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5lYntiall

Allowauilaseunay 4 Lab aanunil 2-5 veamiiade senwuudmsutindnwsziuUiygni/n wiadu 2

GIPIPK
dau v NAaAWSNLA
dwnl  elleujiRnig Lab 1-4 WlandnnIme v uarainsannaednIenuala
Lab TagUszasd, nquide, WuURnin,
Manual  tnawinsussiiuy
a1 2 A3 Python Ylagtuneu wiey \Wou code Deep Learning lamenuios
Step-by-  code N5ulda3e
Step adunennusTinlunwlng

@ Prerequisites: Python 3.10+, numpy, matplotlib, scikit-learn, tensorflow > 2.12 #3580
PyTorch 2.0+ | wuzily Google Colab WidmsulinAnw

N15ANANY Environment

# 357 1: Google Colab (uzih — lifesindaorls)

=

# 10U https://colab.research.google.com wa3u code laviuyi

# 259 2: AnF9UU Local Machine

pip install numpy matplotlib scikit-learn tensorflow pandas seaborn

# M579FDUNISANRAY

python -c "import tensorflow as tf; print(‘TF:, tf. _version )"

n

python -c "import numpy as np; print(NumPy:', np._ version )
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Loss Function Aa f37alumayinunelanainuinteswaliy A189nngan

Loss

Function

yad Yy o
ANUINNBDIUNDU

a

1.1 Hleddunisgeyide (Loss Functions) — umit 2.2.1

1%
Y

s

AINAERNS

(%

WUz (Matrix, Cal

Tdile

daufl 1: gilaufjiAnis (Lab Manual)

ﬁugﬂuﬁzy,wﬂﬂizawﬁ Al Foundations: Loss Functions, Activation

Functions & Normalization (‘U‘Vl‘17i 2)

1) 1laflaidunsgayds (Loss Functions) usiagUszuny 2) Wenld Activation
Function Tysasngiuau 3) vin Normalization ﬁﬁau”afiawﬁw Neural Network

3 %J’ﬂ,m | Python 3.10+, NumPy, Matplotlib, TensorFlow/Keras

culus LWoesu), Python tUagsiu

a A

Keras API

MSE (Mean
Squared

Error)

MAE (Mean
Absolute

Error)

Binary
Cross-

Entropy

Categorical
Cross-

Entropy

Sparse
Categorical
CE

2y -¥)2/n

2ly-y|/n

-[y-log(p) +
(1-y)-log(1-
p)]

-2 yilog(pi)

Wilou CCE
e label
Ju integer
0,1,2...)

Regression —
FuneaneLos
LU gaunnd],
31A1

Regression it
outlier (robust
171 MSE)

Classification 2
Aand (0 %158 1)

Classification
nangaana (dnu
One-hot label)

Classification
vanenand (label
Wusiae)

[O}

[0,
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'mean_squared_error'

'mean_absolute error'

'binary_crossentropy"

‘categorical_crossentropy'

'sparse_categorical _crossentropy'
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1.2 endunszdu (Activation Functions) — unii 2.3

Activation Function yibilasstnganunsaseuianuduiusnlidudadu (Non-linear) 16

RelLU

PRelLU

Sigmoid

Tanh

Softmax

Linear /

None

max(0, z)

max(0lz, z) O
Seusle

1/(1+e 2

(eZ-e 2)/(eZ

+e 9

o2l SeZ

(-0, o0)

429A"
[0, =)

(-e0, o0)
(0, 1)

(-1, 1)

(0, 1) 57u=1

Lﬁﬁ an
Vanishing
Grad.

WA Dead
RelLU

finnandu
prob. 1§

Centered ‘ﬁ
0

Output W
probability
Tdiiu

Regression

1.3 msihduninsgiu (Normalization) — unil 2.5-2.6

Dead RelU g1

z<0 L&uD

31 param Ly

Vanishing
Grad.

