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Perceptron vs Neuron

Figure 1-2 The perceptron
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Figure 1-5 Output of a perceptron as a function of two inputs x, and x,

output




Learning

ippet 1-4 Perceptron Training Loop

# Perceptron training loop.
all_correct = False
while not all_correct:
all_correct = True
random.shuffle(index_list) # Randomize order
for i in index_list:
X = x_train[i]
y = y_train[i]
p_out = compute_output(w, x) # Perceptron function

if y != p_out: # Update weights when wrong
for j in range(0®, len(w)):
w[j] += (y * LEARNING_RATE * x[j])
all_correct = False
show_learning(w) # Show updated weights
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XOR problem
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Combining multiple perceptrons
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3D representations of double input perceptrons
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Understanding the bias term

1 z=26

f(z):{ 1 z<6

Looking more closely at the condition that needs to be fulfilled for the output to
take on the value 1, we have

This can be rewritten as

The bias term is simply the intercept term b in the equation for a straight line

y=mx+b



Perceptrons using linear algebra - basis
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Transformation




Addition
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import numpy as np
def compute_output_vector(w, X):
Dot product

z = np.dot(w, Xx)
return np.sign(z)
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Matrix multiplication
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Matrix multiplications in
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Dot products as matrix multiplication
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X datacawmp
Python For Data Science
SciPy Cheat Sheet

Learn SciPy online at www.DataCamp.com

The SeiPy library is one of the core packages for

g sciPy scientific computing that provides mathematical

algorithms and convenience functions built on the
NumPy extension of Python.

>»> import nuapy as np
np.array([1,2,31)
» b = np.array([(1453,2
> ¢ = np.array([((1.5,2

(43,53,691)
4,5,01, (3,2

1, 561D

Index Tricks

>5> np.ngria(0:5,6:5]
52> np.ogria(:2,8:2]

(13,6145, -1:1:103) #5tar
1 40 tacked

> 0

Shape Manipulation

> np. transpose(b) #Pernute
latten() 4 i 4
nstack((b,c)) #st Luan
vstack((a,b)) #st ise
nsplit(c,2) #5pi o
vestit(a,2) e 2nd inot

Polynomials

52> fron nuapy inport polyic
55> p = poly10(([3,4,51) #Creot

Vectorizing Functions

orize(ayfunc) #

Type Handling

»> mp.real(c)
»> mp.inag(c) #

Numpy commands for linear algebra

e Linear Algebra

You'll use the 1inalg and spal
Note that scipy. 1inalg contains and expands on numpy . linalg.

fron scipy iaport Linalg, sparse

Creating Matrices

trix(np. randon. randon ((2,2)))
matrix(b)
at(np. randon. randoa( (10, 5)))

(5,611)

Basic Matrix Routines

Invorse
5> AT #Tnverse

> linalg.inv(A) #1
> AT

> ALK
> np.trace(A)
Norm

> Linalg.nora(a) g
>> Vinalg.norn(A,1) #L1 1 cotumn sum)
5> Vinalg.norm(&,np. inf) 7 (n0

Ronk
> np.Linelg.matrix_rank(C) #tatrix ronk

Oetorminant

>> Linalg.det(n)

Salving linear problems

»» Linalg. solve(A,b)
= np.mat(a).T
> Uinalg. stsa(0,€)

Generaiized invarse
> Uinalg.pinv(C) #Cospute the pseudo-in £ x (teost o
5> Uinalg.pinv2(C) #Compute the pseudo-inv f o matr v)

Creating Sparse Matrices

> F = np.eye(3, kel 12 i t
> 6 = np.aat(np. identity(2)) #Creote
ele > 0.5

Sparse Matrix Routines

Invers
> sparse. inalg. inv(1) #Inve
Norm

>> sparse. Linalg.no

(1) #tior
Salving linear problems

> sparse. linalg. spsolve(H,

Sparse Matrix Functions

»> sparse. Uinalg. expn(1) #Sparse xponent

Matrix Functions

Addition
> np.add(A,0) #ddition
Subtraction

55> np.subtract(A,0)

Division

55> 1p.divide(A,0) #Division
Multiplcation
mltiply(0,A)
dot(A,0) 40

Vdot(4,0) #Vector d

> np.kron
Exponential Functions
>> Linalg. expa(a)
> Linalg.expn2(A) #Hotri)
5> Linalg.expa3(0) #ot

Logrithm Function
» inalg. logn(A)

Trigonometric Functions

5 linalg.sina(D) Matrix sine
> inalg.co

> linalg

) Katrix tangent

Hyperbolic Trigonometric Functions

Matrix Sgn Function
55> np.sign(k) #Matrix sign functio
Matrix Square Root

> Linalg. sartn(a) 41

Arbitrary Functions

»> Linalg. funa(h, Lasbda x: xex) #Evalu trix func

Decompositions

Eigonvalues and Eigenvectors

la, v = Uinalg.etg(A) #Solve ordinory o prob
12 = la #Unpack v
> vl:,0) o
3> l:,1] #Second eigen,
> linalg.eigvals(s) #Unpack eigenvalu
Singular Value Decomposition
5> U5,V = Uinalg.svd(8) #Singular Volue D ttion (sV
> N o

3 ape
> $ig = linalg.disgsvd(s, N
LU Decomposition

5 P,L,U = Linalg.lu(e) AL o



Chapter 1 summary

Perceptron can do logical operations (NAND, XOR)
Often Seen as binary classifications
Can be trained

Uses linear algebra to do themath

Mini-exercises ( for students)

e Replace W and X with your own values and verify shapes.
o Make 3 neurons (W is 3x3) and 10 examples (X is 3x10). Compute Z = W@X.

e Implement matvec_manual(A, x) and matmul_manual(A, B) using nested loops, then compare
NumPy with np.allclose.



