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Revise: 
Forward
Pass
Weights & biases

Tensor operations



Forward Pass →

𝜎1( + 𝑏1) = 𝐴1

𝜎2( + 𝑏2) = 𝐴2 = ො𝑦(𝑛)

𝑋 𝑛 ⋅ 𝑊1

𝐴1 ⋅ 𝑊2

𝑋
1

𝑋
2

𝑋
3

𝑋
4

ො𝑦 1ො𝑦 2ො𝑦 3ො𝑦 4



Tensor Operations

𝑎1( + 𝑏1) = 𝐴1

𝑎2( + 𝑏2) = 𝐴2 = ො𝑦(𝑛)

𝑋 𝑛 ⋅ 𝑊1

𝐴1 ⋅ 𝑊2

⋅ + =

dim 𝑋 4 =

1, 3
dim 𝑊1 =

3,2
dim 𝑏1 =

1,2

𝜎1 =

⋅ + 𝜎2 ==

dim 𝐴1 =

1, 2
dim 𝑊2 =

2,1
dim 𝑏2 =

1,1



Overview: 
Backward
Pass



Backward Pass 

Cost

𝑦 1𝑦 2𝑦 3𝑦 4

ො𝑦 1ො𝑦 2ො𝑦 3ො𝑦 4



Gradient Descent

𝑊1 ← 𝑊1 − 𝛼
𝜕

𝜕𝑊1
𝐶𝑜𝑠𝑡( ො𝑦, 𝑦)

𝑏1 ← 𝑏1 − 𝛼
𝜕

𝜕𝑏1
𝐶𝑜𝑠𝑡( ො𝑦, 𝑦)

Parameter Update

𝑏2 ← 𝑏2 − 𝛼
𝜕

𝜕𝑏2
𝐶𝑜𝑠𝑡( ො𝑦, 𝑦)

𝑊2 ← 𝑊2 − 𝛼
𝜕

𝜕𝑊2
𝐶𝑜𝑠𝑡( ො𝑦, 𝑦)



Differential
Calculus
Derivative | Partial Derivatives

Gradient | Jacobian

Chain Rule

Extreme Points



𝑓 𝑥

Definisi turunan dari 𝑓:

𝑓 ′ 𝑥 =
𝑑𝑓(𝑥)

𝑑𝑥
= lim

h→0

𝑓 𝑥 + ℎ − 𝑓(𝑥)

h

Turunan (derivative)



𝑓 𝑥 = 𝑥2 + 2𝑥4 + 3

Turunan orde 1:
𝑑𝑓

𝑑𝑥
= 2𝑥2−1 + 8𝑥4−1 + 0 = 2𝑥 + 8𝑥3

Turunan 𝑓 di 𝑥 = 2
𝑑

𝑑𝑥
𝑓 3 = 2 2 + 8 2 3 = 68

Turunan orde 2:
𝑑2𝑓

𝑑𝑥2
= 2 + 24𝑥

Contoh 1



Turunan parsial (partial derivative)

Sumber gambar: Calc Workshop



𝑓 𝑥, 𝑦 = 𝑥2 + 3𝑦4

Turunan parsial orde 1:
𝜕𝑓

𝜕𝑥
= 2𝑥

𝜕𝑓

𝜕𝑦
= 12𝑦3

Turunan parsial 𝑓 terhadap 𝑥 di (3, 1):
𝜕

𝜕𝑥
𝑓 3,1 = 2 3 = 6

Turunan parsial 𝑓 terhadap 𝑦 di (3, 1):
𝜕

𝜕𝑦
𝑓 3,1 = 12 1 3 = 12

Turunan parsial orde 2:
𝜕2𝑓

𝜕𝑥2
= 2

𝜕2𝑓

𝜕𝑦2
= 36𝑦2

Contoh 2



𝑓: ℝ2 → ℝ
∇𝑓:ℝ2 → ℝ2

Gradient:

∇𝑓 =

𝜕𝑓

𝜕𝑥
𝜕𝑓

𝜕𝑦

Penulisan lain:

∇𝑓 =
𝜕𝑓

𝜕𝑥
መ𝑖 +

𝜕𝑓

𝜕𝑦
መ𝑗

𝑔: ℝ𝑚 → ℝ
∇𝑔:ℝm → ℝ𝑚

Gradient:

