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GENERATE RATHER THAN RETRIEVE: LARGE LANGUAGE MODELS
ARE STRONG CONTEXT GENERATORS



Introduction

e Retrieve-then-read
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* Generate-then-read(GENREAD)
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GENREAD

* two main advantages

» generated contextual documents contain the correct answer more often than
the top retrieved documents

* outperforms directly generating answers from large language models

* recall performance does not scale as well with generated documents
—> clustering-based prompt method



GENREAD
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Zero-shot setting
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* Stepl : Generate
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 Step2 : Read
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* Prompt : Refer to the passage below and answer the following question.
Passage: {background placeholder} Question: {question placeholder}
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Supervised setting
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Diverse human prompt
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Clustering-based prompts

* seed (also correct)

* create prompt p, = "qcyidey; i i Gens Aen”
generate document d . with p. using a large language model.
sing a reader (e.g., FiD), with g and the diverse documents {d,, d-, ..., dy}, find answers a.

tep 2: Get embeddings, and |:|j

luster them by K-means.
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Figure 1: An overall framework of clustering-based prompting method. It leverages distinct question-
document pairs sampled from each embedding cluster as in-context demonstrations to prompt a large
language model to generate diverse documents, then read the documents to predict an answer.



Limitation
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