CSE 6331 Natural Language Processing 
Assignment 2 
Due date: Monday, Nov 2, 2026, 9 am on Canvas. 

Download the SMS Spam Collection from https://archive.ics.uci.edu/dataset/228/sms+spam+collection and unzip it. Use the file SMSSpamCollection: each of its 5,574 lines is a label (ham or spam), a TAB, and the text of one SMS message. Build a Naive Bayes classifier and a logistic regression classifier to detect spam. Your numbers are checked automatically, so please follow the setup exactly. 
Setup 
1. Split: do not shuffle. The first 4,000 lines are the training set and the remaining 1,574 lines are the test set. (Check: the training set has 3,466 ham and 534 spam.) 
2. Tokens: find every run of ASCII letters and digits with the regular expression [A-Za-z0-9]+ and lowercase it. Example: “Reply STOP to end, or call me tomorrow” → reply, stop, to, end, or, call, me, tomorrow. 
3. Vocabulary V: all distinct tokens in the training set. Ignore test tokens that are not in V. 
4. Spam is the positive class. Use the natural log. 
Part A – Naive Bayes (40%) 
Implement multinomial Naive Bayes with add-1 smoothing as in Lecture 3, using log probabilities: 
P(c) = Nc / N        P(w | c) = (count(w, c) + 1) / (Σw′∈V count(w′, c) + |V|) 
count(w, c) is the total number of times w occurs in the training messages of class c. Predict the class with the larger ln P(c) + Σ ln P(wi | c) (every token counts, including repeats; predict ham on an exact tie). Report: 
A1. |V|. 
A2. Test-set accuracy, and precision, recall and F1 of the spam class. 
A3. P(spam | message) for the message “Reply STOP to end, or call me tomorrow”, i.e. normalize the two class scores so they sum to 1. 
Part B – Logistic Regression (40%) 
Implement binary logistic regression trained with stochastic gradient descent as in Lecture 4, with exactly these settings: 
• Features: one per word in V; xj = number of times word j occurs in the message. y = 1 for spam, 0 for ham. 
• Start with all weights and the bias equal to 0. Learning rate η = 0.1. No regularization. 
• Run 5 epochs. In each epoch, go through the 4,000 training messages in file order (no shuffling) and update after every message: ŷ = σ(w·x + b), wj ← wj − η(ŷ − y)xj for every j, b ← b − η(ŷ − y). 
• Predict spam if σ(w·x + b) > 0.5. 
Report: 
B1. The average cross-entropy loss over the 4,000 training messages after training. (Tip: to avoid log(0), the loss of one message is ln(1 + e^(−z)) if y = 1 and ln(1 + e^(z)) if y = 0, where z = w·x + b.) 
B2. Test-set accuracy, and precision, recall and F1 of the spam class. 
B3. P(spam | message) = σ(w·x + b) for the same message as A3. 
Output format 
Your program must write a file hw2_output.txt with exactly these 12 lines, in this order, with every real number rounded to 4 decimal places (e.g., Python f"{x:.4f}"): 
A1_vocab_size: <integer> 
A2_accuracy: <number, 4 decimals> 
A2_precision_spam: <number, 4 decimals> 
A2_recall_spam: <number, 4 decimals> 
A2_f1_spam: <number, 4 decimals> 
A3_prob_spam: <number, 4 decimals> 
B1_train_loss: <number, 4 decimals> 
B2_accuracy: <number, 4 decimals> 
B2_precision_spam: <number, 4 decimals> 
B2_recall_spam: <number, 4 decimals> 
B2_f1_spam: <number, 4 decimals> 
B3_prob_spam: <number, 4 decimals> 
Each line is compared with the reference solution (tolerance ±0.002). A misspelled key or a value in the wrong format gets zero for that line. 
Rules and submission 
• Use Python 3 with only the standard library and numpy. Write the classifiers and the metrics yourself (no scikit-learn, NLTK, PyTorch, etc.). 
• Your code must run as python hw2.py SMSSpamCollection and write hw2_output.txt. Do not edit the output by hand – the TA may re-run your code. 
• Code and README (10%): the code runs, and the README explains how to run it and your methodology. 
• Submit on Canvas: hw2.py, hw2_output.txt, and README. Optionally, submit another document that explains how you used AI, if you did use AI. 