Vanishing

Grad. (Waenin)

Tdany

Output Layer

Talu Output

WINTIU

Hidden Layers
(wuzdn)

Hidden Layers
(Baviejw)

Output Binary

Class

Hidden
(sequential
data)

Output Multi-

class

Output
Regression

Ugynn: Feature PiflereAnsneiy (Wu 81y 0-100, 518k@ 10,000-1,000,000) viliilumaaides

TouA: vi1 Normalization v Feature Taglutiadeafiuneu Training

Min-Max
Rescaling
(5Uuuui 1)

Mean
Normalization
(5UuUUn 2)

X' =(x- ><mln) /

(Xmax - Xmin)

Y

(Xmax - Xmin)
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Toyalad
outlier
Distribution
lainsu

AD9N1S

centered ﬁ 0

X N =
x.mln())/ (x.max()-

x.min())

X n = (x-
x.mean())/(x.max()-

x.min())
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Standardization  x'=(x- )/ O M=0, 0=1 Gﬂjaga X n=(x-
(Z-score) Gaussian x.mean()) / x.std()
dist. 3 outlier
latna

1.4 WUURNYA Lab 1

@ iindnw implement wagnauAnuas Uil

1. 1. Weuilandu MSE wag Binary Cross-Entropy #1388 NumPy (lalld Keras) uimaaeuiutoya
y true = [1,0,1,1] haz y pred = [0.9, 0.1, 0.8, 0.6]
2. 2. Plot N5 Activation Functions 13 5 Usgianluaing z = [-5, 5] lagld Matplotlib 1d legend

LATYDLNY

3. 3. Ivtan dataset Iris (sklearn.datasets.load _iris) k@291 Min-Max Normalization nauuagnas
normalization L@AIAT Min, max, mean YaLAag feature

4. 4. 9FUNEANLLANAINTENIIE MSE AU MAE Wagseynsainialsiduragsu
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N130n0a8 (Regression) Linear, Multivariate & Logistic Regression (Ui
3)

1) @319 UUTa99 Linear Regression La¢ Multivariate Regression 310
scratch 2) 1911a Gradient Descent wag Backpropagation LUasu 3) &@319

Logistic Regression @%5un153LUNUIELAY

3 ‘fﬁim | Python 3.10+, NumPy, Matplotlib, TensorFlow/Keras

m’mifdﬁaeﬁriau Lab 1 W1uLkan, 1W1ka Calculus (Partial Derivative) LUsasu

2.1 Linear Regression — un#l 3.1
\minne: wdunsa ¥ = wix + wo 7 minimise MSE fiutaya

75n15U5U weight: Gradient Descent — wpew = w - O-(BMSE/aw) a8 Ol = Learning Rate

2.2 Multivariate Regression — UN#l 3.2
THRILUTAUTAIER: Y = W1X] + WaX2 + ... + WpXp + Wo

megalumilde: uggamiiann feature vianeda 19 Learning Rate = 0.01, Epoch = 300

2.3 Logistic Regression — unfi 3.3
dmSu Classification: Y = O(wx + b) Iaeg O e Sigmoid — output 1Uu probability [0,1]

Decision Boundary: 1Y > 0.5 — Class 1, 81§ < 0.5 — Class 0

2.4 Multinomial Logistic Regression — unii 3.4

a5 Classification aneaana: 14 Softmax Wy Sigmoid, 1% Categorical Cross-Entropy

2.5 wuuilniia Lab 2

@ Dataset: 1% Boston Housing #3® California Housing 210 sklearn

5. 1. Implement Linear Regression #ae) NumPy (Ll sklearn) 8Uian weight Aae Gradient
Descent 500 58U Plot A5 Loss vs Epoch

6. 2.7 Multivariate Regression ¥u1e Housing Price 210 5 features WUSBULTIUNAANGNBU/NE
Normalization
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7. 3.@3719 Logistic Regression 178 Keras (1 Dense layer, sigmoid) 914un Breast Cancer dataset

(sklearn.datasets.load_breast cancer) 5184714 Accuracy, Precision, Recall, F1

8. 4. 1U3yuLiunaaws Multinomial Logistic Regression (Softmax, 3 output) fiU Iris dataset

w7 /20
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TasedngUszamiiieuunasnisiseusidedn Neural Networks & Deep Neural
Networks (Un#l 4)

