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Intro-to-numpy-in-progress

April 8, 2026

# sources:
# https://cs231n.github. i0/python-numpy-tutorial/#numpy
# Claude

# Introduction to NumPy for Neural Network Computations

H*

NumPy may need to be installed
Ipython3.14 -m pip install numpy

*

import numpy as np

# 1. NUMPY BASICS AND ARRAY CREATION
# — ———

# NumPy's main object is the homogeneous (same data type) multidimensional array
# Key advantage: vectorized operations, much faster than Python lists

# Creating arrays from Python lists

vector = np.array([1, 2, 3, 4])

matrix = np.array([[1, 2, 3], [4, 5, 6]1]1)

three_d_array = np.array([[[1, 2], [3, 411, [[5, 61, [7, 8]1], dtype=np.float32)

print (f"Vector:\n{vector}")

print("Vector shape:", vector.shape) # (4,) - shape is a tuple
print("Vector dimensions:", vector.ndim) # 1

print("Vector size:", vector.size) # 4 (total number of elements)
print("Vector data type:", vector.dtype) # int64 by default for integers

print (f"\nMatrix:\n{matrix}")

print("Matrix shape:", matrix.shape) # (2, 3)
print("Matrix dimensions:", matrix.ndim) # 2
print("Matrix size:", matrix.size)

print (£"\n3D array:\n{three_d_array}")
print("3D array shape:", three_d_array.shape) # (2, 2, 2)
print("3D array dimensions:", three_d_array.ndim) # 3



print("3D array size:", three_d_array.size) # 8
print("3D array data type:", three_d_array.dtype) # int64

Vector:

[1 2 3 4]

Vector shape: (4,)
Vector dimensions: 1
Vector size: 4

Vector data type: int64

Matrix:

[[1 2 3]

(4 5 6]]
Matrix shape: (2, 3)
Matrix dimensions: 2
Matrix size: 6

3D array:

(Cr. 2.1
[3. 4.1]
[[5. 6.]
[7. 8.11]

3D array shape: (2, 2, 2)
3D array dimensions: 3

3D array size: 8

3D array data type: float32

[4]: # Array creation functions - convenient ways to create arrays

zeros = np.zeros((3, 4)) # 3z4 array of zeros

ones = np.ones((2, 3)) # 2z3 array of ones

full = np.full((2, 2), 7) # 2z2 array filled with 7

identity = np.eye(3) # 3z3 identity matriz

diagonal = np.diag([1, 2, 3, 4]) # Diagonal matric

evenly_spaced = np.linspace(0, 10, 5) # 5 evenly spaced wvalues from 0 to 10
step_range = np.arange(0, 10, 2) # Values from O to 10 with step 2

print ("\nZeros:\n", zeros)
print("Ones:\n", ones)

print("Full:\n", full)
print("Identity:\n", identity)
print("Diagonal:\n", diagonal)
print("Evenly spaced:\n", evenly_spaced)
print("Step range:\n", step_range)

Zeros:
[[0. 0. 0. 0.]



[5]:

[6]:

Identity:
[[1. 0. 0.]
[0. 1. 0.]
[0. 0. 1.1]
Diagonal:
({1 00 0]
[0 2 0 0]
[0 0 3 0]
[0 0 0 4]]
Evenly spaced:
[0. 2.5 5. 7.510.]

Step range:
[0 246 8]
# Random arrays
rand_uniform = np.random.rand(2, 3) # Uniform random [0,1)
rand_normal = np.random.randn(2, 3) # Normal distribution (=0, =1)

print ("Random uniform array:\n", rand_uniform)
print ("\nRandom normal array:\n", rand_normal)

Random uniform array:
[[0.28320333 0.73168006 0.58796223]
[0.46911555 0.29464596 0.5978285 ]]

Random normal array:
[[-0.81522604 2.06821152 0.38339051]
[ 1.98008693 1.11420455 0.53948118]]

# 2. IMPORTANT: FLOATING-POINT PRECISION
#

# NumPy uses floating-point arithmetic, not exact arithmetic!

# Ezample of floating-point precision tssues

x = np.array([0.1, 0.2, 0.3])

print("Sum of 0.1 + 0.2:", x[0] + x[1]) # Not ezactly 0.3!

print("Is 0.1 + 0.2 == 0.37", (x[0] + x[1]) == x[2]) # Returns False!

