Machine Learning
for the Quantified Self

Chapter 8

Predictive Modeling with
Notion of Time




Overview

* Previously: we looked at learning
algorithms that did not model time

explicitly
* Today: we will look at algorithms that
consider time explicitly —
— Time series
— Recurrent neural networks
— Dynamical systems models




Time Series

* Time series focus on:
— Understanding periodicity and trends
— Forecasting
— Control

* Time series can be decomposed in three
components:
— Periodic variations (daily, weekly, ... seasonality)
— Trend (how the mean evolves over time)

— Irregular variations (left after we remove the
periodic variations and trend)



Stationarity (1)

Important concept: stationarity
— Trends and periodic variations are removed

— Variance of the remaining residuals is constant

Prerequisite or intermediate step for many
algorithms

Additional criterion: the lagged
autocorrelation should remain constant (note:
X, represents the value of one attribute):
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Stationarity (2)

» Autocorrelation represents in how far there
IS a correlation between a time series and
a shifted version of itself (with A steps)
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Filtering and smoothing (1)

 Let us assume our time series of values x;
with a fixed step size At

* We can apply a filter to our data, taking g
points in the future and past into account:

q
{r — Z Ay Xttr
r=—q

* This generates a new time series z,



Filtering and smoothing (2)

« What could a, look like?
— If we take a, = (2¢g+1)7! itis just the moving
average

— If measurements closer to t are more
Important we can use a triangular shape:

q— r

iyl —q<r<gq
a, = _

0 otherwise

— Or exponential smoothing (only past time
points mostly): ~_ a(l — o)l
r — 2_ a




Filtering and smoothing (3)

Example exponential smoothing
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Filtering and smoothing (4)

Now how can we remove a trend?

Let us take a filter again, but a simple one:
Zt =Xt —Xi—1 = VX

This takes the different between the current
and previous measurement

— Allong term trend has more or less the same
influence on the previous and current time point

We can apply this operator d times (e.g.
d=2): V?x, = Vx, — Vx;_1



Filtering and smoothing (5)

 But x,, might not be a good estimation of
the trend, we can therefore also use an
exponential smoothing z,and take x; — z,
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ARIMA (1)

* Of course we would like to forecast, let us
turn to ARIMA

— Assume a measurement at time point t is
generated by a probability distribution P,

— The expected mean is: u(t) = E|P/]
— The auto-covariance function is:
Y(t1,12) = E[(B — (1)) (P — p(22))]

— A series is stationary when the mean is
constant and when the auto-covariance only
depends on the time difference A =, — £,



ARIMA (2)

* We assume that the probabillity distribution at
time point t is regressed on its own lagged
values (p past measurements to be precise)

* W, is the noise we encounter. We can
account for the noise by a moving average
component (with g past values)

 QOverall the model becomes:
B = (PlPt—l T .. ¢th—p + W+ levt—l + ... GqVVt—q



ARIMA (3)

 |n addition, we consider differencing with an
order d
« So how do we find the values for p, q, and d?

— For p we can look at the correlation between x;
and x,, (Partial Autocorrelation Function)

— We can do a grid search over the other
parameters and determine the goodness of fit
(e.g. using the Akaike Information Criterion)

* And how about the other parameters?
— We use our data, e.g. for autoregressive
component:
N

S = Z (Xt = O1xr—1 — - — OpXs—p)

t=p+1



ARIMA - example (1)

* One step ahead prediction (p=3, g=2)
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ARIMA - example (2)

* Multiple steps ahead prediction (p=3, q=2)
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ARIMA - example (3)

* Seasonality decomposition
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ARIMA - example (4)

* Multiple steps ahead prediction with
seasonality (p=3, 9=2)

10 |

-10 ! ]
19:01:31 19:01:32 19:01:33

|

time 17



Neural networks with time

 Variant of neural networks that take time
component into account explicitly

* Let us consider the simplest variant first:

input output
layer layer

X,(t) D?
X,(t) D<

X (1) DL

Y4 (t) Té

> Y, (t+1)
internal network




Recurrent neural networks (1)

* Not very different from our previous neural
networks, but cycles make training tricky

— How do we handle this?

— We unfold the network, and apply back
propagation again

xxxxxxx

internalnetwork | i [ internal network

X,(t-n) D?
X,(t-n) D<




Recurrent neural networks (2)

* How does this work mathematically?

