& Toan hoc va Tin hoc




Mot sO Iinh vue toan hoc khac

m Thong ké va phan tich dit liéu (statistics,
data analysis)

m Ly thuyét toi wvu (Optimization)

: Toan hoc va Tin hoc




Logic trong tin hoc

Al -

+ )
R
ARTIFICIAL INTELLIGENCE Kn owledg e I nfe rence
(dai s, thdng k&, (logic toan hoc, ...)

toan hoc rdi rac, ...)

m Logic ménh dé, logic tan ti, logic khong chuan (modal,
temporal, non-monotonic, fuzzy, high order, ... logic)

m Thidu: May tv dong dung tam doan luan (syllosism)

Elephants are bigger than dogs
Dogs are bigger than mice
Therefore

Elephants are bigger than mice

= Toan hoc va Tin hoc




Ly thuyét tap hop (tap mo, tap tho)

Xap xi dudi X.:
Hop cla cac I6p tvong duong
nam tron trong X

s Tap md (Zadeh 1965),
tap thd (Pawlak, 1982)

m Rough fuzzy hybridization?
Xap xi trén X":

Hop cla cac I6p tuong
duong co giao khac réng
vai X

Rough sets + Fuzzy sets?

U-{@A AN @} R={color, shapg
Eq.class/color ={{@ @ A} { A W}
Eq.class/ shape={{@ @} {A A} {l}}
Eq.class={{@ e} {A} {A} {H}
X={@ A}, X. ={ A}, X ={@ .0 A)

Toan hoc va Tin hoc




% | = TaiDai hoi Toan hoc Thé gidi Ian

thtr hai (Paris, thang Nam 1900),
Hilbert néu ra 23 bai toan, thach
thirc cac nha toan hoc toan thé
gidi gidi trong thé ky 20.

B = 12 bai toan da dugc gidi toan bo,

8 bai toan dudc giai tirng phan, 3
bai van chua co [0i giai.

= Toan hoc va Tin hoc




7 bai toan ctia thé ky 21

10

m 4 gi0

chiéu Th tv ngay 24 thang 5 nam 2000, Vién Toan

hoc Clay cong bo va thach thirc 7 bai toan cta thé ky 21
(1 triéu $ cho mai I5i giai).

m Bai toan so 1: P versus NP

m Sau bai toan khac:

1. T
2. T
3. T

ne Hodge Conjecture
ne Poincare Conjecture (solved 2006)

ne Riemann Hypothesis

4. Yang-Mills Existence and Mass Gap
5. Navier-Stokes Existence and Smoothness
6. The Birch and Swinnerton-Dyer Conjecture.

= Toan hoc va Tin hoc




Bai toan “P versus NP”

m Né&u ai d6 hadi rang liéu 13.717.421 co la tich cda hai s6 nho
hon khong, ban sé cam thay rat kho tra |0i |a dung hay sai.

= Né&u ngudi d6 bao ban rang sé nay co thé la tich ctia 3607
va 3803, ban cé thé ki€m tra diéu nay that dé dang.

m Xac dinh xem véi moét bai toan cho trudce, liéu co ton tai mot
161 gidi co thé kiém ching nhanh (bang may tinh chang han),
nhung lai can rat nhiéu thoi gian dé giai ti* dau (néu khong
biét 181 gidi)?

m CO rat nhiéu bai toan nhu vay. Chua ai co thé chirng minh
dugc rang, vdi bat ky bai toan nado nhu vay, thuc sy can rat
nhiéu thoi gian dé gidi. Co thé chi don giadn la chung ta van
chua tim ra duoc cach giai chung nhanh chéng. Stephen
Cook phat biéu bai toan P versus NP vao nam 1971.

= Toan hoc va Tin hoc
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Bai toan “P versus NP”

m Bai toan SAT: cho truGc
mot mach dién to
Boolean, lieu co cac
cach chon inputs sao

cho output la True hay
kKhong?

Toi khong tim
ndi cho chef mot
thuat toan hiéu
qua. Pau oc tai
dao nay co ve

Hay tim ngay
cho t6i mot
thuat toan

hiéu qua dé
giai SAT.

m [nputs cua cac mach
dién t Boolean (vdi
cong AND, OR va NOT)
hoac la T (true) hoac la
F (false). M6i cong nhan
mot s6 cac inputs, va
outputs gia tri logic tong
hop duagc.