1) @579 Neural Network Wuu Feed-Forward fng Keras 2) ilalleyn
Vanishing Gradient Wwaz35un 3) nnaas Dropout, Regularization, Batch

Normalization 4) tU3gutiesu DNN fiu Multivariate Regression

4 %’ﬂm | Python 3.10+, NumPy, Matplotlib, TensorFlow/Keras

m’mijdﬁaeﬁﬁau Lab 1 wag Lab 2 ’1uukas, 111la Loss Function wag Activation Function

3.1 1asea%19 Neural Network — unii 4.2

Input Layer — Hidden Layers — Output Layer

weiazy Node: z = 2(wixi) + b 31AUUNIY Activation: a = f(2)

3.2 Deep Neural Network (DNN) — unil 4.3
DNN @ Neural Network #iil Hidden Layers 1nnin 2 u

nONANUA Layers (31nUlI3d0): 13uA 3-5 Hidden Layers — tiulanngdalal converge

gy R 213 B (Keras)

Vanishing Fuaniiuly + Training Loss lian, 1% RelLU, na Layers

Gradient Sigmoid/Tanh STt Tl <5

Overfitting Imma%’ueﬁaulﬁu/ﬁagaﬁaa Train acc g4, Val acc Dropout(0.2-0.5),
#i L1/L2 reg

Exploding Learning rate qﬂ/%’uﬁﬂ Loss = NaN, weights Gradient Clipping,

Gradient pEASN[9 BatchNorm

Slow Learning rate Ay Loss @AtinuIn Adam optimizer, LR

Convergence Scheduler

3.3 ResNet (Residual Network) — unfi 4.4-4.5

lowie: L Skip Connection Weud Vanishing Gradient 11 Deep Networks
Forward ResNet: output = F(x) + x (U2n input laem39iu output V8ITU)

Feedback ResNet: detayadounauindatunaumnt1 (vuneiu sequential data)

wih 8 /20
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3.4 wUUHNYA Lab 3

@ Dataset: MNIST Handwritten Digits %58 CIFAR-10 (tf keras.datasets)
9. 1. %9 DNN 4 Fu (Input—>128—>64—>32—>Output) 414un MNIST UJu#in Train/Val accuracy
per epoch 1@ Plot Leaming Curve

10. 2. nmaeaUasu Activation Function (ReLU vs Sigmoid vs Tanh) Tu Hidden Layers —
W3buLigu convergence speed

11. 3. vty Dropout(0.3) w&ausiay Hidden Layer udadunsnasie Overfitting (W3suifleu Train vs Val
loss)

12. 4. il L1 Regularization (lambda=0.001) w&aU3eusiteuiiu Dropout — wuulalinafnituy
Validation set?

13. 5. @379 ResNet WU (2 residual blocks) watUIsuisuniu plain DNN —
95 UIANLANAITIUNTIN Loss

wh 9 /20
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Ay UWB waznsuseanaldiu Al Ultra-Wideband Signals & Al
Applications (un# 5)

1) W landnn19vi19IUYes Radar Wag UWB signal 2)
Whlansusyananadeyauias UWB wedadu Input T Neural Network 3)
wissAUNSaNgnIalAnw Ch7 (Breast Cancer) wae Ch8 (Gesture)

1381 / Tools 2 Flug (mﬂwqwa + simulation) | Python 3.10+, NumPy, Matplotlib,

TensorFlow/Keras

yady o | % 1% o &
ﬂ'J']llg CRNRRIE Lab 1-3 Nulan, LGU"]EL"{] EUEUIUNUTIU

4.1 %a&nn1s Radar — unil 5.1

Radar &4 Electromagnetic wave Tunsgnuing — daszez dumla anusiindyueasviou

Gﬁayja‘ﬁlijﬂlﬁ: (1) s89E979 (Range), (2) 19 (Angle), (3) A5 (Velocity via Doppler)

