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Example: Iris flower data set W
http://en.wikipedia.org/wiki/lris_flower data_set

”
| (1) What is experience E?

i i J (2) What is task T?
* Classification \\ (3) How to measure the performance P?

— In Classification, the samples belong to two or more
classes and we want to learn from already labeled data
how to predict the class of unlabeled data.

— E.g., distinguishes the species from each other.
- Teach data

— Dataset = samples vs. features and classes - supervisory signal
- output data, Y

- Input data, X - target
- 4 features or attributes  Fisher's Iris Data -1 classin 3 classes
Sepal length ¢ Sepal width ¢ Petal length ¢ Petal width $| Species ¢
5.1 3.5 1.4 0.2 I. setosa
49 3.0 1.4 0.2 I. setosa
4.7 3.2 1.3 0.2 I. setosa
1sample 46 3.1 1.5 0.2 I. setosa

=4 28 v untthAmaxs: s —r 1D maatass




Example boston house prices dataset

(1) What is experience E?

. P (2) What is task T?
* Regre55|0n \\ (3) How to measure the performance P?

— If the desired output consists of one or more continuous
variables, then the task is called regression.

— E.g., concerns housing values in suburbs of Boston.
— Dataset = samples vs. features and continuous variables

13 features Continuous variablg

CRIM N INDUS _ |(#B&) ILSTAT|| MEDV
6.32E-03 1.80E+01, 2.31E+00 4.98E+00  24.00
2.73E-02| 0.00E+00| 7.07E+00 9.14E+00  21.60
1 sample| 2.73E-02] 0.00E+00] 7.07E+00 4.03E+00 34.70

02045F [ : S MENSRMERS . T — 52 /=T




Example: Overview of clustering methods
https://scikit-learn.org/stable/modules/clustering.html

( (1) What is experience E?

- (2) What is task T?
* Cl USterlng (3) How to measure the performance P?

— Clustering is the task of grouping a set of objects in such a way
that objects in the same group (called a cluster) are more similar
(in some sense or another) to each other than to those in other
groups (clusters).

— Training data consists of a set of input vectors x without any
corresponding target values. ...

— Dataset = samples vs. features O Q O @ @ @ @ @
Ny A

202057 1 : SO REIN SR IR T— 2= T




Terminology W

ML types * input, output
— supervised, unsupervised, Input types

serTll;supervnse(: ) — training data / training set
— (reinforcement learning, _ s el

tic algorithm,,, A
genetic algorithm, ) — validation (for hyper

Task types params)
— classification, regression, e model
clustering

* parameters
— hyper parameters
— weights, parameters

sample

features, attributes
— numerical value

; * |earn, fit
— categorical value ) )
— true or false * predict, estimate
supervisory signal, * evaluation
teacher, class, label, — open or close test

target variable — cross validation

20205F [ : S RER SR RER3 . T2/ =T
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An introduction to machine learning with scikit-learn (1/3)

https://github.com/naltoma/intro_jupyter sklearn
=> intro_sklearn.ipynb

* Loading and an example dataset

— python --version
* Python 3.6.x or 3.7.x

— Example codes
from sklearn import datasets
iris = datasets.load _iris() # datasets.load[tab]
print(iris.DESCR)
print(iris.data)
print(iris.target)
print(iris.target_names)

http://scikit-learn.org/stable/tutorial/basic/tutorial.html

Scikit-learn|ZE WV THEEMEE ALVS RN THEZEL TA LD,

from{Tl&Lscikit-learnCTRBL THSA T —2 v raF BT 50 DES1—ILTHS,
MBICAETABIZIEFRERLDN, EQSIIHEL-LRULNDIEIEZRT H1=8IC
Y TIFEBET -2 VEFIBLTED ES,