# Machine epsilon (smallest number such that 1 + 1)



print("Machine epsilon:", np.finfo(float) .eps)

# For comparing floating—point wvalues, use np.isclose or np.allclose
print("Is 0.1 + 0.2 close to 0.37", np.isclose(x[0] + x[1], x[2]))

Sum of 0.1 + 0.2: 0.30000000000000004
Is 0.1 + 0.2 == 0.37 False

Machine epsilon: 2.220446049250313e-16
Is 0.1 + 0.2 close to 0.37 True

[7]: # 3. DATA TYPES IN NUMPY
#

# NumPy has a variety of data types

int_array = np.array([1, 2, 3]) # int64 by default
float_array = np.array([1.0, 2.0, 3.0]) # float6 by default
complex_array = np.array([1+2j, 3+4j]) # complex128

print("Integer array:\n", int_array)
print("Float array:\n", float_array)
print("Complex array:\n", complex_array)

Integer array:
[1 2 3]

Float array:
[1. 2. 3.]

Complex array:
[1.4+2.5 3.+4.5]

[8]: # Ezplicit type specification
int32_array = np.array([1, 2, 3], dtype=np.int32)
float32_array = np.array([1, 2, 3], dtype=np.float32)
print("Explicit int32 array:\n", int32_array)
print ("Explicit float32 array:\n", float32_array)

# Neural networks often use float32 or even floatl6 for efficiency
# The choice of precision affects both memory usage and computation speed

Explicit int32 array:

[1 2 3]
Explicit float32 array:
[1. 2. 3.]

[9]: |# 4. ARRAY INDEXING AND SLICING
#

# Create a sample 3z4 matric
arr = np.array([
[1, 2, 3, 41,



[11]:

[12]:

[14]:

[15]:

[5, 6’ 7: 8]’
[9, 10, 11, 12]
D

# Basic tndexing (row, column)
print("Element at (0,0):", arr[0, 0])
print("Element at (2,3):", arr[2, 3])

Element at (0,0): 1
Element at (2,3): 12

L = [1,2:3:4]

print(L[:])

[1, 2’ 3, 4]

arr = np.array([
[1, 2, 3, 4]’
[5, 6, 7, 81,
[9, 10, 11, 12]

D

# Slicing [start:stop:step]
print("\nSlicing examples:")

print ("First row:\n", arr[0, :])
print("First column:\n", arr[:, 0])
print("2x2 sub-matrix:\n", arr[:2, :2])
print("Last column:\n", arr[:, -1])

Slicing examples:
First row:
[1 2 3 4]
First column:
[1 5 9]
2x2 sub-matrix:
[[1 2]
[5 6]]
Last column:
[ 4 8 12]

L = [1,2,3,4]
print(L[2])
print(L[2:3])

3
(3]

# Mizing integer indexzing with slices

# 1 arr[0][0]
# 12

# [1234]

# [15 9]

# [[12],[5 6]]
# [4 8 12]

# This changes the dimensionality of the output!



print("\nMixing indexing with slices:")

print("Array:\n", arr)

print("Second row (1D):\n", arr[1, :]1) # 1D array: [5 6 7 8]
print("Second row (2D):\n", arr([1:2, :1) # 2D array: [[5 6 7 8]]
print("Second row (2D):\n", arr[1:3, :]) # 2D array: [[5 6 7 8]]
print("Shape of 1D extract:\n", arr[l, :].shape) # (4,)
print("Shape of 2D extract:\n", arr([1:2, :].shape) # (1, 4)

Mixing indexing with slices:

Array:
(1 2 3 4]
[5 6 7 8]

[ 9 10 11 12]]
Second row (1D):
[6 6 7 8]
Second row (2D):
[[5 6 7 8]]
Second row (2D):
[L5 6 7 8]
[ 9 10 11 12]]
Shape of 1D extract:
4,
Shape of 2D extract:
1, 4)

[16]: # 5. VIEWS VS COPIES - CRITICAL!!

# Slicing creates VIEWS, not copies — modifying a slice modifies the original!
original = np.array([[1, 2, 3], [4, 5, 6]11)
print("Original array:\n", original)

# Create a view through slicing
view = originall:, :2] # First two columns
print("\nView of first two columns:\n", view)

# Modify the view — this changes the original array!
view[0, 0] = 99

print ("\nAfter modifying the view:")
print("View:\n", view)

print("Original array (also changed):\n", original)

Original array:

[[1 2 3]
[4 5 6]]

View of first two columns:



[[1 2]

[4 5]]
After modifying the view:
View:
[[99 2]
[ 4 5]]
Original array (also changed):
[[99 2 3]
[4 5 6]]

