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Schedule



● Plan for 5 min presentations max not including 
Q&A

● Cover at least these key points
○ Project motivation (what is the value of this work?)
○ What data you are planning to use
○ What approach/methods you plan to take
○ How you will evaluate your approach

● Put your slides in this presentation after your 
project name slide by class session, 1pm on Wed 
Mar 4
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Instructions
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1. Raina, Brett, Hannah, Aidan, Kee



Movie 
Summarization
By: Raina, Brett, 

Hannah, Aidan, Kee



Motivation (value of the work)

Can check to see if 
summaries posted 

on sites like 
Wikipedia & IMDB 

are accurate

Generate 
summaries for 

movies that lack 
them

Remember key plot 
points of a movie 
you just watched



Data

• Custom dataset of movie subtitles and gold summaries

• Subtitles come from Open Subtitles

• Summaries come from Wikipedia

• 1322 unique datapoints

• Average of 1255 lines of dialog per movie

• Average of 7942 words per movie



Approach/methods

Feed to LLMs in 
zero-shot 
approach

Given only the 
subtitles and 

prompt to 
summarize

Compare results 
from Deepseek-

R1 and Llama 
3.1



Evaluation

• ROUGE score measures accuracy

• SummaC measures faithfulness

2 key metrics

Human evaluation too (on small subset of data)
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2. Fatimah, Heather, Vivien, Ifemi, Ryder



Classifying 
Restaurants by 
Yelp Reviews

Fatimah Alfaraj, Heather Guzik, Vivien Lim, 

Ifemi Olojo-Kosoko, Ryder Pham 



Dataset Source: 
1. Yelp Review Data Set (has over 6 million reviews)
2. We will filter it down locations in Pittsburgh only
3. Focused on Restaurants only 

Data

Target Labels:

- Cuisine Types (derived from categories)

- Formality level (derived from business attributes):

- Causal

- Mid-range

- Fine dining



Data

Review dataset

Business dataset

https://soyummy.com/entertaining-so-yummy/17-funniest-reviews-yelp/



Task:
- Multi-class text classification

Models:
- n-gram
- Logistic regression 

Approach & Method



Dataset Split: 
- Subset of dataset for testing

Performance metrics: 
- Precision
- Recall
- F1-Score
- Accuracy?

Goal:
- Assess how well the model predicts

- Cuisine Type
- Formality level

Evaluation



Q&A
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3. Daley, Cole, Griffin, Jeana, David



Detecting Human vs. 
AI Generated Text

18Daley, Cole, Griffin, Jeana, David



Project Motivation: Why Detect AI-Generated 
Text?

• AI-generated text is rapidly increasing 

across the internet

• Academic institutions face challenges 

verifying authorship

• False accusations of AI use can harm 

students

• AI detection remains an open research 

problem

• Even major AI companies have struggled 

with reliable detection
19



Dataset
• A combination of human-written 

and machine-generated English 

text.

• 872,525 total lines

• Split into train, dev, and test

• Datapoints are labeled either 

human (0) or MGT (1) and range 

from 1 – 17,400 characters

20



Methods

• N-grams to extract features from 

the text

• Feature selection

• Stratify the data (80/10/10)

• Train a binary logistic regression 

model using cross-entropy loss

• Tune hyperparameters on 

development set
21



Evaluating Our Approach

● Balanced dataset but still focusing on F1-
Score

● Emphasis on precision metric
○ Accusing one person of using AI is worse than 

failing to catch one AI-generated text
○ Ethical issue especially with students whose first 

language isn't English
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Translating Customer Service Chats

Joshua Frank, Forest Maguire, Rose Resnick, Christopher 

White, Raymond Zong



● Reduce language barriers 
in customer service

● Test the limits of live 
translation

● Challenge ourselves 

Motivations



● Data is sourced from the 2024 WMT chat task, which compiles real customer 
service messages

● We have 15,000 entries of translated messages between English and French
● The data entries also have context for whether the sender was a customer or 

service representative
● We also possess a separate set of data that is untranslated for testing 

purposes

Data



Method 1

● We will train a custom sequence-to-sequence model
○ Essentially 2 neural networks: encoder and decoder

● We will then use the provided development data set to tweak 
hyperparameters

Method 2

● Zero-shot prompting
○ Seeing how well an existing AI model can translate the chats

● There are also ways to change hyperparameters using this method

Method



Evaluation

● We’re given the correct response to our training data.

● Therefore, 
○ Black box evaluation approach will be used, 
○ called METEOR.

● Final result will be an adjusted harmonic mean.



