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Tasks we used:

TriviaQA: Commonsense
Question Answering
WMT: Translation

MMLU: World knowledge
understanding

GSM8K: Math reasoning

Generalization v.s. Memorization:

Tracing Language Models’ Capabilities Back to Pretraining Data
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Distributional Generalization: the divergence between the LLM’s output distribution and the pretraining data distribution.
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Question (x)

The Large Magellanic Cloud is...

Answer (y)

A dwarf galaxy orbiting the Milky Way

English (x)

The reaction of the market to the
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Distributional Memorization: the correlation between the distribution of LLM outputs and the distribution of pretraining data.
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TriviaQA GSMEK
| Memorization Generalization Memorization Generalization
Generalization: discourage n-gram overlap Pythia (6.9B) 17 % 09 7 6% 7 87,
between prompt and prefraining Corpus. Pythia-Instruct (6.9B) 23.5% 23.2% 6.3% 7.3%
Pythia (12B) 28.7 % 23.2% 2.7% 2.8 %
Memorization: encourage n-gram overlap OLMo (7B) 36.4 % 29.8% 2.5% 3.1%
between prompt and pretfraining corpus. OLMo-instruct (7B) 29 % 10% 6.3% 7.9%

Table 1: Zero-shot accuracy on TriviaQA and GSMSK test set with memorization encouraged task prompt
(maximize counts) and generalization encouraged task prompt (minimize counts).
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