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BRI D L DDIEZDELAI(T

\ 4
DUFDEFHFUTCLKBENRD S

\ 4

INSTHMEZBE N &ENMIBSCET
DUFDOEMI S

100

5
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EPRICXPDTHD

fla) =
ZFERELT=01%F&ZE(CHDEBENPTRHD )

] = X —nf’(:z:o) =3-01x6=24

Lo — 1 — (5131) —24—-0.1x4.8=1.92
Ly — 9 — 77f (332) —1.92 —-0.1 x 3.84 = 1.536
x100 = 0.0000000006111107929

FIMEZS5 23 ¢ = 0 (CIERE(GEVMENRE SN !
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AT EOIONRT U !

ZONZE (FRNIC) BUEBRMITHIMHMSESTE,
ERIMS A RHSNNISEZERL(CLITS
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ERRCOPD>DTHD2

- 5
&/l TL 20,
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ERRICOD>THD2

f'(r) =2z —e 7

PHEE LTz =3, FEXRELT
n = 0.01 Z%E.

T = 3 S g
x1 = 2.9404978706836786 ¥ = 0.351734

L1000 — 0.35173371125366865

= B R
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Pythonlc & 3 3E3%

from math import exp
#EE (learning rate) DEETHS 1Ir ELTWVWET.)

= 3
(E%‘: $\eta$ & F
lr = 0.0005
# FAMEU e WEE
def f(x):

return x %% 2 + exp(-x)
# f @O x TOWDHRE

385/ 420

def grad(x)
return 2 ¥ x - exp(-x)



Pythonlc & 3 3E3%

Tni1 = Ty — nf(x,) ZI—RICEIT

for i in range(10001):
# BT
X = x - lr % grad(x)
if 1 % 1000 == O:
print('x_', i, '=', x , ', f(x) =", f(x))

X_ 0 = 2.997024893534184 , f(x) = 9.032093623218246

Xx_ 1000 = 1.1617489280037716 , f(x) = 1.6625989669983947
X_ 2000 = 0.5760466279295902 , f(x) = 0.8939459518186053
x_ 3000 = 0.4109554481889124 , f(x) = 0.8319008499233866

X_ 9000 = 0.3517515401706734 , f(x) = 0.8271840265571999
X_ 10000 = 0.3517383210080008 , f(x) = 0.8271840261562484
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BlcEFCULL?

N NERB IO SE VDL

VWBEEEH D
z? 2
| - — ] -
) f(x) 10 + 105111( 1 )
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2 F < VWHVE L\

=15 HeONSHEREMEEIBDE. ¢ =0I(CINRITS !

— f(x)=x"2/10+ 10 * sin(x*2 / 4)
® x=15

15

: 7

-10
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RIFrsERE A DUNR

RFrEERE ... (HACIER/IME (x = —6,—-4,0,4,6 HITODDEDET)
KiggiEg .. A CRIME (z = —4,4 HIZODED)
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> B3N BFREREIC NIDELSSEW LD(CBRETX FELL(EEHE50E)

e Momentum

Uni1 = av, — 0f'(2,)
Tnt+l = Tp T Untl

e AdaGrad
hn+1 — hn + ]E,(:Cn)2

Ln+l — p — L f’(wn)

AV, hn+1
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ZSRBEHANDIGH

ZEHMBEBOGE L WA RE->DERD ~IL [CEFEINIFOK
Tnt1 = Tn — NV f(Tn)

READ S IVEBEHORBMREELALENTT. AIXE f(z,y) =22+ ¥* O (z,y) CHFBEBAD <L (22,2y) TT.
CNEVf(z,y) = (2z,2y) ENFFT. —FHEFE & SEWIBNEE—TPIIINEBSOTAEFRVEFEATLER, —E‘%‘:&@%@‘G%B/\,ti@ﬁ@‘é%‘cgb\/lmj“jztzidc@“.



BiS: —hiROEADT=IME

E=R4
&/ LT IZd0.
1 1
— 1 1
(%2 +1) Og(lJre_“’ v )
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=[O0 BEMD



1%@32%;%’%% & =[o]

traP Kagglellt
2024/06/28
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I F & &

s BREAMDRIMEZERXD LT, - OBAOTIMEZEZE RS Elc LT

o BREHOBEBLIR/IMEZ XD BE(ILL, FBREIIEE (CEMICEID S
DT, LLEBEHDOESICH U TCZCZC EFLVWKAEEERDCLlcUI

o FOWTULDBEAICKTL T, BEARHZERDH D CES X TENEENED (/NS VMEERE
1?13 LICTTIFB L DICEL DT

o W(C, NBRA (FEDTKROHIBEDLDS
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BOHIT V- —fEORE#DOERIML

E=R
/LT IZd 0.

! 1 ! +1
— o
(% + 1) S\ \1te—
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)
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L IR (CEHICTEDSS
E—ETd FBEMRICTIRMNIC f(r) =ar + b DEEZXZH...

BWICZ1—FIbxRy DO —DLIEES) ERBICEMEICED S S

1 n—1

LOWD, WO .. W) b0 p® ... pE)y — = Y (yi _wmT, ( s (W(”Tx,- n b(l)) R b(n—l)))2’ ofz) = - +1e_$
1=0
> pes | F(p; ) = F(p)|* - wp

£9) = D pes Wp
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ANERHEDETODIIERNS D
o> StEKE(CPSTELD !

SEufeba)

(Automatic Differentiation)

EREIC(IE TEED ] (&, OVE1—S(ICEITHRETDESIFENDSS, &< ICRAMEBEMUEBOEME RCEHFEZFNAL T, BICERAHNE KDDL HMPET>FEEEL
F9. (KDIEEI(C, back propagationZ HLVBDEDNDHEIEIT CEEHDLSTY).
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e PyTorch®MEA

e PyTorch’% >z B&

o BN EME O ICHEERF TFENDER
e BENMMSODERE 7ZILTY X L
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SN\ 5SS L.. PyTorch&E{ES EWMP I TES.

>>> X = torch.tensor (2.0, requires_grad=True)
>>> def f(x):
return x *x 2 + 4 ¥ X + 3

>>> y = f(x)
>>> y.backward()

>>> X.grad
tensor(8.)

(f(x)=z*+4z+3 D x =2 [CHIFTBIHDEE 8 NEtEINTLS)
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EEZFEPyTorch&ld? ~FEZZ/IL—-—LIT—D~

H=E:

“a1—3SIRYEDT=—DDETITSTIIEMERD
o ELAMSERMR

o HMICXT L TOBIFE

(ERAERC !
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EEZFEPyTorch&ld? ~FEZZ/IL—-—LIT—D~

) #FTLUWEZRFET S TT,8BmEKEEC AL TEXAERU

s
BOEU C EZ2HAERZENEN LS OEEE
s

HLERR 2 iRHI SV IRD I T7ORENRD S
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EDHBIUTREEDS ? §RALIL—-—LT—-D5

e TensorFlow
o (E£(Z) GoogleMREAAELEZIL—LT—5
o EFERTAR (N, /i(FZPyTorch(CHETNKIK)
e PyTorch
o (EIC) FacebookMFEFE LTI L—LT—D
o IRATAR (RLEHALCN?)
e Keras
o WABAKLIL—LD—DZFENPI LS V/i— (HEIC TensorFLow)
o LMK BV EEKRTES
e JAX/Flax, Chainer, MXNet, Caffe, Theano, ...
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EE£EEPyTorch&l(d? ~FEZH/IL—LID—D~

ENRLVD?
> PyTorchZ&#> TH(FIFRERULEL (&, BLET)

ASEOEHE @ & O <

2018/06/10 2020/02/23 2021/11707

(7=: PyTorch, &: TensorFlow)
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SElE PyTorch EEWNE Y !
o ERSETT
o IER (CFEUL G
e XELIA=a "5~
e BREUICEAZSTISV
e HUTIVREDTE (« EEN)

KEDBERILU—LT—DCZCETHMILEREZE (F75<, BR(CBAU TIEFHFH(C K
BECBEBZVTY . PyTorchMERNERT >V ~E, BRETIVOERY VT IVRAKIEE
HIBDELWSHETY.
EER(CRMXLETA CEEITBIDEBDOINDIEELDT, YV FILAREL TLD(FE
TERSLFRTYT.
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BEMOS1ITSUELTO PyTorch DEVWAEZEBLT,
FTHRIBINEPHD
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2D 8] (CRETDATIT O RELUT,PyTorchTlE

Tensor ’.—*é’

EfED
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Tensor &3 ?