Questions?
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5. Jack, Hongyu, Patrick, Aaron, Marcus

Annotating Online Gaming Voice Chat
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Project Motivation

Resource Creation
• Very few labeled gaming 

voice chat datasets

• Producing an annotated 

dataset with a 

reproducible codebook 

creates a resource for the 

research community

• Codebook tailored to 

gaming language 

advances annotation 

practices in an 

understudied domain

Practical Impact
• A working hate speech 

detection model for 

gaming voice chat could 

help platforms with 

moderation

• Better moderation and 

hate speech detection 

fosters safer online 

communities, especially in 

high-risk environments

Generalizability
• Methods and codebooks 

developed could extend 

to other informal spoken 

domains beyond gaming 

voice chat

o e.g., Twitch, Discord 

servers, 

communication tools

• One of the most active communication spaces, however also notoriously toxic

• Well-documented and widespread problems, yet gaming voice chat remain dramatically 

understudied

• Existing hate speech datasets and detection models often fail to capture unique dynamics



Data

● Video Recordings of Gameplay/Livestream: Games included are 
the 13 most popular games in June, 2024, and recordings range from 
30 minutes to 5 hours long
○ Rust, Valorant, Counter Strike 2, League of Legends, DOTA 2, Rainbow Six Siege

● Software-Generated Transcripts: There are 480 software-
generated, anonymized, English transcripts

31



Methods

● Literature Review: Review existing hate speech definitions, annotation 
frameworks, and best practices to guide the structure of the annotation 
codebook and methodology.

● Initial Codebook Development: Create a preliminary codebook with 
operational definitions, annotation categories (e.g., hate speech, offensive 
speech, harassment, neutral speech), decision rules, and examples.

● Pilot Annotation & Training: All five annotators will label a small pilot set (~10 
transcripts) to identify ambiguities and refine annotation guidelines.

● Reliability Testing & Codebook Refinement: Annotators independently label 
a shared subset (30–50 transcripts). Inter-annotator reliability will be assessed 
and used to refine categories and definitions.

● Full Annotation & NLP Modeling: Apply the finalized codebook to the 
remaining ~420–460 transcripts and use the annotated dataset to train and 
evaluate an NLP hate speech detection model.

32



Evaluation

● Codebook Development: The initial codebook will be evaluated by 
identifying and discussing inconsistencies in the annotations and 
refining definitions and guidelines accordingly.

● Inter-Annotator Reliability: For a shared subset of approximately 
30–50 transcripts, inter-annotator reliability will be assessed using 
statistical measures for categorical data such as Cohen’s kappa, 
Fleiss’ kappa, or Gwet’s AC1. Agreement levels will be interpreted 
using established benchmarks to determine the consistency of the 
annotations.

● NLP Model Performance: The resulting NLP model will be evaluated 
using standard classification metrics, such as the F1 score. Additional 
metrics (e.g., precision and recall) may also be used to better 
understand model performance.

33
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6. Laxmi, Ciara, Sanjana, Yifei, Irisin















3. Methodology: From Counting to Representation



4
.
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7. Matthew, Enzo, Nate, Owen, Kevin, Nihal



Project Motivation

● Financial markets react quickly to news and social 
media sentiment.

● Investors increasingly rely on automated tools to 
interpret large volumes of financial text.

● Our project investigates whether financial news, Twitter 
sentiment, or a combination of both provides the 
strongest signal for predicting short-term stock price 
direction.

● Goal: Build an NLP system that predicts whether a 
stock will rise within one week based on text data.

47



Datasets

Twitter Dataset

● 3.7M tweets mentioning major companies (2015–2020)
○ tweet text
○ timestamp
○ company ticker

Financial News Dataset

● ~5,000 financial articles

● Fields used:
○ title
○ description
○ publication date
○ ticker symbols

Stock Price Data
Retrieved using yfinance API

● Used to compute price movement one week later

48



Approach & Method

● Problem Framing
○ Supervised Binary Classification

● Feature Engineering
○ N-gram
○ Credibility Weighting

● Models
○ Logistic Regression
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Evaluation Strategy

● Chronological Validation
○ Ensure no look-ahead bias

■ Ex: Train: 2015–2018 → Test: 2019

● Ablation Analysis (Comparison)
○ Text-only Model
○ Text + Publisher
○ Text + Publisher + Market features

● Performance Metrics
○ Accuracy, precision, recall, F1 score, ROC-AUC

50
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8. Grace, Michelle, Kiana, Sarina, Amyia



CS 1671 Project Proposal Presentation

Michelle Hong, Amyia Singh, Grace Hines, Sarina Saran, Kiana Kazemi

Who's Who in Modern Family:
Character Attribution in a TV Sitcom



Project Motivation

• Distinguish between character set 
of diverse personalities

• Test ability of model to identify 
characters based on script alone

• Provide insight on spoken 
language representation in 
American media



Datasets

SCRIBD Script PDFs

Seasons 1-3
10 characters

Character Line

Claire Kids? Phil, would you get them?

