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Source: Bhatt, Chandradeep, et al. "The state of the art of deep learning models in medicalm%JT ﬁ
science and their challenges.” Multimedia Systems 27.4 (2021): 599-613.
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Source: Bhatt, Chandradeep, et al. "The state of the art of deep learning models in medical/\m%JT ﬁ
science and their challenges.” Multimedia Systems 27.4 (2021): 599-613.
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scikit-learn

classification

§ WoRKING alg()rlthm Cheat'Sheet
WORKING Classifier
NO
Naive

YES samples
Text W?RKING L= @ f
&a) . near samples I
z ves | category
do you have J
YES

NOT

kernel
approximation

KNeighbors
Classifier

regression

SGD
Regressor

_ElasticNet

SVR(kernel="rbf")
EnsembleRegressors

NO,

NOT
WORKING

NOT

Spectral WORKING
Clustering = - m
CMM_ RidgeRegression

SVR(kernel="linear")

YES

predicting a
quantity
NO

YES

clusterin
8 Fan
samples
NO

Randomized
PCA

NOT
WORKING

<10K

samples

N0 WORKING

/
YES

Sk
samples

dimensionality
reduction

approximation

\
o)

Source: https://scikit-learn.org/stable/tutorial/machine_learning_map/index.htmi
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Source: https://tech.meituan.com/2019/02/21/meituan-delivery-eta-
estimation-in-the-practice-of-deep-learning.htmi
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Q Manifold in a higher b Data points sampled € Graph representation @ Intrinsic manifold
dimensional space from the manifold of the dataset

3

@ fMRI data f Brain states defined by @ Phase coherency states mapped into the two
phase coherency first cordinates of the intrinsic manifold

suo!ééa u-!EJgH

Brain Regions

RIS PR 4
Source: Rue-Queralt, Joan, et al. "Decoding brain states on thg—m
9

intrinsic manifold of human brain dynamigg agross wakeflne

Xig (B ) IR ME X and sleep." bioRxiv (2021).
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REH} ( Decision Tree)

root node
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R THBEREEEGA, SABALERBIEREBIOEN, EEELSHRATS, H(entropy)BRmRHL
BTHEMNEE, BUEEND, |DIFTREERORAMN, DitotAsa K 43, IsEseDn [
H(D)titEAR R

i i |Ck|
c~ |D| S27D|
HAC,REBEEDPETHELENERFE, |Cr|WRMZFENFERTE.

BRIRFEANE—TMRIERNA, BFEABn T AERNERE, ag, . . ., an RIBFIEARGEBIEE DS AT F5&E
D1, Dy,...,Dy, |D;| BF&ED;HERNE, FED,FPBETCrENEREES N Dir, | Dir| B D1, PRIREARTE, MHFEA
X FEIRESE DRy BTEANA:

H(D|A) = Z ||D|| H(D
; D £ Z z\

’L
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T ERBNERRAEE 2 EE T INSENE |2 (information gain) T, [i=FF 00
9(D|4) = H(D) — H(D|4)

ID3FFEFFHAENITEME I E LB ISIEN BIELE.

ID3IE %R AR A(E BRI RN (RE TR R IVER S AR 8, (ERMEEEN XN T 78, 5
RiB@EICHgR(D|A) HHEAXMT:

g(D|A)
D|A) =
gr(D|A) HA(D)
Hrh, H,(D)REIEE DX THHEANBERNE, HitEAWT:
Z | D; | D;|
IDI D)

- Hn A4S ARNBET .
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AN TRERFNZRBENZHEES, BREME, EEFEXNERNARNFTER, RENNEXBEERMNAE, 2
A9 FNEI R (pre-pruning) Flf5 B4 4% (post-pruning) .

B ANz O BB EN P E [T RZAI, STt E AN S B ER T REEZHEENRIE, WMRAGENARTE
BEFRFN, WRAEFEFAREINERNANEFEHERP, REZSHERENRNAIMNXE SRR, FREIR T
IS LRI ERB AL MG E:

o SWMAE—ERENIR, FIEWMAIER;
o SEASASRNEABENTETHENNER, FSERNEK;
o ITRBXDRGNARERERF, SNTETBRENRR, TBHET R.