Tensor (=Y Jb)
ANS—PpRXOKIL P T3 . Z2—{ELTcED,
wEDEICEO>TRIEBINDEEZ DBEOTVILEWD
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Tensor &3 ?

e ANS— ARF OETENRETD - 0BOTVVIL
o RIOKIL: A=F 1 ETENRESD — 1BEOFTVYIL (v = [1, 2, 3], v[0] = 1)
o 75 ARF 2 B TIENRESD — 2BOTVYIL

(m=[[1, 2], [3, 411, m[e][e] = 1)

o HIz(E
T = [[[1, 21, [3, 411, [[5, 61, [7, 8111 (& 3BEDFT>VJL (Tel[e][e] = 1)
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f5l) RGB BRI 3 BEDFT VI |

L = (i, j) ERO k BEHOBOR
&

b
n WOERE T EDHIZED(SL 4 BED
TV,

L6 = | BEOE&O (i, ) Bk
? k BHOBOME

E{R(E Quantifying Blur in Color Images using Higher Order Singular Values -
Scientific Figure on ResearchGate. Available from:
https://www.researchgate.net/figure/3rd-order-Tensor-representation-of-a-
color-image_fig2_307091456 &D

113 /420


https://www.researchgate.net/figure/3rd-order-Tensor-representation-of-a-color-image_fig2_307091456
https://www.researchgate.net/figure/3rd-order-Tensor-representation-of-a-color-image_fig2_307091456

Tensor BID D HHE

torch.tensor(data, requires_grad=False)

e data: R IBDT—H(EFS2IFVEDESIHEATE)
o X, 5F)U, NumPyEgsll, X =, ..

® requires_grad : AJEE (gradient)Z{RIFIDMNE SHD T ST
o FIJAJUIIE False

o DNFEMEIRE(BEMWMD) =17 2BE(E True (CT D
o CHHECWVDEMPDERICHEVNET T L~EVDFKEA
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>>> X = torch.tensor (2.0, requires_grad=True)

20 VWS X NSERIFID Tensor BBOATI U ~&EVERL

>>> X = torch.tensor([1.0, 2.0, 3.0], requires_grad=True)

(1.0,2.0,3.0) EWSART RIVERKFET D Tensor DA T I 1D ~EAERK

MDD TIEBEEFMICIE variable EVDRBBIDBANMFEDONTULT, (FR7EIE Tensor BUCHES) Tensor tﬁ?—@giﬂ@ﬁﬁ(iﬁﬁﬁfgmﬁmﬁﬁéf_tb‘iﬂ’)b\o?f/l@;]. 5 / 420



>>> X = torch.tensor([[1.0, 2.0, 3.0], [4.0, 5.0, 6.0]], requires_grad=True)

(ig zg zg) EVDITHERIFI D Tensor BBMATI 10 =R

( requires_grad=True &I NI, DEETEMNAIGEEL Tensor BUZE/ERTE D)
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CNSZELFRETEMEIEES Tensor BUE LU TRIEL TL 220,

1.2 = 3.0
2.2 = (3.0,4.0,5.0)

s X 3.0 4.0 5.0
6.0 7.0 8.0
(COR=IDAARL, EERICPSELS TELDARDHNNIEOKTT)

J Fn'ﬁ%ﬁdli%)j’?d)/f— :J/\
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(ERR(CPP>TLIETW)

4, B ¢ =3 =OEEtEMNOIRE/L Tensor BUE U TRIRT DB CEEAPHTL TN
X, ZORBRZEHEBUTCHBETEDILSCLTLIZTO.

X RDR—=IlceEV=Hb
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1, 2, 3: BHEERIZHM O T, torch.tensor DFE—FIHE/EHITND Tensor BUOWIGE
BHEARTHILU &£ D.

4: PythonO I >—I(d,

nfo EAENT H B~
~~Error: {ZZICIT7—DHHNBERENENTH S}

EVWSTERTY "~~Error"EV\VDECBNITCEICEVWTHDIANBRESRATHTL &£
D,
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Y1 BE

1~3.

=

torch.tensor (3.0, requires_grad=True)

torch.tensor([3.0, 4.0, 5.0], requires_grad=True)

X H X FH X FH
W N

torch.tensor([[3.0, 4.0, 5.0], [6.0, 7.0, 8.0]], requires_grad=True)

RDR—II
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x = torch.tensor (3, requires_grad=True)

ELTHBL

RuntimeError: Only Tensors of floating point and complex dtype can require
gradients

ERATNIT. CNFE TAERMNHAEIELDTFE N R CERBEZIRINT S
Tensor DHTHD]1 &LVD PyTorch DIIBRRICKD I S—TT.
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Tensor BT HER

Tensor BY(E T DO CUARBEEER N OIEE

x = torch.tensor (2.0, requires_grad=True)

7)) MANESE

X + 2
# — tensor(4., grad_fn=<AddBackward0s)

X % 2
# — tensor (4., grad_fn=<MulBackward0>)
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Tensor BY(C I BHEE

4|

CHIEERS/ZD sin Y exp H5tE I3 & EHAEE

torch.sqrt(x)
# — tensor(1.4142, grad_fn=<SqgrtBackward0>)

torch.sin(x)
# — tensor(0.9093, grad_fn=<SinBackward0>)

torch.exp(x)
# — tensor(7.3891, grad_fn=<ExpBackward0>)
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PyTorch & B&E# 5

C CETCOARBITRICPYTorchZ=ENEK TETE SR E
PyTorchid St HE X(CHABENEIENTES !

IMX TIEFLUWRT Y

requ1res grad=True CH»HD Tensor WU TEHREZITSO L
ITONEEEMNEBRSINIEZ Tensor WTES.
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PyTorch & B&h#5

x = torch.tensor (2.0, requires_grad=True)

RUEZT 3.

y = X + 2

125/ 420



PyTorch & B&E#45

print(y)

CNDOHEDIE,

tensor (4., grad_fn=<AddBackward0>)

&
[add EVWSEBRICE>TIES el EVLWSIBHE vy B> TULS !
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PyTorch & BEIM 5

LED PythonDEETIL,

X = 2
y = X + 2
print(y) # — 4

y MECHSEZOMINDMNSEL (EE LT 4 &Ho>TLS EIFT. C(ETEWL)
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PyTorch & BEIM 5

PyTorch ® LU TUL\S{15E

x = torch.tensor(2.0, requires_grad=True)

1. REERRLT<NS AP

y.grad_fn

<LogBackward® at 0x174655660>
Y
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PyTorch & BEIH5

PyTorchld backward BAEZEDH> T
SMRSNEEE S CET ofidestETE S
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backward (C &k D HEIETHE

1. Tensor A DA T IO REDL D

x = torch.tensor (2.0, requires_grad=True)
= 1= =
2. SR Z1TS
y = X + 2

3. backward XY v KR%& 3

y.backward()

IHE... 130/ 420



backward (C &k D HEIETHE

x.grad ([CEIRENZABENBHAINDS ! !
print(x.grad) # — tensor(1.)

d
(y=z+20 d—z — 1 AEHEINTULS )
r=2
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PyTorch & BEIM 5

PyTorch ® LU TUL\S{15E

J?T N

. EHEZEHRLTINSD

Y

nﬂﬁéhr ﬁEEL 2C
IIE"E Hi:EKS

X = torch.tenso

y =X+ 2

y.backward()

tensor (1.)

r(2.0, requires_

grad=True)
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BERH D DFHN

1. 28 ( Tensor BOYDNESH
2. 518
3. backward()

1. Z#( Tensor' B)DEE

= torch.tensor (2.0, requires_grad=True)
2. 58

= X + 2

3. backward()

.backward()

< #HT < FHF X *H*

9BE x.grad [CETESINZLEAMEIATIND.

1335/ 420



t
)

Tl N =

§+%»backv&ar_d() = 18 >backward(), &

eI & > 518 > backward(), E&H~%

R ORI oo 519 > bockwarc), 818 backuara), R
E&H > EtE »>backward(), &%~ EtE »backward(), &~ 5tE »backward(), &
EH > EtE >backward(), &~ & > backward(), &~ 5t& > backward(), B
EE > Et8E >backward(), &~ 5t& ~>backward(), &~ 5t& ~>backward(), &
EE > E1E > backward(), & > Et& ~>backward(), €&~ 5t& > backward(), €&
EE > 5tH >backward(), &~ 5t& ~>backward(), &~ 5t& >backward(), &
E &> EtE >backward(), && ~ 58 > backward(), €& ~>5tE& >backward(), &
% > 5t8 >backward(), £% - Et& >backward(), £ > 5t& >backward(), £
£ > 5t8 >backward(), 8 - 5t& ~>backward(), &%~ 5t8 >backward(), £
% > 5t8 >backward(), £ -5t >backward(), & > 5t& >backward(), £
£ > 5t8 >backward(), 8 - Et& ~>backward(), £ > 5t8 >backward(), £
£ > 58 >backward(), 8 - 5t& ~>backward(), &% > 5t& >backward(), £
REE > ETE >backward(), E& > EtE >backward(), EZ& —» EtE >backward(), &2
EE: > ETE >backward(), E&E~>Et&E >backward(), €&~ Et8& > backward(), &
REF > 5HHE >backward(), E& > EtE »backward(), E# > EtE ~>backward(), & / 42V

|
:

P . W 2



» D &SP SEANEEMS IHE

torch.tensor (2.0, requires_grad=True)

y = torch.sin((x + 2) + (1 + torch.exp(x %% 2)))
y.backward()

print(x.grad()) # — tensor(-218.4625)

BR)y=z%*2=2y+3 @?ﬁﬁlﬁ(%)

x = torch.tensor (2.0, requires_grad=True)

y = X %% 2

Z =2 %Yy + 3

z.backward()

print(x.grad) # — tensor(8.) ... backward()U7ZHIcHT2HE! (ZDHEEIEZ)

135/ 420



ND R, ITHEE DB

torch.tensor([1.0, 2.0, 3.0], requires_grad=True)
2 % x[0] + 3 % x[1] + 4 % x[2]

y.backward()

print(x.grad) # — tensor([2., 3., 4.])