∇𝑔 =

𝜕𝑔

𝜕𝑥1
⋮
𝜕𝑔

𝜕𝑥𝑚

Gradient suatu fungsi

generalisasi



𝑓: ℝ2 → ℝ
∇𝑓:ℝ2 → ℝ2

Gradient 𝑓 di titik (𝑥, 𝑦) :

∇𝑓(𝑥, 𝑦) =

𝜕𝑓

𝜕𝑥
(𝑥, 𝑦)

𝜕𝑓

𝜕𝑦
(𝑥, 𝑦)

𝑔: ℝ𝑚 → ℝ
∇𝑔:ℝ𝑚 → ℝ𝑚

Gradient 𝑓 di titik 𝑝:

∇𝑔 =

𝜕𝑔

𝜕𝑥1
⋮
𝜕𝑔

𝜕𝑥𝑚
dengan

𝑝 = (𝑥1, … , 𝑥𝑚)

Gradient suatu fungsi di suatu titik

generalisasi



Contoh 3

Gradient 𝑓(𝑥, 𝑦) = 𝑥2 + 3𝑦4 di titik (1,2):

∇𝑓 1,2

= 2 1 መ𝑖 + 12 2 3 መ𝑗

=
2(1)

12 2 3 =
2
96



Jacobian suatu fungsi

𝑓: ℝ2 → ℝ2

∇𝑓:ℝ2 → ℝ2×2

Gradient:

∇𝑓 =

𝜕

𝜕𝑥1
𝑓1

𝜕

𝜕𝑥1
𝑓2

𝜕

𝜕𝑥2
𝑓1

𝜕

𝜕𝑥2
𝑓2

𝑔: ℝ𝑚 → ℝ𝑛

∇𝑔:ℝm → ℝ𝑚×𝑛

Gradient:

∇𝑔 =

𝜕

𝜕𝑥1
𝑔1 ⋯

𝜕

𝜕𝑥1
𝑔𝑛

⋮ ⋱ ⋮
𝜕

𝜕𝑥𝑚
𝑔1 ⋯

𝜕

𝜕𝑥𝑚
𝑔𝑛

generalisasi



Jacobian suatu fungsi di suatu titik

𝑓: ℝ2 → ℝ2

∇𝑓:ℝ2 → ℝ2×2

Gradient:

∇𝑓(𝑥, 𝑦) =

𝜕

𝜕𝑥1
𝑓1(𝑥, 𝑦)

𝜕

𝜕𝑥1
𝑓2(𝑥, 𝑦)

𝜕

𝜕𝑥2
𝑓1(𝑥, 𝑦)

𝜕

𝜕𝑥2
𝑓2(𝑥, 𝑦)

𝑔: ℝ𝑚 → ℝ𝑛

∇𝑔:ℝm → ℝ𝑚×𝑛

Gradient:

∇𝑔(𝑝) =

𝜕

𝜕𝑥1
𝑔1(𝑝) ⋯

𝜕

𝜕𝑥1
𝑔𝑛(𝑝)

⋮ ⋱ ⋮
𝜕

𝜕𝑥𝑚
𝑔1(𝑝) ⋯

𝜕

𝜕𝑥𝑚
𝑔𝑛(𝑝)

dengan
𝑝 = (𝑥1, … , 𝑥𝑚)

generalisasi



Komposisi fungsi

𝑔 𝑎, 𝑏 = 𝑎 + 2𝑏

𝑓(𝑥) = 𝑥3

𝑏

𝑔 𝑎, 𝑏
= 𝑥

𝑓(𝑥)

𝑎

𝜕𝑓

𝜕𝑎
= ?

𝜕𝑓

𝜕𝑏
= ?

Komposisi fungsi 𝑔 lalu 𝑓:



Aturan rantai (chain rule)

Turunan parsial 𝑓 terhadap 𝑎:

𝜕𝑓

𝜕𝑎
=

𝜕𝑓

𝜕𝑥

𝑑𝑥

𝜕𝑎
=

𝜕2𝑓

𝜕𝑥𝜕𝑎

= 3𝑥2 1 = 3𝑥2

Turunan parsial 𝑓 terhadap 𝑏:

𝜕𝑓

𝜕𝑏
=
𝜕𝑓

𝜕𝑥

𝑑𝑥

𝜕𝑏
=

𝜕2𝑓

𝜕𝑥𝜕𝑏

= 3𝑥2 2 = 6𝑥2

𝑏

𝑔 𝑓

𝑎

𝜕𝑓

𝜕𝑥

𝑑𝑥

𝜕𝑎

𝑑𝑥

𝜕𝑏

𝑥 = 𝑔 𝑎, 𝑏 = 𝑎 + 2𝑏

𝜕𝑥

𝜕𝑎
= 1

𝜕𝑥

𝜕𝑏
= 2

𝑓 𝑥 = 𝑥3

𝜕𝑓

𝜕𝑥
=
𝑑𝑓

𝑑𝑥
= 3𝑥2



Extreme points

Sumber gambar: Paperspace

Global maxima

Local maximum



Cost 
Function
Loss Function

Error Function



Karakteristik Umum Cost Function

• Mengevaluasi model ketika proses “belajar”

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

• 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

𝑀𝐸 𝑦, ො𝑦 =
1

𝑁


𝑖=1

𝑁

( ො𝑦 − 𝑦)

Mean Error



Mean Squared Error (MSE)

• Error negatif dan error positif tidak 
saling menghabiskan

• Memberikan penalti yang lebih besar
untuk data outlier

𝑀𝑆𝐸 𝑦, ො𝑦 =
1

𝑁


𝑖=1

𝑁

𝑦 𝑖 − ො𝑦 𝑖 2

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



Cost function surface

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

Permukaan dengan banyak perubahan kontur 
(cenderung tidak stabil)

Permukaan dengan sedikit perubahan kontur 
(lebih stabil)



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

min 𝐽 𝑊 ~min
𝑊

𝐶𝑜𝑠𝑡 ො𝑦, 𝑦

𝑊 = weights & biases

• Pilih 𝑊 sedemikian sehingga 
𝐶𝑜𝑠𝑡 ො𝑦, 𝑦 minimum
• Nilai ො𝑦 semakin mendekati 𝑦

Sumber gambar: Analytics Vidhya

𝐽 𝑤 = 𝑤2

= 0



Learning algorithm: 
Gradient Descent

Perbaruan parameter: 𝑊 ≔𝑊 − 𝛼∇𝐽 𝑊

Forward pass

Backward passPerbarui parameter

Hitung cost



Learning rate 𝜶

• 𝜶 > 𝟎

• Mengatur seberapa besar porsi dari gradient ∇𝐽 𝑊 yang diambil untuk 

mengubah parameter 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



𝐽 𝑊Cost function:

Sumber gambar: AI Graduate



∇𝐽 𝑊Gradient cost function:

Sumber gambar: AI Graduate



𝛼∇𝐽 𝑊

terlalu lambat

𝛼: learning rate

0 ≤ 𝛼 ≤ 1

Sumber animasi: AI Graduate



𝛼∇𝐽 𝑊𝛼: learning rate

terlalu cepat

0 ≤ 𝛼 ≤ 1

Sumber animasi: AI Graduate



𝑊 ≔𝑊 − 𝛼∇𝐽 𝑊

Sumber gambar: AI Graduate



Gradient Search

Sumber animasi: techburst.io

Model: 𝑦 = m𝑥 + b



Backward
Pass



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

• 𝐴0 = 𝑋

Layer 1

• 𝑍1 = 𝐴0 ⋅ 𝑊1 + 𝑏1

• 𝐴1 = 𝜎1(𝑍1)

Layer 2 - Output

• 𝑍2 = 𝐴1 ⋅ 𝑊2 + 𝑏2

• 𝐴2 = 𝜎2 𝑍2 = ො𝑦

Cost Function

• 𝐽(𝑊) = 𝑀𝑆𝐸(𝑦, ො𝑦)

Layer 1 Layer 2
Input

features

Output
label



Forward pass: XOR problem

𝑥1

𝑥1

𝐴1,1

𝐴1,1

𝐴2

Layer 1 Layer 2
Input

features

Output label

𝑀𝑆𝐸 𝑦, ො𝑦 =
1

𝑁


𝑖=1

𝑁

ො𝑦 − 𝑦 2𝜎 𝑧 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 𝑧 =
1

1 + 𝑒−𝑧

𝑑𝑀𝑆𝐸 𝑦, ො𝑦

𝑑 ො𝑦
=
2

𝑁


𝑖=1

𝑁

ො𝑦 − 𝑦
𝑑𝜎 𝑧

𝑑𝑧
= 1 − 𝜎 𝑧 𝜎 𝑧

Input

• 𝐴0 = 𝑋
Layer 1

• 𝑍1 = 𝐴0 ⋅ 𝑊1 + 𝑏1

• 𝐴1 = 𝜎(𝑍1)
Layer 2 - Output

• 𝑍2 = 𝐴1 ⋅ 𝑊2 + 𝑏2

• 𝐴2 = 𝜎 𝑍2
Cost Function

• 𝐶 = 𝑀𝑆𝐸(𝑦, 𝐴2)