RN OBERUTEZEMN —FEZEERNRRN, REETMLITEESERK, B

S, BRI RE =G IR, A—
THERENR, ZERNEFEFRRZEIREFENHITAIRT, BEETER, EERBEERSRIZAENERIIASR

#, [ENEFHEHTERX,
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$32<[@)3M CART : e T3, [T

BEHLFFH#F Random Forest : FAEHIEYASTUEN— 1. RF EIZBRZREMAR 8 RREMZEZE
KEX, BISSRHRMG  BEFHERHEARN , SIRARNESoBIETHRE , AERETIRERGEDRER.
BiERRHEAdaboost : FI—"EAX D XKEDBIFEASEEINGE , IMNEHNEAERERBARIIG N —
NEARDEREE. B, E8 P IIA— 503K | BRIARIE N ER R %/ \IEIREEIAEFstis
ERIRRIEIREL

HERHRFEMGBDT : 2—MERENE L | B ZRSHERENER . NBEFFENTTLIELRER
J&F Boosting 5#&. GBDT EHANIARNZHEENEEENEIE.

XGBoost : XGBoost 2 XHEFH1T boosting tree T EH , EEBHBIRREFHIFHR boosting tree TEE , Lk
BT ESIR 10 f5LALE. Xgboost #1 GBDT FMEERE boosting 73i% , bR Y TiEsLIN. fRRA CRI—EE
g, BRRNAREEBREREEIEN.

LightGBM : LightGBM H{EXiet | TEMBTHER GDBT (L8E22URFIBEIRYAR , LMEELAEIFE R

P i Aresul)
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iB48[O]J3 ( Logistic Regression ) t2EIEREZFE2M])T , (BESLFR EE—F—Z(081)5 %'é’FE’*”
ORI | 1URIESR, BERERIMAEAREHERE x , #id/9 P(y=1|x) #1 P(y=0|x) ,
EBAFIEEE x ARHET | ENTRERETE KRR,

BERIRH—TLMER, BANEEEREEA— —THRRMAMACSRLY
PAET S o

0.8

y=w-x+b
IHANREREEEIER P(y = 1|2) BIEY A LR SR RIS EBEIIEEIE? B iy

0.4

Ply=1lx)=w-x+b _
BRREATEE, EAZRNEDNER, BUERIZA0 < P(y = 1|z) <1, MEXHDHE
ESBEN o0, +oo], FIARHZIK—NEE, KEXEONEEEEM oo, +oo] REH0,1] S = v o = s
F, MR Esigmoid KL, HBPRARMT, HRMESLE: SigmoidEEEE]

o) 1 exp(z)

- T 1t exp(—2) T 1+ exp(2) N\ TSJTU m L
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wb(Cl |x)
s “
Sigmoid Function a e
)],
P
= =5
i o

IRKEE] : R IBIRKEE

L(w) = ) [~yiln(o(z:)) — (1 - yi)ln(1 — o(;))]

i=1

SRR - BE TR, FiGE

/T(\J%‘i%ﬂﬁ B
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N ( Perceptron ) ARl

RN E1957F HRosenblattig i, EXIFEIEVMHLNBRIEM ., BANES—M RO ENEGEDRKRE,
ANZHINFEDE, #EALENES], ERE, 7KRE-1, BRANE—MAZEE, HERERE—THEBIFNE
SPNELFIMALHR/TES AN EBIE., MRTFEAZEZETON, WREXERS,BEFH,

RIRRBENBANE € R, BWHR{+1, -1}, WRERMRTRA:

f(x) = sign(w - « + b)

) +1, if z>0
sign(z) = {—1, if 2<0
HAwMoARANER S, f()BIRBERNSBEYE. B1TARMNERNREE, w-z+b=0B18—78¥

