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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 SVM, decision
Learning tree, K-NN ...




References

Regression

Bishop: Chapter 1.1



Regression: Output a scalar

e Stock Market Forecast

) = Dow Jones Industrial
Average at tomorrow

f(

 Self-driving Car

) = Degree to turning the
steering wheel

f(

e Recommendation

f (Customer A itemB ) = Chance of purchase



Example Application

 Estimating the Combat Power (CP) of a pokemon
after evolution

f(

Xs |Bulbasaur X
-p

Grass / Poison |11.62i| 068 m
Type Weght Helgtnt




Step 1: Model

y=b+w:-Xxg

w and b are parameters
(can be any value)

-~ fry=10.0+9.0 - x,
Asetof | IERNN  fy=9.8+9.2-x,
function | 7 7 .- iy =-0.8-12-x,
...... infinite
CP after
f( = Y
evolution
\ Xi: Xcps Xnps Xwr Xp -
Linear model: | y =b + 2 Wi X; feature

w;: weight, b: bias



Step 2: Goodness of Function

y=b+w:-x,

function function
A set of input:  Output (scalar):

function f1 f2
e 2

Training
Data




Step 2: Goodness of Function

Training Data: 600 - .
10 pokemons 1400
(x1’ Al) § 1200 -
S 1000 A
A = n Hsn
(x%,9%) 800 4 (%2, 9™)
7
% &0 4 \ e
o
)
400 - .
(x10 $10) b a— .
D __ ’ T T T T ! !
ThlS iS real data 0 100 200 300 400 500 600 700
’ Original CP
Xcp

Source: https://www.openintro.org/book/statdata/index.php?data=pokemon



Step 2: Goodness of Function

y=b+w:x,
Loss function L:

A set of
fonction | £ £ ... Input: a function, output:
Jis s how bad it is
l 10 Estimation error

2
G]?odrggss]?f L(f) — z (}f;n _ f_(xézﬁ)
unction -
n=l Estimated y based

Sum over examples , )
on input function

Training L(w,b) 10

Data Z An (b+W xcp))



Step 2: Goodness of Function
L(w,b) = Z(f/"—(b+w-x?p))2

* Loss Function

n=1

4
Each point in
the figure is a 2
function

= 0 y=-180-2"-x,
The color L1
represents
L(w,Db). . = ey e
(true example) -z00 ~180 ~160 ~140 -120

b



Step 3: Best Function

L(w,b)

& Vodel 10 ,
S (5 5w
function 7 £ ... p

ﬁ/ 1>J2 n=1

Goodness of ‘Pick the “Best” Function‘ »

function f J ] .
1 J7=argmin () Gradient
w*, b* = arg min L(w, b) Descent
. . w,b
Training 10 ,
Data — : SN _ )
= argmin z (y (b +w xcp))

n=1



Step 3: Gradient Descent
w* = arg mMi]n L(w)
* Consider loss function L(w) with one parameter w:

» (Randomly) Pick an initial value w®

dL
» Compute - | y=u 0

Negative ‘ Increase w
Positive # Decrease w

wP v w



Step 3: Gradient Descent
w* = arg mMi]n L(w)
* Consider loss function L(w) with one parameter w:

» (Randomly) Pick an initial value w®

dL
» Compute — lw=wo wl e w —7 dL

_| _
L(W) .i dw 'W=w

0

n is called
“learning rate”



Step 3: Gradient Descent
w* = arg mMi]n L(w)
* Consider loss function L(w) with one parameter w:

» (Randomly) Pick an initial value w®

dL
o dL
Loss > Compute 2w = wl «w? -7 T |l w=w?
L(w) dL
. » Compute —|,, =1 5 | dL
0” dw W= «< W _T,E|W:W1

...... Many iteration

% shEELTE Local
: minima

-

global
minima

w

wo wl  w? w!




ETE

Step 3: Gradient Descent| %iv
 0b gradient
* How about two parameters? w*,b* = arg %151 L(w,b)
» (Randomly) Pick an initial value w®, b°
> Compute—|W —wO p=h0, ablw —wO p=h0
oL oL

1

wl « w?

