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Regression [O])F

- Suppose we are given N pairs of a vector x and a scalar d
NFHDNRD NIXxERADS—dPiE5EZ5NEETD

{xp,}(n=1,...,N) {dp}(n=1,...,N)

« We wish to predict d for a new input X
FTUWADXICH U CdZE TR LTz !
« X, called an independent variable, is observation used for predicting
IMITZEX(E, FHICERSNIBANETH D
« d, called a dependent variable, is the target, or the desired value to predict
EEZEdE, FRIUZUVMETHSD
« Toward this goal, we consider a function that approximately
satisfies
FARlDIZH(C, ROWNZEmIZ I ITPREEZEZ R D
Y(Xn) ~ dy

« You can use any arbitrary (analytical) function for y(x)
vy(x)IC(ZE, EED (FeY) Bz ERATED d 4




Fitting polynomial functions ZIET AN

« Consider fitting a n-order polynomial func., instead of a linear func.

considered earlier
FRAZBAZL T3 <, nRZIERERTIHIUT B EZIRET T D

Yy =ag+ a1T + asx’ + - - apa”

N
ZH% — (ap + a1x; + azx; + - apx})||* — min
=1

« polyfit performs this polyfitBA#=EERT 3

« E.g., You can fit a linear func. as follows, instead of using pinv
#  IRDKXDIC, pinvEEDSIRDD (CHRFEEZETIIHDCENTED

>> p=polyfit(x,vy,1);

>> p=pinv (X) *y;
- E.g., 3"-order polynomial function
Bl ;3 REEEGE

>> p=polyfit (x,y,3)
ans =
-2.2455 3.8778 -1.3517 0.4603

as as ai ao



Fitting polynomial functions: an example
ZIaT A : —15l

>> x=rand (10,1) ; / here for the purpose of
>> p0=[1.0,2.0,3.0,4.01]; gxplanation B

>> y=p0 (1) *x.*3+p0 (2) *x.”*2+p0 (3) *x+p0 (4) +0.2*randn (10, 1) ; @5527“;&;037—5’%:
>> plot(x,y,'o") & (O)

>>

>> hold on

>> xxX=0:0.01:1;

>> yy=p0 (1) *xx."3+p0 (2) *xx."2+p0 (3) *xx+p0 (4) ;

>> plot (xx,yy) < (1)

>>
| lyval :ZIERDEL(C
>> p=polyfit(x,y,3); fﬁ%«vgxftg%féﬁ%
>> plot (xx,polyval (p,xx)) & (2) IR LT < NBEE
| [ (2)
/—6’
8+ /// . el > i
///
! > é‘(O) !
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Overfitting (also called overtraining) BREES eya)

 If you fit 1st, 3rd, 5th and 6™-order funcs to seven data points:---

« Models with excessively large degrees of freedom can explain data
perfectly even including their noises, which is totally meaningless!
BHENESIETIDIESTILCTHE, /A XZEHTT—FZTRICGREATEEITH,
CNTEF>ELKBERNMNGDEEA

0.3

1st order (a line) 3rd-order

S5th-order 6th-order



Classification 3%&

- Consider a variable X belonging to one of K classes
KIBIDDO S ADIDICE I DEBXZEERD

- Classification = assigning an input x with one of K class labels
D = [AIXICKEDOSZASNILDIDZEDZTD] C&

- E.g., x is an image of a digit; we wish to answer what digit it is
B xDEFDEERT, 0~9DEDEFRONDFALIZL

5__ —> 0,1(2,3,4,5,6,7,8,9

X

 Supposing that N pairs of input X and its true class label d are
given

NAEDAPIXE ZDEDISASRILINEZ BSNIZETS
(x,}n=1,....N)  {d,}n=1,...,N)

we wish to predict which class a new input x belongs to
FUWATIXNEDTSRICET D7 FHILTZULY