= Toan hoc va Tin hoc




Bai toan “P versus NP’

T6i khong thé tim dugc
mot thuat toan hiéu qua
bdi vi tat ca nhirng
ngudi ndi tiéng nay
ciing khong tim dugc

T6i khdng thé tim dugc
mot thuat toan hiéu qua
bdi vi khéng thé co mot
thuat toan nao nhu vay.

néu ban chirng minh dugc SAT la intractable néu ban biét SAT la NP-complete

(chirng minh intractability cé thé kho nhu
viéc tim 3i gidi hiéu qua)

: Toan hoc va Tin hoc
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m DO phuc tap tinh toan: P (thdi gian da thuc) va non-P (thoi
gian ham ma). Bai toan kiéu P c6 thé giai dé dang (sap
x€p day so theo tht tv), bai toan ki€u non-P rat kho giai
(tim cac thira s6 nguyén t6 clia mot s nguyén cho trude).

m Ngudi ta tin rang c6 rat nhiéu bai toan thudc ki€u non-P,
nhung chua bao gid chirng minh dugc chinh chung la nhu
vay (hét sirc kho).

m NP (Nondeterministic Polynomial) la mot ho dac biét cac
bai toan kiéu non-P: néu bat ky trong chiing cé nghiém
thdi gian da thirc thi tat cé sé cd nghiém thoi gian da thirc.

m P = NP? CAac bai toan ki€u P va NP |la nhu nhau?

i Toan hoc va Tin hoc
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Thdi gian'da thirc va ham

Time
complexity | n—40 | n=20 | n=30 | n=40 | n=50 | n=60
function

n 0.0001 0.0002 0.0003 0.0004 0.0005 0.0006
second second second second second second

n2 0.001 0.002 0.003 0.004 0.005 0.006
second second second second second second

n3 0.01 0.02 0.03 0.04 0.05 0.06
second second second second second second

no 1 3.2 24.3 1.7 5.2 13.0
second second second minutes minutes minutes

on 0.01 1.0 17.9 12.7 days | 35.7 years 336
second second second centuries

3n 0.059 58 6.5 years 3855 2x108 1.3x1013
second minutes centuries centuries centuries

. Toan hoc va Tin hoc




Scalable algorithms

m Diéu gi xay ra khi di¥ liéu 16n, N>106?

m Can thuat toan heuristic nhanh, gan
dung
2> Fast CMB analysis by Szapudi et al (2001)

O(NlogN) can 1 ngay
O(N3) can 10 triéu nam

m Chu trong dén gia cua tinh toan

>Can ludn diéu khién dugc do chinh xac

>Dat két qua tot nhat trong thoi gian va tai

nguyén cho phép Polynomial time

algorithms
m Dung may tinh song song do not always work!

16 | Toan hoc va Tin hoc




Mat ma va an toan thong tin

17

m La nghién cltu vé bi mat ctia truyén tin (truyén tin
trong diéu kién co ké dich).

m An toan mang va may tinh: quan ly su truy nhap may
tinh va tin cady cua théng tin, va cac &*ng dung nhu:
ATM cards, computer passwords, e-commerce, ...

Germany Lorenz cipher machine

= Toan hoc va Tin hoc



Mat ma va an toan thong tin

m Tao ma (encryption: plaintext > ciphertext) va giai ma
(decryption)

m Khai niém: mat ma (cipher: letter, bit), ma (code: word or
phrase meaning), khoa (key). Rat nhiéu ky thuat:
2 Symmetric-key cryptography (cung mét key cho nhan/guri)

> Public-key cryptography 1976 (public/private key) dua trén
number theory (integer factorization)

> Cryptanalysis (tim diém yéu, khong an toan trong mot hé
dung mat ma)

2 Cryptographic primitives
2 Cryptographic protocols

(Khoa la mot doan tin (piece of information) ki€ém soat hoat déng cia mét thuéat toan tao
mat ma, chi ky dién t&, dinh quyén han (encryption, digital signature, authentication)).

18 ‘ Toan hoc va Tin hoc
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Public-key cryptography

m integer factorization la qua trinh phan tich mét chir s6 da

hop thanh tich ctia cac wdc s6 nhé hon sao cho khi nhan
cac udc sb nay ta duwgc sé ban dau.

BSI team: Nov. 2005, RSA-640 (193 decimal digits, 640
bits) on 80 AMD Opteron CPUs computer.

