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F o AR PR AFRUERIAR c TREPFEG R A2 2 eR
BAH A BRZ T i o 4 2Lt 2tk o T AR 3 R g & bt
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(MF + #_ (F-test)
(B)% = %# (Cross-Validation) ;
(C)fe % & t ¥ T (Paired-sample t-test);
(D)+ # ¥ % (Chi-square Test)

C bk i ﬁﬁz AR R L ELBAIE RS (0verfitting) ¥
FHiE Ao~ 1R A g se R o H Y > L1 &Rl (Lasso) i
Bk o w®?
(A e B3 Soliceniicd - R A RFER S
Bt AT > #FLFE{ATERRYT
(02 4 fFntical (Sparse Model) > f& 284 St € Jcac s F 5
(D)a‘%rs B33 (Learning Rate) » 4ci& 03] e acik B

C B RS B P 0 P RSl s 250y e (Non—convex Function)
EIUSENEE S %Tﬁﬁit‘ Fa IS BB FREGFMESEFE R
TR SRR A A T AR AR Y
(ADF R4
(B)F g > 5
(C) o FRB iR fZ
(D)iE#H &

B % #4 = DBSCAN (Density-Based Spatial Clustering of Applications
with Noise) ¥ & A 47 > F & FALELASE P ok A 7 &A= 70 B
(Core Point) > ® ZELAA TR {r o BLergilidire 7 > 2 A H w3 A
> % &7 &M % (Density Reachability ) ¢t 3 4L 28L& 8RR & Bp R PR —
B 2
(A)#=:i7 8 (Neighbor Point):
(B)#e:n 2 (Noise Point)
(C)## % 2 (Border Point);
(D)i%ﬁﬂ%!« (Potential Point)

A EUg o f B8 - 2RRR LA » 2 p & Rpl2 AN TR E

oo kiR A S rt (Convolutional Neural Network, CNN) %%
1B 29 % K ¥4 A (Convolutional Layer) i & f s
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(B)* M B R 1 4o i 18 B pn

(O# 4 i~ g Sl 2 A5 £
(D)JE & 7 it iy 1 6 2 07 5

EAES T MGEREF - 2o T A v ek r TALER

¢ B R T A o Bt is IR EHA 5K (Convolutional Neural
Network, CNN) #'Sdashsad + > P AR R B ieh 2 id dadd SRR
(Fully Connected Neural Network, FCNN)- 3R ™ 7§ 5 1 & R 57
(A)CNN wc p &5 ¥ B2 irradd 2100 5] 7 g2 )
(B)CNN + & 42 ptilf 4 1 F e P e (7 4 3 5
(C)CNN #:i8 % # g v (Local Receptive Field) ¥ %#+ % (Parameter
Sharing) 4] > "% M A 2B E L2 F LA A
(D)CNN # 3 o> ¥ (Activation Function) M4 P38 B B

A TR fA Rt B S LB e (Long Short-Term Memory,
LSTM) #=34] ?
(ADFFRIA K= 2 eng 4 F RELARSR
(B E AR M 7 I s W] chge 12
(O -+ BAEE TR kA W3 Mcp 4 3
D#F e g PIEFTHBEG> Kadr

D 74 ¥ (Information Gain) % * ** 8 P A S8 % h2 L E
FARR > TR CGETRATE R o S 2 A R YT A S
v
(A * L1 & plit 2§57 2 cde F chs 53]
(B)F1* i Sn#c (Activation Function) i& (7 # AP cniF R4 5 4
LS
(C)i%#E+% > #ic (Kernel Function) #-#Fpkph st 8 oz B s 5103 S
(D)% i vhiw & 4 > 383 = & #g4P) ek )

A s EEs G AAH S EE Y 03 (Ao KNN -~ SYM) P o T 5wm- gg R

W edT S A G B A D

(A)it {7 ¥ fcigc (Feature Scaling)» i & A s § 4p i i B 4
B

(B)#-id 9 3] 4 A ol 3 5 4 ) 3 % 8 s

(OO TaEd P ~HE (T4 4 BEAH
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(D) 7 HEHs 0 5 02 T P 4

c |10 TS AT AR & ¥ AutoML o v ORI R RS ?
(D27 e § 2 AFnMLOps & 5 & FRTHFF B B2 {ATH A RS
A2 5
(B)it#8F cnd A A5l EPAERT v 1 5 2B A L8
(C)f7 438 2 f/mpr 8 f ot 5 AR 200 % STRIBEAL > 4 £ B R A b
LYY SRR e
(D)PAFENF L ABEF 3 R T ch ¥ b G =R #0338 # wir 4k
IBREFEE 0

