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Markov Property
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- Andrey Markov

0 https://en.wikipedia.org/wiki/Markov chain

Computational finance Speech recognition Speech synthesis
Speech synthesis Part—-of—speech tagging Single—molecule kinetic analysis
Cryptanalysis Handwriting recognition Machine translation
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Markov ChainL/RF}KE

1 Markov chain (discrete—time Markov chain or DTMC)
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Markov ChainL/RF}KE

1 Markov chain (discrete—time Markov chain or DTMC)
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Markov ChainL/RF}KE

1 Markov chain (discrete—time Markov chain or DTMC)
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Markov ChainL/RF}KE

1 Markov chain (discrete—time Markov chain or DTMC)
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PageRank
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o AEETEMTERTUEE (AENEZEEEEH)
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o RG¥E Initialization: P(X)EEX; = x4

o Transition probability: A =P(X;;1|X;)
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2 Transition probability matrix4% %1k 3= %6 %
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A: transition probability matrix, A;;
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Problem 1. Evaluation

BRIERSE AN
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Problem 1. Evaluation
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Problem 1. Evaluation
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Problem 1. Evaluation

WA EPr(oy.7-1, Qr = Sil1)?

o AN#AIgE, HIT — 1R Hqr_1 =S,
o EWLE/T, again!
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Problem 1. Evaluation

R+ E NG

4 Pr(oy.rld) = Zliv=1 Pr(oy.r—1, Qr = Sild)b;(or) =
Iiv=1(bi(0T) Z?’=1 Pr(Ol:T—l: Qr-1 =15 M)Aji)
0 BRI =R A?
o — M HR/N—mBEEEIRE (T — 1)
o BREZXNMB/HARIEITE
o IEANDTWHh—4F, AILLURE ISR, BEEE
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Problem 1. Evaluation

SMRNE X (FIEforwardE %)

4
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P(Ol rld) = Z 1 Pr(og.r—1, Qr = S5;|A)b; (o) =
1(b (OT)Z Pr(01:T—1»QT—1 = Sj‘/l)Aji)
”UK
O at(l) = P(Ol:ti Qt 7 Sllﬁ) 7 |/='\>\(7*EE?
o Initialization: ay(i) =m;b;(0;), 1<i<N
o Induction: For 1 <t<T-1

[ Y
Appq (1) = z ac(j)Aji | bi(0g41), l<i<N
J=1 _
o Termination (output) :Pr(o;.r|1) = Y, ar(i)
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Problem 1. Evaluation
5 [B] B $&backward algorithm
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Problem 2: Decoding
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Problem 2: Decoding
ZM “BRF” HRTEE
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007 Bf, BHZIEIE TS 8 o 5 i MRS I R IR
o B2, JF—wEFIoy.r, EF
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Problem 2: Decoding
it Ey

2 ae(D)pe(i) = P(or.1,Qr = Si|A)
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0 DIMHrEIR
~ i ¥ W Pr(oy.7,Qr = Si|4) o (1) (i)
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Problem 2: Decoding

o Eban@/ENNFRIAVERIZ

SHEAEENER
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Problem 2: Decoding

Viterbi decoding

Jd qi.r = argmax Pr(Q1.7,01.7(1)
g Lt

0 EXESHF (o)
6¢(i) = max Pr(Qq.t—1, Qr = Si, 01.¢|4)

1etl.
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Problem 2: Decoding
MM A

0 MeiEREl + 1
0 Gepq (i) = maX([5t ')A "]b'(0t+1))
%(l)IE*E}Ez NR BEZ LI R 5 XA
’{%n_. y b (0t+1)?
0 FFAERZI + 1, EEABIN—D Elpt(l)la%
B AR B RTE H‘J?IJtzEﬂﬂK—/\Jk
0 Pepq () = argmax([6t ) ])
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Problem 2: Decoding
Viterbi BJ&

O #]iE: 6,0) = m;b;(0)), Y,())=0, 1<i<N
0 BH: 2<t<T, 1<i<N

6:(i) = max ([5t—1 (f)Aji ]bi(Ot))

1<J<N
P () = a{gr_nlaV\X([(St_l(i)Aﬁ )
<j<
J ﬁl]'l:j:
o RRAWLER: P* = max o7 (1)
o FATHRERETZE: q; = argmax(67(i))
1<i<N
Yey1(qe41)
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Problem 2: Decoding
ST

O IR EIESRK a1 (D = X2 ar (DA
0 [BIE2E BN RLXS, (1) = m]aX([5t—1 (j)Aji ]bi(ot))

CI ES'LI;%EI'H 2{E 43 5l = sum—productFlmax—product
o HEZMIANT
o FMnaive T AMITN ELE, MEEBEXBIEEIRS
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Problem 3: Learning

FIRGHEH

0 ZMA=(4,B,n), FENTEERNN, T,
WMEIEO, P\%A (likelihood) P(O|V)EwK

o BERIRBFEEEAINE BERRiR
o BN A EEBaumWelchE A, £M—1E
ERE LAY B2
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Problem 3: Learning

0 R
o MBLER, REH. MHE
o HTMMFFI{0]}
0
o RMBEHEA = (m, A, B)FEBPH{O}DETEK

a0 1E

O
O
O

BHS N
By B2 2 [V o] ji
BEHE—A 85K N5 T

at(D)Aijbj(0t+1)Be+1(J)

