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Data pipeline

Service Providing
Improve urban planning, Ease Traffic Congestion, Save Energy, Reduce

Air Pollution, ...
A

“Urhan Data Analytics

Data Mining, Machine Learning, Visualization
A

n Data Management

Spatio-temporal index, streaming, trajectory, and graph data management,...
A

88888800

Human Air Meteorolo Social Road
Ene
mobility Traffic Quality gy Media “ey Networks

A

W Sensing & Data Acquisition
Participatory Sensing, Crowd Sensing, Mobile Sensing

Urban Computing: concepts, methodologies, and applications.
Zheng, Y., et al. ACM transactions on Intelligent Systems and Technology.



Learning Map

Learning Theory

Linear
Model

Deep
Learning

SVM, decision
tree, logis reg, ...




References

Classification
SVM (a much simplified
discussion)

Bishop: Chapter 7.1



Support Vector Machine -- SVM



Support Vector Machine -- SVM




Support Vector Machine -- SVM




Support Vector Machine -- SVM




Support Vector Machine —SVM 1D




Support Vector Machine —SVM 2D




Support Vector Machine —SVM 1D

There could be multiple such hyper planes



Support Vector Machine —SVM 1D

Maximize the distance/between the two categories -- Margin



Support Vector Machine —SVM 1D

Supporting vectors: Po/ints that are exactly on the margin



Support Vector Machine — SVM

Points Featurel Feature 2 Category
1 0.97 0.27

2 0.77 0.19 P

3 0.33 0.85

4 0.41 0.93

5 0.27 0.32 O

Supervised learning algorithm



Convex Optimization Problem

min ||w||?
w,b

st.wlix+b>1Vx €
wlix+b <1,Vx€C,

Supervised learning algorithm



from sklearn

from sklearn import svm
# features
X=]

[-3,-1]

[0, -2]

[-2.5, 2]

[-1,-1]

[3,.5]

[.5, 3]

(3, 3]

# labels

y=1[0,1,0,1,1,0, 1]

# fit

clf = svm.SVC(kernel='linear').fit(x,y)
# predict

clf.predict([[2, 4]])

Import svm




References

Classification
(Logistic regression)

o

Bishop: Chapter 4.3



Step 1: Function Set

~ 7 > 0 class 1
<
_ z < 0 class 2
P, p(Ci|x) = a(2) o(z) 4 4




Step 1: Function Set




Step 2: Goodness of a Function

Training X X X
Data | ¢ ¢ G Cy

Assume the data is generated based on f,, ,(x) = P, , (C1|x)

Given a set of w and b, what is its probability of generating
the data?

L(w,b) = fw,b (xl)fw,b(xz) (1 — fw,b(x3)) * fwb (x™)

The most likely w* and b™ is the one with the largest L(w, b).

w*, b* = argmaxL(w, b)
w,b



y™: 1 for class 1, O for class 2

L(W; b) — fW,b(xl)fw,b(xz) (1 — fW’b(XB))

w*, b* = argmaxL(w, b)
w,b

*

= |w*, b* = arg min —InL(w, b)
w,b

—InL(w, b)
= —Infy, p(x*) =y —
_lnfw,b(xz) - —

: 1 Inf(x1) -I—e—hv@ﬂﬁ@e%ﬂ

1 Inf(x?2) simulgtr{fomfeicsedeyald

i (1= fup (%) b —fotimfe+ 1 n(1 - f(r*)]



Step 2: Goodness of a Function

L(w,b) = fw,b(xl)fw,b (xZ) (1 — fw,b(xg)) "'fw,b(xN)

—InL(w,b) = Infy,, (") + Infyyp (x2) + I (1 = £, (63)) -

y™: 1 for class 1, O for class 2

=) = [prinfun ) + (=9I (1= fup ™))

n  Cross entropy between two Bernoulli distribution
Distribution p: Distribution q:
p(x=1) =" Cross qix =1) = f(x™)
p(x=0)=1-9" entropy qx=0)=1-f(x")