[17]: | # To create an independent copy, use .copy()
original = np.array([[1, 2, 3], [4, 5, 6]1]1)
copy = originall[:, :2].copy()
copy[0, 0] = 99
print ("\nAfter modifying the copy:")
print ("Copy:\n", copy)
print("Original array (unchanged):\n", original)

# - Views are memory-efficient but can cause unexpected side effects
# - Copies are safer but consume more memory

After modifying the copy:
Copy:
[[99 2]
[ 4 5]]
Original array (unchanged):
[[12 3]
[4 5 6]]

[18]: # 6. BOOLEAN INDEXING
#

data = np.array([
1, 2, 3, 41,
[5, 6, 7, 81,
[9, 10, 11, 12]
ID)

# Create a boolean mask
mask = data > 5
print("Boolean mask:\n", mask)

Boolean mask:
[[False False False False]
[False True True True]
[ True True True Truell]



# Use the mask to extract elements
filtered = datalmask] # Returns a 1D array of wvalues where mask is True
print("\nValues > 5:", filtered)

print("Values divisible by 3:", datal[data % 3 == 0])

combined_mask = (data > 3) & (data < 10)
print("Values between 3 and 10:", datal[combined_mask])

data_copy = data.copy()
data_copyl[data_copy % 3 == 0] = -1
print ("Replace multiples of 3 with -1:\n", data_copy)

# 7. RESHAPING AND ARRAY MANIPULATION
#

# Create a sample array

arr = np.arange(12) # [0, 1, 2, ..., 11]
print("Original array:", arr)
print("Shape:", arr.shape) # (12,)

# Reshape to a 3z4 matric
matrix = arr.reshape(3, 4)
print ("Reshaped to 3x4 matrix:\n", matrix)

# Use -1 to automatically determine the size of one dimension
auto_reshaped = arr.reshape(2, -1) # 2 rows, columns determined automatically
print ("Reshaped to 2 rows:\n", auto_reshaped) # 2z6 matriz

# Flattening back to 1D
flattened = matrix.flatten() # Returns a copy
print("Flattened array:", flattened)

# Transpose (swap rows and columns)

transposed = matrix.T

print("Matrix:\n",matrix)

print ("\nTransposed matrix:\n", transposed) # Now 4z3

# Adding new azes (useful for broadcasting)

column_vector = arr.reshape(-1, 1) # Convert to column wvector
print("Arr:\n",arr)

print("Column vector:\n", column_vector)

print("Column vector shape:", column_vector.shape) # (12, 1)

row_vector = arr.reshape(l, -1)
print("Row vector shape:", row_vector.shape) # (1, 12)
print ("Row vector:\n", row_vector)



[ 1: # Reshaping makes a VIEW (most of the time), mot a copy!
# This means the reshaped array shares the same underlying memory as the,
—original.
# Modifying one will modify the other. If you need an independent copy, use .
acopy ().
# NumPy is forced to make a copy when the data tsn't contiguous in memory
# (e.g., after a transpose or mon-contiguous slice).

[ 1: arr

[ 1: column_vector[4, 0] = 99
column_vector

[ 1: arr

[ 1:|# 8. ELEMENT-WISE OPERATIONS
#_ —

# Create sample arrays
a = np.array([[1, 2], [3, 4], [5, 6], [7, 811
b = np.array([[9, 10], [11, 12], [13, 14], [15, 16]11)

print("Array a:\n", a)
print("Array b:\n", b)

[ 1: # Basic arithmetic operations (element-wise)
print("a + b =\n", a + b)
print("a - b =\n", a - b)
print("a * b =\n", a * b)
print("b / a =\n", b / a)
print("b // a =\n", b // a)
print("a *x 2 =\n", a ** 2)
print("a % 2 =\n", a % 2)

[ 1: print("a squared:\n", np.square(a))
print("Square root of a:\n", np.sqrt(a))
print ("Exponential of a:\n", np.exp(a))
print("Natural log of a:\n", np.log(a))
print("Sine of a:\n", np.sin(a))
print("Absolute values:\n", np.abs([-1, -2, 3]1))

# note the "np." in each of these! This uses a numpy version of these functions,
~to apply element-wise, and FAST

[ 1: print(a)
print (b)



print ("Element-wise comparisons:")
print("a > 2:\n", a > 2)

print("a == b:\n", a == b)

print("a < b:\n", a < b)
print("Maximum:\n", np.maximum(a, b))