T = ($17m27w3)T
y = 2x1 + 3xo + 43

dy (dy dy dy)\' T
— = =(2,3,4

EXTIG
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ND R, ITHEE D HEL

A = torch.tensor([[1.0, 2.0, 3.0], [4.0, 5.0, 6.0]], requires_grad=True)
y = torch.sum(A)
y.backward()
print(A.grad) # — tensor([[1., 1., 1.],
# [1., 1., 1.]1])
2 3
A= ( ),y:E E a;; = 21
=1 j=1
dy dy
da11 dalz da13 L ]- ]- ]-
dy dy 1 1 1
dazl da? das3
EXIG
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SR ABEAH DM

= torch.tensor (2.0, requires_grad=True)
torch.tensor (3.0, requires_grad=True)
=2 %X+ 4%y

.backward()

print(x.grad) # — tensor(2.)
print(y.grad) # — tensor(4.)

N N < X
I

z = 2x + 4y
02 _y 92 _
ox Oy

(C TG
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IR RRICOEASINSEES XM AIEEL S5 0K

x = torch.tensor (2.0, requires_grad=True)

def f(x):
return x + 3
def g(x):
return torch.sin(x) + torch.cos(x *x 2)

if rand() < 0.5:

y = f(x)
else:

y = g(x)

EERICERAINSEETERITU THEIWVNEDHSIL..,
M, BRINSEREE DEA TEMPDOIEELERELD TOK |
(if XDHBDH5, for XHhH N5, BONESEUEERICELEZMNS...ELWDC &R
BIRIL <, EBRIC Tensor IGEASNSERDHHBIREICES)
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MXTEVVRT | -
e FEN(LMHNERCTETD)EAEZ Tensor B(CH U TEAITNITE (CBEMSE]
HE
e EZE>EHEH >backward() DFEN
o RO KNI, TALEFERED Tensor BUCDUVTHDAIEE. 2R B DIHES ERER
o [ERICHEAINSEE S ZIMNDAIRELSO0K
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WY 3 BEMn

Tl y=z>4+22+ 10z = 3.0 [CHTIEMREE RN L.
(https://oj.abap34.com/problems/autograd-practice-1)

2.y = f(x1,22,23) = x% + a:% + a:% D x1=1.0, x50 =2.0, xz3 = 3.0 [cH(FTD
LELZE KO L.

(https://0j.abap34.com/problems/autograd-practice-2)

1 2
3. f(z1) = = (2 1):1:1 M x; = (1.0,2.0)7 (BB TEEKRD L.

(https://oj.abap34.com/problems/autograd-practice-3)
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https://oj.abap34.com/problems/autograd-practice-1
https://oj.abap34.com/problems/autograd-practice-2
https://oj.abap34.com/problems/autograd-practice-3

HY3: RE

torch.tensor (3.0, requires_grad=True)
X ¥% 2 + 2 ¥ X + 1

< X
I

y.backward()
gx = x.grad

print(gx.item()) # — 8.0

AR—ZMEE L import torch ZEHBELTULET
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HY3: RE

2.

import torch

x1 = torch.tensor (1.0, requires_grad=True)
x2 = torch.tensor (2.0, requires_grad=True)
x3 = torch.tensor (3.0, requires_grad=True)

Yy = X1%%2 + X2%%2 + X3%%2

y.backward()

print(xl.grad.item()) # — 2.0
print(x2.grad.item()) # — 4.0
print(x3.grad.item()) # — 6.0
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W = torch.tensor([[1.0, 2.0], [2.0, 1.0]])
x1 = torch.tensor([1.0, 2.0], requires_grad=True)

y = torch.matmul(torch.matmul(x1, W), x1)
y.backward()

gx = x1.grad

print (%¥gx.numpy()) # — 10.0 8.0
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BUOWHITIY—-X: GEETEDPyTorchlc &k 3£

f(z) = 2% + e * DARETHIC L BRIMENER

from math import exp

X =3
1lr = 0.0005

# XTOWDRE
def grad(x):
return 2 ¥ x - exp(-x)

for i in range(10001):
# BEHI
X = x - lr % grad(x)
if 1 % 1000 == O:

print('x_', i, '="', x)
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BfgfETiEDPyTorchlC & 3£

CNFETIE, BB grad ERADVETELE(TNEVIFEA D
o> BEIfD CETRIS5SNSD |

import torch

lr = 0.01
N = 10001
x = torch.tensor (3.0, requires_grad=True)
def f(x):
return x ¥x 2 - torch.exp(-x)
for 1 in range(10001):

i

y = f(x)
y.backward()
x.data = x.data - lr ¥ x.grad
x.grad.zero_()
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SEScNEZBHESET

/ML T 2.

! 1 ! +1
— o
(% + 1) S\ \1te—

https://0j.abap34.com/problems/minimize-difficult-function
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https://oj.abap34.com/problems/minimize-difficult-function

S F(F: BEEMSO7ILITIVX L

ES5¥>T PyTorch ISP ZEIHBELTLSDOH ? 9
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S F(F: BEEMSO7ILITIVX L

- < WMREEEEL TS ES L |
&
[WEIFARELGE]

def diff(f, x):

h) — h = 1e-6
f/(il?) — lim 'f(x T ) f(JJ) return (f(x + h) - f(x)) / h
h—0 h

. INSUMETHEBET S
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DR REE XS ~ELR

CNTEZENLEDIGEVMEEESSNS.
Bl flz) =z D x=2CHTEHDEHM4LERDB.

>>> def diff(f, x):
h = 1e-6
return (f(x + h) - f(x)) / h

>>> diff(lambda x : x%%2, 2)
4.0000010006480125 # fcW/lcWhH->TS
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— flz)
A8 Eem
;%(:Ij\g (I\ h E t 2 tﬁﬂ;{?% Lr I'II . e v= flziz — =) + f=)
[ EMEED | f/,fe
HFEITITE..
2 F / ’ : f-"'
o (RENESD \ f,/
o QFAT ILDEENIERE e\ Sy
Y /
AN A
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import torchviz

P T h :E =-I- t HH% (_ x = torch.tensor([1., 2., 3.], requires_grad=True)
— % =1 y = torch.sin(torch.sum(x) + 2)

y R orc A A < torchviz.make_dot(y)

SEI S OEBE -

(3)
( torchviz EVLVDSTTISUERFEDS I
t E_I'*E{bt\\g 5 | ) AccumulateGrad
Y
import torchviz SumBackwardo
x = torch.tensor([1., 2., 3.], requires_grad=True)
y = torch.sin(torch.sum(x) + 2) Y
torchviz.make_dot(y) AddBackwardo
A J
SinBackward@
PyTorch D& SICHBERBICETEY S TOEBRET 3(1HH & define-by-run E[FV
F9. CNICH U CEHEHIICEHE I S T EBET 5/575% define-and-run EFUFE Y

9. W DTO TensorFlow FEFCDARATLREMN, IBETI(E define-by-run RERT
9. NMEBATNSIEEDHNERECED] EVLSENSONSKDIC, COIFER EH O
HEN L EERICEFRALEET S TOBERMNAEICEDINSTI. —A T BN
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class Add:
def __call__(self, x0: Tensor, x1: Tensor) — Tensor:
self.x0 = x0
self.x1 = x1
return Tensor(x0.value + x1.value, creator=self)

def backward(self, gy):

1. E$E@,H;§% Eﬁﬁ%bt&?( . return gy, gy

class Mul:
def __call__(self, x0: Tensor, x1: Tensor) — Tensor:
self.x0 = x0
self.x1 = x1
return Tensor(x0.value % x1.value, creator=self)

def backward(self, gy):
return gy % self.x1, gy % self.x0
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class Tensor:

def

def

def

__init__(self, value):
__add__(self, other):
return Add()(self, other)

__mul__(self, other):
return Mul()(self, other)
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[1] torch.nn.Module DY TUSXOYMEHIF UL . EREHETHEUNELNTEA.
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[1] Cybenko, George. "Approximation by superpositions of a sigmoidal function." Mathematics of control, signals and systems 2.4 (1989): 303-314.
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[1] Hinton, Geoffrey E., Simon Osindero, and Yee-Whye Teh. "A fast learning
algorithm for deep belief nets." Neural computation 18.7 (2006): 1527-1554.
[2] Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the
Dimensionality of Data with Neural Networks." Science, vol. 313, no. 5786,
2006, pp. 504-507. doi:10.1126/science.1127647.
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Glorot, Xavier, and Yoshua Bengio. "Understanding the difficulty of training deep feedforward neural networks." Proceedings of the thirteenth international conference on
artificial intelligence and statistics. JMLR Workshop and Conference Proceedings, 2010.
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He, Kaiming, et al. "Delving deep into rectifiers: Surpassing human-level performance on imagenet classification." Proceedings of the IEEE international conference on

computer vision. 2015.
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[1] Sitzmann, Vincent, et al. "Implicit neural representations with periodic
activation functions." Advances in neural information processing systems 33
(2020): 7462-7473.
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Batch Normalization
e ANNZ="/\VwFCEICERIEIDL 17—

> FEODMEEICHNELDRIUS DR EZRZ(FIC<<TS

loffe, Sergey, and Christian Szegedy. "Batch normalization: Accelerating deep network training by reducing internal covariate shift." International conference on machine

learning. pmlr, 2015.
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[1] Zhao, Jiawei, Florian Schafer, and Anima Anandkumar. "Zero initialization: Initializing neural networks with only zeros and ones." arXiv preprint arXiv:2110.12661

(2021).
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Li, Hao, et al. "Visualizing the loss landscape of neural nets." Advances in neural
information processing systems 31 (2018).
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Adadulia

Adagced

Adarh

Adarax

hazlar

arseidar

mplements Adadelta algorzhm.

mplements Adagrad algoritim.

mplements Acam algorehm.

miplements Acanwy algorithim.