T8 decision
region for C1

X2 W X, + WX, +b >0
m 1 *
o = decision/.\ ool
ZWIXI +b—' O boundary .o ..: %!“.‘.. C1
i=1 L ] '. .4‘ ° ‘. L ] = -

decision Clle N . Xy
region for C, by " \ /1 \T=TSJT m

WX, + WoX, +b <=0 WX, +Wo% +b =0 21
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Perceptron Learning Algorithm
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IRK L]

NTREDBBTE, FEWE—THRKARN, ABEIR/NMELHRKREAKRERE
28 wilb, BANNBRRABAMBIRSEF/DNBFEEMERZA, 555 HBAZER"
EF—LpREBzep BB TFEHNER, BIE2HANILKE:

REANALAY RS R 2K -

L(w,b) = — ) yi(w-x; +b)
x,eM

BEREERESHwHb, FER/IMEBREREL, BN

MiNy pL(w,b) = — Z yi(w - x; +b)
;M

IR :

WL B9 FE K A BEAL 1% B B & A (stochastic gradient descent, SGD)RSELH], BRER

EE— T8 FHwo, by, REHEIRDER, BRBEIER—MRDER/UIHTHEE TR,
AN wHbETER, BERBIRDRR:

w=w+ NYix;
b=b+ny;

o
" o o
o
o
o
o] o o] xo
X -
o
e __b_. xm
Iwl x
X
X
%
X X wex+b=0
L)
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ZiFR=l (SVM) ke i

XZiFM =t (support vector machines, SVM)tZ 22— 3853528 | BRI BinERK1E—1 865
BB IERS N EEYHE , mMSVMUEE [{3l—/eeiSEUEERos XHBREANSSEEm] |
BISVMAMXEHKE— Mo EBYFE , mMEEKLAIR e XREESEIELERD . SYMSRANTAY

B XBIETF , JEF

ERLMEA DRI , BAWIKEGHI D BEFEAgEa LSS, MSVMETE

PRERARILRIZIER | &IEREHD B FEFEE—H.

ZIFME :

ELMEDIERT | )IGEENEA RS0 B FHIEERIIHIE

REFRAZERE,
LR

ESChRM AR |, —RAEENRIBEIRGH T KR | MEETRAEE
BXHEME , [FeREEXHMBARAYEE , HiTokEFRGRZMAE]  XES
et E] 4 SVMBYHEES L,




Python3EI : scikit-learn o A EWEDE

SVMIREUERFEEFIRBA)RR
http://172.28.19.228:8899/notebooks/Cources/scikit-learn/examples/classification/plot digits classification.ipynb

PETTEE

http://172.28.19.228:8899/notebooks/Cources/scikit-learn/examples/classification/plot classifier comparison.ipynb

/T(\J%‘i%ﬂﬁ B
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http://172.28.19.228:8899/notebooks/Cources/scikit-learn/examples/classification/plot_digits_classification.ipynb
http://172.28.19.228:8899/notebooks/Cources/scikit-learn/examples/classification/plot_classifier_comparison.ipynb
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TEEZFS (Unspuervised Learning ) , XaJfRABEEEF>] ( Self-supervised Learning )

| enjoy
' algorithms

Unsupervised Learning

Unlabelled Data Machine Results

SEOX® & DO
2

AN © WA > i g OO

QOO elele
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IS EFEPRITCERERMR , HE—E

RTEERFINE , BEFRYSAETE | (ESEIEELRYE

cluster similarity ) 5§ , {BEEfZEHELE (

.Seqtt!e'. Y

.

Spol.('a;Je. e
HoMmyr

” ‘prgland

Y .Marqueyte
e s - 3 : . .f. .
eno Bi® Salt LaKe City”

ot . 4 CRe R
§ & s e e 7
GF

» N, 2 £,
JLaniDiego: Phoenix
L]

et

0 500 km

EEE , REMENR BTN TIREEN

inter-cluster similarity ) (i

.Seattle
- & Spokane
% ! . =
v Portland H
3 ;’ ¥ ,.Helena

<5

& 7
#\Ibuquerque %

e ) - W
*ubbmk‘r 0

X

REl:Paso DOdessa

0 500 km

ERIF SRR TEL

*

*’Savannah
2
P |

AW
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L
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~

Source: Nelson, Garrett Dash, and Alasdair Rae. "An economic geography of the United States: From VARN =21

commutes to megaregions.” PloS one 11.11 (2016): e0166083.
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Hh—+I FetRE :

- BT EIBXAE , — B IERE 7 LM
ER , FEEX/ M mERNERASSE TBXAER
R, TR TNREBECR&INMmEREIMA.