Example: Handwritten digit recognition

Bl . FEIEF DR

- We use MNIST, a famous dataset of handwritten digit recognition
FESHFRMOBRINT —FTY N CTHBIMNISTZ{ERT D

http://yann.lecun.com/exdb/mnist/

« Download and unzip the following file from the course page
A—AR=MSRODI7AINZ2SFI>O0—-— RUTHEET D

mnist-data.zip

« We use the following two files today:
UFDZDDIT7A)L&EENET

t10k-images-idx3-ubyte & tl10k-labels-idxl-ubyte
» We use support vector machines (SVMs) for classification
PRACEPVIR— RO 5—-TZ > (SVMs) ZERTD

- For this purpose, we use /iblinear, a software library of SVM
SVMDY I WD T 7S4S UTHhBliblinearzfEWLNE T,



Installing liblinear, a software library for SVM
SVM= 1SV liblinear 1> X b—JL

liblinear

+ One of the most popular libraries in machine learning created by Machine
Learning Group at National Taiwan University

- GBEIIARFDMachine Learning Grouplc K> TER Nz, H#IRFZ THRBA
K[DHDSA1TZIUD1ID
Download files from the URL: L FOURLMS I 7 I)L=EZSFI>0O—R9I3B
« https://www.csie.ntu.edu.tw/~cjlin/liblinear

Extract the downloaded file and change the current directory to
liblinear-x.xx/matlab

Ao>O—-RUEIJD7AIVERFREL, IBIEOFT v L2 hJU%Zliblinear-
x.xx / matlablCEEITD

e cd /Users/xxxx/Octave/liblinear-2.11/matlab
a1—H#
Run make.m make.m%zx£1793

* >> make

Add the folder to search paths
INRZ T AIS ZIEINY D

* >> addpath (' ¥Users¥xxxx¥Octave¥liblinear-2.11¥matlab’)
21—



Support vector machines (SVMs) (1/2)*

Bh— RO 5—-T2 > (SVM)  (1/2) *

« Consider two-class classification: d,, =1 or — 1
205 ADDFEZEZZEXTI :d, =1 or —1

+ A set of samples are given : (z1,d1), (®2,d2), -+, (TN, dN)
'U'\/j“/@'t‘y I\h\%iBM'CL\é . ({21, d1>, (iBQ, dg), T (ZBN, dN)

- We employ the following method for classification:
PDRACIILLT DR EZEIED

y(x):{ 1 ifu(x)>0

—1 otherwise
where u(x,w) = wo +wix1 + - +wrry = wo + w'x

- w, called weights, is a parameter to be determined
BHEMFEEINDWIE, RESTND/INSA—4

« Consider determining w as follows:
UTFTORDICWEIRTET D

Minimize |[w|| subject to d,(wo+w'x)>1



HR— OS> (SVM) (2/2) *

.« F—IRA > ME2DDIIET B IS RICE UL DETB2DDFTFE (F&
RDEEERASTD) 2EXD
. BEORD, CCTETF—IRETETHRTEBERES S (DB
¢ RIT, JISA—IWOEWEREL, 2DDTTFEFDS & S EPR(Cds 3 TTE
2R Y %

« REZSIBD? > FLLWAIXEELHEIT B8, BEINT—IRA> ~
F COEBNBADTEZERT 5 & CY— S ERAILT 2

wo + w' x=1
Wo + WTX =0
wo + w x=-1
&
Minimize ||w| subject to dn(wo+w'x) > 1




Support vector machines (SVMs) (2/2)*

« We consider two parallel planes separating data points correctly into
two corresponding classes that have the maximum distance

« For simplicity we assume here that the data points can be separated by a
plane (called linearly separable)

« We then choose the parallel plane in the exact middle of the two parallel
plane; we use its parameters wy and w
« Why do we do this? = It will be safe to choose the plane having the

maximum distances to the nearest data points for the purpose of classifying
new inputs X’s correctly

X, 4
wo + wi x=1
wo + w' x=0
wo + w x=-1
&
Minimize ||w| subject to d,(wo+w'x) > 1




Classification of multiple classes*

%> A48

« Two-class classifier is trained for each class to distinguish it from
the others
20 S ANFEERE, MMDISREXFTDIEHICERITISAZ EITHIRRE
NCTWVEXT