Khd nhat trong cac bai toan nay la truong hop udc so la
cac s6 nguyén té dudc chon ngau nhién véi cung dd 16n.
Van chua cé thuat toan thoi gian da thic dé phan tich mét
s 16n b-bit thanh tich ctia hai s6 nguyén t6 c6 cung kich
thudc.

Mot trong cac bai toan I6n chua giai duge trong KHMT va ly
thuyét so la viéc tim mot thuat toan dé nhan t&r héa cac s6
trong thai gian da thurc.

& Toan hoc va Tin hoc)
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Finite state machines

May ht*tu han trang thai

La md hinh cua cac hanh vi tao nén
bdi mot s6 hitu han cac trang thai
(states), cac chuyén doi trang thai
(transitions), va cac hanh dong.

MO hinh toan hoc: (Z,5,50,0,F),

Viéc thuc hién mot phan cirng may
tinh doi hdi mot cong-to (register) dé
chira cac bién trang thai, moét khoi
(block) mach logic xac dinh su
chuyén trang thai, va mot khoi thi hai
cac mach logic xac dinh output cua
mot FSM.

= Toan hoc va Tin hoc



Machine learning and data mining

Hoc may va Khai pha di liéu

B \w‘:”.,
ZCRE

.72
® Data mining

Tim tri thirc m&i va
~hiru ich tr nhitng co
s& dir lieu lon.
CM KDD since 1995,

PKDD and PAKDD
since 1997, |IEEE ICDM

and SIAM DM since
2000, etc.
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Machine learning and data mining

Hoc may va Khai pha di liéu

g,
i
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Complexly structured data

m Rat nhiéu di liéu duoc thu thap va tich Iy trong
cac co so dir liéu I6n (hang triéu ban ghi, hang
nghin thuoc tinh).

m Rat nhiéu di liéu la loai dwdc cau trdc phirc tap
(khéng & dang vecto).

ach thirc: Tim thuat toan kha cd dé xur ly dir liéu
|6n va cau tric phirc tap?

= Toan hoc va Tin hoc
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Cac ly thuyét, mo6 hinh
toan hoc lam co sd
cho su phat trién tin
hoc.

Pé giai quyét cac van
dé cuha tin hoc va tng
dung tin hoc, tim va
dung cac ly thuyét va
cong cu toan hoc.

: Toan hoc va Tin hoc
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Toan hoc va tin hoc

m Vai linh vuec tiéu biéu clia toan hoc
trong tin hoc

m Toan hoc trong xt&¥ ly ngén ngt¥ tu nhién
m Toan hoc va Web
m Toan hoc trong sinh hoc

m [oan hoc trong hoc may
(machine learning)

= Toan hoc va Tin hoc




Natural language processing (NLP)

text
Lexical / Morphological Analysis
Tagging (gan nhan t loai) The woman will give Mary a book
Chunking (phan cum tw) l POS tagging
Syntactic Analysis The/Det woman/NN will/MD give/VB
Grammatical Relation Finding Mary/NNP a/Det book/NN
Named Entity Recognition l chunking

_ S [The/Det woman/NN],, [will/MD give/VB];
Word Sense Disambiguation [Mary/NNP],, [a/Det book/NN];

Semantic Analysis l relation finding

Reference Resolution

[The worﬁan] [will‘\'give] [Mary] [a bqok]

Discourse Analysis v

26 : poan hoc va Tin hoc



27

Xu thé trong NLP

Trainable parsers

m1990s-2000s: Statistical learning A
= algorithms, evaluation, corpora 7%[6 FSMs
m1980s: Standard resources and tasks A

2> Penn Treebank, WordNet, MUC

m1970s: Kernel (vector) spaces
> clustering, information retrieval (IR)

m1960s: Representation Transformation

> Finite state machines (FSM) and Augmented
transition networks (ATNSs)

= 1960s: Representation—beyond the word level
> |lexical features, tree structures, networks

: Toan hoc va Tin hoc
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Machine learning and statistics in NLP

24%
(8/34

1992 ACL

1994 ACL

35%

39%

{14f4l]r (16/41)

1999 ACL

87%
(27/31)

B some ML/Stat

(Marie Claire, ECML/PKDD 2005)

2001 NAACL

96%
(74/77)

no ML/Stat

1996 ACL

2005 ACL

& Toan hoc va Tin hoc




St-1 St St+1

0t-1 ot 0t+1

Hidden Markov Models
(HMMs)