- IMRZiE , AREEIEEKNT Y , TR
— FECHIR EFrERIT RRIELE | #R2IT FrAa iy 2
bt FEEER EEH 7 HCCRIMERIE. i

- WhE—XEsI A~ REEE AEEIR , BRIAKIIA
Wi shlie B SRR NEBYITAITRER , TE=
MIRN AT BEC®RENMmER. ...

- BUXE , HWhEMLERRTIBECHME | HRREECS

NEREEmER , RERRE 7 MR,
AT AR Z M ENEA T ENMIREIE&AT
YIRS /ﬂ“ﬁ\f%“:%ﬂuﬁ |

l|\
24 AP
29



'S Ié&n"‘b Aty o=y
K- m e a n s %;ﬁ fr;ﬁcial Ilri'elﬁgbefelj zs':(‘i’!i]’[[e3

K-means&i&iiizs :
1. IBFERMEY kK TMERIEARREFRLD a=ay,a2,...a; ;
2. I BIREEFBMHER z; TEER k TMREFLOBEEHIGHE D RIEEE &/ \BIR LD FTITN
HIEH;

3. 5B KA o , EITREENRERLD ¢ =

1

|ci|

S o (BT RANE

TEc;
i)
4. B8 FH 2 3 MTIRIE, HEAZIE TP IEFRHE ERRE. R/REZMLTE) .

SRENEUE n > m 4REUE
BEALAERL K ™ m 49

while(t)
for(int i=0;i < n;i++) FESZYE : O(tknm) , Heb |, t JEOKEL , k F%
forlint j=6;j < kij++) HEE | n AEARE , m IFEEAREE.

HEA 1 2K j NERE
for(int i=0;i < k;i++)

1. HHEAMBRETECE—XNMBEEIER

2. {EECRATRMEBUNXELIERIIP O R LR __//Wa\f;;fSJT (W

end
30
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=

- BRER  RESERE | BAERERN , (BEEFERIE

%7,
« QMEXREIEERIAHER , ZE AT LARIEBITFRYRGEE ;
« HBRTLUSET D RRIRE | MERIEEAFIE ;

- BIEEHER.

TR

- KEEFEANERE , TE K BEBRINGERFA—F ;
XIHIIaRIEF OBUR , RGNS NEBEARESER ;
X HE U ;

HEARRBERSA

X MEEZDHRMES

%
PMEEARBHHIDR. AR FHERISSS. IFCAARRT
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BHRi322 AutoEncoder

B4sht9s% ( autoencoder, AE ) ZE'E_§'§7_ FINEE

Neural Networks, ANNs ) , EIhEEEE

( representation learning )

Artificial Intelligence Institute

SFHER BRI ERRATHEMNE ( Artificial
TEBAGEEEAZEIBR , MEANSEI wi‘«%ﬁ%ﬁﬁ

As close as possible

[ * o

— » NN
2
;; -‘~’M Encoder

)

ap0d

)

o

NN ‘ W §
Decoder e ~

|-

/\T\ﬁ%ﬁ%ﬁﬁ
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Encode Decode

A
=1 ’ :
FRiil PN . -
Healthy Images Reconstructions TRAINING
Encoder z Decoder
B

Testing Image Reconstruction

INFERENCE 7/ T \TF=7S %JT@
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R cnjoy
8 algorithms

Small amount of
labeled dataset

Large amount of
unlabeled dataset

ML Model

|

Pseudo-labeled dataset

ML Model trained
on labeled + pseudo-labeled
dataset

/7 1 N\J M LSJTUQ
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EHRFI(EEE R

TRADITIONAL MACHINE LEARNING TRANSFER LEARNING
BN SAT
=HF)

. BFESTEL B - [Bo
. ﬁﬁ%gk%dz/ﬁ;iﬁ&}g — @ & :) s DATASET 1 MACHINE LEARNING MODEL 1
SRS IR A = -

DATASET 1 MACHINE LEARNING MODEL 1
SRS AR E— L AR

i .