datasets.loard_iris() C iris flower dataset ZF AL ENTES, CDA TPk
[Escikit-learn B DA Tz IR THY . ZLDIZFEIXI.DESCRITZEDT—H vk
DEEM (strB)) ZHEETED, BRI T—A2(E data & target IELTHESINT
Y. datalTIFEARINILEE, targetlIHERT—2EETHD, ChoDE(HUTIL
B IIRMTHEILENH D, [target_namesllE. LEFT—2IZEHIT 2 E TH 5,
Iris flower datasetlETEDIERI [CEAT 52 AR THY . HEMT—2 (L XFF (str
) ITAREINTLS, COFFETIETHFWMK =D, hTT ) EEEEICBEZHZ
THHET D, EQOBEUENE DATIVED M A target_names|ZERE SN TLVS,

iris.datalZH > T ILE D DIFAR IR L, iris.targetl TH U T ILE S DEERT—4 DY
AEINTWS, EDISIBETHEINTWSDO M Ltype(\ B THIRALTAH LD,
numpy.ndarray®! (ZEE>TULVAIE T 12, ndarray®shapeLFESRL . AN IMILEZ
BT —2DRAEDEAEIRELELS BT —2ZF AT 5HE(ZH. ndarray®! T
TH(DESIHZD) T =YL THEHBRIMNLVEREL., TR B LIzH
BT —2ZRIMAET HILITHD,



An introduction to machine learning
with scikit-learn (2/3)

* Learning and predicting
from sklearn import svm
clf = svm.SVC(gamma=0.001, C=100.)
clf.fit(iris.data[:-1], iris.target[:-1])
clf.predict(iris.data[-1:]]

# sklearn 0.17LA[%?, T ILIAREEEZHITER.,

print(iris.target[-1])
clf.score(iris.data, iris.target)

http://scikit-learn.org/stable/tutorial/basic/tutorial.html

REROBNELTIE, (VETIVEREL. QETURMLT 2ty 5EXTEEL, 3)TANRAT—%tvh
THREL. £10%, TETIIVERET A1IF. CCTIRMAMNLLT VIRV IRZAET HLDERA LD,

FromfT(&. EMEE DET JLsvmETD 21— /L (support vector machines) Z5AAA TS, ST EZASE
L&, Scikit-learnIZBR5 T, R ED 21— ILDFMIEIARK R F 1 AV MESIBT 5K512LELS,

https://scikit-learn.org/stable/modules/classes.html#module-sklearn.svm

21TH® svm.SVC (:J: SVMIZE 1% C-Support Vector Classification | EFFIENHET L (FEER) THY, TCIIFF
Fa AR Z&BERegularization parameter. The strength of the regularization is inversely proportional to C.
Must be strictly positive. The penalty is a squared 12 penalty 1&EHD, FHlIEZAPHELT, ST E

B DINTA—FDEIZEEBELTE IS, SVCEES12H, —RMICETLIEN T—42 2y b ETIC BB THRE
TH(=FBTB)INTA—2 &, F:ET)LE*IJFHTé:L—ﬂ'h\$§JJ7’;U'CEH”T%)%%#&B%(— B TSR
L\)/\7)‘ 9*0)2% F20)/ S A—Am %, —_Tgamma, CZ5|8MMELTHRELTLISHAN. _O)JZDL:ET)VE
A= Eﬁ sl _Hél \TA—RIEF BN NTA—ZTHY . 1\ (/13— \7%—9&?@%6 ATHDRRTIEE
T)l/ Z " Zo

31TE® dffit() (. ﬁi.%\bf:%v'“‘)lx’é?—'?t‘yH:'Fﬂ'ﬁﬁﬂ'é:&'& FEIETNS, T2 EYLD[-1]FETE