p |11 1P#>tGrid Search > Random Search AARFBAK L EFIR- AR R
$ 9
(D7 p & & 2 34
(B)w @& * { ~ a3
(O#F L3 E#E
(mu R HE R AT

c |12 B o9 Baf - 23A e Ragpl ks 17 g Rl B TR BUF R A
‘35:3%11;‘« (Deep Neural Network, DNN) 3] » vk i p| R ¥ & (v % o
B U AR P @%%mfﬂﬁﬁﬁﬁzﬁijjﬁﬁ%%ﬁ@ﬁg’?
prx AR m x HEAEE o BEF BT Y BT A1V A Sk
(Hyperparameter) [DEEE AU LE
(DF il g~ enfy 113 %
(B)4F % 4 (Loss Function) 3"z chphA % & (Gradient)
(C)¥ % % (Learning Rate) ### 31 € { #7ehid &
D)HA] a6 A2 g€ &

B |13 tR#tin L (Label Blas) FAF G A ARR TGS ?
(MDP'RF AR
(B)t\%?ﬂ‘ﬂﬂ‘f/%”ﬁ AREBL
() J-T#—‘rt 21
(D) # i & X »LL@

C |14 TR EALRT Y o H03laT 24 (Explainability) i M

49

(MDTFT A FREYHERY 2™ - g T g adh e
B RE

BT 2P *» BEFY FEZpEAFRL Y K > 2 g ¥FwgE




114 & % = = Al e * 23 EF -7 e 4 dFw [ o2 341])

B R R ES Y ppes iy

FEp g 1I4E 110 08 P RIE2LpH 114 110 207

£ X

&5
OF e r AT A 1T LRGN ERELT > 75 Rk F i
DUTiR R
M7 E» ATRAFFRE S RAF S pFRETERER %

B |15. EaLR R O FRIES 0.85> HZ &5 @ ?
(MDBA B rr s 5 85%
(B)85%:% & # A -2 f2 § 5
(OFFRIFL 5 15%
(D)#-3) $ 85%¢hfz v -k

A |16 B FAMERALY o EAEsES (Precision) 0.8 7w & (Recall) 3
0.6 A F1 ## (Fl Score) 5 #® ?
(A)0. 686 :
(B)0. 700 ;
(C)0. 720 ;
(D)0. 750

B |17. TP R Eap 25 (Momentum) R EH
(A)SGD+Momentum ;
(B)Adam ;
(C)RMSProp 5
(D)Adagrad

A |18 R fﬁfﬁﬁxﬁ‘i F pF & g XGBoost (eXtreme Gradient Boosting) #pdfia>t i@
Sith R & A-WH (Gradient Boosting Decision Tree, GBDT) 7 & 3
Ve S e
(A3l »~ = pliv 78 (Regularization) ™ Frd|iEH s » ¥ L4234 Ep
L SR O
(B)# r1 g #% #+k (Random Forest) % HB~ffHica] it = #ar s ;
(C) 1 %54 48 (Neural Network) B~ 33 4 #7 % (Weak Learners);
(D) * 3+=x & H.1- (Batch Normalization) ek = #7348 212

C |19, FFORBERE A ES Y GRIBCA > BHRA (GRS ik 30w

PIRG R EARY 0 T VR AT B A & TR D R b e
Rl ?

(A)ig * SMOTE &4 4 5

(B Fap=liE e

(O * s (Accuracy) Fi =Rk
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(D) © # & % #3¢ (Undersampling the majority class)

C |20 FRAFHSTLEHEF EFHARE A ATHD A Z IR RGTR Y
P FMeanM B8 bl TE SR, &2 THEEZRIAR ) 03 B
5 oo TR~ A 42K N Eg & 3t 2 3 # F e (Interaction
Features) ?
(A)#-5 — s =
(B 77 #riici (7 $ e 3
(C)#h B 5 BRACFRBALI 28
(D) e =R &

c o1 FEF RS AR F G Transformer i 0 3 7 RHCAIN P PFILfE
FE TR OE R FERTEFUREE RS ﬁ‘;% » BF R
P~ SR 4 (Multi-head Attention) #41] o 3R ™ 7iie 4 4 2
Wileni & g2 ?
(AR " HA] S 8cE " MRS A
(B)4eid BEREIT R 4 3+ B4R
(CO)EA B %7+ 2 & (Representation Subspaces) IF PFFdf i 5 & 1t B 55
s
(D)#r 4.4~ By £ (Gradient Vanishing) 4%

