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Topic 20

eHMMs with Evidence

eHMM Collect

eHMM Evaluate

eHMM Distribute

eHMM Decode

*HMM Parameter Learning via JTA & EM
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HMMs: JTA with Evidence

oIf y sequence is observed (in problems 1,2,3) get evidence:

p(e.7)=rplq,)[1_rlale )1 _»@q)

eThe potentials turn into slices:

et o )X vl
~.

bl q, '{a,)

(q) <la)=vla.y)=r(y )
(bw(qul) —’w(ql’yl)

eNext, pick a root, for example rightmost one: xb(qT_l,qT)

eCollect all zeta separators bottom up:
"(a)="(a.v,) = p(%; 14)
oCollect leftmost phi separator to the right:
¢ (g,) = D (5 ) (v — 7o) = (7 5 % %
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HMMs: Collect with Evidence

eNow, we will collect (*) along the backbone left to right
eUpdate each clique with its left and bottom separators:

RS @?E@Eﬁi

!qqt1= 1 qqt1

o' (4..)=22, w (qt 0,.,) = th ¢ (qt)p( I qm)%,%

eKeep going along chain until right most node
eNote: above formula for phi is recursive, could use as is.
eProperty: recall we had ¢ (¢,) = p(7, )

d>*(q1) D p(??o qo)p(y1|ql) (qllqo)zp(??o,ﬁl,ql)

17 (q,) =" p(y v, q) (v,1a,)p(a,1q,) = p(v,.9,.¥,.9,)
(a.) =" P(VoE 5.4)p(..19..)p(d., 19) = PV, E ..4..)

/‘\
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HMMs: Evaluate with Evidence

eSay we are solving the first HMM problem:

1) Evaluate: given y,,...,y; & 6 compute p(y,,...,Y+l0)
oIf we want to compute the likelihood, we are already done!
e\We really just need to do collect (not even distribute).
eFrom previous slide we had:

o'(a.,) =22, P50 )P, la.,)p(a, 16) = P(Vp %0
eAs we collect to the root (rightmost node), we finally get:

(0,)= p(7,E 7.00,) E gjﬂ

eCan compute the likelihood just by marginalizing this phi
()= U, 2(BpBrg)= 1 " (4))

¢S50, adding up the entries in last ¢* gives us the likelihood
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HMMs: Distribute with Evidence

eBack to collecting... say just finished collecting to the root
with our last update formula:

a0 = #*(?"1)$*(1qT)! (G0 ) = # (o )ply: 1o)%,_

eNow, we distribute (**) along the backbone rlght to Ieft
eHave first ** for root (stays the same): ¥ (qT ¥ qT qT ¥ qT)
eStart going to the left from there:

)= v (aa.,)
< (Olm):Zok v (a9,
o), -
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HMMs: Marginals & MaxDecoding

eNow that JTA is finished, we have the following:
" (q,)" p(g, 17,E.7,) < (th) X p(q+1 y,.E ,VT)
)" (qt,qm) < p(g,q,,17,E ,?7T)
e\We have done part of the HMM Problem:
2) Decode: given y,,...,yr & 0 find p(q,),...,p(gr) and q,...,qt
eThe separators define a distribution over the hidden states
This tells us the probability the audio y, was phoneme g

e\We can also decode to find the most likely path q; ... g
eHere, we use the ArgMax JTA algorithm
110002220000111111

eRun JTA but replace sums with max
eThen, find biggest entry in separators: (@i

g = arg max, o (qt) vt =0ET E?

§i G E 2R
AP aE=s
2 s fe B

8 | ¥ ;
. E B § £2:Z
o E- skizi IB=EE
I
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HMMs: EM Learning

Finally 3) Max Likelihood: given vy,,...,y; learn parameters 6
eRecall max likelihood: = argmax, logp(7|!)
oIf observe g, it's easy to maximize the complete likelihood:

1(6) = 1og[p(ay)
= tog(p(a,) T p(a 9 J[T_,p(5 I}
logp( )+Zt 1logp(qt )+Zt Ologp( ]q)
—tog [T = [+ S oe TT T o, [ + 300 1o T T
=Y dlogm + > >4 dlogay + 30 ST ST gy logn,

Introduce Lagrange ~ — Zjilﬂi =1 ZIOLU =1 . Ny =
& take derivatives Tvy . .
— 0 :qi 0 = # t= Oqtqt 1 r = = qu
i 0 ij M T"1 i k " n N o T Gy

# k=1# t= oqtqt 1 k=1 tzoqtyt

riyi
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HMMs: EM Learning

eBut, we don’t observe the g’s, incomplete...

p(y1t)=" cplayit)=" .t ", pla)$ _.p(a19,.)$ P Ia)

*EM: Max expected complete I|keI|hood given current p(q)
U= By e lonp(esy =" B plals)iosn(en)

qr
- E{" Zﬂélog! T ! jzln Z’:l Z#lqj Og$ + " tho Ml l g—lqy Iog%}
n M j n ' n M ' q M y N i j
= i= {qo} |Og| + t=1 7,]= 1E{ t#lq }log$ + =0 i=1 j:lE{qt} ytj Iogo/%
M- step IS maximizing as before:

#oEd) L YA
#“#I: L S S W 22 I 27

b, = E{qo} Yy =

e\What are E{}'s?
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HMMs: EM Learning

eBut, we don't observe the q’s, incomplete...

p(716)=>p(av10)=>"t >, pla)IT.pla 1o )T ,p(¥: Ia)

*EM: Max expected complete Iikelihood given current p(q)

EV()) = Bygeanlloplav)i =" (E" . plaly)iogp(ay)
_E{Z .q, log, +Zt 12 94 logo, +Zt OZ Z, .9y’ logn, }
=" {qo}logqr +3 Z, B { 1q}|ogu +50 Z, B { }y logn,

oM-step is maximizing as before:

v # ., Flad. ) A S E{a}y
' = F{q r L=
=l ey, C# L) SLEL ey
e\What are E{} 's? E { } E Xp<X)x‘ — E :Xp(x)6(x :xi):p(xi)
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HMMs: EM Learning

eBut, we don't observe the q’s, incomplete...
p@l)=" wlezlt)=" " p(4)$ . 2(e10.)$ -,»(7 0)
*EM: Max expected complete likelihood given current p(q)
E{l(e)} — Ep(qo ,,,,, arl) {lng(q,y)} - Zqo '”ZqT p<q | y)logp(q,y)
e X lorm, + XA losa, + X 3T 4y, los )
_ZM { }1og11 —I—Zt 121 » { 1qt}log0¢ +Zt OZ Z, B { } JlogT]
*M-step is maximizing as before:; ) o
E{ } r # {qtqt } b = ! t:oE{qZ} Y,
T, = Eqq, T T i~ o N oy T ik
# k= 1#t 0 {qtqt } k=1 t=OE{qt}yt
*What are E{}'s? £, {s'}=3" p(z)e' = p(2)8(s=2') =p(']
eOur JTA v & ¢ marginals! (JTA is the E-Step for given 0)
Efqq,}=pla =iaq., =iy Efdf=pla =ily)
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HMMs: Gaussian Emissions

eInstead of table for emissions, have Gaussian:
p(y 11)=" ,playl)=" .t "  p(a)$ . .pal9.)$ P lq)

where pl(y, Iqt):N(yt |pq,|)

eM-step is maximizing as before:
T-1 i
B = E{q‘} § — Zt:OE{qtqt]Jrl}
i 0 1] M T-1 i
LY Bl

Can thus handle _
continuous time series Q@[X@W

as in speech recognition