SparseAdam implements a masked version of the Adam
algorithim suitable for sparse gradients.

rriplements Adamax algarithen {3 variant of Acam based on
infinity normj.

mplements Ayeraged Stochastic Gradient Desoent.

rmplements L-BFGES algorithm.

rmiplements MAdam algorithm.

rmplements Afdam algorithm.

mplements AMSprop algorithm.
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https://abap34.github.io/ml-lecture/ch05/img/ch05_gradient_descent.gif
https://abap34.github.io/ml-lecture/ch05/img/ch05_gradient_descent.gif
https://abap34.github.io/ml-lecture/ch05/img/ch05_gradient_descent.gif
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https://abap34.github.io/ml-lecture/ch05/img/ch05_momentum.gif
https://abap34.github.io/ml-lecture/ch05/img/ch05_momentum.gif
https://abap34.github.io/ml-lecture/ch05/img/ch05_momentum.gif
https://distill.pub/2017/momentum/
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Ise, T., & Oba, Y. (2019). Forecasting Climatic Trends Using Neural Networks: An
Experimental Study Using Global Historical Data. Frontiers in Robotics and Al, 6,
446979. https://doi.org/10.3389/frobt.2019.00032
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Icurl https://www.abap34.com/trap_ml_lecture/public-data/sample_submission.csv -0 sample_submission.csv

;P ‘, 1  ltcurl https://www.abap34.com/trap_ml_lecture/public-data/train_tiny.csv -o train.csv
2 lcurl https://www.abap34.com/trap_ml_lecture/public-data/test_tiny.csv -o test.csv
3 lcurl https://www.abap34.com/trap_ml_lecture/public-data/sample_submission.csv -o sample_submission.csv

Sv % Total % Received % Xferd Average Speed Time Time Time Current
Dload Upload Total Spent Left Speed

100 583k 100 583k 0 0 1900k O --i--i1-- —-i--i-- —-:i--:1-- 1900k

% Total % Received % Xferd Average Speed Time Time Time Current
Dload Upload Total Spent Left Speed

100 5799k 100 5799k 0 O 16.6M 0 --i--t-- —=1--:-- ——:--:-- 16.7M

% Total % Received % Xferd Average Speed Time Time Time Current
Dload Upload Total Spent Left Speed

100 484k 100 484k 0 0 2053k @ --:1--1-- —=1--1-- —-:1--:-- 2060k

Jupyter Notebook T3, EHEIC | EDFBCET, VT AVY RERITTEIET.
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1-0. 7=5050r0O—k

ED B > train.csv, test.csv, sample_submission.csv TEHRMEBX DKL DICIEDT
Lz OK !

& ml-leéture-2024 6

( o -
774}‘7&%{5&% BA SY8AL V=l ANLT INTOEEEEGFLELR
c ) v oo B & &8 @ I train.csv X I
Q % © 1 lcurl https://www.abap34.com/trap_ml_lecture/public-data/train_tiny.csv -o train.csv
— 2 leurl https://www.abap34.com/trap_ml_lecture/public-data/test_tiny.csv -o test.csv
{x} 3 lcurl https://www.abap34.com/trap_ml_lecture/public-data/sample_submission.csv -o sample_submission.csv id  duration src_bytes ds
» [ sample_data 98643 0.0 0.0 0.
o o Sy % Total % Received % Xferd Average Speed Time Time Time Current 40263 0.0 0.0 0.
‘ sample_submission.csv Dload Upload Total Spent Left Speed 47961 0.0 6.0 ol
100 583k 100 583k 0 0 1900k 0 —-t-=t-= —-i--i-- -—i--:-- 1900k : : :
(| ‘ test.csv % Total % Received % Xferd Average Speed Time Time Time Current are72 | 0.0 166.0 22
B taincsv Dload Upload Total Spent Left Speed 112203 0.0 0.0 0.
100 5799k 100 5799k 0 0 16.6M Q -—t--i-- —-i--i-- --:1--:-- 16.7M 56047 0.0 317.0 71
% Total % Received % Xferd Average Speed Time Time Time Current 123632 0.0 145.0 36
Dload Upload Total Spent Left Speed
100 484k 100 484k O O 2053k 0 —miomiom —miomiom —mio-i-- 2060k 85616 100 /350 i
33403 0.0 0.0 0.
20170 0.0 0.0 0.(
v [2] import pandas as pd

18

Show per page

1

2

3  train = pd.read_csv("train.csv")
4 test = pd.read_csv('test.csv')

o [3]

=

train_y = train['class'].map({

SOOIV ROT—5(F ISCX NSL-KDD dataset 2009 [1] ZEE EICKEMILIZEDEFEABLTUVE T,
[1] M. Tavallaee, E. Bagheri, W. Lu, and A. Ghorbani, “A Detailed Analysis of the KDD CUP 99 Data Set,” Submitted to Second IEEE Symposium on Computational Intelligence
for Security and Defense Applications (CISDA), 2009.
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1-1. T—9 DEidHiAdH

pd.read_csv(path) G, path (CHDcsvI 7T ILEEHHIAD D

# pandas /Ny —I% ‘pd' EWSHEETZDIF Timport
import pandas as pd

# Zhilck->T, pandas DE#%Z ‘pd.BEA#HE' CWSHETEZIZLSICKS
train = pd.read_csv("train.csv")
test = pd.read_csv("test.csv")

RREAVEI—FEDT 71 IO T ILIADEBEDC ETY.

5[O)(Z train.csv & test.csv M — v O ERIUEERBICH DD T, train.csv & test.csv FTORIRIE, T 7 7ILBEZNFTFIBEIT DL (T TALKXTT.
(EMMCE Tz&EZE .. /train.csy EBETDE J—RTvID—DLEDBERECH D traincsy EVWS T 7TILESRHAHZT.
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1-1. T—5 NDEwIHAH

\;} [10] 1 dimport pandas as pd
2
3 train = pd.read_csv("train.csv")
4 test = pd.read_csv('test.csv')
;%} [11] 1 train
2 wrong_fragment urgent ... serror_rate srv_serror_rate rerror_rate srv_rerror_rate same_srv_rate diff_srv_rate srv_diff_host_rate ds
0.0 0.0 0.000000 0.000000 0.970555 0.871439 0.135961 0.074646 0.000000
0.0 0.0 1.024065 0.920154 0.000000 0.000000 0.095575 0.073942 0.000000
0.0 0.0 0.000000 0.000000 0.000000 0.000000 1.024575 0.000000 0.976209
0.0 0.0 0.000000 0.000000 0.000000 0.000000 0.953422 0.000000 0.000000
0.0 0.0 0.959654 0.926067 0.000000 0.000000 0.074621 0.065885 0.000000
0.0 0.0 0.959072 0.994436 0.000000 0.000000 0.105512 0.069615 0.000000

CIVCHICEREN EhBERRETETET ! (Jupyter Notebook DECILIIREICFHMASN/IEERTT BHTY)
ETOETNVITRESZCENTY. FIBNDNSHLL LIS EDHIFEVNTEITLTHEIL £ 5.
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SET
Y

x = [1, 2, 3, 4, 5]

y = [2, 6 8, 10]

def loss(a):
Y

SEEABDELTT (DEE) (CDFTHL
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train['HZ L% ]

T MhSL3] EVSEREINIERDEESD -~
&

SHEOFADBRE

train['class']
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1-1. T—5 NDEwIHAH

train_y = train['class']

o> train_y (CINEE? or J@E? DF
MAS

’
i

4

B

(6]

[7]

[4]

BN PEPE O

1

1

3623
3624
3625
3626
3627

Name:

A

train_y = train['class']

train_y

attack
attack
attack
normal
attack
attack
attack
attack

attack
normal

class, Length: 3628, dtype: object

-

= s na A BEAL = 7 s

AT —mH-cPl ==
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EEWEE T )0 EENICIE HLUN
(IR LD THICERL THL.

train_y = train['class'].map({
'normal': 0,
'attack': 1

1)

Y ©

AWM PEPO

3623
3624
3625
3626
3627

Name:

train_y = train['class'].map({
'normal': 0,

'attack':
1)

train_y

POR PP R

(I

0

1

class, Length: 3628, dtype: int64
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1-1. T—5 DA

W, EFIVICANTSEIFT—FIE train IS T2 NF (& id ) ZERVIZED !

train.drop(columns=['HZL%"'])

ZESE train N\S TASLFR] EVDSEBID FERVWZED 2D HE S
b

D

(& train.drop(columns=['id', 'class'])
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1-1. T—5 NDEwIHAH

, [36] 1 train_x

4

duration src_bytes dst_bytes land wrong.

