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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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§ Task: infer activities performed by a user of a smart walker
§ Inputs: sensor measurements
§ Output: activity 

Backward view Forward view

Case Study 1: Activity Recognition
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§ 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)

Inputs: Raw Sensor Data
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§ 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

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)

Data Collection
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§ Parameters
§ Initial state distribution:  𝜋!"#$$ = Pr(𝑦% = 𝑐𝑙𝑎𝑠𝑠)
§ Transition probabilities:  𝜃!"#$$&|!"#$$ = Pr(𝑦()% = 𝑐𝑙𝑎𝑠𝑠&|𝑦( = 𝑐𝑙𝑎𝑠𝑠)

§ Emission probabilities:   𝜙*#"|!"#$$+ = Pr(𝑥(+ = 𝑣𝑎𝑙|𝑦( = 𝑐𝑙𝑎𝑠𝑠)
or   𝑁 𝑣𝑎𝑙 𝜇!"#$$+ , 𝜎!"#$$+ ) = Pr(𝑥(+ = 𝑣𝑎𝑙|𝑦( = 𝑐𝑙𝑎𝑠𝑠)

§ Maximum likelihood:
§ Supervised:     𝜋∗, 𝜃∗, 𝜙∗ = 𝑎𝑟𝑔𝑚𝑎𝑥-,/,0 Pr(𝑦%:2, 𝑥%:2|𝜋, 𝜃, 𝜙)
§ Unsupervised: 𝜋∗, 𝜃∗, 𝜙∗ = 𝑎𝑟𝑔𝑚𝑎𝑥-,/,0 Pr(𝑥%:2|𝜋, 𝜃, 𝜙)

𝑦!

𝑥!" 𝑥!# 𝑥!$…

𝑦!%"

𝑥!%"" 𝑥!%"# 𝑥!%"$…

𝑦!%#

𝑥!%#" 𝑥!%## 𝑥!%#$…

Hidden Markov Model (HMM)
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Demo
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Maximum Likelihood

§ Supervised Learning: 𝑦’s are known
§ Objective: 𝑎𝑟𝑔𝑚𝑎𝑥8,9,: Pr 𝑦;..= , 𝑥;..= 𝜋, 𝜃, 𝜙

§ Derivation:
§ Set derivative to 0
§ Isolate parameters 𝜋, 𝜃, 𝜙

§ Consider a single input 𝑥 per time step
§ Let 𝑦 ∈ {𝑐;, 𝑐>} and 𝑥 ∈ {𝑣;, 𝑣>}
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Multinomial Emissions

§ Let #𝑐!"#$%# be # times of that process starts in class 𝑐!
§ Let  #𝑐! be # of times that process is in class 𝑐!
§ Let # 𝑐! , 𝑐&  be # of times that 𝑐! follows 𝑐&
§ Let #(𝑣! , 𝑐&) be # of times that 𝑣! occurs with 𝑐&
§ Pr(𝑦'..# , 𝑥)..#)

= Pr 𝑦' ∏!*)
# Pr 𝑦! 𝑦!+) Pr(𝑥!|𝑦!)

= 𝜋!&
#!&'()*( 1 − 𝜋!&

#!+'()*( 𝜃!&|!&
#(!&,!&) 1 − 𝜃!&|!&

#(!+,!&) 𝜃!&|!+
#(!&,!+) 1 − 𝜃!&|!+

#(!+,!+)

𝜙'&|!&
#('&,!&) 1 − 𝜙'&|!&

#('+,!&) 𝜙'&|!+
#('&,!+) 1 − 𝜙'&|!+

#('+,!+)
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Multinomial Emissions
• 𝑎𝑟𝑔𝑚𝑎𝑥8,9,: Pr(𝑦;..= , 𝑥;..=|𝜋, 𝜃, 𝜙)

⟹

𝑎𝑟𝑔𝑚𝑎𝑥8!" 𝜋?"
#?"#$%&$ 1 − 𝜋?"

#?'#$%&$ 	

𝑎𝑟𝑔𝑚𝑎𝑥9!"|!" 𝜃?"|?"
#(?",?") 1 − 𝜃?"|?"

#(?',?")	

𝑎𝑟𝑔𝑚𝑎𝑥9!"|!' 𝜃?"|?'
#(?",?') 1 − 𝜃?"|?'

#(?',?')	

𝑎𝑟𝑔𝑚𝑎𝑥:)"|!" 𝜙A"|?"
#(A",?") 1 − 𝜙A"|?"

#(A',?")

𝑎𝑟𝑔𝑚𝑎𝑥:)"|!' 𝜙A"|?'
#(A",?') 1 − 𝜙A"|?'

#(A',?')
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Multinomial Emissions
§ Optimization problem:  

argmax	
#!"

𝜋$"
#$"#$%&$ 1 − 𝜋$"

#$'#$%&$

= argmax
#!"

	(#𝑐&'()*()log(𝜋$") + #𝑐+'()*( log(1 − 𝜋$")

§ Set derivative to 0:

0 = #$"#$%&$

#!"
− #$'#$%&$

&,#!"

⟹ (1 − 𝜋$")(#𝑐&
'()*() = 𝜋$" (#𝑐+

'()*()

⟹ 𝜋$" =
#$"#$%&$

#$"#$%&$-#$'#$%&$
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Relative Frequency Counts

§ Maximum likelihood solution
𝜋$"#$%&$ = #𝑐&'()*(/(#𝑐&'()*( + #𝑐+'()*()

𝜃$"|$" = #(𝑐&, 𝑐&)/(#(𝑐&, 𝑐&) + #(𝑐+, 𝑐&))

𝜃$"|$' = #(𝑐&, 𝑐+)/(#(𝑐&, 𝑐+) + #(𝑐+, 𝑐+))

𝜙/"|$" = #(𝑣&, 𝑐&)/(#(𝑣&, 𝑐&) + #(𝑣+, 𝑐&))

𝜙/"|$' = #(𝑣&, 𝑐+)/(#(𝑣&, 𝑐+) + #(𝑣+, 𝑐+))
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Gaussian Emissions

§ Maximum likelihood solution
𝜋$"#$%&$ = #𝑐&'()*(/(#𝑐&'()*( + #𝑐+'()*()

𝜃$"|$" = #(𝑐&, 𝑐&)/(#(𝑐&, 𝑐&) + #(𝑐+, 𝑐&))

𝜃$"|$' = #(𝑐&, 𝑐+)/(#(𝑐&, 𝑐+) + #(𝑐+, 𝑐+))

𝜇$" =
&
#$"

∑{(|1$2$"}𝑥(,								𝜎$"
+ = &

#$"
∑ 𝑡 𝑦( = 𝑐& 𝑥( − 𝜇$"

+

     𝜇$' =
&
#$'

∑{(|1$2$'}𝑥(,							𝜎$'
+ = &

#$'
∑ 𝑡 𝑦( = 𝑐+ 𝑥( − 𝜇$'

+
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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
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Dependencies modeled by 
convolutional neural networks



Objective and Acyclicity Constraint

CS486/686 Spring 2023 - Lecture 12 - Pascal Poupart PAGE  16


