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CS485/685
Lecture 14: Feb 16, 2012

HMMs continued
[B] Sections 13.1-13.2
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Case study: actigraphy

* Task: infer periods of rest vs activity from
accelerometer data

wrist
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Sleep Detection

* Simple thresholding approach

Sleep Actigraphy Sample
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Alternative: HMM model

* Segment data into short periods of time (e.g., 1 min)
* Monitoring: probability of sleep in each segment
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Parameterization

Class: Y

Measurement: X

— Features: ¢(X)

Initial distribution: Pr(Y,)
Transition dist: Pr(Y;|Y;_1)
Emission dist: Pr(X;|Y;)
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Monitoring

* Suppose we observe the following sequence of
features: X; 3 = (3.5,0.5,0.7)

* What is the probability of Y; = sleep at each time
step?

* Forward algorithm: iterate
Pr(yilxq.i) o Prix;ly;) Xy, , Pr(yilyi—1) Pr(yi—1lx1.i-1)
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Example
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Most likely explanation

* In actigraphy, we are not interested in estimating the
probability of sleep at each time step in isolation

* Instead, we want the most likely explanation (i.e.,
sequence of classes) of the measurements

argmaxy,, ..y, Pr(yo.clx1.¢)

* Viterbi algorithm: iterate
max Pr(yo_i+1|%o.;)
Yo.i

max Pr(yi+1ly:) Prixly:) Jmax Pr(yo.il%o0.i-1)
l 0.1-1
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Example
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Parameter Learning

* Parameters:
— Initial distribution: Pr(Y, = y) = p,

— Transition distribution: Pr(Y; = y|Y;_; = y) = by

Pr(Y; = ylYi_y = ~y) = Py|~y
— Emission distribution:
* Multinomial: Pr(X; = x|Y; = y) = py)y
Pr(X; = x|Y; = ~y) = py~y
* Gaussian: Pr(X; = x|Y; = y) = N(uy, 0,)
Pr(X; = xIY; = y) = N(iy, 0-y)
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Maximum Likelihood

* Supervised Learning: Y’s are known
* Objective: argmaxygram Pr(Yo. ¢, X1 ¢lparam)

e Derivation:
— Set derivative to O
— Isolate parameters
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Multinomial emissions

Let #y, be # of times that process starts in y,
Let #(y', y) be # of times that y’ follows y
Let #(x, y) be # of times that x occurs with y
Pr(Yo.¢, X1.¢)

= Pr(Yp) Hf=1 Pr(Y;|Y;_1) Pr(X;|Y;)

e , #(~y,y)
= p:fg")(l — Py, ) yopffyy”(l — Pyly) 7

#(,~y) #~Y~Y) #(x,y) #(~x,)
Py|~y (1 - py|~y) Px|y (1 - px|y)
#(x,~y) #(~x,~y)
Px|~y (1= Pxj~y)
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Multinomial emissions

¢ argmaXparams Pr()’o..t' xl..tlparams)

( #Yo #~Yo
argmaxy, pye°(1 = py,)

#(,y) #(~y.y)
argmazy,, Py, (1= pypy)

#(y,~ #(~y,~Y)
= | argmaxy, py"y” (1= pyi-y)

#(x,y) #(~x,y)
argmaxp,,,Px|y (1—puy)

#(x,~y) #(~x,~y)
\Argmaxy, ., Px|~ (1- pxl~y)
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Multinomial emissions

* Optimization problem:
maxpi*(1 —pg)*~@

a

= max #a log(p,) + (#~a)log(1 — p,)
Pa

e Set derivative to O:

Pa 1-pa
= (1 —pg)#a = pa(#~a)
#a

e =
Pa = Yavi~a
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Relative Frequency Counts

e Maximum likelihood solution
Py, = #Yo/ (#yo + #~¥0)
Pyly = #, )/ (#»,y) + #(~v,¥))
Py|~y = #(, ~y)/(#, ~y) + #(~y, ~y))
Pxy = #(6,y)/(#(x,¥) + #(~x,¥))
Px|~y = #(x, ~y)/(#(x,~y) + #(~x,~y))
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Gaussian Emissions

e Maximum likelihood solution
Dy, = #Yo/(#yo + #~Y0)
Pyly = #, »)/(#H(,y) + #(~y,¥))
Py|~y = #(, ~¥)/(#y, ~y) + #(~y,~y))

1 1 2
Uy = ;Z{uyi:y} Xi, 03% = ;Z{“yi:y}(xi - Ily)

1 1 2
ey = ;Z{i|yi=~y} xy, 02, = ;Z{i|yi=~y}(xi - “~y)
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