B |22 FERToALRURE LT AR F LR & o J S RAEE I %
B RFPET P REEYREFEEIRT L o2 ERE T AREIE
BT L AR T > AR Y i S e F A LS wg
(Bayes’ Theorem) it {74&#h » & 7|4zt o ﬂﬁx EH L E T ?
(DFRGGFER TR dAH > 0 F 50 £ 3
(B)reigid o= N3 BARE B DERER |, & T2 §REF , chaaEih s
(C)ra o] L= 224 (Mean Squared Error) % 4F % Sl FEiplAE & chplk§
£%F
(D) =45 v 4% 2 5L (Feedback Signal ) #:iE3 i* £ % (Reinforcement
Learning ) # 5 % £ 4a B vk

A |23

SRR ARNRLPF LR AR B ABEAFET R @a%lod*“

FiREELG R REP T R (P REE2E CER) LR
FEER o 1 ARpAT NIRRT SR I AT AR U R

ERFTEOWF A GERGRE o R PR cnfliedc 0 & T 7T

- g ?

(A% # + 2= (Monte Carlo Method) ;

\F‘b
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(B)K-means # % (K-means Clustering) ;
(O) ## % £ §F (Support Vector Regression, SVR);
(D)#%fﬁ:ié‘.’ P~ (Feature Selection)

24,

&3 Ao d 1% § e fFRc3 (Multiple Regression Model ) #gip] 3

% o % @A LB (Residual Plot) ¥ A #3157 % BT %A ﬁ‘a‘\—'i'éé
PR AZES 0 D AR R RRAT IR G S F G o R RS
aEILE ES ST T X

(DBAERHEE (Overfitting) R EPVRFHF T L R4 ~ L1t i A
* B

(B PFucic® 7 &> BR TS (Underfitting):

Ocal s 2R F & (Outlier) s 2-sm 4 % > 2 F B K

M)A ZLBEREH AT 2783 2208577 BXK

25.

FERBED b @Ry A F A s BiEw i (Logistic
Regression) 1F i H7 2 > & ik i & 248 B a2 iR iR 3 14 TR AR E (7 503
B o TRWR- 32 A @G Ea AR AR G R 30
(DR * 4 S8R T HEF Y

BierspEge 5 £ £ M (Multicollinearity) 4 47 5
(C)ig 74 48 (Binning) ¥ F# & (Information Value, IV) & _;
(D) * # * & Lt 4p % (Population Stability Index, PSI) #& 5 3|

26.

B ERSE Y R E (Overfitting) mF > & 7]om— 8 50 2 Bar
M4 e R B U B Y A 4 Dl ?

(MD#F* L1 & L2 & p]iv

(B) a4 & * Dropout ¥

(C)#x2~% g iz (Early Stopping) #+#1

(D) 3 i » AR 2 B A i 4

27. *

FEAS B AR S BERE R R > PR Y S RE Sk
(Activation Function) & » #A] e S rr S £ 8 I8 0% > 102 3] & 2
EYrleEngeodicdd c FRETL PRI TAM-FTAF S X
&4 ?

(A3 4 5 4 & (Convolutional Layer) #c® » i feie { iR 5 1 # ek

B

(B) ety » B2 Tt s 17 AP 1 2 > MR

(C)i¢ * Sigmoid s dfc » v 4y I B3 [0, 145 5
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(D)zx* ReLU (Rectified Linear Unit) s dndic > 1451 » 2had 3 % =

B & i i

og ~ PR LRAP o P A FRE AR EINA LRG0 AL € § VA B
N Eﬂl‘i’”—i £ERFTHEFYR A Ty gy
ZF& m,pﬁg/aﬁ’ﬁ; REIFL RN o BRI AL > HEWE R EFIRR
P BRI AT g Re ™y s ¢ R Rl PERML - T 7
RN LR EET DR ?

(A)F ek 3+ A e g RLRB RAPM D8 EREMRL
(Feature Bias)

(B)t#%3& (Label ) & * 1 f%3x > % 4E4#£ % L (Label Bias);
OVREFEATREFFESHEAL » 2354k L (Sampling Bias)
M)A A Fd S A K > $REHE (Overfitting)

og 1 FKH PRI R S &7 B R AT Sl DR E Y - B L Kk
BiEsREE - R0 RFRAEARAL LG LR BT RES
CREFALSFPRIR EREA AT EIE IR R EBT R o T
MW~ﬁ§¢&ﬁ¢ﬁﬁﬂﬁﬂawwﬁﬁ%?émﬁmﬁ TR
(DR EHRFEEP 70 TEFHEANE A ETT (4o L2 &R ) i #0314

o

’

(B)#-23m e FALQp » - 2 * %Fh > 24 5P %1t (Early

Stopping) #4124 ;