BELTWADIZL, TRFEOUEZELTEERICHES 1=HThd, EEIZIFMFELEFERAIC, BYEZ TR

E}J%é J%\E.I%%gfﬁibﬁb\ BEELAX, HEHYEE LS I IFEARINLES LSBT —2EEENITT
A SR

MTEO df.predict() (&, FELI-ETILEAVTTAREREHERLLSELTNVS, CSTIEFRILILMZF4
DT HEFTF—2EEZ TLVELL, 5EZ TIEL ALY,

S{TE O print [$, REOT—2yMMIBITHHENT —2EH AL TEY, 4478 O FRAERAE LD MFER
IHHITHASE TS,

61TE O cif.score() 13, BIBIFHANIMLEE LBETT —2EEE5AHETIRA7 IZHHL TV, CC
TRAT EFTGRRED LN, ETIVICKYRDA DRGS0, FFa AR T HELIITLED,

RNEIRYRDE, (1) T2y EAEL. QFETIVERAELL. (3)model fit I LY FEBSE .
(4)mode| predict(Z £YFBILI=Ymodel scorel = k> TRAT MRS 5 EATES, B)LIEIEETHOETILIC
HBELTWS8, EDNKIITT—REINERAETHH. EOETILEERT IMFIENO BENH DA,

FhUBOI—RIEHELTHESSEATES,



An introduction to machine learning
with scikit-learn (3/3)

* Model persistence
— # save
import pickle
with open('PredictiveModel.pickle', 'wb') as f:
pickle.dump(clf, f, pickle.HIGHEST _PROTOCOL)

— #load
with open('PredictiveModel.pickle’, 'rb') as f:
clf2 = pickle.load(f)

— # check the model
clfl.predict(iris.data) == clf2.predict(iris.data)

http://scikit-learn.org/stable/tutorial/basic/tutorial.html

T—REYROETILAVMRELS (XFEFRE (VY—RERE) [IRITESEOA,
HENRELLGBIIONBEDEEFREMAELFEOEDLLIZL I EWIRRIZIE
DNWTUW, FEFET7TVEELELTHRATIRICIZZZTEE T 5D TIIEL, £F
BHETIL (model fitLIEZF-ETIL)EFAWTFBRITEHLEIFEVIIRRDIFIHNZ
W COIIINTEBRAETIVERETH=OI2IE., ZD/N\vr—ITHESINT
WS BERETORFED 2—ILEFIAT 5H. BLLIEPythontZEDPickle T 21—
IWEFIRT 528125, EEBa—FIEPickleZ AWWTETILE I 7MILICIRTEL. £
DEIFANDLETIWNERHAOHITHL, FEL-EDETILERAL:
model.score, model.predict &, RIFFAETILOSETL-ETILERL = score,
predict EARE L THHZEMERL TH LI,
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Problems, Models, Algorithms |

¥, > |
* Problems . Modelsw

— Classification — Linear Regression Model
— Regression — Generalized Linear
— Clustering Models

« Algorithms — Neural Network

— Ordinary Least Squares — Decision Tree

— Gradient Descent — (other kinds of models)

X * Bag-of-words document
— Back Propagation model

BHEEIIHEHYEE . BEELEE . MIEETITKANIN S EEBRITR AT,
ZIMBIETSvoRyIRELTESTWV=TETILIZDODLWTHEZRTINS,

11



Models

* Represent by any formulas with (sometimes
one) parameters for the relationship between
input X’s and output Y’s.

— In machine learning, the formulas called as
“hypothesis”.

—Eg,h=a*x+b A

* a, b: parameters S

— Parameterized model. |

— Predictive model. (e.g., a=1, b=2)

ABLET—2tyNMIBF A ABRESIFTRRTESIILETIILEREL.

ZDETIVIZE T DB E/NTA—EEFFEBT7ILT)ALIZKYERTHLEBEE
¥ ABRLIYUTILhG, TOERICEHTHIAHNBERESIF(RBETESET L
B TELLLIE. TOFEBEEAETIVIERHMO Y T ILICR L THE LT A
BREENTEEF53),

BIZIE. h(x) =ax+b ELVDETILEEZT=ELED, COFETIEAEHFRITEAL
M, INSA =R THBabbI[TEEDEHESZATODLE, FRIRIEELETILIZES,

HBETILAIZRL, BRBZFETZILTYXLANEHBZEL LA, F0H
2. HBFEET7INTIVA L% BRDETIABERTSEEH 5,

12



Problem <-> Algorithm + Model

__ Dataset

N

Input X’s ——{__}— Estimated value’s

Linear Regression /(%)= 6%, +6,x, = EGixi = Eeiq)i(x)
Model h,(x)= 0, +6,x

@ DY

* How do we choose the apropriate parameters?