> Compute—|W =wlb=bls ablw =wlb=b1

2 JdL d

w? « wl

— 3= aw |l w=w0,p=p° bt « b —n— Y lw=w® b=p0

2 1 L
—1n % |W=W1,b=b1 b « b — n % |W=W1,b=b1




Step 3: Gradient Descent

Color: Value of
w o Loss L(w,b)

13‘500 &f_' 209"

Compute 3L/db, IL/dw —
I W

-4 -2 0 2 4

b




Step 3: Gradient Descent

* When solving:

0" = arg mgn L(6) by gradient descent

e Each time we update the parameters, we obtain 6
that makes L(8) smaller.

L(6%) > L(6Y) > L(6%) > -

Is this statement correct?



Step 3: Gradient Descent

10\

Very slow at \
the plateau

Stuck at

oL /ow | OL/ow
: =0 : =0

The value of the parameter w

it \\\\\\

. /z,'. é ‘\\\\\\\\ o

saddle point -~




Step 3: Gradient Descent

* Formulation of dL/0w and dL/db

10
L(w,b) = z y — (b +W-x£‘p)
n=1

dL .

%:') ZZ(y"—(b+W Xy )
n=1

dL



Step 3: Gradient Descent

* Formulation of dL/0w and dL/db

10
L(w,b) = z y — (b +W-x£‘p)
n=1

oL .

= =7 z 2 (y" —(b+w x?p)) (—xz}p
n=1

L 10



Step 3: Gradient Descent



How'’s the results?

Training Data

=b+w:-X
Y R 1600 -
b=-188.4 1400 -
= 1200 -
w=2.7 2
5 1000 -
Q
Average Erroron @ gy |
. . i
Training Data 5 600 -
10 -
400 -
50"
= — e =319 200-
10 .
n=1 0 9 T T T T T T
0 100 200 300 400 500 c00 700

Original CP



How’s the results?  Whatwe really care

about is the error on

- Generalization new data (testing data)

Another 10 pokemons as testing data

y=b+w-xcp _

1600 4

b =-188.4 “1  How can we
~ 1200 -
w=2.7 2 do better?
5 1000 -
Average Erroron 3 _
Testing Data &
z 600 -
10 O
1 400 -
— n _
—1—028 = 35.0 200 _
n=1 ) le ®

> Average Erroron 0 100 200 300 400 500 600
. . Original CP
Training Data (31.9)

700



Selecting another Model

y=b+wy X+ Wy (Xep)?

Best Function

b=-10.3
w;=1.0,w,=2.7x1073
Average Error =15.4

Testing:

Average Error = 18.4

Better! Could it be
even better?

CP after evoluation

CP after evoluation

1600 -

1400 -

1200 -

1000 -

800 A

600 H

400 -

200 4

1600 -

1400 -

1200 -

1000 |

800 A

600

400 -

200 4

100 200 300 400 500 600
Original CP

700

100 200 300 400 500 600
Original CP

700



Selecting another Model

y=b+wy X+ Wy e (Xep)?
+Ws e (ch)3

Best Function

b=6.4,w,=0.66
w, =4.3x1073

w; =-1.8x10°
Average Error =15.3

Testing:

Average Error = 18.1

Slightly better.
How about more
complex model?

CP after evoluation

CP after evoluation

1600 -

1400 -

1200 -

1000 -

800 4

600

400 -

200 4

1600 |

1400 -

1200 -

1000 -

800 4

600

400 -

200 4

100 200 300 400 500 B00

700
Original CP
100 200 300 400 500 600 700

Original CP



1600 -

Selecting another Model ...

£ 1200 4
— 2 § 1000 -
y_b+W1°ch+W2'(ch) 2

3 4 o 9001
t Wy (ch) T Wy (ch) & c00
N 400 -
200 4

Best Function 0 -

0 100 200 300 400 500 600 700
Original CP

Average Error =14.9 1600 -
1400 4
Testing: g 1200
B 1000 -
Average Error = 28.8 g
:: 600
The results become 400
worse ... 200 -
0 -

