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QA Systems + RAG
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Announcements

● Practice questions 
Zoom session (mostly) recorded
2nd Zoom session TBD
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Today: QA systems (part 2) + RAG

● There are many types of QA paradigms
QA Datasets 
Exercises: How to build systems for them

● Training LLM-based chatbots for QA
● QA using Retrieval-Augmented Generation
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Questions of fact or reasoning that can be answered with simple
facts expressed in a short or medium-length text.

Traditional Focus:  Factoid Questions
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Factoid questions



Types of QA tasks

● Information-seeking
Communicative intent of the author of the question is to seek information 
they did not have [E.g., factoid questions]

● Probing
Communicative intent of the author of the question is to test the knowledge 
of another person or machine
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Data set: SQuAd

● Example of a “probing task” 
● 100,000+ reading 

comprehension questions 
posed by crowdworkers on 
a set of Wikipedia articles

● Answer is  a segment of text 
from the corresponding 
reading passage
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● Each test set example is:
Text passage
Question

● Each training set example is:
Question
Text passage with answer span marked/annotated
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Data set: SQuAd



How should we model this task as a ML problem?

● Some of the models we’ve covered this semester…see the next slide
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Bert
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Data set: SQuAd Approach: BERT    



12

Data set: SQuAd Approach: BERT    

● Each training set example is:
Answer: text passage with answer span marked/annotated
Question

● For BERT
Label text passage
to indicate answer

Question Text passage



BERT for sequence tagging
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Data set: SQuAd Approach: BERT    

● For BERT
Train FFNN to label text passage tokens as 

Question Text passage

START

END

Neither 

B

I

O 

OR

O          B             I



Which other model types might be appropriate?
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Bert

Which other model types 
might be appropriate?



Data set: GSM8K [2021]

● 8,000 grade school math problems
● Take between 2 and 8 steps to solve
● Example of a “probing” QA task 
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● Each training set example is:
Question (math word problem) with (optional) calculations annotated
Answer

● Each test set example is:
Question (math word problem) with (optional) calculations annotated

18

Data set: GSM8k [2021]
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Bert

Which model types 
might be appropriate?



Data set: HotPotQA

● Wikipedia-based question-
answer pairs

Questions require finding and 
reasoning over multiple 
supporting documents to answer
Answers can be “yes”, “no” or a 
string
Full Wikipedia setting vs. 10
paragraphs vs. gold standard
paragraphs
With and without supporting facts 
identification
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Data set: HotPotQA

● One evaluation setting
Given question and gold 
standard paragraphs 
Identify answer

● More difficult setting
Given question and all 
Wikipedia articles
Identify answer
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Bert

Which model types 
might be appropriate?



Better handled using hybrid system

1. Document/paragraph retrieval
2. Decoder-only transformer

Retrieval augmented transformers (RAG)
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Today: QA systems (part 2) + RAG

● There are many types of QA paradigms
QA Datasets 
Exercises: How to build systems for them

● Training LLM-based chatbots for QA
● QA using Retrieval-Augmented Generation
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Recall: Modern QA approaches

● LLM-based (using transformers) chatbots, e.g. chatGPT
Just ask a question
System returns the answer

But how are LLMs constructed?
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Q: Where is the Louvre Museum located? A: Paris, France



An LLM (large language model) is a …

● Decoder-only 
transformer LM
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An LLM is a … 

● Decoder-only 
transformer LM

● Pretrained with massive 
amounts of text

To perform next word
prediction
Using self-supervision
(self-training) and 
teacher forcing
Cross-entropy is the loss
function
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1 (and instruction-tuned, i.e. finetuned on question/answer 
datasets …have not covered these concepts yet)



LLMs

● Trained by filling the full context window with text
E.g., 4096 tokens for GPT4 or 8192 for Llama 3
If documents are shorter

● Multiple documents packed into the window with a special end-of-
text token separating them

● Data
Web text from the common crawl, a series of snapshots of the entire web 
(each has billions of webpages)
The Pile (825 GB English text corpus: web, books, Wikipedia)
Dolma (even larger)
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LLMs for QA

● Finetuned for QA using supervised finetuning (SFT)
This is just one type of finetuning
Falls under the umbrella of instruction finetuning (i.e., want a pretrained 
language model to learn to follow text instructions)
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LLMs for QA

● Instruction finetuning for QA using supervised finetuning (SFT)
Create a dataset of example questions and their answers
Train the language model on this data using the normal cross-entropy loss to 
predict each token in the instruction prompt (i.e. the QA pair) iteratively

Q: Where is the Louvre? A: Paris, France

● QA then becomes an instance of conditional (text) generation
Given:      Q: <question> A:
LLM should generate the answer
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Recall: Problems with current LLMs for QA

● Hallucinate responses
● Not well-calibrated (confidently produce a very wrong answer)
● Cannot be used on proprietary data
● Cannot deal with rapidly changing information
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Retrieval-Augmented Generation (RAG)

● Use information retrieval (IR) techniques to retrieve documents that 
are likely to have information that might help answer the question.

● Then use an LLM to generate an answer given these documents.

How does this alleviate the problems we listed two slides back???
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Information retrieval

● Traditionally used bag-of-words representation for both the query
and the documents

● Retrieve the documents that are most similar to the query
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IR with dense retrievers

● Use dense vectors to represent both the query and the documents 
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Generally too expensive



Retrieval-augmented Generation

● Two steps
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Retrieval-augmented Generation

● Condition on the retrieved passages as part of the QA prompt
Q: Who wrote the book ‘‘The Origin of Species"?
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Evaluating QA systems

● Multiple choice and some math data sets
Accuracy according to exact match

● Free form answers
Token-level F1 score

● Ranked list of answers
Mean reciprocal rank (MRR)

• Each test set question is scored with the reciprocal of the rank of the first correct answer
• The score for questions that return no correct answer is 0.
• Average the scores over all questions
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