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Pro¢ modelovat chovani zvirat?
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Tomas

Hlavni myslenka:
Rozdily v chovani zvifat jsou znatelné v pFislusnych modelech
Motivace chovani.

m Sledovani zmé&n v chovani

m Porovnani chovani jedinci
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m Chybégjici hodnoty
m Linear interpolation

Data a jejich

predzpracovani fL(X) _ f(XO) + bl (X _ XO)

by = f(x1)—f(x0)

- X1—X0
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m Chybéjici hodnoty
m Linear interpolation, f;
m Quadratic interpolation

Data a jejich
predzpracovani

fo(x) = f(x0) + bi(x — x0) + ba(x — x0)(x — x1)

flx)—flx1) _ fx1)—f(x)

b2 — Xp —X1 X1 —Xp

X2—X0
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m Chybégjici hodnoty
m Linear interpolation, f;

m Quadratic interpolation, fg

Data a jejich
predzpracovani

m Cubic interpolation

fc = bo+b1(x—xo)+ba(x—x0)(x—x1 )+ b3(x—x0)(x—x1)(x—x2)

f3)—=flx) _ flo)=f(x1) _ flx1)=flx)
by = — 8= )2_;10 X1—X0
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m Chybéjici hodnoty
m Linear interpolation, f;

Data a ech m Quadratic interpolation, fg
s

m Cubic interpolation, f¢
m Kombinace

f(X) — fL(X)';fQ(X)
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m Quadratic interpolation
m Cubic interpolation
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Data a jejich

m Quadratic interpolation

m Cubic interpolation

e m Kombinace

® e data points

— linear interpolation

—  quadratic interpolation

— combination of interpolations
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m Quadratic interpolation
m Cubic interpolation
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predzpracovanf

-1
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— linear interpolation
— quadratic interpolation

—— combination of interpolations
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Pozi¢ni data

Modelovani a

ol m Chybégjici hodnoty
chovani zvifat m Linear interpolation

m Quadratic interpolation
m Cubic interpolation

Data a jejich

e m Kombinace

* o data points

0.0) — linear interpolation

— quadratic interpolation

—— combination of interpolations
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m Quadratic interpolation
m Cubic interpolation

Data a jejich

e m Kombinace

m Filtrace Sumu
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m Quadratic interpolation

m Cubic interpolation

Data a jejich

e m Kombinace

m Filtrace Sumu
m Median filter
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m Cubic interpolation

Data a jejich

e m Kombinace

m Filtrace Sumu
m Median filter
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Pozi¢ni data
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chovani zvitat . . .
m Linear interpolation

m Quadratic interpolation
m Cubic interpolation

Data a jejich

e m Kombinace

m Filtrace Sumu
m Median filter

m Moving average filter

m Kalman filter
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predzpracovani

0

Position

10



Kalman filter
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Modelovani lindrniho systému
Skryty markovsky model se spojitymi stavy

b it Initial conditions(x,) Measurement(z,)
ata a jejich
predzpracovani

Predict

step

State estimate(x;)
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Co je uvnit¥f?

measurement(z)

Data a jejich new estimate(xt)
pFedzpracovani (posterior)
X¢ = Xt + Ky

residual(y)
y=2z-%

prior(x,)

posterior(x, - 1)
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Legend

Prediction step

B ¢ x-state
@~ =Fz+ Bu ® P -uncertainty covariance
— T
Data a jejich P = FPF + Q ® Q - process uncertainty
predzpracevant Update step ® U - motion vector
y=z—Hz" * B - control transition matrix
— L] - iti i
S=HP HT +R F - state transition matrix
— _ * H - measurement function
K=P HTS! _
_ * R - state uncertainty
z=z Ky

® S-measurement space

P = (I—KH)P7 ® K-kalman gain
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Prediction step
r = F:L' + Bu Predicted (a priori) state estimate

P7 == FPFT + Q Predicted (& priori) estimate covariance
Update step

Data a jejich
predzpracovani
Yy=2z— Hax™ Innovation or measurement residual
S — HPfHT + R Innovation (or residual) covariance
K — P_HTS_l Map system uncertainty into optimal kalman gain
xr = way Updated (a posteriori) state estimate

P — (I _ KH)P_ Updated (a posteriori) estimate covariance
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Related work
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analyza_ Modelovani chovani mysi v labyrintu [1]
B Hidden Markov Models

I " chb.dat! —e—

Prehled pFistupt

e
S
F

10 50 90 130 170 210 250 290 330

qbr =BEEBBFFAAEE

qb: =EDECEEBEEFEAEDDDF

qbs; =FCCFFEFAFEEBEBBEEFDD

qbs =DDFFCEBBFAEEBBEEBEEFFFC

qbs =CCCFEEDDDEDDDEAAAFFBFBFFBBBFF
qbs =FFAAEFBFEB

qb; =BEEEAAA

qbs =AFFBFAAEEBEBEEE
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Modelovani chovani skotu [2]
Hidden Markov Models

stay regions
HMM:s for
each locale
state

Prehled pFistupt

D(#6-->4#3)