BRFEEERT I aNELTIE. 1) T—32EyrEREL. 2)FTILEERL. (3)
ETINZT =2 EBRT A ETEDT 2 EIbE3FGRBAT S EL5%4/85
A—RERETHEITHS, ETIVIE, GIR—DIZE T HINTGA=24FE K h(x) &,
INTGA=BEEDESIRABTEINEEH-FEZETILIAYXLHILHEYID,

ERZEIEET ILDFITIL. sklearn.linear_model.LinearRegressionZFIFALTHY .
7J)L31) X Ll plain Ordinary Least Squares (scipy.linalg.Istsq, /N — &%) h\fEDH
NTWS, BEEIRETILELY—ARIETSHE. ATXITELIER (BEHEFE=)
HOTERLL BAAICELTEDEEEZRET L0 D/\FA—200HEEIND,
Ffz. ATXIEKFLIEWLWNSTRIEELTOOELAET S, LEERTAFDx0IE, XY
ML (BLLIEATHN EEEL T—RRIE T 5-OICAEIN-EHIE (x0=1) TH 5,
Flo. AIxEZDFEFHRODTIFGL, AILEZMA-EZANSIELH D (D)

13
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Linear Regression Model

Training datasets
- (xy) =(4,7), (8,10), (13,11), (17,14

Hypothesis " assumption1 I | o
h,(x)=6, + leu of ‘
Parameters
— 060, 6,

Cost function Q | o

_ 1 (@) | ()32 o |
1(90,01)_%2(@,@ )=y D)2 % e e

i=1

* Objective function (measurement of the goodness)

min J(6,,6,)

GRERETLOPSERBL TS, EXOI<T b0, 420 T LEREL, BEES
DIDDY LT NESEHIAT HETILERE BT L THS.

FTREEFETLVCEWTETETIVEHRE TEUT HI1EVSFTHIRTER S, CCTREREI
FHEF )ELVRBETIVEREZ . £TOT 2/ L TELWE DETHIENTESH/N
FA—=HOERDD, EVITETHD, BT B/NFTA—FERDHEANTENL, T—2EIRELT
[FABLEGMN O RHMD AN L THE R Dy EF RS HEMNTESIZS5, —AT. £H
ZLBERDN _RBAYCTHLHIEDOEANSER CILAUTELRGE ., B ETILTEIZELET
IWEHBET HENRETH S, LOLEALELZLERN TR ILGONESBOMN T, BT LD
BACIEAL L. TEZ LB THILESLRMOSZNITHELIZETILERIRT 5 ETHD, 20D
FOGEAMN G, BHFE ITEWTIEETIILENRER (hypothesis) | EFFL, ZDRERERTHRELI-&%
BEINTA—FEROESIET B,

INGA—BRERREABLID, TORIZEZDRNECLFIHEH/NTA—EEEZI-LZIZ, ZDE
TILDBEHEESFTHET B I EVSEIIEIZEIZ DN T TH D, CNAFFETRLUI-B KB (cost
function) 4> B KB (objective function) T35, IBKBEEIL. /3T A—20[E DL V= FBIFERN(x)
EEBRDHENT —FyEDERD2FELRD . TORMTHELET 5, ChEx ZFEMFRE (sum of
squared errors of prediction) %252 S A # (residual sum of squares, RSS) EFESR, CDEA/NELNE
ERER/INSGA—BTHEHIMTED =0, BREMET S BREBDR/NEGDH/FA—F0ER
FTENBRITH A=, min J(0)% B HIBEEREMES,

SHLORE. BRI, BIERICEYTET LA EREN TS, A AEEELEEETLY
BUOET LAY EFBI-0IC(E. ChoDBRERSRIT B L5, HIR TIBAERELT
RSSLUSMZIEE QIS BB ENEZ NoEo5m? BETFAHMEDENLE LS ?

