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Question: With this methodology, can we use the
training data to gain insight into why machine learning
models learn certain behaviors?



Question: With this methodology, can we use the
training data to gain insight into why machine learning
models learn certain behaviors?

Short Answer: Yes, frequency statistics of the training
data impact the information that a model learns,
making rare, long-tail information difficult to capture



Experimental Setting



Experimental Setting

e Focus on large language models



Experimental Setting

e Focus on large language models
e Analyze memorization and factoid knowledge learning



Experimental Setting

e Focus on large language models
e Analyze memorization and factoid knowledge learning
e Study behavior of pre-trained models and pre-training datasets



Outline for the rest of the talk

1. Background on Language Models
2. Eidetic Memorization in Language Models
3. Knowledge Learning in Language Models
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e How are language models pre-trained?
o Large-scale web text datasets
o Language modeling objective

e What are some things language models can do?
o Unconditional generation
o In-context learning
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Eidetic Memorization in Language Models

e Behavior: Eidetic Memorization
o The ability to perfectly recall and generate text from the training data

e Question: How does the number of times a piece of text appears in the
training data impact how often a language model generates that text?
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Conclusion: Pre-training data text frequency is related to
the rate at which language models generate that text
verbatim



Conclusion: Pre-training data text frequency is related to
the rate at which language models generate that text
verbatim

Question: Is this true for more interesting behavior than
verbatim regeneration (e.g., knowledge learning)?
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Knowledge Learning in Language Models

e Behavior: Knowledge Learning
o The ability to correctly answer questions about a piece of knowledge

e Question: How does the number of times a fact appears in the training data
impact how well a language model learns that fact?
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Fact: Dante Alighieri was born in Florence

Q: What is the capital of France?
A: Paris

Q: At what temperature does water boil?
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Q: In what city was the poet Dante born?
A:
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Conclusion: A language model’s acquisition of a fact is
heavily dependent on how many times it is trained on the
fact



Conclusion: A language model’s acquisition of a fact is
heavily dependent on how many times it is trained on the
fact

Question: Can we remove this dependence on training
data fact frequency?
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France, officially the French Republic, is a country in
Western Europe...

Q: What is the capital of France?
A: Paris

Water is an inorganic compound with the chemical
formula H20...

Q: At what temperature does water boil?
A: 100C

Florence

J

Dante Alighieri, commonly known as Dante, is an
Italian poet, writer, ...

Q: In what city was the poet Dante born?
A:
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Takeaways

Recall-based behaviors require the information being recalled to be in the training data repeatedly
o Eidetic memorization
o Fact learning

Model scaling may be inefficient

Refactoring models to reduce the need for recall

General Point: All model behaviors stem from the training data



Any Questions?

Email: nkandpa2@cs.unc.edu