\

travel region
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Modelovani chovani skotu [2]

Prehled pFistupt

resting / sleeping eating / walking

9953




Related work

Modelovéni a
analyza
ovani zvifat

Modelovani chovani lidi [3]
Fuzzy Q-state learning + Agglomerative fuzzy clustering

State S, : drinking coffee (o) Fuzzy partition for the state Linguistic description
¢H IL'”*§71IYIS TV (a2) certainty of each membership function
Sy ‘having ameal (+) p .
. X 3 4 :“cold morning
Action a, : serving coffee -
o ) :“cold afternoon

s turning on TV
: serving a meal

a “hot morning”

E xR F

Context attributes
timeand temperature

“hot evening”

Prehled pistupii
temp.
Linguistic description for fuzzy-state transition
x,=(15,5) : "time = 15:00, temp.=5°C"

A~ : Evaluation for “serving coffee on cold morning”,  u,(x)=0.2 (certainty)
( Sk FO(x)

)

: Evaluation for “serving coffee on cold afternoon”

(certainty)

: Evaluation for “serving coffee on hot morning” (\ )=10.02 (certainty)

valuation for “serving coffee on hot evening”,  u,(x)=0.08 (certainty)
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Prehled pFistupt

P¥istupy modelovani sekvenci

Slice 1

m Dynamic Bayesian network

Slice 2

—

State (hidden) nodes: a,b,c

Slice N
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m Dynamic Bayesian network
m Hidden Markov Models

Prehled pFistupt




P¥istupy modelovani sekvenci
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m Hidden Markov Models

m Linear chain Conditional Random fields

Yi-1 Yt Yi+1

Prehled pFistupt

Xt-1 Xt Xt+1



P¥istupy modelovani sekvenci
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Dynamic Bayesian network
Hidden Markov Models
Conditional Random fields
LSTM RNN

Prehled pFistupt

SYNAPSE_0

. layer_0
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m MnoZina skrytych stavid Y = {y1,y2,...,yn} a
pozorovanych vystupd X = {x1, x2, ..., xpm}

m Sekvence stavli Q = g192g3...gT a sekvence vystupi
O = 010203...0T

m Pravd&podobnosti prechodi (transitions) A = {aj;}

e Wi aj = P(q: = yjlge-1=yi), 1<i,j<N

Model



Co je Hidden Markov Model (HMM)?
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m MnoZina skrytych stavid Y = {y1,y2,...,yn} a
pozorovanych vystupd X = {x1, x2, ..., xpm}

m Sekvence stavli Q = g192g3...gT a sekvence vystupi
O = 01003...0T
m Pravd&podobnosti prechodi (transitions) A = {aj;}

Hidden Markov ajj = ’D(qt = .yj|qt71 = .yi)a 1< Ia./ < N
m Pravd&podobnosti pozorovanych symbolil (emissions)
B = {bi}

bij=Plor=xlqe=yi), 1<i<N, 1<i<M



Co je Hidden Markov Model (HMM)?
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chovani zvitat )\ — (A’ B7 7T)
m MnoZina skrytych stavid Y = {y1,y2,...,yn} a
pozorovanych vystupd X = {x1, x2, ..., xpm}

m Sekvence stavli Q = g192g3...gT a sekvence vystupi
O = 01003...0T
m Pravd&podobnosti prechodi (transitions) A = {aj;}

Hidden Markov ajj = ’D(qt = .yj|qt71 = .yi)a 1< Ia./ < N
m Pravd&podobnosti pozorovanych symbolil (emissions)
B = {bi}

bij=Plor=xlqe=yi), 1<i<N, 1<i<M
m Pravd&podobnosti potatenich stavlii m = {m;}
Ti=Pla=y), 1<i<N
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Jak HMM pouzit?

Modelovani a

analyza P(O, Q) - Trellis diagram

chovani zvitat

T
Hidden Markov :D(Ol7 .., 0T,q1, .-, qT) = P(Q1)P(01|Q1) H P(qk|qk71)P(0k|qk)

Model
k=2

T

P(017 < 0T, d15 oy qT) = Tq bq1,01 H 31, bq‘”ok
k=2



Jak HMM pouzit?

Modelovani a

analyza P(O, Q) - Trellis diagram

chovani zvitat

T
'I:I/Iigj:‘n Markov :D(Ol7 -, 07,41, .-, qT) = P(Q1)P(01|Q1) H P(qk|qk,1)P(Ok|qk)
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T
P(017 < 0T, 01, -0, qT) = Tq bq1,01 H Aqk—1,qk bqk,ok
k=2

m Vybaveni modelu? Viterbiho algoritmus - arg maxg P(O, Q[))



Jak HMM pouzit?

