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1 Numpy: Tutorial
the AR E RESI] nunpy7] g BRI L.
e https://docs.scipy.org/doc/numpy-1.15.0/user/quickstart.html

e https://www.machinelearningplus.com/python/
numpy-tutorial-partl-array-python-examples/

e http://web.mit.edu/dvp/Public/numpybook.pdf

e https://docs.scipy.org/doc/numpy-1.11.0/numpy-user-1.11.0.pdf

1.1 Numpy: dot, einsum
h2 numpy®] dot 9] A oJE o]afstal, dAE 50| AEstA L.

e https://docs.scipy.org/doc/numpy-1.15.0/reference/generated/numpy.
dot.html

= numpy 0] einsum®] A o]F o|sfstal, A A E THEo] HAYSHA Q. E3 dot o]
HAEE 9 E S0 At L.
e https://docs.scipy.org/doc/numpy/reference/generated/numpy.einsum.
html

1.2 Numpy: quizZ9]|

O F129] wol 3aA| 9] £ 57101 4= s astA 2.
https://github.com/rougier/numpy-100

1.3 Numpy: A3 FA4] 7]
A7t YA, b A Aol A o xE T5H= numpySLE (linearsol . py)
& ZAASIA L. (maindAEe Z =9 gt HAER 23

Ax=Db
qPPL Fote A5t oS FxoleL
https://docs.scipy.org/doc/numpy-1.15.0/reference/generated/numpy.linalg.
inv.html
A7} BHraEo] o AN AT (A € R™*"), Pseudo inverseS o] 8:5}] 9]
A GuFA] A o] ZA] (least squares solution) x5 F-61+= numpy 3 = (leastsquaresol.py)
= A Q. (maind] A ZEo] gt HAEL )



2 Linear regression

Linear regression (A3d3]|9)= D = {(x;,y:)}7} S<5Hlo|H 2 Fox| 11, 242+
9] target valuel A4gro 2 FolZM (ie., y; € R), Y x2} target valueZte
AL 037} 2ol ARAeS wAYeh ol

f(x)=wix+b
o714, we} b= utetu|El o]t}
FAAFY (least squares methods)= mH2tu| e wel b2 SH53517] QI8 D

Aro] ¥ g49] Loss function(£438H) J2 th-2-3} ZH0] square error?]
(the sum of squares of the errors)& AF&Stct.

T o= ) - w)

%

Z (WTXi-i-b—yi)Q (1)

%

2.1 Linear regressiong 3t 4] §&

4 18 222 ke wot bE 5] 915 0J/owst 07 /0bE FEoA 2. (B
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2.2 Linear regression8t&-2 ¢3¢t Stochastic Gradient De-
scent (SGD)Method

Loss function J} ojefn|e] 67} Fo]Auf, 65 °+5517] 213 Gradient Descent
Method & 15+ 4] 412 o A

6 <+ Ofng—g

o] 7] A, n= learning rate (S+5-8)°|c}.

A R 9T /0wet 0 /9bE ©]-85to] Linear regressiondl52 21t m7l 9]
minibatch@®9] 2] Stochastic Gradient Descent (SGD) Method 2] ¢
g% 9] pseudo codeE 7]&SHA| Q.



2.3 Linear regressionstg-2 ¢3¢t Stochastic Gradient De-
scent Method: Early stoppmg—’,‘—ﬂ-

Early stopping®}A]-& Fololz] FAFsHL, €19 SGD &ig|Z9] Early stop-
pingZ7}8t pseudo codeE 7|&SHA] Q.

o ole] thg Ed= Hoe 2.
https://deeplearning4j.org/docs/latest/deeplearning4j-nn-early-stopping
https://scikit-learn.org/stable/auto_examples/linear_model/plot_sgd_early_
stopping.html
https://page.mi.fu-berlin.de/prechelt/Biblio/stop_tricks1997.pdf

2.4 Linear regressionst&-2 ¢t Stochastic Gradient De-
scent Method +4&

A 27HA] S L5t early stopping& AF23F minibatch-SGD -2 numpy1]] 7]
2= 0]%6]-0:1 FEA3HA| 2 (linear_regression.pyTE A|&).

TR BES HAE 5] o) heut go] AFo= YT HolEst scikit
ol ¥E ET|°]E1 Z}ZYo]| tfsto] Bl AES|H AL

2.4.1 ¥4 do|g AA7] I+d: GaussianBIE o] 7|8t

s HgS 2 A oy BA47E F+HSHIL (gen_random dataset. py
FE AZ).