« Called the one—versus-the—rest classifier
11t %828 S (EN D

1. k™ model y,(x) is trained to classify class k and other classes

kéEODZETJ Ly NI DTS AkEMD IS A2 DRLDICHIFES
NTWET

2. Regarding the output of each model as score of the model, we
classify an input sample to the class with the largest score
%%TN@&ﬁ%%TN@XHTKbT\Kﬁﬂ/ LR ARDA]

A

argmax Yy (X)
k

Tables




MNIST D 7 1 )LINS DT — S5 d+AF

« Octave\DEURDFEHIAFH:

- J7A )l test-images-idx3-ubyte ‘(C(E. 28 x 28E 1)L 10,000{EDESA
SFENTND

« BHIDADDEE (32Bwv ) ZRFYT U TERDDEIET —57Zdata L)\ SHE]
DEL(CO—RFULET

o BffERRT DCE. FITEERT —HFZENETAXDT2YVILICER L.
imshow (matrix, [brightness min, brightness max])ZfFERULEI,

>> fid=fopen(‘'tl0k-images-idx3-ubyte', ‘r', ‘b');
>> fread(fid, 4, ‘int32")

>> data=fread(fid, [28%28,10000], ‘uint8"') ;

>> fclose(fid) ;

>> img=reshape (data,28,28,10000) ;

>> imshow(img(:,:,1)"', [0,255])

>> imshow(img(:,:,100) "', [0,255])

« OctaveNdDoINILDRIHAF:
« J7 A1)l test-labels-idx1-ubyte ‘(C(&. BURDSNILABUIBFR TEENTULD

o RD2DDE 32EVKR) Z#RFYVITUT. BODEXZ1abel &E0)
SEHRIDERICO—RUET

>> fid=fopen(‘tl0k-labels-idxl-ubyte',‘r',‘b"');

>> fread(fid,2, *int32") Check the contents of this variable
>> label=fread (fid, 10000, ‘uint8‘); « C OO E TS |



Reading data from MNIST files

« Loading images to Octave:

File ‘test-images-idx3-ubyte’ contains 10,000 images of 28x28 pixels

Skip the first four integers (32bits) and load the remaining numerical data
into a variable named data

« To display images, first reshape the image data into a tensor of appropriate

>>

>>

>>

>>

>>

>>

>>

size and use imshow (matrix, [brightness min, brightness max])

fid=fopen(‘'tl0k-images-idx3-ubyte', ‘r',‘b");
fread(fid, 4, ‘int32")
data=fread (fid, [28*28,10000], ‘uint8"') ;

fclose (£id) ;

img=reshape (data,28,28,10000) ;
imshow (img(:,:,1) "', [0,255])
imshow (img(:,:,100) ", [0,255])

« Loading labels to Octave:
« File ‘test-labels-idx1-ubyte’ contains labels of the images in the same order

« Skip the first two integers (32bits) and load the remaining integers into a

>>

>>

>>

variable named label

fid=fopen(‘'tl0k-labels-idxl-ubyte',‘r', ‘b");
fread(fid, 2, ‘int32")
label=fread(£id, 10000, ‘uint8"');  — Check the contents of this variable



DEEEZDO L ——>2T EF X S
« F—AN55,0000> 7)1 (BiHR) ZERALTHESREIET S
: é\/;‘\wm, -, 50000H>TILEERLTETIL (SVM) 3B
z

>> tr label = label(1:5000) ;
>> tr data = data(:,1:5000) ;

>> model = train(tr label, sparse(tr data)‘);
Status of training, which you can ignore (as long as

the training went well)
nsSv = 910 «— bBL—ZPJDRF—HRX (ML—Z2Th5F< 0\
TLWNIFEHRTED)
« BDDY > T)LZFER U THER RO Z T B
« /27w X5001, -+, 6000DH>TI)ILZERLUTCETILZTAKTS

Objective value = -0.081903

>> te label = 1label (5001:6000) ;
>> te data = data(:,5001:6000) ;
>> pred label = predict (te label, sparse(te data) ‘', model)

Accuracy = 84.6% (846/1000)
Classification accuracy for the input 1,000 samples is shown

pred label = i X
2 AF11,0000 > TILDODFEEENRRENE T
3 Y 1,000 >FILDFRSANIL ; BFEAEBOEFICHIEL TLVRNT EITER !
ZN5D&ES(Fmodel.Label (BFDARIDSNILZIBINT D) DA>FT v IR
(CHIETD.