. EHHERZN
QQ?ED EEE DATASET 2 MACHINE LEARNING MODEL 2
o FMEEUE. )IE&EEET
DATASET 2 MACHINE LEARNING MODEL 2
HA
yaaN—<utiflm
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ﬂ Target

Source labels : labels

/_‘\’——/‘ Small amount
m of data/labels

Large amount

. FETm) a of dataflabels S ot L Target
Idea 1: *;i/ﬁﬁgﬁ L "?::’Ceel — / model

Source data
E.g. ImageNet

Idea: use outputs of one or more layers of a network trained on a different task as
generic feature detectors. Train a new shallow model on these features.

- =S Assumes that Dg = Dy
Idea 2: {RBY{i% -

| .
8>< l fc2 G features

fc1 fc1

Target data
Eg PASCAL

\

| conv3 | | conv3 |
[ conv2 | TRANSFER ( conv2 |
|

B — —— s=-smul L
37

| Data and labels (e.g. ImageNet) |— [ Target data and labels |




N L BEWE S

Artificial Intelligence Institute

specific, discriminative, lower resolution
low-level high-level
complete, noisy, higher resolution

Source: Yu, Jiafan, et al. "DeepSolar: A machine learning framework to efficiently construct a solar
deployment database in the United States." Joule 2.12 (2018): 2605-2617.

/T(\J%‘i%ﬂﬁ B
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58{¢3>] ( Reinforcement Learning , RL ) B9/0E1E |, Fi2iL B ERMERES, BT AT
REBEIR (agent ) ESIMENRZ B EEIY F I REELUA R EIRE AR ESEINY S E BirtlinlfE, —
eSS /RA] R R9FE ( Markov Decision Processes,MDPs ) {7224,

AN |-

§ A\ \ N/ % AT\ AT 7 -\
Source: Song, Seungmoon, et al. Journal of NeuroEngineering

/ \ 7/
RLEGPUNELATTE - and Rehabilitation, 2021
« EHEeld (Agent) : EEFPHIIZG. EHENSR , SERREANMESHIMAE ;
« IFR (Environment) : BESLaiEHIHTR | EHaeAEEPTHRIE ;
 TE (Action) : EEeREIZHETA | HFREIBNERETH ;
« 32 (Reward ) : XERUEAT , RAILARIESE TE

\

/ﬂ“ﬁ\f%“:%ﬂuﬁ B

2]
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s F I IEALAR—MER (loop)

ﬁ RER
— - HEEAEINE (BRDER) BiXE
o' 9, At IE FIRIRTSSO (HRAIEE—ID)
Reward ‘ ‘
R, + TESOHYEAL L , agent=fMHE—1

Action 17EIA0 (QDI“EHE/:JE) :
& . IRIEESL, , FRIBHHORAST (A0K
G BT £ RRIE—T) ;
- INELEHTE—1EEIRT (R :
+1) :
X MoopEIHHFE— T HIRE. ZEIFNITEIARRIFS. mMEeer A Binm 21 FRHEE
| Bk, /NI SJT uJﬁ
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FAURT
ERZ t, AT SRR EMOIRE, REEREIIMER observation MEEO,, EFE—action TR A, BEI—Treward R1¥TH
R; 1, REHEEZRME, BFEE, (BAMNTHRARE, FREEHE, MRNTABINRMEE T —NZILEM, BR 1)

It NZFMBEENEBETNHEERERE: Hy = O, Ry, Ay, ...,0i1, Ry_1, A¢_1, 0, Ry, Ay
LRI RES: RFFIBEERERRFIINERENS, = f(H:), BFRERRNRE.