Turunan fungsi yang relevan:



Computational Graph

Input

• 𝐴0 = 𝑋
Layer 1

• 𝑍1 = 𝐴0 ⋅ 𝑊1 + 𝑏1

• 𝐴1 = 𝜎(𝑍1)
Layer 2 - Output

• 𝑍2 = 𝐴1 ⋅ 𝑊2 + 𝑏2

• 𝐴2 = 𝜎 𝑍2
Cost Function

• 𝐶 = 𝑀𝑆𝐸(𝑦, 𝐴2)

𝑏1

𝑋 𝑍1

𝑤1

× + 𝐴1𝜎

𝑏2

𝑍2

𝑤2

× + 𝐴2𝜎 𝐶𝑀𝑆𝐸



Computational Graph

Input

• 𝐴0 = 𝑋
Layer 1

• 𝑍1 = 𝐴0 ⋅ 𝑊1 + 𝑏1

• 𝐴1 = 𝜎(𝑍1)
Layer 2 - Output

• 𝑍2 = 𝐴1 ⋅ 𝑊2 + 𝑏2

• 𝐴2 = 𝜎 𝑍2
Cost Function

• 𝐶 = 𝑀𝑆𝐸(𝑦, 𝐴2)

𝑏1 𝑏2

𝑋 𝑍1 𝑍2 𝐶

𝑤1 𝑤2

𝐴1 𝐴2



Forward Pass

Input

• 𝐴0 = 𝑋
Layer 1

• 𝑍1 = 𝐴0 ⋅ 𝑊1 + 𝑏1

• 𝐴1 = 𝜎(𝑍1)
Layer 2 - Output

• 𝑍2 = 𝐴1 ⋅ 𝑊2 + 𝑏2

• 𝐴2 = 𝜎 𝑍2
Cost Function

• 𝐶 = 𝑀𝑆𝐸(𝑦, 𝐴2)

