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Outline

= Case Study 1: Activity Recognition

= Farheen Omar, Mathieu Sinn, Jakub Truszkowski, Pascal Poupart, James Tung
and Allan Caine (2010) Comparative Analysis of Probabilistic Models
for Activity Recognition with an Instrumented Walker, UAI

= Case Study 2: Sports Analytics

= Xiangyu Sun, Oliver Schulte, Guiliang Liu, Pascal Poupart (2023) NTS-

NOTEARS: Learning Non-parametric DBNs with Prior Knowledge,
AISTATS.
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Case Study 1: Activity Recognition

= Task: infer activities performed by a user of a smart walker
= Inputs: sensor measurements
= Output: activity
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Inputs: Raw Sensor Data

= 8 channels:
= Forward acceleration
= Lateral acceleration
= Vertical acceleration
» Load on left rear wheel
= Load on right rear wheel
= Load on left front wheel
= Load on right front wheel
= Wheel rotation counts (speed)

= Data recorded at 50 Hz and digitized (16 bits)
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Data Collection

= 8 walker users at Winston Park (84-97 years old)
= 12 older adults (80-89 years old) in the KW area who do not use walkers
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Output: Activities
— Not Touching Walker (NTW)
— Standing (ST)
— Walking Forward (WF)
— Turning Left (TL)
— Turning Right (TR)
— Walking Backwards (WB)
—  Sitting on the Walker (SW)
— Reaching Tasks (RT)
— Up Ramp/Curb (UR/UC)
—  Down Ramp/Curb (DR/DC)
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Hidden Markov Model (HMM)

Vit

D@ - @ L) -
= Parameters

= Initial state distribution: m.,.; = Pr(y; = class)

= Transition probabilities: 6iqss/c1ass = Pr(¥e+1 = class’|y; = class)
= Emission probabilities: gbf,a”dass = Pr(x}t = val|y, = class)
or Nwalluiigss) Obass) = Pr(xt = val|y, = class)
= Maximum likelihood:
= Supervised: 1w, 0% ¢* = argmaxgg ¢ Pr(yi.r, X1.7|7, 6, P)
= Unsupervised: %, 8%, ¢* = argmaxy g ¢ Pr(x,.7|m, 0, ¢)
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Demo
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Maximum Likelihood

Supervised Learning: y’s are known
Objective: argmax, g  Pr(yy ¢, X1 ¢|7, 6, P)

= Derivation:
= Set derivative to 0
= Isolate parameters 7, 6, ¢

= Consider a single input x per time step
= Lety € {c;,c,}and x € {v,,v,}
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Multinomial Emissions

Let #¢;7'%* be # times of that process starts in class c;

Let #c; be # of times that process is in class c;

Let #(c;, ¢;) be # of times that ¢; follows c;

Let #(v;, ¢;) be # of times that v; occurs with ¢;

Pr(yO..tl xl..t)
= Pr(yo) [Ti=1 Pr(y;ilyi—1) Pr(x;|y;)

start start

= (T[C1)#C1 (1 o 7-[61)#62 (6C1|C1)#(Cl,61)(1 — 6c1|c1)#(C2,C1) (9c1|cz)#(C1,C2)(1 — 9C1|62)#(C2»C2)
) ) ’ (v,

(¢V1|C1)#(v1 Cl)(l _ ¢v1|C1)#(v2 Cl) (¢v1|C2)#(U1 CZ)(l _ ¢v1|C2) (vz CZ)
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Multinomial Emissions

» argmaxgg e Pr(yi.e x1.¢|m 0, @)
(

argmaxy, (nc 1)#Cftmt(l — T, 1)#C§mrt
argmaxe. ., (HC1|C1)#(61,61) (1 o HC1|C1)#(C2’61)

#(cq1,C2) #(cy,Cn)
= A argmaxg. ., (HC1|C2) o (1 o Hcllcz) v

(¢v1|C1)#(v1’61)(1 o ¢U1|C1)#(UZJC1)
(¢v1lcz)#(v1’62)(1 o ¢U1|C2)#(UZJC2)

argmaxe, ..

argmaxe, .

\
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Multinomial Emissions
» Optimization problem:
(1 o T[C1)

= argmax (#c$'*Hlog(n.,) + (#c3* ¥ log(1 — 1)

7'L'C1

#Cit(l’l"t #Cgtart

argmax (nc 1)
Ty

= Set derivative to 0:

. #Cfta’l"t #Céstart

0= —
Tcq 1-m¢,
= (1 — e ) (i) = (1, ) (H#e5H)
#Cstart
= T, = .

1 #Citart_*_#cgtart
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Relative Frequency Counts

» Maximum likelihood solution

Tostare = #HePHE [/ (#efH0TC + #c510T)

Oc,1c, = #(c1,c1)/(#(cq, ¢1) + #(ca,€1))
Oc,1c, = #(c1,2)/ (#(cy, c2) + #(cy, 2))

Pvyjc, = # (V1 €1)/(# (v, €1) + #(V2, 1))
Pvyjc, = #(V1, €2)/(#(Vy, €2) + #(v2, ¢2))
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Gaussian Emissions

» Maximum likelihood solution

—_ start start start
T[Cftart — #Cl /(#Cl + #Cz )

Oc ic, = #(c1, 1) /(#(c1,¢1) +#(c2,¢1))
Oc.|c, = #(c1,¢c2)/(#(cq,c2) + #(cz,02))

_ 1 2 _ 1 _ )
”Cl — H#Hcq Z{tlytzcl}xt’ O-Cl — #cq Z{tb’t — Cl}(xt ‘ucl)

2 2

1 1
He, = g, 2itly=c} Xt 06, = 30 Litly, = 62}(xt ~ He,)
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Case Study 2: Sports Analytics

= Xiangyu Sun, Oliver Schulte, Guiliang Liu, Pascal Poupart (2023)
NTS-NOTEARS: Learning Non-parametric DBNs with Prior
Knowledge, AISTATS.

= New technique to learn the structure of a Dynamic Bayesian Network

= Application: Professional Hockey (NHL 2018-2019)

= What are the factors contributing to a goal?
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Random Variables and Dependencies

Variables

| Type | Range

time remaining in seconds

| continuous | [0, 3600]

adjusted x coordinate of puck \ continuous | [-100, 100]

adjusted y coordinate of puck | continuous | [-42.5, 42.5]

score differential

| categorical | (—oo, +00)

manpower situation

categorical | {short
handed,
even strength,

power play}

x velocity of puck

‘ continuous | (—00, +0)

y velocity of puck

| continuous | (—oo, +00)

event duration

‘ continuous ‘ [0, +00)

angle between puck and net

| continuous | [—, 4]

home team taking possession ‘ binary

| {true, false}

shot

| binary | {true, false}

goal

| binary | {true, false}
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Objective and Acyclicity Constraint
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