Policy m: RRATRAMNITE. ERMIRE SEHTHARN—TIREY, AINEMWEMER, tLAINEARREEN., BIERSRIERE m(als)
X— R DT R HATIERE,

Value: IASHMERER, SMoNERBERRAVEEERRE, BT HERE., BRARE—1TSRIRM reward BImIZABEI, HEIRFIAFHAR
ARERKNFRERN—EEHRAN, FIAFEZEER Value A2 REIKITMN AR,

v, (8) = Ep(Res1 + YRiyo + V2 Ryy3 + ...|S; = )

BIRESIRNSHIREETHS, REYTIEMMER R TRONZINRIEAEAMN, HEFyEXMEEEF, BT EH SRR AMIEL
B2, WBENNE, BTHEARTEN, RREFESHNRENLE.

Model: FRBAIZSNTL, ERERRAFMNIH: —SRSHMEE P2, BIFNESRST, REEEa B T— MRS IR,
B— P EFNETAESRSHENRT ZF R, j
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Tl
LT

I5E/] 2

iRmEiR{LFS] ( Deep Reinforcement Learning , DRL ) , ELff=3RHYH
el — XSS E | EIERNVsSa 7 BERES. BRE=1Y6E
DRL AN[FE LR T RASEMBENERESITTR—20% . EEEMNBETEEE%
MR EHRZMNBIPISFFIEH I TEME , &R 7 AL EMIRNSEHIESRIAER
£ | E1SAgentBEBE R RIRATAES EHITF S,

AlphaGoli§iREZIFHESIMCTS |, Rt TEANFEFIME :
REEMLE | 1EFEETANERTFHN T FR
(LEMLE : WEEEBHITLE , AERESEH




=4

SSMEF

iR =[]
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4. PEREIASF, BARRZESETT R (TSS) « 5275 1 (RSS) 5 [RJHR 2 F J5 F1 (ESS) =35 15
R .  BR: B HNAK: [38040104] HHEZER: [3] RBAZEE
XR: [1] MER¥: [C)

A. RSS=TSS+ESS

B. TSS=RSS+ESS

C. ESS=RSS-TSS

D. ESS=TSS+RSS

5. I A BRI RINAENGE LR A2 . BFR: B HIAK: [38040106]
A. K5 2 KA 2
B. &7 & A& Aw Z
C. &7 Z M & W £

D. B EMERE
" " ;v ow eI Tul
44
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8. FE— AN A, WRHEARKIFMEAIR, HEHRETIE. BEEH0REE N
o BE: A HHAK: [38040402) MHRERBEEXR: [3] BAIEZER:
[1] #HERE: [C)

A. R

B. £k [A] A AR Y

C. A BT 5N 4%

D. K iR 43388

9. N&EEFH Logistic FIIHKESF o BR: A HHRM: [38040404) &

A. BLEZZE b5 T
B. A\ e Ul
C. B R
D. BB A7 2K

71 NrrsuTul |
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4. N2/ IRE% RN PR EER . AR, ABCD HIiEA:
[38050101] AIRFBRZER: [3] EBEAEBEER: [1]1 HERH: [B)
A. REHIE

B. HyE WAL 5 R bik £
C. i FMERL, YNGER, PRAARERY
D. Tl . hZRiEAT

4. A DA R R BRIz AR 71, (EARBIENTAS . B RHIESE EIEAH R
HERKE. £&%: B HAHAKR: [38040102)] HREZER: [3)] BHUEBEER.
[1] ER¥: [B]

A. Y&

B. k5

C. Wir%

D. ¥4 M
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6. fEMLAS =, TREE (loss B MERZ . BE:. A HHK:
(380401041 AIREBER: (3] ®BAUFBEER: (11 EERH: [C)