9. MATRIX OPERATIONS
np.array([[1, 2], [3, 411)
np.array([[5, 6], [7, 8]11)
np.array([9, 10]) # Vector

< W e o ow
I

print("Matrix A:\n", A)
print("Matrix B:\n", B)
print("Vector v:", v)

# Matriz multiplication (dot product)

# This t1s NOT the same as element-wise multiplication!
C = A.dot(B) # or np.dot(4d, B) or A @ B

print("A dot B (matrix multiplication):\n", C)
print("A * B (element-wise multiplication):\n", A * B)

# numpy uses "dot" for all multiplication of vectors, matrices, in any,
~dimension, not just
# what mathematicians would call the "dot product”

# Matriz-vector multiplication
Av = A.dot(v) # or np.dot(4, v) or 4 Qv
print("A dot v:\n", Av)

# You should think of this as a typical column vector, even though it is,
wprinted horizontally

# Why? It's a 1D matriz, which is a vector

print(v)

print(v[0])

print(v[1])

# Vector dot product (inner product)
inner_product = v.dot(v) # or np.dot(v, v)
print("v dot v (inner product):", inner_product)

print("Matrix transpose:\n", A.T)

determinant = np.linalg.det(A)

print("Determinant of A:", determinant)

inverse = np.linalg.inv(A)

print("Inverse of A:\n", inverse)

print("A dot A~(-1) (should be identity):\n", A.dot(inverse))

10



[]:

[]:

[]:

[]:

[ 1:

[]:

print("Check if it really is the identity:\n",np.isclose(A.dot(inverse), np.
~eye(2))) # Check if close to identity matriz

# Eigenvalues and eigenvectors

eigenvalues, eigenvectors = np.linalg.eig(A)
print("\nEigenvalues of A:", eigenvalues)
print ("Eigenvectors of A:\n", eigenvectors)

# Solving systems of linear equations: Az = b

b = np.array([5, 6])

X = np.linalg.solve(A, Db)

print ("\nSolution to Ax = b:", x)

print("Verification A @ x:", A @ x) # Should equal b

# 10. BROADCASTING
#

# Broadcasting allows operations between arrays of different shapes

# Ezample 1: Adding a scalar to an array
A = np.array([[1, 2, 3], [4, 5, 6]])
print("A + 10 =\n", A + 10) # Scalar is broadcast to array shape

# Ezample 2: Adding a vector to each row of a matriz

row_vector = np.array([10, 20, 30])

print("Matrix A:\n", A)

print ("Row vector:\n", row_vector)

print("A + row_vector =\n", A + row_vector)

# Broadcasting: row_vector ts treated as if it were [[10, 20, 30], [10, 20, 30]]

# Ezample 3: Adding a vector to each column of a matric

col_vector = np.array([[100], [200]1)

print("Matrix A:\n", A)

print ("Column vector:\n", col_vector)

print("A + col_vector =\n", A + col_vector)

# Broadcasting: col_vector is treated as if <t were [[100, 100, 100], [200,,
200, 200]]

Broadcasting rules are complicated, proceed with caution and always check:
1. Arrays are compared from the tratling dimensions

2. Dimensions must be equal or one must be 1

3. Missing dimensions are treated as 1

H OB OB R

# 11. AXIS-BASED OPERATIONS

H*

H*

Many NumPy functions accept an 'azis' parameter to operate along

11



[]:

[ 1:

[1:

[]1:

[]1:

arr = np.array([
[1, 2, 31,
4, 5, 6],
(7, 8, 9]

D

print("Array:\n", arr)

# Sum along aztis O (sum the columns into one Tow)
col_sums = np.sum(arr, axis=0)
print("\nColumn sums:", col_sums) # [12 15 18]

# Sum along azis 1 (sum the rows into one column)
row_sums = np.sum(arr, axis=1)
print("Row sums:", row_sums) # [6 15 2/]

# Takes a lot of getting used to which azis is which.

# Azis O is the rows. Why?

print("second row:\n",arr[1, :]) # gives the second row

# putting different numbers into the first (Oth) dimension of the bracketsy
—accesses dtfferent rows

# Azis 1 is the columns. Why?

print("second column:\n", arr[:, 1]) # gives the second column

# putting different numbers into the second (1st) dimension of the brackets,
waccesses different columns

# summing along axis 0 means collapsing all ROWS together into one ROW, whichy
—means adding the numbers in each column

# summation along axtis 1 means collapsing all COLUMNS together into one CULUMN,
wwhich means adding the numbers in each Tow