Modelovani a

analyza P(O, Q) - Trellis diagram
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T
'I:I/Iigj:‘n Markov :D(Ol7 -, 07,41, .-, qT) = P(Q1)P(01|Q1) H P(qk|qk,1)P(Ok|qk)
k=2
T
P(017 < 0T, 01, -0, qT) = Tq bq1,01 H Aqk—1,qk bqk,ok
k=2

m Vybaveni modelu? Viterbiho algoritmus - arg maxg P(O, Q[))
m U&eni modelu? EM algoritmus - arg max, P(O, Q|\)
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m Spektralni shlukovéni pomoci Bhattacharya divergence[4]

m Spektralni shlukovani pomoci Kullback-Leiblerovy
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m Variational hierarchical EM [6]
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Existujici algoritmy shlukové analyzy HMM
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m Spektralni shlukovéni pomoci Bhattacharya divergence[4]

m Spektralni shlukovani pomoci Kullback-Leiblerovy
divergence[5]

m Variational hierarchical EM [6]

gl \/ Cem je problém? — Normalné rozdélené emissions!
Jak z toho ven? — definovat vzdélenost jinak.
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Jomes Euklidovska vzdalenost[7]

m Euklidovskd vzdélenost mezi ¥adky matice B

dec(N, V) = \/ SN SR b — b |2

m Minimalizovand Euklidovskd vzdalenost
N . M
Amec(A X') = \/ & Sy min 4 i — B2

Vzdalenost mezi

modely Pravdépodobnostni rozdéleni B je z hlediska podobnosti dvou
HMM nejvyznamé&jsi [8].




Statistickd vzdalenost |
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Kullback-Leiblerova divergence[7]
vypocletné nirotné — aproximace

dkc (A X) = [ & 5(0) 08 ,f&'?, P(O[\)dO

predpoklad: Q@ = Q" = Qopt, modely si jsou podobné

it N) = [ o c(0) 108 5(&;“00”;\\/) P(O[\)dO

@A predpoklad: Markovsky fetézec je ergodicky

Vzdalenost mezi

: dvie(\ ) = cloy 108 At SR P(OIA) +




Statisticka vzdalenost |l
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omas 1
L dvie(A\, N) — € :m (log ay,y,,, — log a;’ty)’t+1)+
t—1
1T
m Z ( log by, x. — log b;/t,xt)
t—1

Délka sekvence O je dostateéné dlouha

B

Vzdalenost mezi d ()\ )\/) ~ g . 2:7:(log a:i — log &’ +
modely Vit\ /A, ~ OVit gyt g ajj g dijj
isf

Z bikﬂ'i( log bjj — log bfj)
ik



Shlukovani
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Hierarchistické shlukovani
m Linkage ze vzdélenostni matice (single, average, complete)

Spektralni shlukovani

m podle Shi a Malik (2000)
m podle Ng, Jordan a Weiss (2002)

m Vytvo¥ime matici vzdalenosti X

m Reprezentace této pomoci podobnostniho grafu
Xl
Zvolené pristupy m Similarity matrix W, wjj = e 202

[ ] Degree matrix D, D,',,' = ZjGV Wij, D,"J';,'?gj =0



Spektralni shlukovani - Shi and Malik
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it e Vypotet vlastnich &isel (D — W)y = ADy

Tomas

Pomoci druhého nejmensiho vlastniho &isla rekurzivné
délime graf.

Minimum cut

o® oo 0

. -

o ® _
o' 0° o

Zvolené pfistupy

Normalized minimum cut Minimum cut
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Evaluace modelu
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m Vizudlni evaluace doménovym expertem

m Evaluace pomoci Viterbiho sekvence

Label Acc. Mean | Acc. Variance
S1 93.45% 2.22
S2 99.76% 0.69
S3 93.94% 2.82
S4 94.83% 4.12
S5 85.73% 3.93
P¥esnost 83.86% 476

Vysledky



Vysledky shlukovani
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distance

Vysledky

m single linkage

single linkage

16 21320102819251118 380 4 12172914 826 72327242116 92215 5
cluster id




Vysledky shlukovani

Modelovani a . .. , s s
rell Hierarchistické shlukovani
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m Single linkage

Tomas

m Avereage linkage

average linkage

distance

Vysledky 135

136 1392757 215142022192528231030 1126 4 2129 8 121824 17 16
cluster id



Vysledky shlukovani

Modelovéni a

analen Hierarchistické shlukovani
chovani zvifat . .
m Single linkage
m Average linkage

m Complete linkage

complete linkage

21 F

distance
o

Vysledky

430 31425 8122226 2 913271018 12315212911 1620 528 6 1924 7 17
cluster id
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- 769

477
400

348 —_ :
i 323
H 305 B 284

H 268 262

' 240

' 213 —_

: 177 - 148 I 172 To4

== 141 s M 4a
Groupl Group2 Group3 Group4

478 — 488

Vysledky
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Dékujeme za pozornost.

m tomas.sabata@fit.cvut.cz

m tomas.borovicka®fit.cvut.cz
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