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Forward Pass =
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Tensor Operations

a;(X™ . W, +by) =4

dim(X®) = dim(W,) = dim(b,) = —

B + T = B >“1[I]

az( Al . WZ + bZ) = AZ = y(n)

dim(4,) = dim(W,) = dim(b,) =
(1,2) (2,1) (1,1)
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Backward Pass €
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Gradient Descent

Parameter Update
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Turunan (derivative)

f (x) St b)feeecncaecceacaenes - 4

Definisi turunan dari f: ,
| flx + 1) - flx)

fx)=

df(x) limf(x +h) — f(x) FEOL N /
h—0 h

X x+th




Contoh 1

f(x)=x%+2x*+3

Turunan orde 1: % =2x%271 +8x*1+0=2x+8x3
Turunan f di x = 2 %f@) = 2(2) + 8(2)3 = 68

d*f
Turunan orde 2: — = 2+ 24x
dx



Turunan parsial (partial derivative)

z
Surface Surface
2= fixy) o o)
®
L_(XO’YL/
Ty
X
X
Slope of the surface in the x-direction Slope of the surface in the y-direction

Calcworkshop.com

Sumber gambar: Calc Workshop



Contoh 2

fCr,y) = x* + 3y

: . 9f _ 9f _ 3
Turunan parsial orde 1: = 2x 5y = 12y

Turunan parsial f terhadap x di (3,1): aa—xf(3,1) =2(3)=6

Turunan parsial f terhadap y di (3,1): aa—yf(3,1) = 12(1)3 = 12

- . °*f _ *f _ g2
Turunan parsial orde 2: = 2 7 = 36y



Gradient suatu fungsi

f: R* >R — g: R™ > R
Vf: RZ o R2 generalisasi Vg: RM — R™
Gradient: Gradient:
o 99
vf =% 7
. Vg = a:
Penulisan lain: g
0x,,

of » af »
Vf=al +£]



Gradient suatu fungsi di suatu titik

f: R> >R — g: R® - R
Vf: Rz R RZ generalisasi Vg' [Rm N Rm
Gradient f di titik (x,y): Gradient f di titik p:
- i A -
é(x, Y) 99
Vi(x,y) = of 0x1
@(x, y) Vg =1
! ] 0g
Kipany
dengan

D = (X1, ) X)



Contoh 3

Gradient f(x,y) = x? + 3y* di titik (1,2):

Vf(1,2)
= 2(D)i +12(2)3j

120 | g2
B [12(2)3] B [96]



Jacobian suatu fungsi

f: R? > R?
Vf' RZ N RZXZ generalisasi
Gradient: Gradient:

e, 0 T - 0
. a1 3 )2 7 I1

f=|la, o vo=| 3

9x, fl 9 fZ_ i
_axm‘gl

g: R™ - R"
Vg: R™ - R™*"




Jacobian suatu fungsi di suatu titik

f: R? > R? — g: R™ - R"

Vf: ]RZ N RZXZ generalisasi Vg: RM _y RMX7N
Gradient: Gradient:

- 0 ) . - 9 ) -

—hy) —fxy) e 91) - 5 -9a(p)
Vilx,y)=|3" 1 . . .

Ly =hey| VIR |

92y J1VO YD i T2V 2 () 2 )

_axmgl p axmgn p |
dengan

P = (X1, e, Xom)



Komposisi fungsi

g(a,b) =a+ 2b

fx) =x?

Komposisi fungsi g lalu f:

o _, o _,
da db



Aturan rantai (chain rule)

Turunan parsial f terhadap a:

of _ Of dx _ 0%f
da dx da 0Oxda

= 3x%(1) = 3x?

Turunan parsial f terhadap b:

of of dx  9%*f
ob 9dx db 9xdb
= 3x2(2) = 6x?

dx

da

dx

dob

x=g(a,b) =a+2b

ox _
da

ox _
ob

2

9f
0x

f
flx) =x3
of _df _

ax_dx_gx



Extreme points
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Global Minima

Saddle Point

Sumber gambar:

Global maxima

Local maximum

Paperspace
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Karakteristik Umum Cost Function

* Mengevaluasi model ketika proses “belajar”

* v.s. evaluation metrics: mengevaluasi model di luar proses “belajar”

e Digunakan untuk mempelajari hubungan antara input dan output

* Hanya melibatkan variabel y dan y

* Fungsi yang kontinu secara global* dan turunannya terdefinisikan



Beberapa Contoh Cost Function

Mean Absolute Error (MAE) atau L1 Loss

Mean Squared Error (MSE) atau L2 Loss

Root Mean Squared Error (RMSE)

Binary Cross-Entropy Loss



“Error’”’

Selisih antara output asli dan
output prediksi

error =y —y

Mean Error

N
1
MEY,9) =% ) (=)
=1




Mean Squared Error (MSE)