(OfF a2 4 - > B3] S dclicd '8 B E R 'R

(D) * pFERF A 7|2 R %% (Time Series Cross Validation) # /f# 4 %
7% (Rolling Window Validation) =% » & ik { ATokzE F 4L 3§ e P Y

i e

30, TR A ATHCA = TR & 2~ macro Fl-score = 0.91 - § 3213
FREFRG LT > TAHER > Fl-score ' 1 0.58 - T 5|vi- R &
@ 5 P & Fl-score % i 4Rt ?
(Mmacro Fl-score » ¥ &+ % » 23k * micro-average Fl-score
TN
BOBA o 517 < FR P ERHEE > i?‘rii?"-%f%% wE
OF &M~ 72w 5 (Recall ) ™" » #7341 &2 T mFs M 41T 5

R
(D)ri353 38 % (MSE) B~ Fl-score & ¥ & { B %
gy, FAMATHTELF RETRTH BELRD TS F AR R
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FRA SRR T e A UEARY 0 R AR hdp & B 4F
FTd o L hHBEE Y AT 0B R A S TREHP AT
oo MBERANIRINEFSETRASEGERT PE > EREEF L
IFE T fTace R AR T £@FY 5 iz b2 (Early Stopping) ™

FEWRAIE B diLita 4 > TAVR- B R B SR ?

(DE i)‘i‘r%z’#%é“'ﬁﬁ%#ﬁi B MBER DT MR RO LA R E TR R A S
B E ¥z B4 4 3k 23§ B ehmt o & (Patience) i ¥ % #h 4 sc i
s £ f?i?"ﬁﬁ ;
(O PREEF A ITL S pirdy > NEAFIEL TR - RIE
(D)#75 FHREATE H S RI Jear FALFFTHA D R GA D

D |32 FARESTEEESIRATRIED Y S BAEE G B
s Pl R E £ BRI ESE o Ay BT o BIFRE R
AT B R AR o TR PEL (R L AT A AR é’ﬁ‘ﬁ}ﬁ%}i" " o
EFHFFHA AL ERESE (Overfitting) P PF > i p #oéF:E JRE N 4
Mg FF TR fES EE S S 7
(A)i¢ * 5 gpiait ;2 (Early Stopping) #2413 w & #c > Wi EH L
(Overfitting)
(B)W B3 %% 5 £ £ st e 4% L2 2 Bl (Ridge) " HHE2I4E X
Yo & ;
(O i * L2 & plit (Ridge) > #rd#r5 £ g & & o § 2304
(D):ﬁé’* L1 & gy (Lasso) ) Eﬁ%%pﬁ ®INA PGS 0

B |33 FEFRGE ARF - BE AR AR Y A F Ry £ 22
@mﬁWEQ&O?;mﬁk—wﬁﬂ—wihﬁﬂwwjihmﬁﬁ9
Eo LR OERAFRAERT N V- B2 HRAARRLIR D
(AD0(n) — REFFEFTHE SRR %
(B)0(n?) — H{FFEHEFTHE T 23t
(CO)0(1) — REFFFAETL % ;
(D)0(log n) — HEFPFFEFTHEE L Hlics LM%

D |34 FFRALHE @%LLj“buﬁﬁ R FTREEy 150 £

RO BRERD I8 *“*"i*ﬂtﬁ“f A RS T M2 A
FRUFHRT o R EEEE A AT BT AR P LY

L

RFRBBER A5 BEEL N c FEEF L ) URAT > FREUR

FROPI® 52 L aFn] GsFATY a0t bl R4 b £ ERY TR
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(A)5-Fold = = %% (bH-Fold Cross Validation)
(B)g - 2 2= %# (Leave-One-Out Cross Validation) ;
(C)%E# % = %z (Random Cross Validation) :
(D)~ & § - = 2 % %z (Stratified Leave-One-Out Cross
Validation)

A |35 FAFEHURERFFTREFL S AL (PCA) SHREER2 L5
WA fER S FI 2 BA A EAT D A1=6.0, A2=3.0, A3=1.0-
%@%%iﬁ%?ﬁﬂ%i*&Mﬂ%ﬁ%ﬁd#&au@ﬁgﬁﬁﬂé
TR ¥ SIS W NE S T
(D d Bas &353R0 RRREE P vVX2ai B 20
e A IUA T
(B)% - 2 5 & faff 60%ng R 2 > &7 TSR RP HAREM G TiF
¥ - \3357“?55‘%@%%& ;

(O a Bi+rv s 80% R2EL > Lyh-1xsfpingd

30% > 2 BEHRAFZ AL

D)= BHEFAEPLI % > BT L1l RRHF Fav i FRTEAFA
D |36 %aﬁ%l%fi’% == f’rﬁﬁf#f—: - AL &% R GTERIEA  SELE

TR PH LR EE L E b R R Y R e R

(Homomorphic Encryption) it - T 7@ "E Boie It FEd i e G 4 B At

Je* ¢ B4R ?