0 0.0 0.0 00 O
train_x = train.drop(columns=["'id"', 'class']) 1 0.0 0.0 00 0
test_x = test.drop(columns=['id']) 2 0.0 6.0 00 0
3 0.0 166.0 22560 O
4 0.0 0.0 00 O

> train_x ([CZdD>ZTDIE id &

BROVZED, test_x [C id ZEFRULIIC omow e 0o
3624 0.0 695.0 00 0O
260) ‘{lé 3625 00 13640 00 0
3626 0.0 990.0 00 0O
3627 0.0 1200 00 O

3628 rows x 30 columns
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1-1. T—5 NDEwIHAH

F—5 DHPAHHFET!

SORKREE
e train_x -+ EFIVICANT ST —H (EHiE,O0 1 KO etc...)
 train.y --- EFILOHRTDOBEEINE? BE?)

* testx --- FHNRDT—5

MADTS
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1-2. F—5 Ol

F—HEZNETFTEFICANBHICOEE T 3T L TLRORENPBEERL

(iR, EEM 101° OG> 59<¢A—N—JO0-LTLESOTEHLEE
<)

SEEFEFICHLT MESb] £LET
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1-2. F—5 Ol

(p (FFT, o (IERERZE)

1.9 py DF—SDETHEERENS py £3I1< &P g1 — po
2. Eﬁ‘ﬁ% 01 0)5-—90)@?0)%%7& 09 t%ﬂé&:,ﬁ‘;ﬁﬁ%(i 0'1/0'2

o> BRET I 0,REREZT1 (CTEDS

THEDBROZRERBVWET ECDEDIHERT Y VIEITSCEIFBRLGREZEBVET.
NN DA TIDEEEAL(C DU TIE, LeCun, Yann, et al. "E cient BackProp." Lecture Notes in Computer Science 1524 (1998): 5-50. ([CESDUHLLLBERNE > TLZDTRICHES
AFFEATHTLESL.
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1-2. —5 QOEILE

scikit-learn &EUL\D 515> StandardScaler DS X&{FEED L,
BRICELELTES !

# sklearn.preprocessing ICEZEINTCLWSStandardScalerzfE>
from sklearn.preprocessing import StandardScaler

scaler = StandardScaler()

# SEICDERE (119,55 RE) 2518
scaler.fit(train_x)

# EERICEHE
train_x = scaler.transform(train_x)
test_x = scaler.transform(test_x)

scalar.fit (CLKDCRIBTEINcTF—IDNRINCEDEHENBERENAE I N, scalar [HARBEINTT. LT, scalar.transform (CK D TTF—INERR(CEE(LINTT. BIN
WOAIE T test (XL TE trainx CHEUZFEHEEEREZFE > TERELL TUBIFEXRLXRELEON? | EBOXEHNEULNLEVT IR BRHNSEDEZDIHNDTINRERKLT
WET. CCICBAREEZEVESELUSNEVSSVEHFETLE D1ZDOT, BLET. BIEMRH D AE TKaggleTE DT —I MDA | p.124 1L ZSHR bt%g%gé’/b\zlzo



1-2. —5 QOEILE

train_x

test_x

FEEZERITLUTHDE ENCANLSDEBERINTULS !
(DUVWTICHEENRT—TIVLHSBL S RTES (np.ndarray ) (CEBEEINTSD)

BODT—TIL2 (VBB EF DT FHEEED VBRI, train_x[:] = scaler.transform(train_x) NKDICTDERUTT.
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1-2. —5 QOEILE

DT traincy ECCTHBZEODHE LT np.ndarray [cLTHK.

1. train_y.values C HENEZHHHES.
2. arr.reshape(-1, 1) C arr & N X 1 DEICERTESD

train_y = train_y.values.reshape(-1, 1)

np.ndarray MDAV W R reshape (FZDRDBEDEINDEEZZIBZIAVYRTT. ZLT -1 (& TMIORTOEBZRHHSBFNICGRET D] EVSEKRTY.
BIZIE, 3 x 4 DEFCH LT .reshape(-1, 2) £EFTDE 6 X2(CLTNTT. QRTEAMR2 EHEELTULDIDTEFEIC6 EEZD)
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1-2. =5 0OgdlE - \NIF—23Y

NIF—=23aovnHICT—I73EILTHL

NI)F=2 3 VEFBERESIABUVEVWEBVWIIRCC TP OTHEXT.
333 /420



1-2. =500 E - ©NVF—=23Y

sklearn.model_selection.train_test_split |c -~ 553‘%“

train_test_split(train_x, train_y, test_size=0.3, random_state=34)
e train_x, train_y @ EITBDT—5
e test_size ! TART—HNEIG

e random_state : ELBINDI—K HEE! !
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1-2. 7—=5QORWE - \UF—23Y

scikit-learn D train_test_split ZFESEBE(CT —IENEITETSD !

from sklearn.model_selection import train_test_split
train_x, val_x, train_y, val_y = train_test_split(train_x, train_y, test_size=0.3, random_state=34)

335/ 420



BB —RZBRELELD ! !

ABICEDCEENZSTA
Y

ETIDCCICERMNZED ST,
NHNEwrEvEDBD S
&
ALY —REETETD L,
HORUBRICEDT
BIRYEER

KEREZALRMIEOFTEL LS, RIBERCTH 2D, WHIEZE LIz F (&<
(C GPU MBATE &) ([CFRICELHY —FEBEIBSLODLRIEEODI-REENT
ER/ERDBEDDMNET, RBCENZUTT. MWEELSNBIEZXSNTULSESDT,
RUCEB A jax DEBMERDIEHFLEEFANTHDIEABLDELNTE A,

0‘@ [6] 1 dimport numpy as np
2

3  np.random.rand()

0.09270375533413333

[4)

<

o 7] 1  np.random.rand()

0.6328926864844773

[4)

<

>, [81 1 np.random.seed(34)

0‘;, [9] 1 np.random.rand()

0.038561680881409655

[4)

7 [18] 1 np.random.seed(34)

0‘;, [11] 1 np.random.rand()

S+ 0.038561680881409655
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1-2. =5 0OgE - 'NVF—23>

(train_x , train_y ) & ZHT—59 MR —5 = 7:3 [c2El

from sklearn.model_selection import train_test_split
train_x, val_x, train_y, val_y = train_test_split(train_x, train_y, test_size=0.3, random_state=34)

MReEERI DL ..

train_x.shape

val_x.shape

EAMC 7:3 <5W(CHEITNTUS CERDHLS
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1-3. PyTorchl[C AN TEBFEIC

PyTorchCiix3FICT S
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1-3. PyTorchlc AN TE 3HIC

¥ & UT Tensor®! Z{F> CEHEBMDELEETD

>>> X = torch.tensor (2.0, requires_grad=True)
>>> def f(x):
return x *x 2 + 4 ¥ X + 3

>>> y = f(x)
>>> y.backward()

>>> X.grad
tensor(8.)

(flz) =22 +4x+3 Dz =2ICHFRHIHMEHS)
> F—%&TensorBICEU TH <K< HEHD

339 /420



Big: Tensor B1DDL< ONHE

torch.tensor(data, requires_grad=False)

e data: R IBDT—H(EFS2IFVEDESIHEATE)
o )R, 57U, Numpyiigsl, X7 >...