4.2 Ultra-Wideband (UWB) — unii 5.3

UWB: ammm‘mmmumw 500 MHz %58 Fractional Bandwidth > 20%

1Y

8l nearuianlen, AnuaziBungs, iumué’igayﬂmﬁuﬁaa — Winzamsunsadulusenie/laau

9

=29

4.3 n3zUUNITESdYYId UWB — Neural Network

n FunDU sN8aLLoen Talu 1A304i0

| [

dsdnygyas UWB FPGA @513 Impulse UWB —> Ch7,Ch8,  FPGA (Ch5.4)
d@999n119 Tx Antenna Chia
2 Sudanaazyiou  Rx Antenna Ch7,Ch8,  ADC + FPGA

Fudyaanazviouaining/dawe  Chid

3 Preprocessing Filter noise, Windowing, ¥ 7N NumPy, SciPy
Time-Domain waveform Chapter
4 Feature AU Peak-to-Peak, RMS, FFT Ch7: 17 NumPy
Extraction features class Ch8:
4 gestures
5 Normalization Min-Max %38 Z-score 7N feature N sklearn / NumPy
Chapter

win 10 / 20
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6 Input — Neural ~ Matrix 9uU19 [N_samples x Ch7, Ch8 TensorFlow/Keras

Network N features] — DNN

4.4 wuuinvia Lab 4

@ anansalUdy I sine wave 91883 UWB signal 934
14. 1. @513 simulated UWB pulse (Gaussian modulated sine) ¢g NumPy &7 Plot waveform

Tulaluuauag FFT
15. 2. vt Gaussian noise WnlUluduaos wdivnaes filter §e Butterworth bandpass filter (SciPy)

16. 3. Extract features 310 waveform: Peak, RMS, Mean, Std wa2¥i1 Normalization
17. 4. (Bonus) @374 simple classifier DNN U features 10 2970 simulated UWB signal d1uun 2

class (object / no object)

win 11 / 20
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daudl 2: Step-by-Step Implementation Guide

dauiladune Python code fiaztunau asauAguyn Lab lagasurennussiadunienlng

Step-by-Step: Lab 1 — Activation Functions & Normalization

STEP Import Libraries

1 1191 library fideslgiavun

import numpy as np
import matplotlib.pyplot as plt
from sklearn.preprocessing import MinMaxScaler

# Avun style ns ey
plt.style.use('seaborn-v0 8-darkgrid)

plt.rcParams['figure.figsize'l = (12, 5)

1= 519 Activation Functions fi2¢ NumPy

2 Weuiandu activation wiagUsElANIN scratch

# —— W9NTU Activation wHazUILLAN
def relu(z): # RelLU: AU z 01 z>0, AU 0 91 z<=0

return np.maximum(0, z)

def prelu(z, alpha=0.01): # PReLU: A alpha*z 61 z<0

return np.where(z > 0, z, alpha * z)

def sigmoid(z): # Sigmoid: AU 1/(1+eA-2)
return 1/ (1 + np.exp(-2))

def tanh(2): # Tanh: l#andudnsaguves NumpPy

return np.tanh(z)

def softmax(z): # Softmax: wWaeu vector 1Ju probability

exp_z = np.exp(z - np.max(z)) # au max \fiatleadiu overflow

return exp _z / exp_z.sum()

w12 /20
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NI Plot Wanvu Activation

3 MAnsINWSeUIBU activation functions 914 5

= np.linspace(-5, 5, 300) #9912 é?ﬁl,wi 59045
fig, axes = plt.subplots(1, 2, figsize=(14, 5))

# —— uN3t18: ReLU, PRelU, Sigmoid, Tanh

ax = axes|[0]

ax.plot(z, relu(z), label="ReLU', linewidth=2, color="#1ada57")
ax.plot(z, prelu(z), label='"PRelLU', linewidth=2, color="#c0392b")
ax.plot(z, sigmoid(z), label='Sigmoid’, linewidth=2, color="#f0b429")
ax.plot(z, tanh(z), label="Tanh', linewidth=2, color="#27ae60)
ax.axhline(0, color='gray’, linewidth=0.8, linestyle="--)

ax.axvline(0, color='gray’, linewidth=0.8, linestyle="--)
ax.set_title('Activation Functions', fontsize=14, fontweight="oold")

ax.set xlabel('z); ax.set_ylabel(f(z)); ax.legend()