(A) e strrrgipaesn (Noise) + M N AR R E 2 BIHRT |

B & 42 RFHEL DUE L HEF 4 mFEEL S8k- R

(O#FRAFTHBRFE PG RS LR TRELELPRE

MFHR A4S RPRETIVEFRETL > FARDRTABRRTR 2 2
B |37 FEAELT SFLEE S R 2 75 TR R bR

SERIHCA] o d WEEL B ERFEMARERBETH 2 TR
B EEDERE SRR SR S 2L HB RIS
bR ARAR R E

T - e g b R AR S R0

(A)$t4i+c % (Symmetric Encryption) + ¥ % 324 (Hash Function) +
2444 % (Asymmetric Encryption) + Z 4 '4# (Differential
Privacy) ;

(B)F fk 4 % (Homomorphic Encryption) + 2:4f4i4c % (Asymmetric
Encryption) + # = 2% ( One-way Hash Function) + #$Hfi4e %
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(Symmetric Encryption)

(O£~ '8+ (Differential Privacy) + #44c% (Symmetric
Encryption) + F f&4c % (Homomorphic Encryption) + #ci= % %
(Digital Signature):

(D)F ik 4c % (Homomorphic Encryption) + =% > % 2 3+%& (Secure
Multi-party Computation, MPC) + 2% &% (Hash Function) + ¥4
se % (Symmetric Encryption)

gg. “HRIALS A 3 B - T 4 iR 0

def metric(y_true, y_pred):
return sum((y_true - y_pred) ** 2) / len(y_true)

(ADMAE ; (BMSE ; (C)RMSE ; (D)R?

39, "RIAZ AR RN I B R ?

def forward(x, p, training=True):
if training:
mask = np.random.binomial(l, p, size=x.shape)
return x * mask / p
else:

return x

(AL &= pyiv 5 (B)L2 &= )i« 5 (C)Dropout ;5 (D)Batch Normalization

40, FVRHBIARS AR T TR ASE 0 T AP E B AR ?

import numpy as np

vl = np.array([1, 2, 3])
v2 = np.array([4, 5, 6])
A = np.array([[l, 2]: [3J 4]])

(Mnp. linalg. inv(A) 3+ 5B A a7 5] 5%
(B)vl % v2 %% % array([5, 7, 9]);
(C)np. dot(vl, v2) %% % np.int64(32) ;
(D)np. linalg. eig(A) &' A ek B

41 T RHERDES F 4% Nonte Carlo i & 8 i 8% 4 WA o
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import numpy as np

np.random.seed(123)
n = 100000
dice_rolls = np.random.randint(1l, 7, size=n)

A = (dice_rolls % 2 == 9)

B (dice_rolls > 3)

A _and B = A & B
EANEN W FILE :d
X B: #m4;%,%5
R T AR SRS P(A | B e ?
(A)A_and_B. sum() / (A.sum() * B.sum()) ;
(B)A_and_B. sum() / (A.sum() + B.sum()) ;
(C)A_and_B. sum() / A.sum() ;

(D)A_and_B. sum() / B. sum()

VGG16 .4 22+ %8 Visual Geometry Group(VGG) & 2014 +# & 4 enig it
% fi#l 5 i (Convolutional Neural Network, CNN) 74 o 3%H-3] 4
KD RRenR ek R Lo BRI TR 8 - P2 1’37&% 5
FEAE o S BARSABE  TAEDIRADVGGLE WA o S H R R s B
R R (Aot d ) o it v § 42-45 42 -

from torchsummary import summary
from torchvision import models

model = models.vggl6(weights="TMAGENET1K V1')
summary(model, (3,158,150))

