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This Class vs. The “Real World”

• You will usually not need to implement algorithms from scratch, even if you’re 
proposing a new algorithm. 

• There is a lot of public material out there, and you should use it! 

• However, your goals will not be as clear as they have been in this course. 

• You have to ask yourself: what questions interest you? What data? What 
methods? What can you realistically do given the resources available to you 
(or, how can you get more resources)?



The NLP Community

*Association for Computational Linguistics (ACL)

*Nations of the Americas Chapter of the ACL (NAACL)

European Chapter of the ACL (EACL)

Asian Chapter of the ACL (AACL)

*Empirical Methods in Natural Language Processing (EMNLP)

The majority of cutting-edge NLP research goes to NLP conferences:

These days, an increasing amount of NLP research also goes to machine 
learning conferences like ICLR, ICML, and NeurIPS. Also: a new venue, COLM!



(Photos taken by 
Kanishka Misra!)



The NLP community is growing—and fast.

This plot shows the number of submissions to EMNLP by year, 
and the number of accepted papers.

>500% growth in 10 years! >33% growth this past year alone.



Tracks in the NLP Community

Conferences like ACL accept many different kinds of NLP research:

Machine translation Question answering

Interpretability and analysis

Information retrieval

Syntax and parsing

Generation

Machine learning for NLP
Discourse, pragmatics, 
and reasoning

And much more!

Cognitive theories and 
psycholinguistics





Doing NLP Research

• Application-driven questions: 

• How can I improve performance 
on this NLP task? 

• How can I make a useful system? 

• Curiosity-driven questions: 

• How does language work? 

• How is the world viewed through 
language?



Questions and Hypotheses
Curiosity-driven



Application-driven

Questions and Hypotheses



Doing NLP Research

• How do you find out what’s been done 
in your area? 

• Keyword searches 

• Find papers related to your 
question (old and new) 

• Read abstract/intro 

• Read details of only the most 
relevant papers



Finding Research Papers
Keeping up with the field can be hard! Things move quickly these days.

aclanthology.org

http://aclanthology.org


How do I read a research paper?

Goal-oriented reading: Don’t try to understand every detail! 

• Focus on the main points 

• Find a few interesting details or especially confusing 
parts to bring to class discussion

What question or problem?

What was done? What design?

What finding?

What interpretation?



How do I read a research paper?

Paragraphs 1 and 2 of Introduction What question or problem?



How do I read a research paper?

What was done? What design?Paragraphs 1 and 2 of Methods



How do I read a research paper?

What finding?

What interpretation?

First paragraph of Case Study

Final 2 paragraphs of 
Application



Doing NLP Research

• Research question: questions 
regarding the thing you want to know 

• “yes-no” questions often better 
than “how to” questions 

• Hypothesis: what you think the answer 
to the question will be before you do 
the experiments 

• Should be falsifiable: if you get a 
certain result, the hypothesis will 
be supported, otherwise not



Doing NLP Research

• Find data that will help you answer 
your research question 

• If building on previous work, best 
to start with same datasets 

• Run experiments and calculate 
numbers 

• Calculate significant differences and 
analyze effects



The Flow of an NLP Experiment
1. Data

2. Models

3. Application & Analysis

Raw Text
Annotation
/Labeling

Labeled 
Data

Preprocess
-ing

Rule-based Statistical Neural External 
Tools

Model 
Comparison

Leader-
boards Trade-offs

Generaliz-
ation

Error 
Analysis

Interpret-
ability Bias Qualitative 

Analysis

Tuning Prompting Data 
Generation

Performance

Insight

Applications
Human 

Knowledge
Feature 

Engineering
Training

Calling, 
Implemen-

tation

Sources: web scraping, existing labeled data, 
manual curation



Data

• Your data will define what your model 
can do. 

• Collecting data is extremely valuable, 
but time-consuming and expensive. 

• A very good dataset and some analysis 
of it can be enough for a publication! 

• Most people just use existing datasets.

https://huggingface.co/datasets/cais/mmlu

https://huggingface.co/datasets/cais/mmlu


Preprocessing

• Many high-quality libraries exist for basic preprocessing: 

• nltk: tokenization, largely English-centric 

• spacy: parsing, POS tagging, NER 

• scikit-learn: statistical models (e.g., logistic regression)



Open-source Data and Models

• Huggingface is a huge repository of models and datasets. 