L. true Z2tulg o] Y F: WA true T20|E w, bl HEsHA HFof
ot (A TA A= Lar UAIRE, st EA ol A= EE‘:}L 7). [-R, R
7MY uniform B XS U}EEE A ATl o] 2 w, bo] gro 2 Sttt
(RE& 104 =7t Ao, k& %IBE Al dot). oA sl mheto]
B w € RY, b5 random variables® 7+56}1 o8-S whe} samplingS

ajate},
w ~ U[-R,R]
b ~ U[-R,R]

o}7] A, U[-R, R|%= dz}Y hypercube27t ([~ R, R]?, d-cube)Arol| A uni-
form distributiong 2]u|sict.

2. gloJ€ Al BA: Z N7J2] glo]E] (training/dev/test set L) E D = {(x;,:)}
£ ok} o] gttt (N2 100071 ©]4)
x; ~ U[-R,R]"
Yi o~ N(WTXZ‘ +b,02)
4714, w, b o] AtA ol A A S truentetu] g FHEIH, N (1, 0?)

Y g pu, BAF (variance) 0221 Gaussian distribution-2 o]m|gtet. (0 = aR
2 53, aF default2 0.1 =2 Ag5HAt)

3. HlolEl Al £al: & NA 9| FlojelS AR 85% S ShH|olE (training
set), 5%5 ME-GHOIE (dev set), 10%E B7HEHOIE (test set) 2 £l
et

4. dlo]g Al A% o]LA] A2 H|o|EE numpy= WSS pickles F o
Hr w2 #Asich (myrandomdataset pkl otd 2 A=A



& "l°olHZi= N = 1000, 10000, 1000002 tsiAl A4k, thE olgo=
st HAE 3 AL

2.4.2 scikit MZ A A: diabets

D& 93l scikito]| 4] linear regressiona 3t sample oAl diabetsE ©]-&5}2}.

import matplotlib.pyplot as plt

import numpy as np

from sklearn import datasets, linear_model

from sklearn.metrics import mean_squared_error, r2_score

# Load the diabetes dataset
diabetes = datasets.load_diabetes()

$+= diabetesE loadingsh= ME FTo|t}. scikit A A FE= o232 &
ztet.

https://scikit-learn.org/stable/auto_examples/linear_model/plot_ols.html

2.4.3 Linear regressionst&7] g AE

dio|ElAl DE 219 F7HA] 539 1) #9 dlojgy 24 1td, 2) scikit HZ o
o|E| 2 EE dZ o} training, dev, test setsZFZFH2 numpy /A2 B2 5o 2o
LA Stochastic Gradient Descent Method S E|AESHA] Q.

HAEA] QAR ohg3 Aok

e minibatch 37] AFA} AA: mL option0 & AFE}7F AASIEE S,
defanlt 1094 1004019] & Sako] ALg ot

o tlepochultt 5 &3: Fo|3 Ho|HM A JAE ot o520
epochA])att} training, dev, testAo]| 4] mean squared error& &35ttt
HE dlolE < Aol A, mhetuel wel b} truegtdt Sk FS7H
squared error 37 &2 5HA] Q.
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e Early stopping?]-&: early stopping2 Z-835}¢], dev setA A5 Ao

YT Qb A9 SAEL FRIU

o 3] epochs AA: 2t epoch=E AHEA7F AT 4 QLS 5HA, de-
faultZt o 2 1003 AR&-3tch,
3 Logistic regression

A ALTE K 5 S A 5 (multi-class classification)Ar H]o| €] Af
xof tj3t Logistic regression4]-2 th-&1} 2t}

iz

o (x) = softmax (Wx + b)

Fol stEdlolH (x, k) (k= AEZ;H20lH, ke {1,---, K})o| it negative
log likelihoodA]2 t}2-3} Ztt

J = —y"log (o) (2)



oluf, yi= Fe}o] tt one-hot encoding® g & t}-&} Zro] A o]t}

A7IA, yi = Z(i = k)ol 2 ke A2 Lol

3.1 Logistic regressionst&-2 93t 4]

A2, mHe] SrFHOlEHAl D = {(xi, %), » (Xm>ym)} (i BEEHNL, vi €
{1,---, K}H)o] FoHE uff A 28 AAA Dof| ¢t negative log-likelihood 2
SHFSHA 2.

u2tu|e] Wt b o567 flsfl 0J/0Wet 0J/0bg =5 Q.

(B gt v EFAE o] g5t FET A)

oJ
=
oJ
==

3.2 Logistic regressionstg-g& 9]¢t Early stoppingS ©]-&%h
SGD Method

Linear regression®]| A% &, Logistic regressions+<-2 9|3t minibatchA}o] 4] 9]
early stopping2 °0]-£3%t SGD Method¥d18]|&S G511, pseudo codes
A5 2.

3.3 Logistic regressiongt&2 Q]9 Stochastic Gradient De-
scent Method H4&d

2| 272 SE St Logistic regressiondt42 $J3t early stoppingS AR23%F
minibatch-SGD ®'H-E numpy Il 7] 2| & o]|-85lo] F£@3HA| 2 (logistic_regression.py
TE AS).