15



Hypothesis vs. Cost function (61=1)

80=0, 61=1, (x,y)=(4,7), (8,10), (13,11)

Hypothesis: Cost function:
1 m y g
h(x)=x J(0,6,) = — ¥ (B, (x") =y’
2m i=1

J(O,1)= i((4—7)2 +(8-10)* +(13-11)%)

1 17
JO,D)=—9+4+4)=—=2183
O, == ( )=~

...........

AR FEAMDIEZERITROTH LS, CCTIIFENZHERTHIENABRHIDT=6H.
INGA—HB0=0TEIFEEL. 0=1DLE, THEHB(X)=XxEVVIETILEZEZTHELD,
Ff=. BT ILEE3IDEITFIZL = h(X)=XZF R FRIEL =D N ER TH B, CD KL
—ENSA—8EEZTLFEAIX. T2 EyrELTIEEZ G oT=xIZRLTHHE
HEFRTEIENTES, FlZ1Ex=0.1%51LF BlFE RN (x)=0.1TH 5,

h(x)=xIZHBTHARXCEBIIRASAFEDEY THY ., ARMF2.83¢15 5, HEWES
TlIIEYIARM DL B LI GINTA—R0TIET ENBTHAZEMD, 2D
CEFBRBRLOTT B8, /13T A—20%1EE, ZTOROIR N AMEELTTAY
FLERAETORTHS, ARINESKEDINTGA—ROFET ENITEIF. 2D
H=H T 51EEEFEE LSS HEE A0 E<E BB EIEL TL T LAY T 5,

16



Hypothesis vs. Cost function (61=0.5)

80=0, 61=0.5, (x,y)=(4,7), (8,10), (13,11)

Hypothesis: Cost function:
1 m ' '
h(x)=0.5%x J6)=—— Y (hy(x™) = y)’
2m 3
J05) = ——((2=7)* +(4-10)* +(6.5-11)%)
2m
J05)=——(25+36+2025)= 122 _1354
2%3 6
O

vvvvv

INTA—R01E D LIEEISE . 0.5BF DR MNERUIE RO THI=-H¥FERLTLNS,
EXIZETILERLTBY. £2TOHUTILICHLTTES FHEZE DT EELD
[ZHSTLELOTWS, F-ATORMNSHND LS. CORT—ILTIKIFADD
LEIZEBELI-IEITTEaARMARELB A LTINS (KSIZHZB) ZEMNHH
Bo HAELKEM, 012D A (0.5 LA TEAR) [CFENTHD(ELALLES
51, CDEIEH B ZE T B TIILR(EHNIZT S5-HITELBEHEEEL . 51
EZELTHLTLS,

17



Hypothesis vs. Cost function (61=others)
00=0, 81=others, (x,y)=(4,7), (8,10), (13,11)

* 01=0:
— H(x)=0*x=0
— J(0)=1/6{(0-4)~2+(0-10)*2+(0-13)*2}
* =1/6{16+100+169}=47.5
* 01=2:
— H(x)=2*x
— J(2)=1/6{(8-7)A2+(16-10)A2+(26-11)A2}
*+ =1/6{1+25+225}=41.83
* 01=1.5:
— H(x)=1.5*x
— J(1.5)=1/6{(6-7)A2+(12-10)A2+(19.5-11)A2}
« =1/6{1+4+72.25)=12.87

INTA—H01%0, 2, 1.5ICBENISEH-EEDIARMNEHEL TH =, CNEHET 5L
RDRASGAREDERY ELB,



Objective function: minimize J(01)

* How do we observe the shape of function?
* How do we observe the behavior of GD?
Convex function