# Mean along azes

col_means = np.mean(arr, axis=0)
row_means = np.mean(arr, axis=1)
print("Matrix:\n", arr)
print("Column means:", col_means)
print ("Row means:", row_means)

# Min/max along azes

print("Matrix:\n", arr)

print("Minimum in each row:", np.min(arr, axis=1))
print("Maximum in each column:", np.max(arr, axis=0))

12



[ 1:|# The keepdims parameter preserves dimenstions
print ("Matrix:\n", arr)
sum_keepdims = np.sum(arr, axis=0, keepdims=True)
print("Sum with keepdims=True:\n", sum_keepdims)
print("Shape with keepdims:", sum_keepdims.shape) # (1, 3)

# Without keepdims

sum_no_keepdims = np.sum(arr, axis=0)

print("Sum without keepdims:\n", sum_no_keepdims)

print("Shape without keepdims:", sum_no_keepdims.shape) # (3,)

print("\n")

# Now summing columns

sum_keepdims = np.sum(arr, axis=1, keepdims=True)

print("Sum with keepdims=True:\n", sum_keepdims)

print("Shape with keepdims:", sum_keepdims.shape) # (3, 1)

# Without keepdims

sum_no_keepdims = np.sum(arr, axis=1)

print("Sum without keepdims:\n", sum_no_keepdims)

print("Shape without keepdims:", sum_no_keepdims.shape) # (3,)

[ 1: # 12. UNIVERSAL FUNCTIONS (UFUNCS)
#

# NumPy's universal functions (ufuncs) operate element-wise on arrays
# They are optimized and much faster than Python loops

# Example: Element-wise operations using ufuncs
a = np.array([1, 2, 3, 4])
b = np.array([5, 6, 7, 8])

# These are all ufuncs

print("Addition:", np.add(a, b)) # [6 8 10 12]

print ("Subtraction:", np.subtract(a, b)) # [-4 —4 -4 —4]
print("Multiplication:", np.multiply(a, b)) # [5 12 21 32]
print("Division:", np.divide(a, b)) # [0.2 0.33 0.43 0.5]

# When you do a+b, a-b, etc, you are implicitly already using these

[ 1: # Other ezamples of ufuncs:
print("Square root:", np.sqrt(a))
print ("Exponential:", np.exp(a))
print("Natural log:", np.log(a))
print("Sine:", np.sin(a))
print("Cosine:", np.cos(a))
print("Tangent:", np.tan(a))
print ("Hyperbolic sine:", np.sinh(a))

13



[ 1:

[1:

print ("Hyperbolic cosine:", np.cosh(a))
print ("Hyperbolic tangent:", np.tanh(a))

# Performance comparison: ufunc vs. loop
import time

large_array = np.random.rand(10_000_000)
print(large_array)

# Using ufunc

startu = time.time()

result_ufunc = np.exp(large_array) # e to the power of 10m things, all at once
endu = time.time()

print (£"\nUfunc time: {endu - startu:.6f} seconds")

# Using Python loop (much slower!)

import math

startl = time.time()

result_loop = np.zeros_like(large_array) # make an array of zeros the same sizey
<as large_array

for i in range(len(large_array)):

result_loop[i] = math.exp(large_arrayl[il) # e to the power of 10m things,

~one by one

endl = time.time()

print(f"Loop time: {endl - startl:.6f} seconds")

print (f"Speedup factor: {(endl - startl) / (endu - startu):.1f}x")

# 13. ACTIVATION FUNCTIONS FOR NEURAL NETWORKS
#

# Generate sample data for visualization
X = np.random.randn(6)
print(x)

# Common activation functions
def sigmoid(x):
return 1 / (1 + np.exp(-x))

def tanh(x):
return np.tanh(x)

def relu(x):
return np.maximum(0, x)

# Calculate activations
sigmoid_y = sigmoid(x)

14



[ 1:

tanh (x)
relu(x)

tanh_y
relu_y

print ("\nSigmoid function:\n", sigmoid_y)
print ("\nTanh function:\n", tanh_y)
print ("\nReLU function:\n", relu_y)

# 14. NEURAL NETWORK FORWARD PASS
#_

# Let's implement a simple neural network forward pass using NumPy

*

Network architecture: 2 hidden layers (5 neurons each), 3 output neurons
Input (2) -> Hiddenl (5) -> Hidden2 (5) -> Output (3)