[Baum et al., 1970]

- Generative

- Need independence
assumption

- Local optimum

- Local normalization

Ot-1 Ot Ot+1

Maximum Entropy
Markov Models (MEMMs)

[McCallum et al., 2000]

- Discriminative

- No independence assumption
- Global optimum

- Local normalization

More accurate than HMMs

Conditional Random
Fields (CRFs)

[Lafferty et al., 2001]

- Discriminative

- No independence assumption
- Global optimum

- Global normalization

More accurate than MEMMs

29
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JAIST’s CRAY XT3
nux OS, 180 AMD Opteron 2.4GHz CPUs,

8Gb RAM/CPU. total: 1.44Tb ram

Second order of Conditional
Random Fields (Text chunking):

® o e ° ° ° °
A4 * < . 2 . 2 . . . - .

“areseseeesesssssss All phrase chunking, 17h46’ on

# of parallel processes 90 processes Vs_ 1 348 h

= Toan hoc va Tin hoc
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Toan hoc va tin hoc

m Vai linh vuc tiéu biéu clia toan hoc
trong tin hoc

m Toan hoc trong xu ly ngébn ng¥ tu’ nhién
m Toan hoc va Web
m Toan hoc trong sinh hoc

m Toan hoc trong hoc may
(machine learning)

= Toan hoc va Tin hoc
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L =R

Web lin

Predecessors

= N\

The Social Structure of “Countryside™ School District

Foints Colored by Race C While
® Black

® Mixed/Other

.ﬁ- ) ')

Friendship Network
[Moody *01]

Food Web of
Leech Little Rock Lake

Smallmouth Bass
(Cannibal)
Y

Food Web
[Martinez '91]

1st Tropic Level ———¥ ¢
Mostly Phytoplankton 2nd Trophic Level

Many Zooplankton

Over 3 billion
documents

“Toan hoc va Tin hoc



Tim kiém trén Web

Hai cach tiéu bidu (1998):

1. Page rank: tim cac trang
Web quan trong va lién
quan nhat trén Web
(nhU’ trong GOOg|e) Larry Page, Sergey Brin

2. Hubs and authorities:
danh gia chi tiét hon tam
quan trong cua cac trang Swarded
Web . Nevanlinna Prize

b |

L

= Toan hoc va Tin hoc



PageRank: key idea

m Google thuong dua ra mot so6 rat I6n cac trang Web
(‘weather forecast’ - 5.5 million pages). Cac trang lién
quan nhat thudng nam trong mét, hai chuc trang dau.

m Lam sao search engine biét duwgc cac trang Web nao Ia
quan trong nhat?

m Google gan cho moi trang Web mot con sd dac trung tam
quan trong. Con s6 nay dudc goi la s6 PageRank va dugc
tinh nhu gia tri riéng (eigenvalue) cua bai toan

Pw = Aw

& day P dudc tinh dua trén link structure cla Internet. Van
dé co ban la lam sao thiét |ap xac dang duoc link structure
cua toan bdé Web, i.e., ma tran P.

34 = Toan hoc va Tin hoc




PageRank: key idea

m Mo hinh co sd cua thuat toan PageRank la random
walk thuc hién trén toan b6 cac trang Web trén
Internet.

m Ky hiéu p(x) kha nang ta 4 tai trang Web x @ thoi
diém ¢ SO PageRank cta x dugc cac dinh nhu
lim(p{x)) khi {2 .

m Ma tran P co6 tinh chat khong rut gon duoc
(irreducible) va ngau nhién (stochastic), nén random
walk cé thé biéu dién qua chubi Markov, va
PageRank clia moi trang co thé tinh duwoc qua cac
vectors riéng cua P.

35 ‘ Toan hoc va Tin hoc




PageRank: Stochastic matrix

m Méi trang i twong (ng v&i dong i va cdt i ctia P

m Néu trang j c6 n successors (links) va trang i |a
mot trong s6 n succesors cua j thi 6 ijth cua ma
tran dugc la to 1/n, néu khong la 0.