* Error negatif dan error positif tidak

saling menghabiskan

* Memberikan penalti yang lebih besar
untuk data outlier

y y E SE
1 0.8 0.2 0.04
1 0.9 0.1 0.01
1 1.1 0.1 0.01
1 1.3 0.3 0.09

MSE 0.0375

N
~ 1 . N2
MSE(y,9) = NZ(y(‘) - 50)
=1




Cost function surface

Permukaan dengan banyak perubahan kontur Permukaan dengan sedikit perubahan kontur
(cenderung tidak stabil) (lebih stabil)

Sumber gambar: Visualizing the Loss Landscape of Neural Nets (Li et. al., 2018)



Gradient

Descent

& Stochastic Gradient Descent




Gradient Descent

* Algoritma optimisasi conveks

iteratif berorde satu

* Bertujuan untuk mencari

minimum lokal dari suatu fungsi

terdiferensiasi

(cost function)

Sumber gambar: Imad Dabbura, Towards Data Science



Cost Function Optimisation

* Tujuan latihan: Meminimalkan cost

Jw) = w?
min J(W) ~ mmi/n Cost(9,y) |

J(w) Initial Gradient

W = weights & biases

* Pilih W sedemikian sehingga i
Cost(¥,y) minimum W
* Nilai ¥ semakin mendekati y

Sumber gambar: Analytics Vidhya



Learning algorithm:
Gradient Descent

Forward pass >» Hitung cost

Perbarui parameter € Backward pass

Perbaruan parameter: W := W — aVJ(W)



Learning rate a

cea >0

Mengatur seberapa besar porsi dari gradient VJ(IWW) yang diambil untuk

m engu ba h pa ra m eter W (yang akan digunakan di iterasi latihan selanjutnya)

 Mengatur seberapa cepat model harus berlatih

Mengatur seberapa sensitif respon parameter model terhadap data yang

baru saja ia lihat



Cost function:

(Cost Function-J)

-
0

/]

J(W)

.

v
Parameters

Sumber gambar: Al Graduate



Gradient cost function: V] (W)

HELP! J
(xy) .

Sumber gambar: Al Graduate



a: learning rate C(V](W)

0<ac<l

terlalu lambat

.

F

e Parameters
0~

Sumber animasi: Al Graduate



a: learning rate C(V](W)

0<ac<l

{Cost Function-J)

terlalu cepat

Y

P

e . Parameters
U =

Sumber animasi: Al Graduate



(Cost Function-J) HELP!

/1\ [xzyj =

-ve slope.
Move this way

+ve slope.
Move this way

s 0 slope.

Y Minimum point achieved
S
.',l'.—-/y

>~
-

@ Parameters
0

Sumber gambar: Al Graduate



Gradient Search

line slope (M)
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Sumber animasi: techburst.io



Backward




Contoh: Masalah XOR

X1 | X2 y
0 0 0
1 0 1
0 1 1
1 1 0

Selesaikan dengan NN:
(notebook di akhir slide)



Forward pass

Input features

¢+ Ay =X

Layer 1

« 7, =Ay W, + by
* Ay =04(Z1)
Layer 2 - Output

e Z,=A, W, + b,
c Ay =0,(Zy) =9
Cost Function

* JW) = MSE(y,y)

Input
features

Layer 1

Layer 2

Output
label



Forward pass: XOR problem

Input

e Ay =X

Layer 1

e 7, = A, W, + b,
* A1 = 0(Z4)

Layer 2 - Qutput
* Ly =AW, + b,
* Ay =0(Z,)

Cost Function

. C = MSE(y, A,)

Input
features

Layer 1 Layer 2

Output label
Turunan fungsi yang relevan:
— i () — L 1
o(z) = sigmoid(z) = T MSE(y,§) = Nz@ — )2
do(z) dMSE
= (1-0(2)o(2) (y y) z(A ~ )



Computational Graph

Input

e Ay =X

Layer 1

* Zy = Ay W, + b,
* A1 = 0(Zy)

Layer 2 - Qutput
* Ly =AW, + b,
* Ay = 0(Z3)

Cost Function

« C = MSE(y,A,)




Computational Graph

Input

e Ay =X

Layer 1

*Zq =AW+ by
* A1 = 0(Zy)

Layer 2 - Qutput
* Ly =AW, + b,
* Ay = 0(Z3)

Cost Function

« C = MSE(y,A,)




Forward Pass

Input

e Ay =X

Layer 1

» Zy = Ay - W, + b,
* A1 = 0(Z1)

Layer 2 - Qutput
*Zy =AWy + by
* Ay = 0(Z,)

Cost Function

e C = MSE(y,4,)