0 100 200 300 400 500 600 700
Original CP



1600 4
Selecting another Model ... %
£ 1200 4
y=b+wy X+ Wy (X)) 2
v 800
t Wy (XCp)3 T Wy (ch)4 £ oo -
. 5 o
+ W5 (ch) 00 .
200 4 ¢
, s w0 @ % w0 s @0 7m0
Best Function Original CP
1600 4 | | l l | | ¢
Average Error = 12.8 1400 .
£ 1200 4
TESting.' B 1000 1
E’ 800 -
Average Error = 232.1 600 -
400 4
The results are so bad. 200 -
5 w0 A % @0 0 @0 7m0

Original CP



Training Data

Model Selection -

5 25
W 50
y=b+W'ch §-
< 10
_ 2 5
y_b+W1°ch+W2'(ch) C
1 2 A
= 2
V= b4 Wy Xy Wy
3
+W3'(ch)
= 2
y_b+W1.XCp+W2°(ch) | —

twsge (ch)3 T Wy (ch)4

=b+ Wy * X+ W, (Xep)? ,

V e DR (4Cp) A more complex model yields

T Ws e (ch) T Wy (ch) | ining d

Fwe - (%)° ower error on training data.
If we can truly find the best function



Model Selection

100 b _
Training| Testing

80
" Overfitting - 31.9 | 35.0
pi 15.4 18.4
° T~ 3 | 153 | 18.1
20 = O 4 14.9 28.2
. 5 12.8 | 232.1
1 2 3 4 5

—Training —Testing

A more complex model does not always lead to
better performance on testing data.

This is Overfitting. mmm) Sclect suitable model




Let’s collect more data

1600 - . i
oo 4 Thereis some hidden i
o o .
factors not considered in "
= 1200 - : -
S the previous model ...... .
S 1000 - I
S
e
U 800 - i
I o®
5 GO0 - - i
Q. ®
- »
400 - P e® -
e _go*
200 g:::"' - :
o #' ) 1 ! ! ! )
0 100 200 300 400 500 600 700

Original CP




What are the hidden factors?

CP after evoluatio

Caterpie



Back to step 1: -
Redesign the Model ~ b+ )

Linear model?

X
X, = species of x
)\ 4
If x, = Pidgey: y=by +w; X
If x; = Weedle: y = by +w, - X
If x; = Caterpie: Yy = bz + w3 X
If x, = Eevee: Y =Dby+ Wy xep

\ 4

y



Back to step 1. -
Redesign the Model ~ o zwl

Linear model?
y =by -
X
Tw,q cp 5 (x, = Pidgey)
+b, -
’ (=1 If x, = Pidgey
+W2 <
+b, - _=0 otherwise
W3 If x, = Pidgey
by y =Dby +wy X
+W4_




Average error
=3.8

Average error
=14.3

CP after evoluation

CP after evoluation

1 1

1600 4

1400 -

1200 -

1000 -

800 S

600 -

400 -

200 -

Training
Data

100 200

1 1

300 400
Original CP

1 1

1600 -

1400 -

1200 -

1000 -

800 4

600 -

400 -

200 -

Testing
Data

100 200

300 400
Original CP



o
= A

UOIIN|OAD J31e dD

1500 4

Are there any other
hidden factors?

0.30 0.35

weight

0.25

T 5
v o
ho.uu
f.”.
¢

UOIIN|OAD J31e dD

onn
* 8
o ¢
* 2 B |
o-l w\l--
¥ oy e
* s
a® s ®
o o 5 =
3 g 2

UOI1N|OAS J31Je d)

70

20

10

10

HP

Height



Back to step 1:
Redesign the Model Again

Training Error

=1.9

Testing Error
=102.3

Overfitting!



Back to step 2: Regularization

y i The functions with
> smaller w; are better

L= 2 y"* = (b T z Wixi> +/12(Wi)2
n
» Smaller w; means ... y=bh+ Ewixi

y + z w;Ax; = b + z w; (x;+Ax;)

» We believe smoother function is more likely to be correct

Do you have to apply regularization on bias?



A d|'I'raining esting
: - 1.9 102.3
Regularization 23 cs7
1d 3, 25.7

120 smoother 100 4. 11.
100 1000 5. 12.8
80 10009 6. 18.7
60 100004 8. 26.8

40

20 ——

0 1 10 100 1000 10000 100000  Select A obtaining
—Training —Testing the best model

How smooth?

» Training error: largerA, considering the training error less

» We prefer smooth function, but don’t be too smooth.



Questions?