Layer (type) Output Shape Param #
Conv2d-1 [-1, 64, 150, 150] 1,792
ReLU-2 [-1, 64, 150, 150] 0
Conv2d-3 [-1, 64, 150, 150] 36,928
ReLU-4 [-1, 64, 150, 150] )
MaxPool2d-5 [-1, 64, 75, 75] 0
Conv2d-6 [-1, 128, 75, 75] 73,856
RelU-7 [-1, 128, 75, 75] )
Conv2d-8 [-1, 128, 75, 75] 147,584
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RelLU-9 [-1, 128, 75, 75] 0
MaxPool2d-10 [-1, 128, 37, 37] )
Conv2d-11 [-1, 256, 37, 37] 295,168
RelLU-12 [-1, 256, 37, 37] 0
Conv2d-13 [-1, 256, 37, 37] 590,080
RelLU-14 [-1, 256, 37, 37] )
Conv2d-15 [-1, 256, 37, 37] 590,080
ReLU-16 [-1, 256, 37, 37] )
MaxPool2d-17 [-1, 256, 18, 18] 0
Conv2d-18 [-1, 512, 18, 18] 1,180,160
RelLU-19 [-1, 512, 18, 18] 0
Conv2d-20 [-1, 512, 18, 18] 2,359,808
RelLU-21 [-1, 512, 18, 18] 0
Conv2d-22 [-1, 512, 18, 18] 2,359,808
RelLU-23 [-1, 512, 18, 18] 0
MaxPool2d-24 [-1, 512, 9, 9] )
Conv2d-25 [-1, 512, 9, 9] 2,359,808
RelLU-26 [-1, 512, 9, 9] 0
Conv2d-27 [-1, 512, 9, 9] 2,359,808
ReLU-28 [-1, 512, 9, 9] 0
Conv2d-29 [-1, 512, 9, 9] 2,359,808
RelLU-30 [-1, 512, 9, 9] 0
MaxPool2d-31 [-1, 512, 4, 4] 0
AdaptiveAvgPool2d-32 [-1, 512, 7, 7] 0
Linear-33 [-1, 4096] 102,764,544
RelLU-34 [-1, 4096] 0
Dropout-35 [-1, 4096] 0
Linear-36 [-1, 4096] 16,781,312
ReLU-37 [-1, 4096] 0
Dropout-38 [-1, 4096] 0
Linear-39 [-1, 1000] 4,097,000

Total params: 138,357,544
Trainable params: 138,357,544

Non-trainable params: ©

e
—_
[\

R |

|+
—_
o
Dyt
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Forward/backward pass size (MB): 96.93
Params size (MB): 527.79
Estimated Total Size (MB): 624.98

B |42 BIFAA GRS 2K SEE (parameter count) L E RS 0§k
LR ScE S el S I P LY 5. A e/ AR 5
RAGEEBFV K o HF V6616 » » Tl HehgdcE & 5 ?
(A) % ## % (Conv2d) ;
(B) > 4% % (Linear) ;
(C)ReLU i & fc ;
(D) i & (MaxPool2d, AdaptiveAvgPool2d)

W |4z BRERES T jELEPEE RN ¢ 2450 )R S 2 AT A 4o i 0
gk o K wVGGLI6 ¢ > T e 5 & B £ (FLOPs) & 7 ?
(A) % ## % (Conv2d) ;
(B) > 4% % (Linear) ;
(C)ReLU i & #c
(D)# i & (MaxPool2d, AdaptiveAvgPool2d)

D |44 VOGI6 & #iiF® SHERA] > d 5K L4~ 2 2l e o ﬁ;’é/éi
SEURNAUEIE Y FHcE 2 R T R F et E 3 ONN 03] che &
B T o 345 VGG16 s 2 Jf# » T 5 ,A;ﬂ‘ @ ﬂ FE?
(A)AdaptiveAvgPool2d mﬁia PEAREET S R - B o d A -
R nbﬁi,%]ﬂz ZREE A4 i w - BARME mﬁig:] » g A 512x4x4 =
8192 ;
(B)Linear-33 (%’3 - BFardEE) FNH102, 764,544 $8cr ¢ ZHE
hmEL (bias) XF & &p ;
(C)¥245 7] 41 ¢0 TEstimated Total Size (MB) = 624.98 - # 77 9"t -
AR % < %) 625MB (7 GPU =448 (¢ 2 ¥7F optimizer state &H- & ) #7
- 3k 1 GB e GPU T*wi;a EAK
(D) VGG16 # z 13 % ¥ # & (conv) £ 3 & »idiek (FC) - 3 Sdcikp
% 138,357,544 (% 138. 36M)

B |45, R AT Y AP Y B F Y (transfer learning)$£37 » W » 5

PURHCA] (Ao VGGL6) » i 30 a B cnddic © A HE I E ATV A S
;‘—B‘}é] ’ reﬁ;é__l‘pk}z: v éj;"'ﬁﬁf‘?ﬁa&l'ﬁ"l FA pay o Bk R & ¥ VGG16 &=
B4 5 ¥ (transfer learning) » # 2 4 S5 F Ak 5l T RS 2
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4 (classifier) « ™ 7|VRELAZ /8 B 2 I Ax
(A

import torch
import torchvision.models as models

model = models.vggl6(pretrained=True)
for param in model.parameters():
param.requires_grad = False
model.classifier[6] = torch.nn.Linear(4@96, 18) .