Turunan/Turunan Parsial

° %— %_
6W1 - AO abl - 1
dA /
. d_Zi = 0'(Z3)
° Z—Z = O',(Zz) = (1 — O-(ZZ))O-(ZZ)
. dC(_W) “
a, Z(Az y)

n

A1—>ZZ—> %

bz



Backward Pass Turunan/Turunan Parsial

Layer 2 621 %

* S = 4 =1
dcC 2 oW, ¢ dbq
c —==>(4—y) dA
ddz N * —=0'(Z,)
, dC __ dc dA, Az,
dAZ,  dAy dZ, 0 2B W, 9 Ay - 1
Layer 1 aAl GWZ abz
dA
. 4C _ dc 07, _ dC dAp 07, » 2 =0'(Z) = (1-0(Zy))o(Z,)
dA, dZ,0A, dA,; dZ, 0A4 £
ac(w) 2
, 4C __ dC dA; _ dC dA;0Z;dA; ¢ = NZ(AZ _y)
dZ, dA,dZ; dA, dZ, dA; dZ, -
Perubahan Parameter
oC dc 0Z, oC dC 0Z, Wz

ac  dc 9% aC  dc 9z,

N
Aq —>Zz —>

bz




Update Parameter

dC dC dA, 0Z
Wy =Wy —aas =W, —a (S22
dWw, dA, dZ, oW,
dC dC dA, 0Z
°b2:=b2_ _=b2—a( z 2)
db, dA, dZ, 0b,
dC dC dA, 0Z, dA, 0Z
’W1==W1—(X =W1—a( “ 2 L 1)
dC dC dA, 0Z, dA, 0Z
by by — = b, — (4807 00y
db4 dA, dZ, 0A1 dZq 0by



Update Parameter

dc dA, 87
Wy =W —as =W, —a(2 2272 )
2’ 1 dw, 2(Az — dZ, oW,

e h. —h. — B¢ (2 _ ) 34202,
by = by dbz_bz a(NZ(Az Y deabz)

dc 2 dA, 0Z, dA, 0Z
° W —_ W —a —a (_ A - 2 2 1 1)
1 1 Wi NZ( 2 =) dZ, 0A, dZ; oWy

dc 2 dA, 0Z, dA, 0Z
e b ==b—a—=b—a(— A — Ay 073 dAy 1)
1 1 NZ( 2 y)dZZGAldzlabl



Update Parameter

* Wy =W, — a;_miz =W, -« (%Z(Az y) (1 - O-(ZZ))O-(ZZ) 522)

by = by - a2 = b, — a (B0 =) (1~ 0(2))0(Z) 22)

07, dA; azl)

ac 2
c Wy =Wy —ag = Wy — a (F20p =) (1= 0(2)0(Z,) 722 2k

aw,

07, dA, azl)

dc 2
° bl o— b — X — = bl — (NZ(AZ — y) (1 — O-(Zz))o-(ZZ) 6A1 dz, 6b1

dbq



Update Parameter

Wy =Wy —ag = W, — a (S0 =) (1= 0(Z))o(Z)A: )

+ by = by —ag = by —a(§EMAe =) (1~ 0(Z))o(Z)1)

W, =W, —«a o W) —«a (%Z(AZ y) (1 - U(ZZ))U(ZZ)WZ - aZl)

dW1 dZ, OW-
ac dA{ 0Z
o b1 = b — ad_bl b1 — ( Z(AZ y) (1 — O-(ZZ))O-(ZZ)WZ dZi abi)



Update Parameter

Wy =Wy —ag = W, — a (S0 =) (1= 0(Z))o(Z)A: )

+ by = by —ag = by —a(§EMAe =) (1~ 0(Z))o(Z)1)

Wy = Wy = e = Wy~ a (50 =) (1~ 0(Z)o (Z)Wao' (Zo) i)

dw,
* by == by — a;_bcl by — a( 24, —y) (1 - U(ZZ))G(ZZ)WZG (Z2) gii)



Update Parameter

Wy =Wy —ag = W, — a (S0 =) (1= 0(Z))o(Z)A: )

+ by = by —ag = by —a(§EMAe =) (1~ 0(Z))o(Z)1)

Wy =Wy —ag = Wy — a (20 = 9) (1= 0(22))0(Z)W,0' (Z2) A

+ by = by — o= by —a (520 =) (1 - 0(Z))o(ZIW,0'Z)1)



Contoh aplikasi: Masalah XOR

https://drive.google.com /file/d /1B
Wyxqg Hm7K11b85qavxR2SPs623c
X096 /view?usp=sharing



https://drive.google.com/file/d/1BWyxq_Hm7K1lb85qavxR2SPs623cXo96/view?usp=sharing
https://drive.google.com/file/d/1BWyxq_Hm7K1lb85qavxR2SPs623cXo96/view?usp=sharing
https://drive.google.com/file/d/1BWyxq_Hm7K1lb85qavxR2SPs623cXo96/view?usp=sharing

Futher learning...

 Deep Learning Book (Goodfellow et. al., 2016)

https://www.deeplearningbook.org

e Dive into Deep Learning;:
Appendix: Mathematics for Deep Learning

https://www.d2l.ai/chapter appendix-mathematics-for-deep-learning/index.html



https://www.deeplearningbook.org/
https://www.deeplearningbook.org/
https://www.d2l.ai/chapter_appendix-mathematics-for-deep-learning/index.html

Thank youl!
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