# —— WH9T77: Softmax Ul vector A79819
ax2 = axes[1]
scores = np.array([2.0, 1.0, 0.5, 3.0, -1.0])
probs = softmax(scores)
ax2.bar(range(len(probs)), probs, color=[#1ada57',#c0392b',' #f0bd29','#27ae60','#8eddad"])
ax2.set_title('Softmax Output (Probability Distribution)', fontsize=14, fontweight="bold’)
ax2.set xlabel('Class'); ax2.set ylabel('Probability’)
for i, p in enumerate(probs):
ax2.text(i, p + 0.01, f{p:.3f}, ha='center', fontsize=10)

plt.tight layout(); plt.savefig('activation functions.png’, dpi=150); plt.show()

N1 1 Normalization wWSauiiau 3 35

i} LARINANDULALIAY normalization

# — as1voyaiiag NIy

np.random.seed(42)

w13 / 20
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data = {
'97¢) @):  np.random.randint(20, 70, 100).astype(float),
‘51819 (UM)": np.random.randint(15000, 200000, 100).astype(float),
'BMI"; np.random.uniform(18, 35, 100),
}
import pandas as pd
df = pd.DataFrame(data)
print('=== nau Normalization ==="); print(df.describe().round(2))

# —— 3391 1: Min-Max Rescaling

def min_max(x):

return (x - x.min()) / (x.max() - x.min())
# —%ﬁ 2: Mean Normalization

def mean_norm(x):

return (x - x.mean()) / (x.max() - x.min())

#H— ?ﬁﬁ 3: Z-score Standardization
def zscore(x):

return (x - x.mean()) / x.std()

df minmax = df.apply(min_max)
df mean = df.apply(mean_norm)

df zscore = df.apply(zscore)

print(\n=== %183 Min-Max ==="); print(df minmax.describe().round(3))
print(\n=== %183 Z-score ==="); print(df zscore.describe().round(3))

w14 / 20
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Step-by-Step: Lab 3 — Deep Neural Network 28 Keras

A Wanuaznsaudaya MNIST

1 Ivam dataset ALaval8dle waz normalize

import numpy as np

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers

import matplotlib.pyplot as plt

# —— lviam MNIST

# X_train: 60,000 3U w11 28x28 pixels (0-255)
#y train: label 0-9 (Aav 10 Aana)
(X _train, y_train), (X_test, y_test) = keras.datasets.mnist.load_data()

print(fTrain: {X_train.shape}, Test: {X_test.shape})
print(fLabels: {np.uniquely_train)})

# Normalize pixel 0-255 — 0.0-1.0 (Min-Max)
X _train = X_train.astype('float32') / 255.0
X _test = X test.astype(float32') / 255.0

Flatten 28x28 — 784 Al8nu

X _train_flat = X_train.reshape(-1, 28%28) # shape: (60000, 784)
X test flat = X test.reshape(-1, 28%28) # shape: (10000, 784)

NI #319lA598519 DNN

2 AU layers W@y activation functions

# —— @379 DNN 4 Hidden Layers

model = keras.Sequential([

w15 / 20
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# Input Layer: SU 784 features
layers.Input(shape=(784,)),

# Hidden Layer 1: 256 nodes, RelLU (Wuzind sy Hidden Layers)
layers.Dense(256, activation="relu’),

layers.Dropout(0.3), # Um 30% nodes ?jmm step — an Overfitting

# Hidden Layer 2: 128 nodes
layers.Dense(128, activation="relu’),

layers.Dropout(0.3),

# Hidden Layer 3: 64 nodes

layers.Dense(64, activation="relu’),

# Hidden Layer 4: 32 nodes

layers.Dense(32, activation="relu’),
# Output Layer: 10 nodes (10 Aad), Softmax —> probability
layers.Dense(10, activation="softmax’),