Cost funcfion: J(theta 1)
=]

CDEIZ, NFGA=F0Z(TERBLIZIGEICIT1ID EENBLEZEARMYVNEK
HYFSE, AR ZFENBEITH-o>TWAIENSFDEMBIRIE =X
BTHD, ZREMENSZEIFLEE LT TICMEL DR, —&FfBE12EL
TEAIERATRERMABIENAHYZL =8, FIZMELb, CDEENDR/IMESE
(ZIEEH 0L DHIHEFTTHY . BEHMIZIT M RS PR/ ZFEICKY B
ExERDBZEMNTREL,

19
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Ordinary Least Squares 44

h(X) = 90 + le (xly)=(4l7)l (8110)1 (13r11)r (17114)

2A4D5'148 28

7=6,+46,
0=6,+46,-17
e =0,+46,-7

e} =(0,+46,-7)°
" E=2e,.220 ’ |
=(6, +46,-7)" +(6, + 86, -10)* + (6, +1306, -11)* + (6, + 176, -14)’
= 5386 +840,0, +46; - 9780, -840, + 466
= (26, +216,-21)* +97(6, -48/97)* +121/97

00=1029/194=5.28, 01=48/97=0.495
h(x) = 5.28 + 0.495x

Ref., http://gihyo.jp/dev/serial/01/machine-learning/0008

RINFEIZKYRDHT-0FANDE ARDKIIIZETDH U TILESEGABT

BETIVELTEDTNBIEND I D, DX, RINZFEEIIREBE T UAEZE R D

BIENTEDMN, TD—ATIIEHE )Y —RDBEEL HD, U TILEHAKRET

F-Y, RITHGRAZH) A KRETEL L, ERANLERBTIIMRERODHZELNH

%_&7&60 EDCHWIREBEDMNIETEREEEITKET 5160, EBRLTH
Do

KIAELT—2ybDBEIZIZEZEAMNTIELGLV O REBERLELTHEMS (R
W) ITEIKREBTEZRAWAZENZ L, CNIFZLDTILT) X LDAFT
HBHEELVIEKIEWN O REBTEICDOLWTEFATINIS,

21
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Gradient descent algorithm

Repeat until convergence {

3 (1) Start with any parameters.
6.=0.-a—1J(6,,6,) (2) Update the parameters
(')Hi simultaneously, until
} convergence.

* e.g.,a=0.1,0=3, J(0)=9

Simple example « 1stupdate
” * New_60=0.8*3=24
J@)=6",a=0.1 + J(6)=2.4**2=576

* 2nd update
d * New_0=0.8¥24=1.92
new_0=9—a£./(0) « J(6) =1.92**2 = 3.6864
* 3rd update
* New_6=1.536
* J(B) =2.359296
* 4th update
* New_6 =1.2288000000000001
* J(6) = 1.5099494400000002

=0-0.1*20=0-0.20=0.80

BB TEDTINTYALIZETEI VTN DBAT, ZDF-HLET7IVTY X LITEREN TS, £,
(V)FGA—EEEBDETHIELES, TORIFRAFAF LBORKIZREDE, QUUERT HFT/\SA—4%E
HLBT LS INTA—FEHILER  THHRITSTELED, BIZRIF2DDINGA—2RHHIRRIZHNT, T
BT —RUINTGA—F01EEH T HRI00NEZH#HH>TUNS=8 ., F#EYITH S, ¥—R2ND KSR ME
HEBFHEZD T TRIELELS,