H*

*

Generate a single random input sample
= np.random.randn(2) # A single sample with 2 features

e

# Initialize weights and biases

# First hidden layer

Wl = np.random.randn(5, 2) # Input -> Hiddenl
bl = np.random.randn(5) # Hiddenl bias
print("Weights from input -> Hiddenl:\n", W1)
print("Bias for Hiddenl:\n", bl)

# Second hidden layer

W2 = np.random.randn(5, 5) # Hiddenl -> Hidden2
b2 = np.random.randn(5) # Hidden2 bias
print("Weights from Hiddenl -> Hidden2:\n", W2)
print ("Bias for Hidden2:\n", b2)

# Output layer

W3 = np.random.randn(3, 5) # Hidden2 -> Output
print("Weights from Hidden2 -> Output:\n", W3)
b3 = np.random.randn(3) # Output bias

# Forward pass
print ("\nPerforming forward pass for a single sample:")

print ("Input data:\n", x)

print ("Input shape:", x.shape) # (2,)

# First hidden layer with ReLU activation
zl = Wl.dot(x) + bl # W1 @ = + b1
print("First hidden layer pre-activation shape:", zl.shape) # (5,)

15



[1:

al = np.maximum(0, z1) # ReLU activation
print("First hidden layer output shape:", al.shape) # (5,)

# Second hidden layer with ReLU activation
z2 = W2.dot(al) + b2 # W2 @ al + b2
print("Second hidden layer pre-activation shape:", z2.shape) # (5,)

a2 = np.maximum(0, z2) # ReLU activation
print("Second hidden layer output shape:", a2.shape) # (5,)

# Output layer with softmaz activation (for multi-class classification)
z3 = W3.dot(a2) + b3 # W3 @ a2 + b3
print ("Output layer pre-activation shape:", z3.shape) # (3,)

# Softmaz activation for multi-class output

# Numerically stable wversion

z3_shifted = 23 - np.max(z3) # Shift for numerical stability
exp_scores = np.exp(z3_shifted)

a3 = exp_scores / np.sum(exp_scores) # Softmaz activation

print ("Output layer shape:", a3.shape) # (3,)
print("Network prediction (probabilities):", a3) # Three output probabilities
print("Sum of probabilities:", np.sum(a3)) # Should be close to 1.0

This simple implementation demonstrates:

- Vector-matriz multiplication for layer computations

- Adding bias wvectors to neuron outputs

- Different activation functions (ReLU for hidden, softmaz for output)
- How signals flow through multiple layers

H oW OB KR

*

Note the shapes at each step:
# Input: (2,) -> Hiddenl: (5,) -> Hidden2: (5,) -> Output: (3,)

# 14. NEURAL NETWORK FORWARD PASS
#_

# Let's implement a simple neural network forward pass using NumPy

# Network architecture: 2 hidden layers (5 neurons each), 3 output neurons
# Input (2) -> Hiddenl (5) -> Hidden2 (5) -> Output (3)

# Generate a single random input sample
X = np.random.randn(2) # 4 single sample with 2 features

H*

Inittalize weights and biases
# First hidden layer
W1l = np.random.randn(5, 2) # Input -> Hiddenl

16



[]1:

[]:

[ 1:

bl = np.random.randn(5) # Hiddenl bias
print("Weights from input -> Hiddenl:\n", W1)
print("Bias for Hiddenl:\n", bl)

# Second hidden layer

W2 = np.random.randn(5, 5) # Hiddenl -> HiddenZ2
b2 = np.random.randn(5) # Hidden2 bias
print("Weights from Hiddenl -> Hidden2:\n", W2)
print("Bias for Hidden2:\n", b2)

# Output layer

W3 = np.random.randn(3, 5) # Hidden2 -> Output
print("Weights from Hidden2 -> Output:\n", W3)
b3 = np.random.randn(3) # Output bias

# Forward pass
print ("\nPerforming forward pass for a single sample:")

print ("Input data:\n", x)

# First hidden layer with ReLU activation

zl = Wi.dot(x) + bl # W1 @ =z + bl

print("Data in Hiddenl pre-activation:\n", z1)
al = np.maximum(0, zl1) # RelLU activation
print("Data in Hiddenl post-activation:\n", al)

# Second hidden layer with ReLU activation

z2 = W2.dot(al) + b2 # W2 @ al + b2
print("Data in Hidden2 pre-activation:\n", z2)
a2 = np.maximum(0, z2) # ReLU activation
print("Data in Hidden2 post-activation:\n", a2)

# Output layer (no activation)

z3 = W3.dot(a2) + b3 # W3 @ a2 + b3
print("Data in Output layer:\n", z3)
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