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I was successful in implementing all parts of the assignment. I had to include 2 lines of code at 
the beginning to ignore warnings that I was getting from Numpy, however, these warnings did 
not affect the success of the program. When the program was tested with harder data, it 
decreased the accuracy, but not to the point where it became unusable. Here, I qualified easy vs 
hard data by how spread out and overlapping the data is, with easy data groups being close 
together and having no overlap with the other groups. 
 
Easy Data: 

 



Justin Jones 

 
 
 

 



Justin Jones 

Medium Data 
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Hard Data 

 



Justin Jones 

 

 



Justin Jones 

All Code: 
import numpy as np 

import matplotlib.pyplot as plt 

import warnings 

warnings.filterwarnings("ignore", category=DeprecationWarning) 

 

 

# Define the logistic function 

def sigmoid(z): 

    return 1 / (1 + np.exp(-z)) 

 

 

# Define the hypothesis function 

def h(x, t): 

    return sigmoid(np.dot(x, t.T)) 

 

 

# Define the cost function for logistic regression 

def cost_function(X, y, theta): 

    epsilon = 1e-15  # Small constant to avoid taking log of zero 

    h_theta = h(X, theta) 

    return -np.mean(y * np.log(h_theta + epsilon) + (1 - y) * np.log(1 - 

h_theta + epsilon)) 

 

 

# Implement generate three groups of training data 

# group_1: ((x_mean, x_standard_deviation), (y_mean, 

y_standard_deviation)) 

# group_2: ((x_mean, x_standard_deviation), (y_mean, 

y_standard_deviation)) 

# group_3: ((x_mean, x_standard_deviation), (y_mean, 

y_standard_deviation)) 

# m: the number of samples to be generated for each group 

def generateData(group_1, group_2, group_3, m): 

    templist = [group_1, group_2, group_3] 

    datalist = [] 

    for i in range(len(templist)): 

        tempx = np.random.normal(templist[i][0][0], templist[i][0][1], m) 

        tempy = np.random.normal(templist[i][1][0], templist[i][1][1], m) 

        datalist.append(np.stack((tempx, tempy), axis=1)) 
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    data_1 = datalist[0] 

    data_2 = datalist[1] 

    data_3 = datalist[2] 

    return data_1, data_2, data_3 

 

 

data1, data2, data3 = generateData(((-3, 3), (0, 4)), ((6, 3), (8, 4)), 

((12, 3), (-5, 4)), 100) 

 

 

# display the three groups of training data in the coordinate 

# with each group of data having different color 

def dispData(d1, d2, d3): 

    plt.scatter(d1[:, 0], d1[:, 1], label='data 1', color='red') 

    plt.scatter(d2[:, 0], d2[:, 1], label='data 2', color='green') 

    plt.scatter(d3[:, 0], d3[:, 1], label='data 3', color='blue') 

    plt.xlabel('x1') 

    plt.ylabel('x2') 

    plt.xlim(-8, 20) 

    plt.ylim(-8, 15) 

    plt.legend() 

    plt.show() 

    return 

 

 

dispData(data1, data2, data3) 

 

 

# modified gradient descent from linear regression to use the sigmoid 

function 

def gradientDescent(X, y, theta, learning_rate, threshold=0.002, 

conv_threshold=0.00015): 

    for i in range(1000): 

        for j in range(len(X)): 

            temp = h(X[j], theta) 

            if temp < 0.5: 

                y[j] = 0 

            else: 

                y[j] = 1 

        hyp = h(X, theta) 
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        theta1_mult = 0 

        for j in range(len(X)): 

            theta1_mult += hyp[j] - y[j] 

        new_theta1 = theta[0] - learning_rate * (1/len(X)) * theta1_mult 

 

        theta2_mult = 0 

        for j in range(len(X)): 

            theta2_mult += (hyp[j] - y[j]) * X[j, 1] 

        new_theta2 = theta[1] - learning_rate * (1 / len(X)) * theta2_mult 

 

        theta3_mult = 0 

        for j in range(len(X)): 

            theta3_mult += (hyp[j] - y[j]) * X[j, 2] 

        new_theta3 = theta[2] - learning_rate * (1 / len(X)) * theta3_mult 

 

        if i % 100 == 0: 

            print(f'Cost Function on iteration {i}: {cost_function(X, y, 

theta)}') 

        if cost_function(X, y, theta) < threshold: 

            print(f'Cost threshold was met at iteration {i}, with thetas: 