® requires_grad : AJEE (gradient)Z{RIFIDMNE SHD T ST
o FIJAJUIIE False

o DNFEMEIRE(BEMWMD) =17 2BE(E True (CT D
o CHHECWVDEMPDERICHEVNET T L~EVDFKEA
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1-3. PyTorchlc AN TE 3HIC

. FAR DREETETESD(,

B IS A—=5 OIEXICHT SLED
Vs
ABDTF—DETEIIAEILDT requires_grad=True EFTIDINEB(IFULC EICTEFR!
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1-3. PyTorchlc AN TE 3HIC

2 BlCChTOK!

import torch

train_x
train_y
val_x =
val_y =
test_x

torch.tensor(train_x, dtype=torch.float32)
= torch.tensor(train_y, dtype=torch.float32)
torch.tensor(val_x, dtype=torch.float32)
torch.tensor(val_y, dtype=torch.float32)
torch.tensor(test_x, dtype=torch.float32)
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2EOFENT1 ~EFIVICANTIFET

21-0. =8NS HyO—K

&
1-1. F=59 DHEHAH
&
1-2. =5 OREILE
&
1-2. PyTorchl[C AN TS SHIC
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ZENTEN

1. T =S DFHEIAH
2. EFTILDOIBE
3. EFTILDEE

4, FIRT—9 NI 5 FH
5. IBizZ=R~ADIRH
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2. EFILDOBHE

() )
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2. EFILDEBE

torch.nn.Sequential [CKDEFTILDIBE

torch.nn.Sequential Zffi5& —BER OEFILEMERAICES CTES.

import torch.nn as nn

model = nn.Sequential(
nn.Linear (30, 32),
nn.Sigmoid(),
nn.Linear (32, 64),
nn.Sigmoid(),
nn.Linear (64, 1)
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2. EFILOBE ~ Z{ERFEDIZS

“(EREOES
D B YT REM ENTBETHAE [0,1] ORI S.

import torch.nn as nn

model = nn.Sequential(
nn.Linear (30, 32),
nn.Sigmoid(),
nn.Linear (32, 64),
nn.Sigmoid(),
nn.Linear (64, 1),
nn.Sigmoid() # <- CZEE!
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2. EFILDEBE

import torch.nn as nn

model = nn.Sequential(
nn.Linear (30, 32),
nn.Sigmoid(),
nn.Linear (32, 64),
nn.Sigmoid(),
nn.Linear (64, 1),
nn.Sigmoid()

)

> 9 CICCDEFRT/IN\S X—59 DH#HAE
HEEBHOD>DTULS

FIBICBEIREICEITCET,EFILER
BLT<NB!

[RRESBW e R332 - 5y
RESH — 2EEE W c R¥?2M) 5 3
JE+ REH — SREB(W c R
ELD MLP MES
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2. ETILORESE

S5+ 0.038561680881409655

import torch.nn as nn

>

1

2

3 v model = nn.Sequential(
4 nn.Linear (16, 32),
5 nn.Sigmoid(),
6
7
8
9

model.parameters() F/c(&
model.state_dict() C
EFIVDINSA—SI=EMHIRTESD

nn.Linear (32, 64),
nn.Sigmoid(),
nn.Linear (64, 1)

model.state_dict() v [13] 1 model.state_dict()

0
5+ OrderedDict([('0.weight',
. . tensor([[ 1.5935e-01, 1.
PaN= AN Y i i ,
ZEEBD/IISX—59 W), pl¥) 7.4866e-02, -2.
- - , -
\ = -1.9607e-01]
ve )
\%Z—% [ 6.8658e-02, -2.4
2.4991e-02, -8.
-9.1278e-02, 1.C
1.3355e-01],
[-1.5368e-01, -2.C
-1.1788e-01, -1.

1 E417A~ M1 14 2

m M =

m

sl
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2. EFILDEBE

BEULLEFIVEBEBOKLSICHTCHEI CENTES

import torch
dummy_input = torch.rand(1, 30)
model (dummy_input)

torch.rand(shape) T,JE/MN shape DS VS LIE Tensor HMYEND
> EFIVICATADUVUTCEIETE S CEEZHRB L THL< !

REXETIIE T/ NS A= DI S NIZETIVICALBEZ ATIL TLBDTHEICE
[RIFTELN)
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2. ETILOBE
f(x;0) €DK 3B
Y

&Nz HEEETEOREIS CFEIES !

U
BuHIIU—X

ELNDERETE
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ZENTEN

1. 0 —5 D5drAFH

2. U EFILOIESE

3. ETILDZEE
4, FiRT—5 T S FH

5. B ZZF]"AD:

e
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Z2BEOTRN3. EFTILOFEE

3-1. HEENCEE T ED #(H

Y

3-2. RN D) ERE TFRDER
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LN DIECKE Tk

BN L)ERE T & (SGD)

FT—90 —8E=SVHLIGEAT,
ZDT—HICHITDOELZEFEDTINSA—SI=EEHIT D
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3-1. HEENTERE T ED %R

IR ADBPSHEESTeLITIEEVWC E
F—S% VWU IOBATHIE T DL HEPFEED
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3-1. LN DIECRE TED (M

. o
O < FhDVPDET
torch.utils.data.Dataset, torch.utils.data.DataLoader %

BESEHRICERTES !
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3-1. HEENTERE T ED %R

RIS

train_x , train_y, val_x, val_y, test_x [CT—H5 M

Tensor DA TI T O RELUTIBBRINTLS.
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3-1. HEENTERE T ED %R

1. DatasetD{ERX (Dpataset)
¢« TV (F=IDAKEADRT D = {(x;,y;)} ) BRI ISX

358 /420



3-1. HEENTERE T ED %R

TensorDataset (cC

e EFILDASIFT—S (train_x )&

e HIDHEEFT—S (train_y ) &I & T Dataset DY T ISIXTHD
TensorDataset MENS !

from torch.utils.data import TensorDataset
# T—5tv ~DIERK

# FET—IDT—Ftvh

train_dataset = TensorDataset(train_x, train_y)
# REET—YDT—F vk

val_dataset = TensorDataset(val_x, val_y)

EBR(E torch.utils.data.Dataset EWEUICISXEEDCETE Dataset DT ITISIXDATI IO REEDCEMRTETIET.
CDHFER EIERICEBSIBRITZ D ZHSDIECNZEZFENT T (SEIIBEDZSHIC Tensordataset ZEWVNFE L) 359 / 420



3-1. LN DIECRE TED (M

1. DataLoader M{ERX (DataLoader)

e Dataset \O—ENT—5 (ZZ/NNVvF) ZROHLTHEEL T<NBZIFTI 1D
~

DED...

BE: FADBOSHEST e LTENCE
T—5Z VWU GEATHIGT SEHEFS

(e Che N @R (A5
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3-1. LN DIECRE TED (M

1. DataLoader M{ERX (DataLoader)
e Dataset N\O=ZZ_/NVFERDELTHRHELTNDIFATI D~

DataLoader (dataset, batch_size=batch_size, shuffle=shuffle)

from torch.utils.data import Dataloader

batch_size = 32
train_dataloader = DatalLoader(train_dataset, batch_size=batch_size, shuffle=True, drop_last=True)
val_dataloader = DatalLoader(val_dataset, batch_size=batch_size, shuffle=False)

D> CN%& forX CETCETT—IZHRDHEICERTED
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3-1. HEENTERE T ED %R

1. DataLoaderM{ER( DataLoader BY)

for inputs, targets in train_dataloader:
print("inputs.shape', inputs.shape)
print('targets.shape', targets.shape)
print('------————--- ")

inputs.shape torch.Size([32, 30])
targets.shape torch.Size([32, 1])
inputs.shape torch.Size([32, 30])
targets.shape torch.Size([32, 1])

v 79ty hrE—OEBISETILI—THRES e amRBLLD !
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3-1. HEENTERE T ED %R

Dataset & DatalLoader M{ERK

from torch.utils.data import TensorDataset, DatalLoader

# T—5 v NDIERK
train_dataset = TensorDataset(train_x, train_y)
val_dataset = TensorDataset(val_x, val_y)

# T—50—5 DIER

batch_size = 32

train_dataloader = DatalLoader(train_dataset, batch_size=batch_size, shuffle=True, drop_last=True)
val_dataloader = DatalLoader(val_dataset, batch_size=batch_size, shuffle=False)
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3-1. HEENTERE T ED %R

Wil
)
=
(nn]|

B FAROSHEST LTI E
F—S% VWU IOBATHIET D HEPIEED

Done!
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3.2 RN D ERETEDREE

F—HEIS LS
> & EFPBERETHLOK !

TODOY X I~
1. BREHZRET S
2. QBOERZITD
3. \OA—=5DEFEITD
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3.2 fERNDfALRE T RN EE: BRBEBDE

1. IRKBEBUIRDIZAICHBIDH?

ZNECFE. I I

.,’

BHOT—5 X’ *mmT 5 X
BB L(X) n@@*ﬁ S(X)
HE BB TES ! (X (FEREH) HETEFHU | (X [ERAENS)

\ R C BB / RUCHRIC L Tl ste

HERUCKRESR3OM?

*ﬁﬂ%j—:_ 9 l(—-iqa-%g‘:lzm%% S(X”) @ BRRACHFERELTEINS.
SI8TES.
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3.2 NN EETAEOESR: BKEBDORE

SHMiEE IERESR |

\D
>
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3.2 fERNDALRE T RN EE: BREBDNE

|-

SETEIFHMERTINTHEIFENREC O

Y

RERE (WD AIBEID T NE BREAA & LU ThidE MECTRELI NG

SR TH S ~

L7 -

RRETERBEIL TS
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3.2 fERNDfALRE T RN EE: BRBEBDE

FERIEERFREILTES?