(B)

import torch
import torchvision.models as models

model = models.vggl6(pretrained=True)

for param in model.features.parameters():
param.requires_grad = False

model.classifier[6] = torch.nn.Linear (4096, 10)

©

import torch
import torchvision.models as models

model = models.vggl6(pretrained=True)
for param in model.classifier.parameters():
param.requires_grad = False
model.classifier[6] = torch.nn.Linear (4096, 10) .

(D)

import torch
import torchvision.models as models

model = models.vgglé(pretrained=True)
model.requires_grad = False
model.classifier[6] = torch.nn.Linear (4096, 18)

LBEERGD SRR TP o T AR E T - RGBT
Boo&F - R ihs 8x8ahrERY £ 5 %

# % p UCI Machine Learning Repository > # 4t * >t #icsF yRer {4 B &
Y 2 2oREER % -

BIEARET T AR BFRTAY T AR bl T ok e BT
beih+ g EE PR E AR i o Flpt o B F F BB TR
Wi E o B DS A éﬁmlﬂ'ﬁ)ﬁ o e pF o s e % KNN (K-Nearest
Neighbors) #fe < S k3™ 5 WA & > AR &7 b FAL> 27 40
bﬁﬁiﬁﬁMﬁ4o

from sklearn.datasets import load digits

digits = load_digits()
digits.data.shape

(1797, 64)

A A G 1 e BT BT
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B 46 import numpy as np
" noisy = np.random.normal(digits.data, 4)

BRKAL AR © o F s i Bk ¥ Bnoisy ¥ - WA F
FLEARAL 1 18 e e

il Sl A0 e ST
DL EYE &8

from sklearn.decomposition import PCA #F2TUHBA
pca = PCA() #EET(A5B
pca.fit(noisy) #EET(HBC
components = pca.transform(noisy) #F2T068D
filtered = pca.inverse_transform(components) #E2TUABE

BirE ey POAR IR B F 0 BT Gl R B b2 R
ot et o kA 0 AR TR RBIIH RGP R -
AR RS Y R BB A B $RPCARG FHLE R
PR R AR AE AR ok R BN SR B i
& PCA #f noisy # i3 »xd vk ?

(A2 78 A

(B)#2.5° 7% B ;

(C)#25% 45 C

(D) #2578 D

o

g7. 4 4R digits TR R AR bR T KN SRR < &k
FEEHCAMAES o B PEDR T BT e e g ki 7 KNN s 2 2 %

VR RS AR AR R T S o B R B TR
*7%] \ﬁ":'jtl]’é;ll‘gﬁ\ {'56“, L},,ﬁim,%‘l{‘ L\]X"‘ _@ ﬁﬂ"“ A ﬁ-ﬁ*ﬁ;}"&ﬂ
DR AR A b R R R e g

# FEI(A5 AL

from sklearn.model_ selection import StratifiedKFold, cross_val_score
from sklearn.neighbors import KNeighborsClassifier

X, y = digits.data, digits.target
model = KNeighborsClassifier(n_neighbors=3)
= StratifiedKFold(n_splits=5, shuffle=True)
scores = cross_val_score(model, X, y, cv=cv, scoring="accuracy")
print(scores.mean())
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# FEzlf% B !
from sklearn.model_selection import StratifiedKFold, cross_val_score
from sklearn.neighbors import KNeighborsClassifier

X, y = digits.data, digits.target

model = KNeighborsClassifier(n_neighbors=3)

cv = StratifiedKFold(n_splits=5, shuffle=True)

scores = cross_val_score(model, X, y, cv=cv, scoring="f1")
print(scores.mean())

# F2zlé C
from sklearn.model_selection import StratifiedKFold, cross_val_score
from sklearn.neighbors import KNeighborsClassifier

X, y = digits.data, digits.target
model = KNeighborsClassifier(n_neighbors=3)

scores = cross_val score(model, X, y, cv=5, scoring="accuracy")
print(scores.mean())

# FERE D .

from sklearn.model_selection import StratifiedKFold, cross_val_score
from sklearn.neighbors import KNeighborsClassifier

X, y = digits.data, digits.target

model = KNeighborsClassifier(n_neighbors=3)

scores = cross_val_score(model, X, y, cv=5, scoring="f1")
print(scores.mean())

GRS m AR A A T AR KN 7 2 ) S ¢ digits TR A A
WL RS D

(M)A 7% A~ 42557 B~ 425578 C~ #2545 D

(B)A2s 78 A~ 425548 C

(C)Ae 78 A~ 42545 B

(D) #2575 C~ 42557 D

%4 L5 (Titanic) TR #8217 5 & &~ (Multilayer Perceptron,
MLP) 4 #gsgipl~ 47 » 2 ¢ survived 2 » B8 #(1 2735 0% 77
=) o MPRIAR AR R T TR Bl o it TR e ¥ % 48-50 42 -

import numpy as np

import pandas as pd

from keras import Sequential

from keras.layers import Input, Dense

np.random.seed(123)

df_train = pd.read_csv("titanic_train.csv")
df test = pd.read _csv("titanic_test.csv")