A. 75| B S0 1 5

B. 381 X 4% = IR

C. BB S5

D. B IE i A&

5. fENLA =Y, HTFEIMEREIEEESTKA . BR: A HHA:
(38040102 HiRFBEER: (3] BEAFTEER: [1]1 HERI: [A)
A. Y ZREE

B. X5

C. WilrE

D. PR2sEE ﬁ”
47



N L BEWE S

Artificial Intelligence Institute

4. WA 2 B AT I R E MR R IR, (AN IRE N SR AE, KR FE AR 2

. BR: B HNAK: [38040106] AHREFEZER: [3] BABTEER:
(1] #HFERE: [C)
A. K&
B. Il &
C. z¥ud /b
D. L2814 g 1] &t

5. FEAR B, B THREEEMWIHER ATE.  BFR: C AiRA:
[38040402) HMIREBRZER: [3] ®BAOFBEEXR: [1]1 HER¥: [C]
A. A XS

B. 47 BAiz 3]

C. {5 B 15

D. 5V ljﬁ
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2. PlaR S I W R E R AT . BR: ABCD HMiRA: [38040101) &IiR%E
A. BHE

B. 127

C. PR R %L

D. PiAE v

4. RWEHREMRIZ o BE. A MiRK: [38040106) AIiHEBER:
[3] BESEREER: [1] #HER¥: [B)

A. TEVIZREE RS K

B. R4 LR &

C. TEIIESE A5 R UK

D. ZEIIEER LR RS

7 1 \F~rsuTull |
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L MBMREZERESTAFTERE I ERNER, BEFEHESHEAMMNT®K. &

EERESUWT:
A. LogisticRegression( ) B. LincarRegression( )
& D 2.5
E. m.score(x,y) F. m.score(array)

WA ZIEEARRARLGIANTE () S5@EdHERNSG (RHED) BhefdE, D4
F Logistic [a] = T3 Y1l 25 85 18] A P52 H B 25 R kS .

/T(\J%‘i%ﬂﬁ B

50




@ N L BEWE S

Artificial Intelligence Institute

import numpy as np
x=np.array([0.50,0.75,1.00,1.25,1.50,1.75,1.75,2.00,2.25,2.50,2.75,3.00,3.25,3.50,4.00,4.25,4.50
,4.75,5.00,5.50]) #II 2R TR CH D

y=np.array([0,0,0,0,0,0,1,0,1,0,1,0,1,0,1,1,1,1,1,1])  #@iHiA N1, AN@#ETHEIKXNO

from sklearn.linear model import LogisticRegression

m= (1D #1215 [ AR 58 X
x=x.reshape(-1,1) #HINR RA —ANRE, EEA—FIHA
y=y.reshape(-1,1)
m_fit(x,y) HARAY % 5]
p=m.predict(__ (2) ) #¥
print(p)
print( 3) ) #HPEAk A5 2 A R
1): [A)
2): [D]
3): [E]

iR : [38040404) [38040404] [38040404]  HIHREBER: [31[31[3) HEH v
EBER: [1101101] ®ERHK: [CI1ICIIC] N TSIl D



A. KMeans(n_clusters=3) B. KMeans(n_clusters=4)
C. kmeans.labels D. kmeans.tags
E. drawing F. plotting

MegEins data E RN EHIRE, OFEROKENTEE. BEMNKENTEFIXGHTE. S
B#EBE =" M :setosa, versicolor, virginnica, {#FK-Means&E AX HHREF A 1THAFHIER
K,

import pandas as pd

from sklearn.cluster, import KMeans

filename = "iris.data’

data = pd.read csy(filename, header = None)

#4F flk-means Y

X = data.iloc][:,0:4].values.astype(float) #HEBUCEE 4R 1R DU AR B4
kmeans = ) HIEAY 58 S

kmeans. fit(X) #ILRY 22 3]

print(‘'means.labels :\n', 2) ) #iH RRG R

pd.__(3)  .scatter matrix(data, c=kmeans.labels ) #4= B R B8 SRR R
plt.show()

1): [A)
2): [C]
3): [F]
SRR [38040408) [38040408) [38040408) AIREEER: [3]1[3)[3] #REH
EBEER: (1101101 #EHRF: (D] (D] [D]
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