H(p,9) = - ) [p@in(g() + (1= p()in(1 - g())]

X



Step 2: Goodness of a Function

L(w,b) = fw,b(xl)fw,b (xZ) (1 — fw,b(xg)) "'fw,b(xN)

—InL(w,b) = Infy,, (") + Infyyp (x2) + I (1 = £, (63)) -

y™: 1 for class 1, O for class 2

=) = [prinfun ) + (=9I (1= fup ™))

n  Cross entropy between two Bernoulli distribution

minimize

10 ¢ fx™)
0.0 Cross 1—f(x™)
Ground Truth entropy

A\

yr =



Step 3: Find the best function
(1 — fw,b (xn)) X'

—inLw,b) = > = ["lnfunG™

+ (=9 (1= £,

an' n aW,_

olnfy, p(x) _ dlnfy, p(x) 0z

dlno(z) 1 0do(z2) 1

dw; 0z odw; dw;
/ / 00(z)-

0z  o(z) 0z @‘0‘@1)(1 —0(2)

aWi

= X "l O'(Z)

0z |

0
Z

fw,b(x) = 0(z) , =
=1/(1 + exp(—2))

W-x+b=zwixl-+b
i



Step 3: Find the best function

(1 — fw,b (xn)) xin —fw,b (xn)xl?l
—inbw,b) = = [9"finfup G+ (1 — 971 (1 - fw,boc"))‘[
ow; n ow; L ow
oln (1~ £,,5(0) oln(1-fup(®) 0z 0z _
ow; - 0z ow, ow;
oln(1-o(z))"_ 1 0do0(z) _ 1
07 - 1-0(2) 9z = T=—e(2) U(Z)O\w

fw,b (x) = a(2)

Zzw-x+b=ZWixi+b
=1/1+ exp(—2z) l.



Step 3: Find the best function

(1 o fw,b (xn)) xin _fw,b (xn)xl??
v "
—InL(w,b) = 2 — [ynlnfw,b(xn) + (1 - y"jln (1 — fw,b(an‘
ow; n ow; | L ow

= =[5 (1= fup@™) 2 = (1 = 9™ funp AT
=) =9 SIS e — fup ™) FI ] o

— z — (yn — fwp (x")) x; Larger difference, larger update

n
Wi < W — Uz —\" - fw,b(xn)) X
n



Multi-class CIGSSification (3 classes as example)

C:whb, z=wl-x+b Probability:
H]l> Vi > 0

D), y=1

C,: w4, by, 2z, =w?-x+b,

W3,b3 23:W3‘x+b3

Softmax




. oo . [Bishop, P209-210]
Multi-class CIGSSIfICGtIO” (3 classes as example)

N

Y
Z1:W1‘x+b1—> —by j}
/ L' Cross Entropy !
)
& _
x—>ZZ=W2-x+b2_, — A
5
. X yllnyl
Z3 =WwW> X + b3—> y3
target
If x € class 1 If x € class 2 If x € class 3
1 0] 07
y=10 y=11 y=10
0. 0. 1.

—Iny, —Iny, —Iny;



Limitation of Logistic Regression

Z=wWXx, +W-x. +b
1°%1 2°v2
XIW

1 Classl y20.5 (z=0)
z ‘ 4
W, - ") Class2 y<0.5 (z<0)

I
|
Can we?
o) - Canwe?
®

X1 X2 z>0 z<0
0 0 Class 2
0 1 Class 1
1 0 Class 1 z<0 220
1 1 Class 2 T —



Limitation of Logistic Regression

. 07
. x5 distance to
* Feature transformation 1

= Ho

x5 distance to

Not always easy
domain knowledge
can be helpful




Limitation of Logistic Regression

* Cascading logistic regression models

X

Feature Transformation

-

Classification

(ignore bias in this figure)






(0.73, 0.05)

/3)




Deep Learning!

All the parameters of the logistic
regressions are jointly learned.

X

Feature Transformation Classification

Neural Network




Questions