#4—X1

B0IZHITHIARNEH,

B0EEE#T,

PLZHITHARNEH,

O1FEE#,

#4—2RX2

B0IZHITHIARNE],

PLZHITHARNEH,

B0FEE#,

O1FEE#,

FH 20 DEE THESN TS, 10 H DI ST/ SA—4ZDEDTHS, 20 H DEATHE
HTOD/TA—AERAELLT, EQESICETT 5O 1ETALTNBEL, aldHEREEFEN BB TH
U, BRI RRT 5, BENERARME TS, R EIEES N/ S A—RIZE I HIEEERHTHY.
Bl [F00E RSN 15015 ERIBEL THRUMEEERH B, CDEE . MEEDAESEMEL. EAIZDLNT
DHEZ THES, AANERIE T AZISH ORI T D EZ BRI Sk~ fz, CORTT T, EEAE (LIS
£) THHEIFE QLSRRI H S DI BERELD(E, ZD/TI—AEHIEETHEIRREA LI,
SEYARFAEZ UKL, BICE 2L BENEDERIC(FE S MEET CETARMYMET S,
FHEIEE A B DEEIZ (L. KYNSHIRNE NS A—AEERITBBLI-ES A B, ChERL TS0

[ ITHY . MEEDEBISHL TRARI/ S A— £ BT H_EEBKL TS, T, adl$BTT HEDBE
EETES BN/ {5/ S A— BT, ah KENEE— BB BIEAAZ LY . BH@MHH D
IECTHROAEUIEL, LA S kST E B EIEEAOD &I [FED 750\ B IIBAAE L - RUHL
TUES) AR RE < Bl=th, — MBI NS EEEE T 5.

23



Cont.) the behavior of GD

"xx.dat"
x*x

25

20 -

J(theta

theta

BIDRSARIZETEHEHITIE. Ta=0. 1, 6=3, J(0)=91 =BT B/ \5A—2ITHE Dtk
FERLTW= CNEFRIRLI-ONZD T S7TH D ADIFTERIDO XM HFEL,
HLFDERIZBEIL TLBERFNDMNEEAS, BRI, aZBEELTLVAIZEHE]
HoTBIMENDLT DN TNBIELBETES, ChITEHA M ablE
ZDREITHEOTNSI-OTHY . BENT HIEMESH/NIGDD FERELTHE
B /NSO TILNT S, ZOF=OREONEIEEHEL ISR T T TIE, Ehi
MRELGEWLIENSZLY,
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Gradient descent for Linear Re i ) d
gression 6,:=6.-a—1J(6,,6,
hy(x) =6, +6,x  (xy)=(47),(8,10), (13,11), (17,14) 96,

J(6,,6,) = 53867 +840,0, + 407 — 9786, — 840, + 466

d + e.g., a=0.001, 80=0, 81=0, J(6)=466
51(90,9.#8491 +86,-84 . 1stupdate
0 + New_60=0-0.001*(-84) = 0.0084
d + New_61=0-0.001%*(-978) = 0.0978
ﬁj (6,,6,)=10766, +846, - 978 . J(6) = 374.86117384

1 * 2nd update
+ New_60=0.01597176
e X | + New_61=0.18500616
TR * J(8) =302.3858537133122
* 3rd update
+ New_60 = 0.022804930848
+ New_01=0.2627653344
+ J(8) =244.75187010633334
¢ 4th update
+ New_60 = 0.0289794580943616
L + New_81=0.3321002229994368
‘ ' * J(6) = 198.91981002677187

RYIRYEFRNR T, INTA—FEBHHT 54 FEIRXMEARTIEGETILTHRIE
LE=HFERLTLS, RYIIEZ01=1HBIEFESTLNBN ., INSA—REZFH TS
FUIBEENDLT DEZ TS TWARIEN DN D, T/ \ (T RIEOLERIZ

#Z TLvo TV,



(optional) zig-zagging behavior

X211

0 2008 9. Sewtwesce ) X1

Ref.,, http://en.wikipedia.org/wiki/Gradient descent

AR TR ZOFFETEIDITFIIBE TS, ERICAIRIELTAD LWL
53 COEIEBHEEREATLTRL—XRIZBEITEAEZBLNANALIRES
NTWLEH, REERTIEIIETET B, EEAH S AL EOhSESHDeep
Learning —Python TR TA—F 53—V J DEMHERE | THMEL TH LS,
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