• Ollama is a newer and more efficient way of using LMs. It’s relatively limited in functionality 
and coverage compared to Huggingface, but faster if what you’re doing is supported. 

• Many of you will (or should) use one of these for your projects! 

• Tutorials, books, other professors’ course materials 

• Code and documentation 

• People!

Look for code links in 
papers!



Closed-source NLP Resources

• If you need something super powerful, you can also ask a proprietary model to 
do it for you. 

• This can get quite expensive. Use with caution. 

• Good use cases: generating data, annotating a small dataset



Huggingface

Check out the GPT-2 code from HW2 for a more detailed usage example.
If your project involves prompting open-source models, this would be a straightforward way to set that up.



Fine-tuning with Huggingface

Fine-tuning for question 
answering: https://
github.com/huggingface/
transformers/blob/main/
docs/source/en/tasks/
question_answering.md

Fine-tuning for text 
classification: https://
github.com/huggingface/
transformers/blob/main/
docs/source/en/tasks/
sequence_classification.md

https://github.com/huggingface/transformers/blob/main/docs/source/en/tasks/question_answering.md
https://github.com/huggingface/transformers/blob/main/docs/source/en/tasks/question_answering.md
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https://github.com/huggingface/transformers/blob/main/docs/source/en/tasks/sequence_classification.md


Practical Considerations

• How much memory and disk space does your LM require? 

• You’ll be limited by what kinds of GPUs you have access to. 

• Reduce memory by: 

• Reducing batch sizes 

• Reducing model sizes 

• Reducing sequence lengths 

• How long will your experiments take to run? 

• Reduce time by: 

• Increasing batch size 

• Reducing model sizes 

• Subsampling data



Managing Space on the BU SCC

• If you’re using large Python packages like torch, set your conda or venv to save into /
projectnb/. 

• Please set your HF_HOME environment variable to be somewhere in /projectnb/! 

• We have a shared cache folder in /projectnb/cs505am/materials/.cache/
huggingface/; consider using this. 

• The class has 1TB of hard disk space to share in /projectnb/. 

• In a previous class of 17 people, we used maybe 2–3% of this. 

• In your personal $HOME folder, you have more like 10GB. 

• (A single LM usually takes more space than this.)



Getting GPUs on the SCC

• There are two ways to work with GPUs: 
•qrsh: interactive session. Good for debugging, not for running big jobs 

•This gives you one 40G GPU for 4 hours: 
`qrsh -l gpu=1 -l gpu_type=L40S -l h_rt=4:00:00` 

•qsub: good for big/reproducible jobs, not for debugging. Call it on bash scripts. 
•See /projectnb/cs505am/materials/samples/ for examples of bash 

script jobs. 

•Documentation: https://www.bu.edu/tech/support/research/software-
and-programming/gpu-computing/

https://www.bu.edu/tech/support/research/software-and-programming/gpu-computing/
https://www.bu.edu/tech/support/research/software-and-programming/gpu-computing/
https://www.bu.edu/tech/support/research/software-and-programming/gpu-computing/


Doing NLP Research

• We will cover this next week! At a 
glance: 

• Look at the data 

• Quantitative analysis 

• Qualitative analysis 

• Generalization experiments 

• Model explanation/interpretation✨



Evaluation and Result Reporting

• Train on train, tune on dev, eval on test 

• Do not train on test! It’s ML misconduct, and will yield big point deductions. :( 

• What are your metrics? 

• Accuracy 

• Precision/recall/F1 

• Generation metrics - BLEU, ROUGE 

• Tips for writing: 

• Plan your results section in advance - empty tables/figure sketches you can fill in 
later 

• Write plotting scripts - generate figs directly from experimental scripts



Doing NLP Research

• How do you write a paper? 

• Too much for one class, but there 
are some very helpful resources 
linked in the final project specs! 

• Tip: steal the style of papers you 
like



Important NLP Tasks

• Classification: fake news detection, stance detection, hate speech detection 

• Information retrieval: resource retrieval, Google searching, question answering 

• Also includes paraphrase detection (how similar is a document in my database to 
this one?) 

• Detecting copyright infringement 

• RAG (future lecture) 

• Generation: machine translation, narrative generation, chatbots, summarization, 
paraphrase generation, etc.



Question Answering

• We’ve already discussed extractive QA tasks, like SQuAD (v1). We’ll now focus on: 

• Multiple-choice QA 

• QA with unanswerable questions 

• QA as information retrieval



Multiple-choice QA

• MCQA can be treated as either a classification task or a generation task. 