$e(l,j) = Pr(Qt = Si,Qt + 1 = §j|o1:T,A) = Pr(o1:T|A)

D37



Baum-We |chE}Xx

(I Iy N Iy )y A Ny Iy I
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Baum—We | ch& %

1. FBEHSHEAO (FIanpEH )

2: re1

3: while {A\ZARBIFUTEL do

4: SR t(1<t<T) FMPFFA i(1 <i<N), EABEEEET 1OHE a,0)

5: MEFE t(1<t<T) MEAAE i(1<i<N), FRERIEEFIOHE B.()

6: SEAB t(1<t<T) MAB i1 <i<N), RTBARTE y,.()

7 SEAE t(1<t<T-1) MEAEL,j(1<ij<N), RIBFL 12. 19WARTEE G, )
8

EIFHSH D
7_L_i(‘r'+1) 13 )/1(1) 1<i<N
) EDHEE (8] x
A = l<sijsN
(r+1) N _ Stealloe=kllye()) :
i T 1<i<N 1< <M
gr & R = sks
9: r—r+1
10: end while
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ERERNRANPLZEEXIER
HUMEETR (FR S /RAIRRE)

1. SK1E: AERBSHMIEE, KPEF|ER)
- HPGEE, XI5F[RE) M EXSFT AR KA
- TH7SHIXIE L : Forward algorithm

2. B ERBSHMES, KeEXTFAR
- TH7SHIXIESL: Viterbi decoding
- REMNFTFANAEER, LMEASBERAYIIL

3. lsk: RERBESHINES, REHHEE
o Mgk =AM
o REHMERESFF
o REBUBERBEE, RESVWMZ EFEVMEE

XA T — BRI HWIMRER, HIEEDOEE X M AVRT, SENEERAE
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BB ST

2 Reinforcement learning (RL) is an area of
machine learning inspired by behaviorist
psychology, concerned with how software

agents ought to take actionsin an

environment so as to maximize some

notion of cumulative reward. —#&

SFE
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° S’ik"a‘?%; AEjJ1lEE%5 Rﬂ?’%ﬁb@%&y P\'{klb\?l:g

HEEER,  yITFAEF

v B¥fr: AgentE KUZEF2ZFEIGC (Cumulative

Reward) HAEEE([G]

G = R(sp,a9) + YR(s1,a1) + Y*R(s,a3) + - state(JR7)

(i ag

@% action(z{F)
agent(ﬁgl W) environmt(%i%)
T reward (3ZJ5)) |
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580 5 3] B i

0 ZREE (policy) BIEEE— T MRS RITEIRIBRE RE n: S - A
© MEERE: V™ (s) = E[G|sg = s, 7]
« DUREFHTE: V'(s) =R(s,a) + Y Xgre5 Psms) (SHVT(s")
v INMEIE
> RIMINERE: Vi(s) = max VT(s)
- RERIELR
> BRI (s) = arg Max Xls/es Pe (sDV*(s)
- MTFHRAERSsERET, B: V(s) =VT (s) = V(s).
0 28! (model)
o FMagentI TENFEHYVIRTS
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IS — X\ R M 45 (GAN)

° Ja- A FU > N ™ EFH :
JCi[R : _ﬁJZTE LR = EERVIEIR . ESER
H1TII14 . BOYR

it : FFEA r'—iémﬁi’J’i . B4
fik: LERL-RI-FLER Rl
o gﬁm EJ&E%E#UDJE’% e Conditional GANs

- « DC GAN
° N @715% .
TR : FUERRRE . BiG GAN
Samples
Latent
Sp
' l i - D Co:m:(?ct7
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@B+ © i
GErEratar Generate d
*' ? Fake
Sampl
e ‘ ittt it itk RO TUNGTERIONG
Noise

R R B R/

minmax V (D, G) = Egp,.. () [log D(x)] + E,p_ () [log(l — D(G(2)))
inma P (@) | J p=(2) ) D50
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99433222333333555557
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194911988533223885577
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MEHMR R EEMSER T LT E !
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B2 ELZBIDi ffusion Probabilistic Model

EBZR: AIL!
p(xolxy) p(ri—1|zy) p(Te|Tisr) p(xr_1|zr)
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B2 ELZBIDi ffusion Probabilistic Model
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B2 ELZBIDi ffusion Probabilistic Model

Algorithm 1 Training Algorithm 2 Sampling
l: repeat 1: xr ~ N(0,1)
2 Xo ~ q(Xo) 2: fort=1T,...,1do
i- b~ [j{;‘(l(_f)"rl‘)n({lw-vT}) 32 2~ N(O,T)ift>1,elsez=0
. E v ) -
5: Take gradient descent step on 4 Xt-1 = \/%—t (xt - \}1__5;69()(153 t)) + otz
Vo ||€ — eo (vVarxo + vI— e, t)||” 5: end for
6: until converged 6: return xo

T = oy + V1 — o€,

Jonathan Ho et al. Denoising Diffusion Probabilistic Models. arXiv:2006. 11239
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Stable Diffusion FH 7=~

Prompt: A silver mech horse running in a dark valley, in the night, Beeple, Kaino University,
high—-definition picture, unreal engine, cyberpunk
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