— Update of regular connections remains the
same:

Aw;j = 775j(f))7t(i)

5:(1) = (P/(Vj(f))(y}i —yAt(D) if j is an output node
] ¢'(v;(t)) Zlf(5k(t )wjr) otherwise

— For recurrent connections we take:

Aw;; =18;(1)5",

k

§i(r—1)=¢" (vj(t—1)) Y _(&(t)wjk)

1



Echo state networks (1)

* Training of RNN's is difficult

* Echo state networks try to tackle this
problem

* Have a reservoir of randomly collected
neurons

= N
5ot




Echo state networks (2)

* We have several matrices of weights:

Wim is an n x p matrix for the weights from the input layer to the reservoir.
W is the n X n matrix of the internal weights in the reservoir.
Weut ig the [ x n matrix that specifies the weights to the connections between the

reservoir and the output.

« Win and W are randomly set and fixed, we
only learn Wout

* We compute the output as follows:
riv1 = @(W"xi1 + Wry)
Vitl = Qour (Woutr i+1)



Echo state networks (3)

* And we simply learn a Wettthat minimizes
the difference between the actual and
predicted y

« How should we create the random
reservoir?

— It should satisfy the echo state property

Definition 8.1. Echo state property: The effect of a previous state r; and a previous

input x; on a future state r;; should vanish gradually as time passes (i.e. k — )
and not persist or even get amplified.



Echo state networks (4)

* And how do we establish this?
— Follow this procedure:

Algorithm 19: Reservoir initialization procedure

1. Randomly initialize an internal weight matrix Wy. Wy should be sparse and have a mean
of 0. The size n reflects the number of training examples N (should not exceed % to %’
depending on the complexity)

2. Normalize Wy to matrix Wy with unit spectral radius by putting Wy = p(‘l,‘,o) Wy

3. Scale W1 to W = aWj where o < 1, whereby p(W) = «
Then W is a network with the echo state property (has always found to be)




Dynamical Systems Models (1)

* The final type of temporal model we will
focus on are dynamical systems models

» Express differential equations between
attributes and targets

X1

o>



Dynamical Systems Models (2)

* Equations are based on domain
knowledge (e.g. scientific papers)
* Models do contain parameters that can be

tuned

— that is where the machine learning will come
into play



Dynamical Systems Models (3)

* Let us consider an example model

— model the relationship between activity and
mood (think of the example of Bruce)

Vmood (t +At) = Yimooa (t)+
Xourside(®) - (N1 - (1= Yimood () - POSVactiviry tevel () = Ymooa (£) )+ 0 o
V2 Ymood () - €8 (Yactivity tevel (t) — Ymooa (t))) - At pos(v) = {
activity tevel (t + A1) = Yactivity levet (f)+ with

v otherwise

. =T v v<0
(Y3 ’ (1 — Yactivity level (t)) ) pos(sm( ¥ ))—|— neg(v) = {() otherwise

I — YT
v ) Al

Y4 - Yactivity level (t> : neg(sin(



Parameter optimization (1)

 How important are the parameters?
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Parameter optimization (2)

 How do we find appropriate parameter
settings?
— Manual tweaking requires a lot of labor

— We have data available that allows us to find
“the best” parameter values using machine
learning

— Assume A is a vector of parameter values,

then the error we see is
E(A) = Z ($(¢) —y(t))* where $(¢) is the prediction of the model given A

t=1



Simulated Annealing (1)

Let us first focus on a very simple algorithm:
simulated annealing

— We randomly move in our parameter space
« so we randomly select values for our parameters

— Is that all?

- Nope, we assume a temperature of our process, and a
maximum number of iterations (k,,.,)

« WWe accept parameter vectors that are better

* Depending on the temperature we can also accept
parameter vectors that are worse (exploration)

* The closer we get to the end (the lower the
temperature), the lower the probability of accepting
vectors with worse performance



Simulated Annealing (2)

Algorithm 20: Simulated Annealing

Acurrens = random

Eprev — >

Temp = Tempj,;;

for k from 1 to k., do

for iin A do
| A/ = A; +random

end

if E(A") < E(Acurren:) then
| Acurrent =1

(E(Acurrent) —E(A/))
elseife  fTemr > random(0, 1) then

| lcurrent =A'
Temp = o - Temp

end
return 2fcurrent

31



Genetic Algorithms (1)

« Second option is to optimize the
parameters using genetic algorithms

* We consider the simple GA

* \We encode our parameter values as bits
(genotype), these are individuals

A

A,

1

0

1

110111

* \We create a whole population of these
iIndividuals



Genetic Algorithms (2)

From the population, we select parents for
a mating pool

We perform crossover and mutation

We select a new population for the next
generation

We continue this for a number of
generations



Genetic Algorithms (3)

Algorithm 21: Simple Generic Algorithm

population = random initialization of population with set population size ps

for i from 1 to max_generations do
Select ps parents according to equation 8.21

Select pairs of parents from the individuals we have selected (without replacement)
Apply crossover to the parents with probability p. or copy the original parents
Apply bitwise mutation with probability p,, on the result individuals

The individuals we have just created become the new population

end
return fittest individual in the final population

34



Genetic Algorithms (4)

Selection of individuals is done by a roulette
wheel:
_ _(I-EA))

Z?iq_SlzeE(A«j)

Crossover is straightforward (if we apply it to the
parents), select a crossover point:

crossover point

l

child 1 l1]o]a]1]o]1]o]1]

child 2 [1]1]o]a]ofa]a]1]

Mutation is done per bit, with a probabillity p,,




Multi-Criteria Optimization

What if we have multiple targets?