THE HES HAE 517] 9o th2 scikit®] o2 AF dlo]gof tisto] HA

ES|HA] Q. (logistic_regressionmnist.pyIE A&)

1. MNIST: http://neupy.com/2016/11/12/mnist_classification.html
HlAEA 87ARL et 2t
e minibatch 37] A}&A AA: m-E option. 2 AF&A}7}F AAHSIEE 5141,
default 2 10014 5004t0] 9] ghe 23] distoe] ALgs}at.

e Hlepochut}t A &9: Foiz do|HAl AA| A& ¥ st (1
epochA])att} training, dev, test’do]| 4] classification accuracy S &3t

t}.

e Early stopping?-&: early stoppingS Z-835}0], dev setAr A5 7|Alo]
QN Pl AP Sh&g ERUT

o | epochs A7A: ol epochE AR AAT 4 QL5 oL, de-
faultZE O 2 1002 A}-8-3ich,



4 Multi-layer perceptron (MLP)

Y=o0] 17]]¢] Multi-layer perceptron (MLP)= 929 x2 H|AY HEtE
24 x4} hofl logistic regressiong 285 7 © 2 tf2 =418 w2t} (o2&
al):

oL rfo

= maz(Wx+b,0)
o = softmax(Uh+d)

Logistic regression¥} Bpzt7}Z] 2 loss function© 2 th-23} ZFo| negative log-
likelihood S A}&-SHct.

J = —y"log (o)

o171 A yoll tigt A 9] logistic regressiono]| A 2] A 31} Zct.

4.1 MLPs52S 9%t backpropagationd] &

Logistic regression¥} a7}z 2 &Y Z0] 17]¢] MLPSH52 93] m7l9] st
glolE Al D = {(xi,¥i)s s (Xmsym)} (vie B2, 3 € {1, K})o]
ZolHek 1 a7},

Al 3& AAM Dol gt negative log-likelihood 2 351X 2. (logistic re-
gressionZA| 9} Q)

otetole W, U, b, d& st5517] 918l 0J/0W, 8.J/9U, 8J/db, 8J/0d & 7|
AF5h= backpropagation €118 &S G SHA L

4.2 MLPsH5S 93t backpropagation?] ¥4l3s}

MLPE 24Y5& L2 2521 9] backpropagation &ilz|&-2 AwHalst
Al

4.3 MLP3SH5E 9J3t Early stopping2 ©]-€%F SGD Method

Logistic regressiono|| A A&, &Y= L7]2] MLPS5-2 9]$H minibatchA}o]| A 9]
early stopping2 ©]-23 SGD Method¥ 1! E] —J pseudo codeZ ZHAJ5HA] @

4.4 MLPsSH52 93t Stochastic Gradient Descent Method
74
|7 et 2493 L] MLPeES 9% early stoppingo] 7|4Hgh
minibatch SGD 'S numpyd] 7] 2] & o|-&35}o] JLASIA Q. (MLP.pyTE A
=).
TdH BES HAE s17] 9ol ths scikitf] th3 AE Hlo]g o tisto] H A
ES|HA]Q. (MLPmnist.pyZ E A|&)

1. MNIST: http://neupy.com/2016/11/12/mnist_classification.html

5 2 () oo 299 4
Falof Shct.
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o Sh¥ B9 29 9 HAE: S8 wdl (vene)s 2960, UE b
EAGIA MLPE Hg5t0] R7E ~q8 4 Q=2 ok ghek. mnist test
setZ M2 FE50] HAE I

¢ £UE AG AR A £HFO A L A} AU o
defaultgr-& 12 st}

 £959 UG A8 43 ©

arrayi ?JFE. ‘%':*Etﬂ %EP A& =i, [100,50,30]2 24359 +7F &
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. mlnlbatch 3719 AR AA: mE optionC 2 ALEA7F AHJIEE G
T, default® 1094 500At0] 9] ZH-2 =45 ool A}-&a}el.

e Hlepochultt 5 &: FolX HolgAl AA AAE ¥ 5T (1
epochA])att} training, dev, testAlo]| 4] classification accuracy S &3St

=y

e Early stopping?]g&: early stopping2 Z]-85}9], dev setht A% 7Aoo
QB gAY S SR

e A epochs AA: X} epochE AMEAZF AT 5 UEF 5111, de-
faultZf © 2 1002 A3t

i}

ol eYEY A4S SUT A5 WS BE Z0R. AF o4

)

<4939 A L = 1,2,3,42 23S 1 2T shad P9 test
Ao A 9] classification accuracyH]ul.
5 A% e 2 WA 9

FE=E pythono = & 34 Az 420z A Edjor 52 th=3 2

2 39 BE @ wEe e 2
o Z} IR UGS 7 A 2 &2 A (80F)
e FE 9] Readability ¥ HAA (1034)
o AT Hu A9 FAY 2 A4 (103)