2> Noll
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INSA=BEFHNNCESTETE
IERER(IZL UL !

o> IFREE(S,
o (FEAENRTHMIMREA O
s ENBECSEMIARIRE

Y
LigETECRBE(ETEEL)

ADTS TG, BYICE> R ZENE (R? — {0,1}) OAXOEOI T+ v HENR
EVWSEFINTRUVIZEED, RSAXA—IFHLOEREEREZTIOVELUTHZEDT
T, CNERNIFEALEDE CDDBMAMEEN 0 (+ F1B) T, EDBESEHD
ARA (¢ O CERDMDFT,
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IFiER= MENICRBEEY S

ES393M?
> COVSDRBEFDICANTVSBRREHZ > T BAENIC EERE LT3,
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Binary Cross Entropy Loss
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Binary Cross Entropy Loss

EELUTIELLC L:

o IFfE y; EFA f(z;) MEWVFEBIF

DA, HOT. \RBEME L TEY
(y; € {0,1} HEOTENZNDIE

BICDVWTERXTHBIEDND)
* MPAIRECH S

CNEPEFD ZRABEQ L S EAMRICARICAEORALE LT Hik TEEY,
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Binary Cross Entropy Loss

PyTorch Cl&, torch.nn.BCELoss CfEX S !

import torch
criterion = torch.nn.BCELoss()

y = torch.tensor([0.0, 1.0, 1.0])
pred = torch.tensor([0.1, 0.9, 0.2])

loss = criterion(pred, y)
print(loss) # = tensor(0.6067)
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3.2 HEENCEIRE T EDELRE

TODOY X ~

1. BREAHEERTITD
2. BB DEE=E1TD
3. IS A= DEHETD
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3.2 RN LERE T EZDELR

2. QOB EITS

VL. ?
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L } o T T T S o § T e =

+& > backward(), &

n 1
iMn1

sz »ﬁckwa d0), EFHE>E _>backward(), EER~E

5. BRI RO v, 28518 o) 28
E&H > EtE »>backward(), &%~ EtE »backward(), &~ 5tE »backward(), &
EH > EtE >backward(), &~ & > backward(), &~ 5t& > backward(), B
EE > Et8E >backward(), &~ 5t& ~>backward(), &~ 5t& ~>backward(), &
EE > E1E > backward(), & > Et& ~>backward(), €&~ 5t& > backward(), €&
EE > 5tH >backward(), &~ 5t& ~>backward(), &~ 5t& >backward(), &
E &> EtE >backward(), && ~ 58 > backward(), €& ~>5tE& >backward(), &
% > 5t8 >backward(), £% - Et& >backward(), £ > 5t& >backward(), £
£ > 5t8 >backward(), 8 - 5t& ~>backward(), &%~ 5t8 >backward(), £
% > 5t8 >backward(), £ -5t >backward(), & > 5t& >backward(), £
£ > 5t8 >backward(), 8 - Et& ~>backward(), £ > 5t8 >backward(), £
£ > 58 >backward(), 8 - 5t& ~>backward(), &% > 5t& >backward(), £
REE > ETE >backward(), E& > EtE >backward(), EZ& —» EtE >backward(), &2
EE: > ETE >backward(), E&E~>Et&E >backward(), €&~ Et8& > backward(), &
REF > 5HHE >backward(), E& > EtE »backward(), E# > &tE ~>backward(), &3 / 42V

|
:
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BXICHTBINSA—FDEEDETRH

# ZIH5
model = nn.Sequential(
nn.Linear (30, 32),

)
# CZEFTH "ER"

dummy_input = torch.rand(1, 30)
dummy_target = torch.rand(1, 1)

# n E_I_% n
pred = model(dummy_input)
loss = criterion(pred, dummy_target)

# "backward()"
loss.backward()
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3.2 EEFNDERE T RDER

vV FIvIORTIK
1. loss [CHWITBDLBEEEL TULD

# backward
loss.backward()

2. ORI INSA—=F [CH U TEEINDS

for param in model.parameters():
print(param.grad)

( dummy_input , dummy_target (& requires_grad=False "XDTLERIIETE I NLLY)
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3.2 HEENCEIRE T EDELRE

TODOY X ~

1. BXENERET D
2. BDEEETS
3. INSX—5DEHEITO
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3.2 RN D ERETEDREE

for epoch in range(epochs):
for inputs, targets in train_dataloader:
# 58
outputs = model(inputs)
loss = criterion(outputs, targets)

# backward
loss.backward()
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3.2 RN LERE T EZDELR

CNETIEBERANFEN()TEMISI—F=Z=FLTLL

D> 0 < FADPDET

torch.optimNA T 5T+ VA Y ZEES CETHRAEICL\S VB
REE7ILTVILEERS
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3.2 HEENCEIRE T EDELRE

(1 : SERARTIEIEW)
optimizer = optim.SGD(model.parameters(), Llr=1lr)

# FEIL—T
for epoch in range(epochs):
for inputs, targets in train_dataloader:
# HEcOYHRL
optimizer.zero_grad()
# 58
outputs = model(inputs)
loss = criterion(outputs, targets)

# backward
loss.backward()

# INSA—5 DEH
optimizer.step()
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3.2 RN LERE T EZDELR

optimizer = optim.SGD(params) NEKIDICTDBCET
params ZL)HE N ECEMI DT TT s+ VIV EERRTE D !

fc& ZIE Adam BMEWZ(TNIE optimizer = optim.Adam(params) &9 BT TOK !
b

DEEZEEREUIEH EIC optimizer.step() Z[ESE,
2 Tensor ([CED CUVBDLBDEZEFEO>T/IASA—IFEEFHFLTIND
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3.2 RN D ERETEDREE

L EE

optimizer.step() C—E/ IS X—FZFH I DCUIC
optimizer.zero_grad() CHEZMIRLI IVEND D !

(CN%& ULILU EHI

O

M backward DIFERMEFEDOD>TUOWTHNLLED)
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3.2 XML

ofE MEDER

from torch import nn

model = nn.Sequential(
nn.Linear (30, 32),
nn.Sigmoid(),
nn.Linear (32, 64),
n.Sigmoid(),
nn.Linear (64, 1),
n.Sigmoid()

S

=

)

optimizer = torch.optim.SGD(model.parameters(), lr=le-2)

criterion = torch.nn.BCELoss ()

n_epoch = 100
for epoch in range(n_epoch):
running_loss = 0.0

for inputs, targets in train_dataloader:

# BIOAMEHRY
optimizer.zero_grad()

# FtHE
outputs = model(inputs)

loss = criterion(outputs, targets)

# backwardcaARZHE
loss.backward()

# optimizerZ{E> T/ A—F HHH
optimizer.step()

running_loss += loss.item()

val_loss = 0.0
with torch.no_grad():

for inputs, targets in val_dataloader:

outputs = model(inputs)

loss = criterion(outputs, targets)

val_loss += loss.item()

# IRy I EDBROFR

train_loss = running_loss / len(train_dataloader)
val_loss = val_loss / len(val_dataloader)
print(f'Epoch {epoch + 1} - Train Loss: {train_loss:.4f} - vVal Loss: {val_loss:.10f}')
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Z1TOERER (for3ZLIRE)

e 11TH. for epoch in range(n_epoch) ... T—S (K% n_epoch [EENT

e 27TH. running_loss = 0.0 ... 1T RV IO CEDIET—SDIEXREEHEIT D/
HDEE

e 49TH. for inputs, targets in train_dataloader .... §IfET—S&1/\WvFFD
BYD H 9 ( DataLoader NIEZ=B L L3 1)

e 6{TH. optimizer.zero_grad() ... AEEZEFELTS. —DRIOR—IDI ST K
(Gl

e O, 10{TH. outputs = ... ... BEXOAEEZLFI.
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3.2 RN LERE T EZDELR

e 131TH. loss.backward() ... AEEDEETI.CNICK DT model M/ X—5(C
IJBRICHT B DEMNEERINTT

e 161TH. optimizer.step() ... optimizer MEEIRINZLERICEDUVT/IIS A —
SEEHFLIT.

e 18fTH. running_loss += loss.item() ... 1/\VWFIMDIEX%Z running_loss [CE
LTHEET.

e 201 TH~251TH. 1INV O OEEMNED >IN FT—2a V5T —9 TOIEX
ZETBELET. NUT—23rr—9D0AREZEEICEESIELIVDTHEREZSTE
FTAIMENGDIEA.UTZM DT torch.no_grad() DFTETELIT.
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3.2 RN LERE T EZDELR

¢ 28fTE~301TH. 1T RV O DOEFNMNEN 5, T —5 EREET—9 Dig
KeaRIMUET. len(train_dataloader) (T —I HMAED = Z/\ v F(C 2 El
SNeHERITE, len(val_dataloader) (FIREET—S AMAHED = Z/\w F (2 E]
SNENERITHTT. CNTEIO>THFEADEICLZFT.

e« 32{TH. BXZEHTILET.
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3.2 HEENCEIRE T EDELRE

TODOY X ~

1. BXENERET D
2. BDEEETS
3. ISSAXA—SDEHFETS
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NI)F—23 V57 —S5 T SENFIHIEETH D IEBENE DL SOVICE > TULBH\ET
HLThHh< !

