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Notation

Yt = Observation at time t
Gt = labels at time t

g = Idx of state

| = duration

Y(Gt) = observation of segment Gt




lToday

Explicit Duration HMM

Y(@Q,) Y@Q) Y@Q)

state, length state

P(Y(Go)la,1) = TTizs—i41 Plyila)

Segment HMM



Variable Duration HMM (1/2)

Add duration variable
Decrement conseguent nodes

State 1@ ) 0 g o 2)
Duration 3 ‘) 2
) ®)

P(StateT | StateT-1, DurationT-1):

. . ([ §(i,7) ifd > 0 (remain in same state)
_ _ D __ . )
_ P(Q: N 7@t — b Qimi=d) = A(i,7) if d = 0 (transition)
CPD P(DurationT | DurationT-1, StateT): ) _
pr(d’) if d = 0 (reset)

P(QtD = d’|QtD—1 =d,Q¢ = k)

1 d(d',d—1) ifd > 0 (decrement)



Variable Duration HMM (2/2)

Add explicit Finish indicator

State
Finish

Dur.

CPD:

'@ >@

N
9/ 6

P(StateT | StateT-1, FinishT-1):

(Qt JQt-1 = i,Fy_q = f

P(DurT|DurT1 StateT, FinishT-1=1):

(Qt _dIQzl—th k,Fi 1 =1
PP =d|1Q2,=d,Qt=k,F_1=0

)

)

P(DurT|DurT1 StateT, FinishT-1=0):
)

P(FinishT="1 |DurT):

)

P(F, =1|Q =d

\/ 2}@/ | @/p\r

@)

I

)

§(i,7) if f = 0 (remain in same state)
A(i,j) if f =1 (transition)

pr(d’)
{ 5(d',d — 1)

undefined
0(d,0)

ifd>0
ifd=0



Variable Duration HMM (2/2)

Add explicit Finish indicator

State 1@ 1@ 1,@ 1@ 2 @) 2»@
Finish )ci@i X;@i o@/(\ \/}1@/ \;@i 0@
Dur. 3@/ 2}@,/ 1) O,@/ QD 2,‘
Obs. @ ®) ®) ®) @ )

P( | StateT, length): P( | StateT):

P(y1.4|Q¢ = k, 1) HP yt|Qt = k)

All observations are independent given states
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Segments as HMMs

Higher level state (@) {\ /:@

Finish @)

Duration @ \@/

Lower level state (;/ / >%> /

Observation

/
O &

P(Obs | StateT, length): prior P(Obs1 | StatelT, State2,1): State?Transition P(ObsT | State1T, State2,1):
P(y14|Q: = k,0) = Y mi(@1) P(y1|Q: = k, QF = a1) H Ar(gr-1, ) P(ye|Qe = k, Q7 = gr)
qi1:i T=2
CPD P(State2T | State2T-1, State1T, FinishT-1): 2( ) f
: 2 N2 o B B 7 (J if f = 0 (reset)
P@i=jl@t-1=1@ =k Fa=f) = { A%(i,7) if f =1 (transition)
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INnference

Forwards Backwards Algorithm

(Start with traditional HMM on board)
max P(Gt | Y)

StateT,

a(g) € P(Gi=g,Y(Gy),Y(Gy))

StateT
def

Bi(g) = PY(GY)|Gt=yg)



Inference (Forwards)

Random Variables:
tp = Prev time
tn = Next time

P(StateT, ) P(StateT, Statel-1, )

a(g) ZP(Gt 9,Gt, = ¢, Y(G;),Y(Gy))
P( | StateT, State++, ) P(StateT, StateT-1,

)
ZP(Y(Gt)IGt =g, 6=1", X6 )P(G: = 9,Gi, = ¢, Y(G,))

( | StateT) P(StateT | StateT-1, ) P(StateT-1, )

Y P(Y(Gy)|Gi = g)P(Gy = g|Gy, = ¢, ¥ )P(Gy, = ¢, Y (G}))

P( | StateT) P(StateT | StateT-1) P(StateT-1, )
Y P(Y(GY)|G: = g)P(G: = g|Gr, = ¢")P(Gy, = ¢/, Y (G))

P( | S?ateT StateT | StateT-1) P(StateT-1, )
O:(9) )  P(gl9")e,(9)

g’ 9



Inference (Backwards) T

SR
@T@?@
NI
(@) —x(@)
@—@
o CEERC

P( | StateT) P( StateT+1 | StateT)
/Bt(g) = ZP(Y(GZ;)’ Y(th)a th — g’|Gt — g)

9 P | StateT+1, State¥) P( StateT+1 | StateT)

= Y P(Y(G})| ¥63,Cr, = g, 60—9)P(Y(Gt,),Gr, = /|Gt = g)
g P StateT+1) P( | StateT+1, StateF) P(StateT+1 | StateT)

= Y P(Y(G})|Gr, = ¢)P(Y(Gy,)|Gr, = ¢, €r=5)P(Gt, = ¢'|Gt = g)

P( |Stgt,eT+1 )P( | StateT+1)P(StateT+1 | StateT)

= ) Bt.(9)0:.(¢")P(d'l9)

gl
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Inference (Approach 2)

Problem! th and tp are random variables!

StateT, DurT,
def

ai(q,l) = PQi=¢q,Li=1F =1y
= P(y1—131:tla,0) LLP ¢,Uq’,1")ae—i(q, V')

I
StateT, DurT | StateT-1, DurT-1)
StateT-1, DurT-1,

StateT, DurT

StateT, DurT,

P(yt+1:T|Qt =q,L; =1, F; = 1)
NS B (@ 1) Pyt |d V) P(d', Ulg, 1)
ql

StateT+1, DurT+1, StateT+1, DurT+1
StateT+1, DurT+1 | StateT, DurT)

,Bt(Qal)
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Learﬂiﬂg Same as HMM but per-segment

Prior N
P( | Statel, FinishO)
i x P(Q1 = i|yr.r) x P(Q1 = i)P(yr.r|Q1 = i, Fo = 1) = mi55(%)

State transition matrix
P(StateT, ) P(StateT+1 | StateT) P( | StateT+1)

Ajj o Z Qy Z)Azgﬁt{z)

= probability of seeing future evidence given that we start in state 1 at t + 1

Observation matrix

T P(StateT+1, FinishT | ) P(StateT+1, FinishT | )

Z P(Qt — ilyl LL P(Qi1 =1, F; = lyi.r) - P(Qt =4, Fy = 1|y1.7)

t=1 t 1<t
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