
HIDDEN MARKOV MODELS (HMM)
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HMM ->

Estimated
motion

Transition -> (Bayesian Filter) trajectory.
prob, matrix

⑦ Formulating the state transition diagram:

Let sk devote the state of the subject attime K

↳↳ Sk is a random variable, i.e., sk: (22) vixen]
So called the "state variable"

The human's walking motionis captured in

④- -.....
And the measurementand motionmodel is available for each state

-⑲--.......↓ I ↓
m, M2 M3 me

↳ ↳1 ↳ 11

22 22 22 22
↑ (m/sx) 13 13 ↳3 13

↑

P(m=45k =15):
! : .

2w L Ly Lw

③ Key Question:Where is/was the human at time tk?

↑(5x/m,.K) or P(Sk/m:n)
Is this:Posterior or likelihood?



Do you have an intuitive feel for P(S,/m,n)?
Ifnot, fall back on visualizing them as vectors

P(s, =

2]/m,te)me=jet]ma:]
-min) -

aninthe
p(m,to me-jit]...wait

⑦ From this joint distribution (innumerator)

you want toknow which value of skiTe] was the max probability
given the min
measurements you
already have.

③ The denominator is same forall sp=/in], soonlydomeratormatters.
jointdistribution.

③ Turn this posterior to likelihood

y:Pims)
4(SK)

I
Likelihood ... and I Hmmm! This
that is not hard

because it's the sensor's who cares! depends on
measurement quality We only wantto where I was

compare the last. So
numerator, so

ignore denominator. fr 0) P(SK-1)



-.....③ Let's do hismathematically now. An

P(m3/m, m2 5,52 S3)
③ Let'sstart witha basic resultfor P(S1m/m.n) P(s,)s, S2) =P(ss/S2)
-

trajectory given measurements

P(S1.m/n,in) = P(S1n,min)
a P(Sin,min)

P(m,:n)

chain
rule

P(S,:n, m:n) - P (mm/m,in-1,5,.n) P (Mn-1/M1: n-2,5,in)...
P(ABC)

=P(A/BC) P(BI)PCC)
... P(m,/S,:n) * (Sw/s,n-1) ... P(sc/s,)4(s)

markoe
=P(mm/Sm) P(Mn-1/Sn-1) ... P(m,/s)P(su/Sn-1)

-

... (S2/s,)P(s)

P(sin, min) =

4(m,(s)4(s)P(mi/si) 4(s:/si=1)

③ Now we want P(S/m,:n) .....
P(sk/m,n) < P(SK,m1n):P(SK,M1.K, MkH:n),

=P(MKH:n/SK, mi.K) P(SK, m,:K)

MarkovIP(m,+:m((x)4(s,(mix)P(m1:x)
=4(5x/m,.x). P(mk+:n((k)

↓ ↓

Forward (online) Backward (Office)

↓ ↓
Probability mat murder probability that himto sin measurement

suspectis at S: greenst. are Neil St.- Kirby road - lincoln

given k=4 recentsurveillance drive - university avenue, given
Camera measurements of suspect'skin time location
mainstreet -> wright street-> Sk:green Street.

GE Street



③ Let's look atthe forward component P(Sk/m1:x)
⑲ -......it mnz

B =[]
x((x)(1:1) =

4 < P(S, m,:n)

Barginalizing RHS = 2 P(SK, 5k-1, my: k) PA-j
es

Sk- 1

Markovamissusmissi
SK-1

P(s,m,k) =2, (m1/sa) 4(su/S,-1)P(8,-1, m,:x -)
-

call this 2k

: 2k =2P(mx/Sk)P(su/k-1) 2K-1

ramicprogram
③ Initial condition4(S,,m,) =P(m,/s,)P(s) needs to be known.

- ↳
Errors of sensors perhaps all locationsare
derived from theirequally probable
data sheets.

↓

P(Sx/m,,k} Examplingcash Y2 7
Error

P(SK, M1.K) =[0.3, 0.92, .... rvalues]



⑤ Now let's look atthe backward part:P (MKH:2/sk)

P) Mk+1:N/Sx) =4 (mk+:m,Sk)
P(sk)

=Fish Z, (MkHin, SK, Skte)

⑪ = Ts) E4(MK+2:m/Skt, S1, Mk+).
P(mx+1/Sk+1,Sk).

\(x(S/s)P(S12)Markov

·min(s): E m/seti) P(mpt/sin).4(sent/S)Bx+ 1

say LHS =P(Mk+1:n(Sk) =BK

86 Px =2 Bk+ 1
P(mk+1/5k+1) 4(3+1/sx)

Sk+1

↳ ↓ ↓
sensor Transition

Dynamic error probability
program again distribution matrix

③ How should we initialize thisBK?

Bar=P(wwin/Sm-1) =

24(mi
=1 I P(Mr/sm,Sn-1) 4(Sn/Sn-1)uri)
Sn-1) Sw

Bar = 5*(malsn)P(sw/Sn-1) -> Botterms known

Br-z :z n-, P(mn-1/Sn-1) D(Sm-1/Sr-)



③ Recover original goal : PCSKI in , :n) ⇒ offline version

P( Sk f mi : n) = P ( SKI mi : k ) P (mktii.nl Sk)

t t

Dynamic prog .
Dynamic prog

C" -

- ⇐ """" "" :
"!
.÷
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. .. .im?s..spcs..is.y
HMM 's ⇒ Efficiently identifying the most likely value of a state

variable from a huge space of computation and possibilities

⇒ Possible to also compute the fun trajectory
↳ called Viterbi Decoding