CNATXET—=I(CNT B FABENHPLT.
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IFEEEDER

1. 05 MELSEEEFHIT S.

val_pred = model(val_x) > 0.5

2. torch.Tensor /'S numpy.ndarray ([CE¥AT S

val_pred_np = val_pred.numpy().astype(int)
val_y_np = val_y.numpy().astype(int)

2. sklearn.metrics D accuracy_score Z{HDO CIFEXREZEHETIT D

from sklearn.metrics import accuracy_score
accuracy_score(val_y_np, val_pred_np) # = (Z5CHF. INZza<{ TE3LIICHEKD)
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3. PN 1]

+ AT73y ZFEHMBEEVTHCS
1. 8L RV INIEXRZLTRI DI ZIE> THL

train_losses = []
val_losses = []

1. GBEEODFEDOI—RORI(CIEXRZELERI D I—REZEIMITD

train_loss = running_loss / len(train_dataloader)

val_loss = val_loss / len(val_dataloader)

train_losses.append(train_loss) # ZhhVEN=NT:

val_losses.append(val_loss) # Zhh“EIMESic

print(f'Epoch {epoch + 1} - Train Loss: {train_loss:.4f} - Val Loss: {val_loss:.10f}")

(B INVO CTERRTHEIDELIDEBMAUPIKLEINTREL THLD)
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+ 4773y ZEHBEEZEVWTHCS
matplotlib EWVWD/INVT —I&EFESCETITSTTNETD

# matplotlib.pyplot Z plt&E WS &EITimport
import matplotlib.pyplot as plt

plt.plot(train_losses, label='train')
plt.plot(val_losses, label='val')
plt.legend()

plt.xLlabel('epoch')
plt.ylabel('loss"')

plt.show()

> LWLWRCOTOY RRENS
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ZENTEN

1. T =S DFHEIAH
2. EFTILDOIBE
3. EFTILDEE

4, FIRT—9 NI 5 FH
5. IBizZ=R~ADIRH
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4. iR —9 IcH T S FH

F5ULRIE
test_x [CPBRILIZOVKRIDT—IMADTULS

model(test_x)

> FRERAES
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5. [EfiZRA DR

import csv

def write_pred(predictions, filename='submit.csv'):
pred = predictions.squeeze().tolist()
assert set(pred) == set([True, False])
pred_class = ["attack" if x else "normal" for x in pred]
sample_submission = pd.read_csv('sample_submission.csv')
sample_submission[ 'pred'] = pred_class

sample_submission.to_csv('submit.csv', index=False)

=R

9
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5. [EfiZRA DR

YHIFEER ( True , False M\57L3D Tensor )

pred = model(test_x) > 0.5

={E> T,

write_pred(pred)

g_%é:l
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5. [EfiZRA DR

B > submit.csv
NCESD !
S O—RKUT, submit h'5#&
B IEERICRSS!
BRIV x:

#HEMEEEES 2024 B2 BRIV RE

(} LeaderBoard @ Submit i= Data @ Rules £2

Login as abap34

Team: team 41

P Rk |AN OHBA

= TJrFA0L

Q C R
—

{x}

» [ sample_data

o ‘ sample_submission.csv

0 . submit.csv
B testcsv

‘ train.csv

0140 U
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5. [EfiZRA DR
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R Ema s oo

- TRWEZEDGA,>—53Hh3UR]

traP Kagglellt
2024/07/17
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e AVRDERRE =
o TP IAIUREVDSEERICDULT
o NI /s
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o> https://abap34.github.io/ml-lecture/supplement/competetion-result.html
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https://abap34.github.io/ml-lecture/supplement/competetion-result.html

— MR IREVNSHEHIFICDULT

Q SEIOIVYRTEALHDESPAELFT LN ?
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dAROEULS 1.EDA

F=DIIRICBFIBRERTDRTEOUED

> F—=A0 BIRE
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dAROEULS 1.EDA

HIZDRICHERIRSTC L.

1.7 —5FEDLSVHDIDH?
2. ESVSEREDH ?

+ ENKSEBEEMNFRAICHEILDONDM ?
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EDA: BERII5— S 9#7 (Exploratory Data Analysis)

EDA: ¥RBMI>— 5 7347 (Exploratory Data Analysis)
FHICRGFEPETIVERER T, 7 — 5 DFEFECEEE BRI 017,

Bl) 57— O, RKSEOHESR, SEBOHEDEBRE LELL..
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EDA: SOl R%&HI(C

sns.displot (data=all_df.sample(10008), x=col, hue='class', legend=col, log_scale=True)

plt.show()
0 0000000000000 000000000000000000000000000000000000
35001
3000 1
25001
‘E‘ 2000 4 class
3 3 attack
=3 normal
15001 3 test
1000 1
500 1
o
attack normal test
_‘ = class
A
HDENS :
700 4
abap34.com/ml-
|
g dass
8 == normal
3 test
[ ] 3 attack
10° 10t 10?
count
250 1
200 4
- 150 4
5 class
8 =3 normal
3 attack
100 4 3 test
50 4
o
1072 107! 10°

diff_srv_rate
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AIRDEEWA 2.\ VF—23IcDLT

Trust Your CV ...Cmsscvla{i;ation’EEU & E VNS BRIEENM.
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Q. Public LeaderBoard [CKEDIRHEZEDIRT EEDLD?
o Public LB COX A7 MM LEIRNS.
Q IBDEEDIHD?

> shake C3E8A.
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shake

shake

Public LB & Private LB
DIBUUNKET < RS BH
xR

EE(EDUVERED DTz Learning Agency Lab - Automated Essay Scoring 2.0 &0\
SAVRDIE[IZRTT. 550U VD
(https://kaggle.com/competitions/learning-agency-lab-automated-essay-
scoring-2/leaderboard) M5 B 9. K.

919

726

462

31

r 69

353

495

874

708

419

- 74

392

An Dang-Hieu

Jura Moshkov

Bohao XU

%59

Wannabeee

Zaakcii Ru

fanaoyu

yhataktaro

stakahashi

2yukiZ »

Aindriu

Yuki1213ya

0.83320

0.83320

0.83320

0.83320

0.83319

0.83319

0.83314

0.83312

0.83310

0.83310

0.83306

0.83305

57

41

29

243

22

10

81

397

172
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https://kaggle.com/competitions/learning-agency-lab-automated-essay-scoring-2/leaderboard
https://kaggle.com/competitions/learning-agency-lab-automated-essay-scoring-2/leaderboard

shake DPEEFTDHIBICIIESI TSN ?

Public LB [CIRD EISNIEL\ZHIC

1. RA7OTLVOEEZEBEL TH<
L T ARERAULSVWDY T ZIDNI)FT—=23 057 —F%ED,ZOXI70OD
LERDIEE

i1. Public Score

rivate >core \H
o & h
2. N\NUFT—=23 05— T AT MOMEICKENTD
L ZEVWTLOIVYRTIEEMEBEBRLINCY £ IBOXITPEHRT DT+ X W

IAVMII>TUARSE. ChEnT EE9 S !

i, PHOEVDRRAZHART, KDF XA RF—5(GEVWNNIYF—23r5—S%
EDAEEZEZ 2D (f5l: adversarial validation)
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Public LB EDEE S\

J=1Z, Public LB ¥ EEIER

« (B3ZD20N) BHEEOREI TCRENESNEVTF ARSI 7N—E

O BUFDOT—XTlE Public LB £© BB X7 DigE

1. Public LB D F—9MEBFT—H &

U B CRE

EDY 1 X

2. RRIWCTEBT—FETFART—INRBETIhTNS

i. Public / Private BIZS VS LICHEl « ELI[CEESIERICES

ii. Public / Private EE R CHEI

YN =R (R
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ARDEEWVS 3. I\TIN\=INS A= DA

NTIRN—INSKXA—F(ZFBE, KOFET, ... TENZHBINEEE) ORI KE !
IZirE

L RIS INTIN—INS A= DFRBICKRAZENMITSTEN ¢
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INTIN—=INS KX—5 DEREE y

..................................................... 237
NTI3—135 X — 5 DRI RE e
MILZRHER TV <ICED IS0 ! e —
o> SRAR(FZECZECIC WA

. F—5DEMR .

e IEI VI _TVUUD EEELD
CEEEEPTON O —
(E53A, BECXOT7E LTSN
BERHOTRBICIISE © A L HE S S S
I3)
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=LA VROSEBHNEEN

1. FFE5X5NcT7—F (LT EDA 1TV, 7—5 OERKSEE ©-FAI(C1&IT
DIEREIBIET S

2. EECETBINITFT—IavDAEFEBET S

3RMETI VI 7Y VIETL, 8

4. I2H

5. 74 XAwIavaESE(CLDD, AT DEBEHRLEERND D LBILS/\T1
IR—INSA—FDFEBLEEE UL TERLHE.

6.3 ([CR®¥
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\
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CcDBEBTIRDEM O eC L

7 BRZEOHRENE L EpE!
BE&EJT S

. B

e JVE1—S9Y1IUX
DFEREECKTA (BREICTe<TA)
FBRITEEEHVBEEBEERRCTA !
> T HERDH S EDICEET B(3 !

o> Kaggle BECEBRAIPOHFIL LS | FIENETLRE !
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