Phil Yeah, just a sec.

CSV Dataset

20,323 lines
214,066 preprocessed tokens

9,564 vocabulary size



Methods & Approach

Goal: Our goal is to train a model that learns patterns in dialogue and predicts 
which character is speaking given a line from the sitcom Modern Family.

Text Representation: each line of dialogue 
will be represented as a Bag-of-Words n-gram 
model, extracting both unigrams and bigrams 
(converting each into a vector with CountVectorizor)
↳ stop words will not be removed as they may provide 
stylistic information about a speaker

Feature Selection: we will use classification-
based scoring functions from scikit-learn 
such as chi-square (chi2), f_classif, or mutual 
information
↳ these methods will allow us to determine which words 
are strongly associated with which particular speaker

Model: we will be using multinomial linear 
regression as it provides interpretable 
coefficients

Additional Linguistic Features: stylistic 
features may also be investigated
↳ hedges: "maybe," "kind of," and "I think"
↳ punctuation usage

Packages & Libraries: model will be 
implemented with pandas, numpy, scikit-
learn, and matplotlib



Testing & Evaluation

• We will split the data as so:
▪ Train on season 1 + ½ of season 2

▪ Validate on the other ½ of season 2 (for tuning parameters)

▪ Test on season 3

• This ensures that the model is evaluated on unseen episodes

• Evaluation metrics:
▪ Accuracy of predictions

▪ Precision, Recall, and F1 Score

▪ Confusion Matrix: which characters are frequently confused with each other



Questions?
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9. Ryan, Pier, Justin, Wyatt, Praz



Training a Small Language Model for Code 
Generation

59

Goal: Build a small language model that generates 
Python code from natural language prompts

Train from scratch on code data, then teach it to 
follow prompts

Focus areas:
Pretraining on large code dataset

Instruction tuning for prompts

Evaluation of generated code quality



Datasets
Pretraining Dataset

• "The Stack" from HuggingFace

• ~3TB deduplicated source code dataset

• Python subset

Instruction Dataset

• Code Alpaca 20k

• Used for post-training/instruction tuning

60



Pre-training/Post-training Pipeline

61



Model Evaluation
Quantitative

• LiveBench benchmark

• Validation perplexity

Qualitative

• Test prompts

• Run generated code in Python

• Measure:

• Syntax correctness

• Number of fixes needed
62

Goal
● Generate runnable Python 

code from prompts
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10. Jonah, Amanda, Lyndsey, Saung, Jay
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PREDICTING ARTIST FROM 
SONG LYRICS



❖ Artists often have distinct lyrical style and vocabulary

❖ Shows how stylistic patterns can be captured statistically

❖ Demonstrates real-world multi-class NLP classification

❖ Useful for:

➢ authorship attribution

➢ plagiarism detection

➢ stylistic analysis in music/literature

65

Project Motivation

❖ Our project explores whether simple statistical models and logistic 

regression can effectively distinguish artist style at scale. 



❖ Dataset:

➢ Genius Song Lyrics (Kaggle)

➢ ~5 million lyric entries

➢ ~641k artists

❖ Important note:

➢ Highly imbalanced

➢ We restrict to top-K artists (20–50)

❖ Input: Full song lyrics

❖ Output: Predicted artist label

66

Data



❖ Text Processing:

➢ Normalize text

➢ Filter by language

➢ Remove duplicates

❖ Feature Extraction:

➢ Character n-grams (capture stylistic spelling/patterns)

➢ Character n-grams help capture stylistic patterns beyond just word choice.

❖ Modeling:

➢ Multinomial Logistic Regression

➢ Softmax output over K artists

67

Approach / Methods



68

MODEL PIPELINE



❖ Data Split:

➢ 70% train

➢ 15% validation

➢ 15% test

➢ Stratified sampling so each artist shows up in all data splits

❖ Metrics:

➢ Accuracy

➢ Precision / Recall

➢ F1 Score

➢ Macro-F1 (primary metric)

❖ Error:

➢ Confusion Matrix: Artists model confuses most 69

Evaluation
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