• Seems easy, but MCQA tasks are often used to benchmark state-of-the-art 
models.



Massive Multitask Language Understanding (MMLU)
Benchmarking State-of-the-art Language Models

MMLU is commonly 
used to:

1. Assess the general 
reasoning abilities of LLMs

2. Ensure that some 
fine-tuning procedure 
doesn’t cause catastrophic 
forgetting of general 
capabilities.

Common methods: 
- Fine-tune classifier on pre-trained model 
- Prompt or tune model to generate letter answer

57 subjects



SQuAD v2

• Do models know what they don’t know? 

• SQuAD v1 contained only answerable 
questions. 

• SQuAD v2 contains a mixture of answerable 
and unanswerable questions. Still a very tricky 
task today! 

• Leaderboard: https://rajpurkar.github.io/
SQuAD-explorer/

Unanswerable Questions

https://rajpurkar.github.io/SQuAD-explorer/
https://rajpurkar.github.io/SQuAD-explorer/
https://rajpurkar.github.io/SQuAD-explorer/


Evaluating QA Systems
EM: Exact match

F1: Word-level F1

EM: is the generated answer the exact same 
as the reference?

F1: how many words overlap between the 
generated answer and reference?

Question: In what city and state did Beyoncé grow up?

Reference: Houston , Texas

Generated: Dallas , Texas Precision: 
|r ∩ g |

|g |
Recall: 

|r ∩ g |
|r |

tokens in reference

generated tokens



QA as Information Retrieval

• What if we don’t have some large context or set of options for the model to find the 
answer in? 

• In this case, the model either needs to know the answer, or needs to be able to search 
through large amounts of information to find the answer. 

• If we have access to many docs, we can process them in advance (“index” them). Then 
we can answer the Q by returning a snippet of text from one or more of these docs.

1. Identify docs relevant 
to the question

2. Identify and return 
the most likely answer 
span



Document and Passage Retrieval

• The user poses a natural language query to an information retrieval (IR) system 

• Ad-hoc IR: the query could be about anything 

• Each query consists of some number of terms 

• The IR system returns a ranked list of relevant documents 

• Documents: web pages, scientific papers, news articles, paragraphs 

• Relevance: how similar is the document to the query?



Determining Relevance

The traditional approach to determining relevance is TF-IDF:

TF-IDF

Our query is a vector q Each document is a vector di

Each vector entry is a TF-IDF value: q[t] = tf-idft,q

TF: term frequency - based on count of term  in document .t di

IDF: inverse document frequency - based on reciprocal count of docs containing term t

tf-idft,q = tft,q × idft,q = log(count(c, d) + 1) × log
N

count(t, d) > 0

Relevance is then: score(q, di) = cos(q, di) =
q ⋅ di

|q | |di |



Determining Relevance

The traditional approach to determining relevance is TF-IDF:

Our query is a vector q Each document is a vector di

Each vector entry is a TF-IDF value: q[t] = tf-idft,q

TF: term frequency - based on count of term  in document .t di

IDF: inverse document frequency - based on count of docs that contain term t

tf-idft,q = tft,q × idft,q = log(count(c, d) + 1) × log
N

count(t, d) > 0

Relevance is then: score(q, di) = cos(q, di) =
q ⋅ di

|q | |di |

Or we can just use BERT!

Compute contextual document embedding vectors  and .q di

Compute cosine similarities of  with  for all , rank by similarity.q di i

Why does this work? It seems that BERT implicitly 
implements TF-IDF-like mechanisms in its attention!



• Some see IR-based QA as too easy too measure real comprehension and 
reasoning 

• These days, people tend to use datasets where answers require several steps of 
reasoning (multi-hop QA), or answers that require commonsense knowledge. 

• Visual QA: answering questions about an image.

“Who was president of the USA in the year when Mike Tyson declared his retirement?”

Recent Developments in QA

12



QA is (probably) NLP-complete.

• I’ve focused a lot on QA because any NLP task could be rephrased as a QA task! 

• If we had a perfect QA model, we would in theory have a model capable of any 
task. 

• Some say QA is more of a format than a task. 

• Just because we can rephrase any task as QA doesn’t mean it’s the optimal 
approach.



QA for Hallucination Detection

TruthfulQA is built around common 
misconceptions in humans.

Larger models do worse on this 
task!



QA for Bias Detection

Bias Benchmark for QA (BBQ)