Turunan/Turunan Parsial

•
𝜕𝑍1

𝜕𝑊1
= 𝐴0

𝜕𝑍1

𝜕𝑏1
= 1

•
𝑑𝐴1

𝑑𝑍1
= 𝜎′ 𝑍2

•
𝜕𝑍2

𝜕𝐴1
= 𝑊2

𝜕𝑍2

𝜕𝑊2
= 𝐴1

𝜕𝑍2

𝜕𝑏2
= 1

•
𝑑𝐴2

𝑑𝑍2
= 𝜎′ 𝑍2 = 1 − 𝜎 𝑍2 𝜎 𝑍2

•
𝑑𝐶 𝑊

𝑑𝐴2
=

2

𝑁
σ 𝐴2 − 𝑦

𝑏1 𝑏2

𝑋 𝑍1 𝑍2 𝐶

𝑤1 𝑤2

𝐴1 𝐴2



Backward Pass

Layer 2

•
𝑑𝐶

𝑑𝐴2
=

2

𝑁
σ 𝐴2 − 𝑦

•
𝑑𝐶

𝑑𝑍2
=

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

Layer 1

•
𝑑𝐶

𝑑𝐴1
=

𝑑𝐶

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1
=

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1

•
𝑑𝐶

𝑑𝑍1
=

𝑑𝐶

𝑑𝐴1

𝑑𝐴1

𝑑𝑍1
=

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

Perubahan Parameter

•
𝜕𝐶

𝜕𝑊2
=

𝑑𝐶

𝑑𝑍2

𝜕𝑍2

𝜕𝑊2

𝜕𝐶

𝜕𝑏1
=

𝑑𝐶

𝑑𝑍2

𝜕𝑍2

𝜕𝑏2

•
𝜕𝐶

𝜕𝑊1
=

𝑑𝐶

𝑑𝑍1

𝜕𝑍1

𝜕𝑊1

𝜕𝐶

𝜕𝑏1
=

𝑑𝐶

𝑑𝑍1

𝜕𝑍1

𝜕𝑏1

Turunan/Turunan Parsial

•
𝜕𝑍1

𝜕𝑊1
= 𝐴0

𝜕𝑍1

𝜕𝑏1
= 1

•
𝑑𝐴1

𝑑𝑍1
= 𝜎′ 𝑍2

•
𝜕𝑍2

𝜕𝐴1
= 𝑊2

𝜕𝑍2

𝜕𝑊2
= 𝐴1

𝜕𝑍2

𝜕𝑏2
= 1

•
𝑑𝐴2

𝑑𝑍2
= 𝜎′ 𝑍2 = 1 − 𝜎 𝑍2 𝜎 𝑍2

•
𝑑𝐶 𝑊

𝑑𝐴2
=

2

𝑁
σ 𝐴2 − 𝑦

𝑏1 𝑏2

𝑋 𝑍1 𝑍2 𝐶

𝑤1 𝑤2

𝐴1 𝐴2



Update Parameter

• 𝑊2 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊2
= 𝑊2 − 𝛼

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝑊2

• 𝑏2 ≔ 𝑏2 − 𝛼
𝑑𝐶

𝑑𝑏2
= 𝑏2 − 𝛼

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝑏2

• 𝑊1 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊1
= 𝑊1 − 𝛼

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑊1

• 𝑏1 ≔ 𝑏1 − 𝛼
𝑑𝐶

𝑑𝑏1
= 𝑏1 − 𝛼

𝑑𝐶

𝑑𝐴2

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑏1

𝑏1 𝑏2

𝐴0 𝑍1 𝑍2 𝐶

𝑤1 𝑤2

𝐴1 𝐴2



Update Parameter

• 𝑊2 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊2
= 𝑊2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝑊2

• 𝑏2 ≔ 𝑏2 − 𝛼
𝑑𝐶

𝑑𝑏2
= 𝑏2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝑏2

• 𝑊1 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊1
= 𝑊1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑊1

• 𝑏1 ≔ 𝑏1 − 𝛼
𝑑𝐶

𝑑𝑏1
= 𝑏1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦

𝑑𝐴2

𝑑𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑏1



Update Parameter

• 𝑊2 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊2
= 𝑊2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2

𝜕𝑍2

𝜕𝑊2

• 𝑏2 ≔ 𝑏2 − 𝛼
𝑑𝐶

𝑑𝑏2
= 𝑏2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2

𝜕𝑍2

𝜕𝑏2

• 𝑊1 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊1
= 𝑊1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑊1

• 𝑏1 ≔ 𝑏1 − 𝛼
𝑑𝐶

𝑑𝑏1
= 𝑏1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2

𝜕𝑍2

𝜕𝐴1

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑏1



Update Parameter

• 𝑊2 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊2
= 𝑊2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝐴1

• 𝑏2 ≔ 𝑏2 − 𝛼
𝑑𝐶

𝑑𝑏2
= 𝑏2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 1

• 𝑊1 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊1
= 𝑊1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝑊2

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑊1

• 𝑏1 ≔ 𝑏1 − 𝛼
𝑑𝐶

𝑑𝑏1
= 𝑏1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝑊2

𝑑𝐴1

𝑑𝑍1

𝜕𝑍1

𝜕𝑏1



Update Parameter

• 𝑊2 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊2
= 𝑊2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝐴1

• 𝑏2 ≔ 𝑏2 − 𝛼
𝑑𝐶

𝑑𝑏2
= 𝑏2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 1

• 𝑊1 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊1
= 𝑊1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝑊2𝜎′ 𝑍2

𝜕𝑍1

𝜕𝑊1

• 𝑏1 ≔ 𝑏1 − 𝛼
𝑑𝐶

𝑑𝑏1
= 𝑏1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝑊2𝜎′ 𝑍2

𝜕𝑍1

𝜕𝑏1



Update Parameter

• 𝑊2 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊2
= 𝑊2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝐴1

• 𝑏2 ≔ 𝑏2 − 𝛼
𝑑𝐶

𝑑𝑏2
= 𝑏2 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 1

• 𝑊1 ≔𝑊1 − 𝛼
𝑑𝐶

𝑑𝑊1
= 𝑊1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝑊2𝜎′ 𝑍2 𝐴0

• 𝑏1 ≔ 𝑏1 − 𝛼
𝑑𝐶

𝑑𝑏1
= 𝑏1 − 𝛼

2

𝑁
σ 𝐴2 − 𝑦 1 − 𝜎 𝑍2 𝜎 𝑍2 𝑊2𝜎′ 𝑍2 1



Contoh aplikasi: Masalah XOR

https://drive.google.com/file/d/1B
Wyxq_Hm7K1lb85qavxR2SPs623c
Xo96/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/

• 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 you!
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