70



Training and testing a classifier

- Train a classifier using, say, 5,000 samples (images) from the

data
« Train a model (SVM) using samples with indices 1,---,5000:

>> tr label = label(1:5000) ;
>> tr data = data(:,1:5000) ;
>> model = train(tr label,sparse(tr data)‘');

6Bjective value = -0.081903 Status of training, which you can
nsSv = 910 —— ignore (as long as the training
went well)
« Evaluate the performance of the classifier using the remaining
samples

« Test the model using samples with indices 5001,---,6000:

>> te label = 1label (5001:6000) ;
>> te data = data(:,5001:6000) ;
>> pred label = predict(te label, sparse(te data) ‘', model)
Accuracy = 84.6% (846/1000)
pred label =
2
3

Classification accuracy for the input
1,000 samples is shown

Predicted labels for the 1,000 samples; note that the numbers do
not correspond to the true digits; these numbers correspond to
the indices of model.Label, which stores the true labels of digits 71



Visualization of weights* BE&HDTJRAL

>> te_label(4)

 predict performs the following computation ans = 6
predict BAEILLTDEEZTD >> Mmodel.Label

>> for i=1:10,model.w(i,:)*reshape(te_data(:,4),28*28,1)+model.bias,end >
ans = -5.3081 g

4
1
ans = -17.245 g
ans = 2.5717 3
6

7

8

« Visualize the trained weights as images
AR ESNICEHZETRE U CTIREL

« Can you tell where in the image the model looks at to classify each
digit?
EFILNBREFZNIEIT DICHICETRD E CZRTVWDIDOMOMDFTRIMN?

>> figure
>> for i=1:10,subplot(2,5,i),imshow(reshape(model.w(i,:),28,28),[min(model.w(i,:)),max(model.w(i,:))]),end

The order of weights is specified by

model . Label
BHDIEF (Fmodel . Labellc DT
BESNET

72




Exercise 12.1 (z2=n85=2EFI)LICREE D)

. 28><28|:°0t)I/OD BElER L, TORICHUCADDEF=ZHE., TNZE
F7AIVCRIFTD. T2ERIE, XA hEERTD.

T 28 pixels
W . = o - »
m 2 P 7 >0',:::/w/_~.’:_‘ E ‘ H ‘ll!l IIII{J
83000 = e = E .
+
:E w BEES(CAXF
=
a
0
~
|
|
I 7 i — - v
* i?n“l%ﬁ L/j_ :ET) l/%'fﬁﬁﬁ btyﬁ%%u:u\uﬁtjé
o IFUVERNMNESNRAVGSE(E, BFZBHRE U CED—EFALTSZEL
>> sample = imread(‘a _number I wrote.png') ;
>> sample = mean(sample,3); HS—ERDBEE, BHEZIL —T—)LICEIRT S
BN
>> predict ([2], sparse (reshape (sample‘',1,28%*28)), model)
Accuracy = 100% (1/1)
ans = 2

TRESNESNIL (1E#)



Exercise 12.1 (Make the model recognize your handwritten digit)

« Create an image of 28x28 pixels, draw your favorite digit in it, and save

it to a file, by using, say, Paint of Windows _
o 28 pixels

III‘I ENEE gy
20

A

O

[

[
1l
[

Black
background
and white
foreground

28 pixels

800% (=)

« Use the model we trained earlier to recognize the digit
« If the correct result is not obtained, redraw a digit and predict again

imread(‘a number I wrote.png‘);
mean (sample, 3); Convert your image into grayscale if it is a color image

True labe
>> predict ([2], sparse (reshape (sample‘',1,28%*28)), model)

Accuracy = 100% (1/1)

ans = 2
Predicted label; this is correct!

>> sample
>> sample