{theta}') 

            break 

 

        if ((new_theta1 - theta[0]) ** 2 < conv_threshold and (new_theta2 

- theta[1]) ** 2 < conv_threshold and 

                (new_theta3 - theta[1]) ** 2 < conv_threshold): 

            theta[0] = new_theta1 

            theta[1] = new_theta2 

            theta[2] = new_theta3 

            print(f'Theta converged at iteration {i} with Thetas: {theta} 

and Cost = {cost_function(X, y, theta)}') 

            break 

 

        theta[0] = new_theta1 

        theta[1] = new_theta2 

        theta[2] = new_theta3 

 

    return theta 
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# [part 3]: Implement "one-vs-all" algorithm to separate the data 

def oneVsAll(data1, data2, data3, learning_rate=0.01): 

    # learn theta_1, theta_2, theta_3 using gradient descent 

    theta_1 = np.array([0, 0, 0], dtype=np.float64) 

    theta_2 = np.array([0, 0, 0], dtype=np.float64) 

    theta_3 = np.array([0, 0, 0], dtype=np.float64) 

 

    # Does gradientdescent for each data group to train thetas 

    X1 = np.c_[np.ones(len(data1)), data1] 

    y1 = np.zeros((100, 1)) 

    theta_1 = gradientDescent(X1, y1, theta_1, learning_rate) 

 

    X2 = np.c_[np.ones(len(data2)), data2] 

    y2 = np.zeros((100, 1)) 

    theta_2 = gradientDescent(X2, y2, theta_2, learning_rate) 

 

    X3 = np.c_[np.ones(len(data3)), data3] 

    y3 = np.zeros((100, 1)) 

    theta_3 = gradientDescent(X3, y3, theta_3, learning_rate) 

    # Make sure your code print out the cost function every 10 or 50 or 

100 iterations 

    # Your code should stop learning once the cost is very small 

    print("----- FINAL THETAS -----") 

    print("Theta 1:", theta_1) 

    print("Theta 2:", theta_2) 

    print("Theta 3:", theta_3) 

 

    return theta_1, theta_2, theta_3 

 

 

t1, t2, t3 = oneVsAll(data1, data2, data3) 

 

# implement some code to merge the data and theta together 

#   [data_1, data_2, data_3] 

#   [theta_1, theta_2, theta_3] 

data = np.vstack((data1, data2, data3)) 

theta = np.vstack((t1, t2, t3)) 
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# data is just the original generated different groups of data merging 

together 

# data = [[5,2], [1,3], [4,3], [12,0], ...] 300 data, with each row a 

sample 

# data_new should be = [[5, 2, 1], [1, 3, 2], [4, 3, 2], [12, 0, 0], ...] 

300 data 

# each row has one more column than "data" indicating the class assignment 

def classifyData(D, thetas): 

    pred = np.zeros((300, 1)) 

    testD = np.c_[np.ones(len(D)), D] 

    for i in range(300): 

        ident = -1 

        test0 = h(testD[i], thetas[0]) 

        test1 = h(testD[i], thetas[1]) 

        test2 = h(testD[i], thetas[2]) 

        if test0 > test1 and test0 > test2: 

            ident = 0 

        elif test1 > test2 and test1 > test2: 

            ident = 1 

        elif test2 > test0 and test2 > test1: 

            ident = 2 

        pred[i] = ident 

    return np.hstack((D, pred)) 

 

 

new_data = classifyData(data, theta) 

 

 

# Evaluate what the percentage of accurate prediction 

def evaluate(data, data_new): 

    num_correct = 0 

    for i in range(100): 

        if data_new[i][2] == 0: 

            num_correct += 1 

    for i in range(100): 

        if data_new[i+100][2] == 1: 

            num_correct += 1 

    for i in range(100): 

        if data_new[i+200][2] == 2: 

            num_correct += 1 
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    return num_correct/300 

 

 

print(f'Percent of correct evaluations: {100 * evaluate(data, new_data)}') 

 

 

# Display the "data_new" in the figure with different color indicating 

class assigned coordinates 

# compare the two figures: true labels vs prediction 

# Turn in document including these two figure comparison  on different 

generated data (3) 

def plotNewData(new_data): 

    for i in range(300): 

        if new_data[i][2] == 0: 

            plt.scatter(new_data[i, 0], new_data[i, 1], color='red') 

        elif new_data[i][2] == 1: 

            plt.scatter(new_data[i, 0], new_data[i, 1], color='green') 

        elif new_data[i][2] == 2: 

            plt.scatter(new_data[i, 0], new_data[i, 1], color='blue') 

    plt.xlabel('x1') 

    plt.ylabel('x2') 

    plt.xlim(-8, 20) 

    plt.ylim(-8, 15) 

    plt.show() 

    return 

 

 

plotNewData(new_data) 

 

 