Assume the Web

consists of only @ AlBC
three pages A, B, A | 12| 12] 0
and C. The links

among these pages B |12] O 1
are shown as in the y

graph. B C O | 12| O

= Toan hoc va Tin hoc




The PageRank algorithm

m Ma tran Google Phién co W = initial guess
’ . , 9 R For k = 1 to 50
kich thudc 4.2x10” va do W, = P*w, .
do viéc tim gia tri rieng End
la khéng tdm thudng. Return ws,

m Tim xap xi cac véc to riéng ctia P
(power method)

m Viec tinh toan (matrix-vector multiplications)
phai thuc hién trén cac hé may tinh song
song lan.

& Toan hoc va Tin hoc




PageRank: Example

Wl % % O Wl
W, | =|% 0 1|x|w,
W, | (0 % 0] |w

W, = initial guess

For k=1 to 50
W, = P*W,

End

Return ws,

Bat dau cho w1 = w2 = w3 = 1, va tinh dé quy phép nhan

ma tran voi cac gia tri nay ...

a = 1 5/4
b = 3/2 1
C = 1/2 3/4

38

9/8
11/8
1/2

5/4 ... 6/5
17/16 ... 6/5
1116 ... 3/5




Finding “things™ but not "pages’

Information Extra _Information Retrieval

g dustry. - Microsoft Internet Ex |E|
T
Information foodscience.com-Job?2 »
extraction: the FL @ D JobTitle: Ice Cream Guru p >
process of eXtra?tmg / st 10z 11D Oy € - fOodscience.com 3
text segments (0) S . I
. JobCategory: Travel/Hospitalit
semi-structured or enge ) =gory er =PIty
. JobFunction: Foo vices )
‘ free text to fill qlata . | |
slots in a predefined 7% JobL ocation: Upper Midwest
template /o) c‘ Contact Phone: 800-488-2611
e B DateExtracted: January 8, 2004
S oo sss sersf Sour ce: www.foodscience.com/jobs_midwest.html
Science Fair Hel, )|
— |
FAQs e o el cookic Other CompanyJobs: foodscience.com-Jobl
— e sl o o
e-mail = _ral'one I;g'-leclnidnI _e Ur ¥
aﬁ;rae‘}e:- 10mists will be hosted by AEAweb at the URL below: e
Requires #/BS in Food Science or | »
About | Staff | Jobs __z .0433.1I1- =
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Toan hoc va tin hoc

m Vai linh vuc tiéu bi€u clia toan hoc
trong tin hoc

m Toan hoc trong xt¥ ly ngén ngt tu nhién
m Toan hoc va Web
m Toan hoc trong sinh hoc

m [oan hoc trong hoc may
(machine learning)

= Toan hoc va Tin hoc




Problems in bioinformatics

{IEﬂﬂmtf
g
- - 7 e
I rall

|
E.' chrgmoOsomes

1’.. .--thII'":I.I;.-- - - .’.

Genes contain

Meta b0|0m|CS ; : ins.tru-:ti.uﬂi
Chemicals \ A % for making
v proteins

Proteomics
10,000 Proteins

Proteins

& Toan hoc va Tin hoc




How biological data look like?

Mot mau 350 chir cai ctia day DNA 1.6 triéu
cht (nhé hon 4570 lan):

..TACATTAGTTATTACATTGAGAAACTTTATAATTAAAAAAGATTCATG
TAAATTTCTTATTTGTTTATTTAGAGGTTTTAAATTTAATTTCTAAGGGT
TTGCTGGTTTCATTGI IAGMTATTTAACTTAATCAMTTATTTGAATTT
TTGAAAATTAGGATTAAT TAGG fteintmwmiet: B

File Edit View Help

AGTTAAATTTTTAAATTTAAGG functionlecoli®a?,5,1.4, insB_4","151 protein InsB').

function{ecoli?as, 7,0,0,"b0%8% " cold shock—lke protein’).

G GAAAGAAAGATTTAAATACTA function({ecolifa4,7,0,0," cspG, low—temperature—responsive gene analog of Csp& and CspB homolog of Samonella

cold shack protein’).

CCTTAGAAAAATATGGTATAGA s 1nsss cpmeoss s st ot st :

function{ecoli®ad,0,0,0,"b0992", orf ).