TRBE TR 5T
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df_train.head()

pclass sex age sibsp parch fare embarked_C embarked_ Q embarked_ S survived
0 1 1 29.0000 0 0 211.3375 False False True 1
1 1 0 09167 1 2 151.5500 False False True 1
2 1 1 2.0000 1 2 151.5500 False False True 0
3 10 30.0000 1 2 151.5500 False False True 0
4 1 0 48.0000 0 0 26.5500 False False True 1
df_test.head()

pclass sex age sibsp parch fare embarked C embarked Q embarked S survived
0 1 1 25.000000 1 2 151.5500 False False True 0
1 1 1 18.000000 1 0 227.5250 True False False 1
2 1 0 29.881135 0 0 25.9250 False False True 0
3 1 1 32.000000 0 0 76.2917 True False False 1
4 1 1 47.000000 1 1 525542 False False True 1

dataset _train = df_train.values.astype('float32")
dataset_test = df_test.values.astype('float32')

X_train = dataset_train[:, 0:9]

y_train = dataset_train[:, 9]

X _test = dataset_test[:, 0:9]
y _test = dataset test[:, 9]
4g. 5% T RIARAE > T AR LAY

X _train -= X _train.mean(axis=0)
X_train /= X_train.std(axis=0)
X _test -= X test.mean(axis=0)
X _test /= X test.std(axis=0)

A X_train -= X_train.mean(axis=0) #-& B2 & &L 5@ 0 & L
0
B: X train /= X_train. std(axis=0) #-=* B3R & S hcaiE i X 2 fr s
0
C

2&&&n&£%%§%?ﬂ@$ﬂ0$rliﬂ
DBt hp b RBFNH A
E g8 8 4k # (Feature Selection) ™ i
F:X train #5382+ 5 X _train = X_train. std(axis=0), X_test
AN BEE T 5 X _test = X_test. std(axis=0)

(MA~B~C~D:
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(B)A~E
(C)A~D:
(D)A~C~F

C |ag BFTRAGEEE TR F LA

model = Sequential()

model.add(Input(shape=(X_train.shape[1],)))

model.add(Dense(10, activation="relu"))

model.add(Dense(10, activation="relu"))

model.add(Dense(1, activation="sigmoid"))

model. summary ()

model.compile(loss="binary_crossentropy", optimizer="adam", metrics=["accuracy"])

Model: "sequential"

Layer (type) Output Shape Param #

dense (Dense) (None, 1@) pacy =y

dense_1 (Dense) ( , 10) E*gz

dense_2 (Dense) ( » 1) 11
1

flx) =

(Mactivation="relu"  #% ;% % 1+e™* .
B)z1Es 110> %2 &5 100;
COzxz1E5100 7% 2E5 110;

(D)activation="sigmoid" — 4 * ** % &g %] & %5 5 p| BT

Cc |50 BFATERGEE S TARPF LAY

history = model.fit(X_train, y_train, validation_split=0.2, epochs=100, batch_size=10)
loss, accuracy = model.evaluate(X_train, y_train, verbose=0)

import matplotlib.pyplot as plt

loss = history.history["loss"]

epochs = range(l, len(loss)+1)

val _loss = history.history|["val loss"]
plt.plot(epochs, loss, ZE4&71 , label="Training Loss")
plt.plot(epochs, val_loss, ZE#&2 , label="Validation Loss")
plt.title("Training and Validation Loss™)
plt.xlabel("Epochs™)

plt.ylabel("Loss")

plt.legend()

plt.show()
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Training and Validation Loss

0.65 - —— Training Loss
—-== Validation Loss
0.60 4
0.55 1
&
S
0.50
\
\\
0.45 \‘\’\"“Jv,"“\"ﬂ'\ "\ !’\"’\"""v\/,“"\r.,'u\ f"“\’\l\f\,"
0.40
0 ZIO 4I0 6I0 SIO 1(I)0
Epochs
A: ;ﬁi» 1 /;TF',‘;[;E,—'-_)\ nb_n
B: —_7;*%'2/;?&)\ nb__n
C: ;ﬁi» 1 /;TF',‘;[;E,—'-_)\ nr_n
D: EJ{%Z}?‘E—)\ nr__n
E: B AP RHRIRIELA RSP
"Z
(AMB~C;
(BJA~C~D;
(COA~D;
(D)C~D~E
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