We could just take the average error over all
targets (in fact, we have done so)

We might however be interested in the trade-
off between different targets

This is then a multi-criteria optimization
problem

We call a dynamical systems model with
certain parameter values A a model instance



Pareto efficiency (1)
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Pareto efficiency (2)

* We assume an error function per target

N

Etarget (A) — Z (ytarget (t) — Ytarget (t) )2

¢ We waTmt to look for non-dominated
Instances

Definition 8.2. A model instance A,, is dominated by another model instance A,
when the mean squared error obtained by model instance A,, is lower for at least one
target and not higher for any of the other targets.

* Formally:
1 diel,..., q: El()vm) > E,'()Ln)/\
dominated(Ap, Ay) = Viel,..., q:Ej(An) > E;j(An)

0 otherwise



NSGA-II (1)

The NSGA-II algorithm can find these non-
dominated model instances

NSGA = Non-Dominated Sorting Genetic
Algorithm

It has a population of solutions (like the
simple GA)
We create fronts from the population



NSGA-II (2)

Algorithm 22: Finding Pareto Fronts

find_pareto_fronts(P):

used =[]

i=0

F =[] while |P| > 0 do

P’ = P[1] // The first model instance in the population

forpc PAp ¢ P do

P'=P'U{p}

forgc PPAp#qgdo

if dominated(q, p) then
| P =P\{q)

else if dominated(p, q) then
| P'=P\{p}

end

end

Add P to F
P=P\P
i=i+1

end
return F
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NSGA-II (3)

* We would like to get a nice spread of
solutions across the Pareto Front

* We compute the distance of points to
other points in the front and sort the points
based in this distance (highest distance
first)

* Points on the boundary are set to infinite
distance



NSGA-II (4)

Algorithm 24: NSGA-II main loop

R, = P, UG, // Take the parent and child population
Fi,...,Fy = find_pareto_fronts(R;)

P=0

i=1

while |P11| < |P;| do

if |P,1| - |P| > |F;| then

Pi1=Fh1UF

i=i+1

else

d = distance_assignment(F;)

Fyorted = SO”(Fiad)

Pr1=F4U {Fsorted[l]} U.--uU {FsortedHPt—H ‘ - |Pt|]}

end
Create C;1 using crossover and mutation
t=t+1

42



Case study

* Let us move to the CrowdSignals again

* Recall from last time: how did we tune the
parameters”?
— Cross validation
— Does that make sense now?
— Nope it does not.....

trainingset ~ testset
| A

X
:
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time
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Algorithms used

* \What techniques do we use?

— Note: normalize values to [0,1] and [-0.9,0.9]/
[0.1, 0.9]

Algorithm

Variant description

Parameters varied

Echo State Network|Randomly connected reservoir

Number of neurons in reservoir:

(ESN) of neurons with tanh activation |{500, 1000,5000}

function with the output being fed |at: {0.4,0.6}

back into the reservoir
Recurrent ~ Neural [Recurrent neural network with|number of hidden neurons: {50,100}
Network (RNN) one layer of hidden neurons with|maximum iterations over the entire

a sigmoid activation function and
sigmoid output nodes

dataset: {250,500}

Time series

ARIMAX  algorithm
Bayesian inference

using

0,1
0,1
0,1}

,3,5}
,3,5}

A

p:
q:
d:




Time series

 Autocorrelations we observe:
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Results (1)

 Results:

Mean Squared Error
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Results (2)

Time series:
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Results (3)

* Time series feature importance:

Approach B
MA(1) 1.8606
MA(2) 2.2943
MA(3) 2.0588
MA(4) 1.2991
MA(S5) 0.4741
acc_phone x -0.2286
acc_phone_y -0.3136
acc_phone_z 0.1977
acc_watch_x 0.1259
gyr_phone_y -0.1105
gyr_phone_z -0.1282
labelOnTable 0.2781
labelSitting -0.1099
mag_phone_y -0.1317
press_phone_pressure 0.1173




Results (4

Recurrent Neural Network:
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Results (5)

Echo State Network:
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