ATATTATGT function{ecoli?a?,3,5,2, torS, sensor protein tors  (3rd module transmitter domain (Pkinase) interacts with torr)™).

e function{ecoli¥s8,3,5,2, torT, part of requlation of tor operon periplasmic{lst module)’).

function{ecoli?a9,3.5,2. tork . response transcriptional regulator for tord  (sensor TorS){1st module)’).

function{ecoli??0,3,5,2, torC”, trimethylamine M-oxide reductase cytochrome c—tvpe subunit also has activity as

lInegativer regulator of tor operon{ist module)’).

function{ecoli??1,3,5,2, tor &, trimethylamine M-oxide reductase subunit’).

function{ecoli??2,3,5,2, torD", part of trimethylamine —N-oxide oxidoreductase’).

functionlecoli9?3,0,0,0, veclr, orf ). v

324,027 bytes

>

Nhiéu loai di¥ liéu khac
42




Po6i sanh day (string matching)

(Approximate) String M atching

43

Input: Text T , Pattern P
Question(s):
P xuat hién trong T?
Tim mot xuat hién cta P trong T.
Tim moi xuat hién ctia P trong T.
Tinh s6 xuat hién ctia P trong T.
Tim day con dai nhat ctia P trong T.

Tim day con gan nhat ctia P trong T.

Xac dinh cac lap truc tiép cta P
trong T.
va nhiéu bién dang khac

Applications:
Liéu P da cé6 trong co sé dit liéu T?
Xac dinh vi tri cua P trong T.
Liéu co6 thé dung P nhu mot nguyén

td cha T?

P c6 tuang déng véi gi dé trong T?
P c6 bi hong béi T?
Lieu prefix(P) = suffix(T)?
Xac dinh cac lap sau trudc (tandem)
cua P trong T.

= Toan hoc va Tin hoc




Pairwise Sequence Alignment

44

Sap day tuwnc

= Input ) % Bai toan co ban nhét cuda tin sinh hoc
> Hai déy ohir cal i <% Céc day dudc sap thang = c6 dung cau
2> Mot cach cho diém tric hodc chirc nang

m Output

> Céch sap thang day téi wu

) thang da biét

ATTGCGC > ATTGCGC
AT b > ATCCGC

< Cho nhiéu ggi y néu cau trdc va chirc
nang cua moét trong cac day duoc sap

ATTGCGC
AT-CCGC

ATTGCGC
ATC-CGC

ATTGCGC
ATCCG-C

: Toan hoc va Tin hoc




Pairwise Sequence Alignment

Sap day tung

m Phé bién dung HMM: Cac cép day dudc sap do
dung cac thuat toan vét can bdi quy hoach dong.

> D06 phirc tap cua cac phuong phap vét can la O(2" )

> n =86 cdc day

m Sap day boi x& dung cac phuong phap heuristic

45

#Rat
#Mouse
#Rabbit
#Human
#0ppossum
#Chicken
#Frog

ATGGTGCACCTGACTGATGCTGAGAAGGCTGCTGT
ATGGTGCACCTGACTGATGCTGAGAAGGCTGCTGT
ATGGTGCATCTGTCCAGT---GAGGAGAAGTCTGC
ATGGTGCACCTGACTCCT---GAGGAGAAGTCTGC
ATGGTGCACTTGACTTTT---GAGGAGAAGAACTG
ATGGTGCACTGGACTGCT---GAGGAGAAGCAGCT
-——-ATGGGTTTGACAGCACATGATCGT---CAGCT

: Toan hoc va Tin hoc




Poan nhangene Gene prediction

La bai toan quan trong cua tin sinh hoc va hién
co nhiéu thuat toan cho doan nhan gene dua trén
cac gene da biét nhu dit liéu huan luyén. Mot ky
thuat toan nhan gene pho bién la Hidden Markov
Models (HMMs).

(given the genomic DNA sequence, can we tell
where the genes are?)

= Toan hoc va Tin hoc
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m Du doan cau tric protein tir cac day

Bai toan doan nhan cau truc protein

m Co6 khoang 15,000 cau truc protein
trong cac co sa dir liéu cbéng cdng,
va trong s nay rat nhiéu cau tric
giong nhau. Con ngudi mdi biét
chirng 1,500 cau truc protein khac
nhau.

amino-acid la mot trong cac bai toan
quan trong nhat cuda tin sinh hoc, va
con ngudi con dang cach [0i gidi rat
Xa.

= Toan hoc va Tin hoc




Du doan tuong

DNA — RNA — protein
Sequence — Structure — Function

DNA Sequence Interaction — Network — Function
| NN ROBEIN /0% S  p

interactions

Protein Structure

Hau hét cac qua trinh sinh hoc
deu lien quan den tuong tac
nao do cua proteins.