], name="MNIST_DNN’)

model.summary() # LLamaiqUIﬂNa%NLLazf\ﬁmu parameters

1= Compile luina

k) AnuA optimizer, loss function wag metrics

# —— Compile: AMNUATEAIT train

model.compile(
optimizer='adam’, # Adam: adaptive learning rate
loss='sparse_categorical crossentropy’, # label Ju integer (0-9)

metrics=['accuracy'] # fNAT accuracy WA train

# Early Stopping: %g)a train e val_loss lianas

early stop = keras.callbacks.EarlyStopping(
monitor='val loss', # #aAnIU validation loss

patience=5, # 99 5 epoch NaUNELA

w16 / 20
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restore_best_weights=True # 1% weights ﬁaﬁqm

I Train luwna
(N lnaeulaseingmedeya training

history = modelfit(
X_train_flat, y_train,  # Uoyauay label &3V training
epochs=50, # 1uruseUeEn (Early Stopping gugnnaw)
batch size=256, # USU weights VN 256 samples
validation split=0.15,  # 14 15% \Ju validation set
callbacks=[early stop], # 14 Early Stopping

verbose=1

print(f\nBest epoch stopped at: {len(history.history["loss"])} epochs’)

i Ussilunanay Plot Learning Curve

5 AATILNAGNENT train

Evaluate Uu Test Set
test _loss, test_acc = model.evaluate(X test flat, y test, verbose=0)
print(fTest Accuracy: {test_acc:.4f} ({test_acc*100:.2f}%)’)
print(fTest Loss:  {test_loss:.4f})

Plot Learning Curve

fig, axes = plt.subplots(1, 2, figsize=(14, 5))

# N3 Loss
axes[0].plot(history.history['loss'],  label="Train Loss', color="#1ada57', lw=2)

axes[0].plot(history.history['val_loss'], label="Val Loss', color="#c0392b', lw=2, (s="--)

w17 / 20
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axes[0].set_title('Loss Curve', fontweight="bold'); axes[0].legend()
axes[0].set_xlabel('Epoch’); axes[0].set ylabel('Loss')

# N5 Accuracy
axes[1].plot(history.history['accuracy'],  label="Train Acc', color="#1ada57', lw=2)
axes[1].plot(history.history['val accuracy'], label="Val Acc', color="#c0392b', lw=2, s="--)

[1].
axes[1].set_title('Accuracy Curve', fontweight="bold"); axes[1].legend()
[1].

axes[1].set_xlabel('Epoch’); axes[1].set_ylabel(‘Accuracy’)

plt.suptitle(FDNN MNIST | Test Acc: {test acc:.4f}, fontsize=13, fontweight="bold')
plt.tight layout(); plt.savefig('dnn_learning curve.png', dpi=150); plt.show()

NJ=:8 Confusion Matrix lag Classification Report
6 AATITINATITAAE

from sklearn.metrics import classification_report, confusion _matrix

import seaborn as sns

# —— MUgNauU Test Set

y_pred proba = model.predict(X test flat) # shape: (10000, 10) — probability
y_pred = np.argmax(y pred proba, axis=1)  # ldan class 913l prob GAGIZ

Classification Report

print(classification_report(y test, y pred, digits=4))

Confusion Matrix

cm = confusion_matrix(y test, y pred)

plt.figure(figsize=(10, 8))

sns.heatmap(cm, annot=True, fmt='d', cmap="Blues,
xticklabels=range(10), yticklabels=range(10))

plt.title('Confusion Matrix — MNIST DNN', fontweight="obold')

plt.xlabel('Predicted’); plt.ylabel('Actual’)

plt.ticht layout(); plt.savefig('confusion matrix.png', dpi=150); plt.show()
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wnaan1sUsesiiu (Evaluation Rubric)

Lab

Lab

Lab

Lab

$idTaUsaY

Activation +
Normalization
Code (40%)
GULRITRENN
(30%) Ha
Visualization
(30%)

Regression 310
scratch (50%)
Wisuguna
(30%) AT
(20%)

DNN Keras
(40%) Learning
Curve (30%)
Confusion
Matrix (30%)

UWB
Simulation
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