Function

48 & Toan hoc va Tin hoc
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Toan hoc trong tin sinh hoc

m Neural Networks
2 Sequence Encoding and Output Interpretation

2 Prediction of Protein Secondary Structure
> Prediction of Signal Peptides and Their Cleavage Sites
> Applications for DNA and RNA Nucleotide Sequences

m Hidden Markov Models

> Protein Applications
2> DNA and RNA Applications

m Probabilistic Graph Models
m Probabilistic Models of Evolution
m Stochastic Grammars and Linguistics

m Kernel methods

= Toan hoc va Tin hoc
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Toan hoc va tin hoc

m Vai linh vuec tiéu biéu clia toan hoc
trong tin hoc

m Toan hoc trong xt¥ ly ngén ngt tu nhién
m Toan hoc va Web
m Toan hoc trong sinh hoc

m [oan hoc trong hoc may
(machine learning)

= Toan hoc va Tin hoc
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Kernel methods: a bit of history

m Minsky and Pappert (1969) chi ra han
ché cla perceptrons.

m Neural networks (tu gitra 1980s) vuot
qua cac han ché bang cach gan vao
nhau nhiéu don vi tuyén tinh (multi-
layer neural networks). Gap han ché
clia toc do va cuc ti€u dia phuong.

m Kernel methods (2000s) n6i cac ham
tuyén tinh nhung trong khoéng gian
feature véi s6 chiéu cao (high
dimensional feature space.)

= Toan hoc va Tin hoc



Kernel methods: the basic idea

Bién doi di¥ liéu vao khéng gian nhiéu chiéu hon
co thé bién dit liéu thanh tach duoc tuyén tinh.

5

E Lbr-foﬁ

_]-1 D 1 z 3 4 5. S TR A e B |:|
P X=R*>IH=R° (X, %) > (X, %, X* + X2)

52 | Toan hoc va Tin hoc




1 05 03
K={05 1 06
03 06 1

m X |3 tap cac oligonucleotides, S gém ba
oligonucleoides.

m Thong thudng, moi oligonucleotide duoc biéu dién bdi
moOt day cac chi cai.
m Trong kernel methods, S dugc biéu dién nhu mét ma
tran cua doé do su tuong tu gitra tirng cap phan tu.
53




Kernel methods: the scheme

m Anh xa di liéu trong & vao mét (high-dimensional) khdng gian vecto, goi la
feature space &, bdi mot ham ¢ trén tirng cap phan tir x.

m Tim cac dang tuyén tinh (linear pattern) trong § vdi cac thuat toan quan biét
(tinh téan trén kernel matrix).

m Khi dung anh xa ngudc, cac dang tuyén tinh trong & cé thé tim dugc cac dang
twong Ung phuc tap trong .

m Viéc nay dudc ngam dinh thuc hién chi bdi ndi tich (inner products) trong &
(kernel trick) xac dinh bdi mét ham kernel

54 = Toan hoc va Tin hoc
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kernel function k: %x , 2l-based algorithm on K
ernel matrix K= {k(x;,%;)}/ (SVM, KPCA, etc.)

Linear algebra, probability/statistics, functional analysis, optimization

m Mercer theorem: Moi ham xac dinh duang déu cé thé viét nhu ndi tich trong
mot khong gian feature nao day.

m Kernel trick: Dung ma tran kernel thay vi dung ndi tich trong khéng gian

feature space.
P Every minimizer of min{C(f A%,y +Q(|f]|,,) admits
m Representer theorem: 0
arepresentation of the form f(.) = ZaiK(., X.)

i=1

= Toan hoc va Tin hoc




Support vector machines

Soft margin problem

I
Lmin_ 2w +C§é

. [&20
" &E-1+y (w'x +b) >0

Input space
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Equivalent to dual problem
W(ar) = —lzz Y Y XX, + Y a
2 j=1 i=1
O0<g <C fori=1...,n

Feature space

i —::f‘::.r_d-*:: o=C
a=0
T ‘e
IR .
:| IlL D‘.'f __________ T -' .
@ oozl 0<0C
Lo oy |

& Toan hoc va Tin hoc




Két luan

m Co moi quan hé sau sac, rong I6n
gira toan hoc va tin hoc.

m Hau hét cac van dé cuia khoa hoc
may tinh déu can dén toan hoc hién
dai & mirc cao hoac rat cao.

57 : Toan hoc va Tin hoc




