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In-Context Retrieval-Augmented Language Models



In-Context RALM
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Retrieval-Augmented Language Modeling
(RALM) system

* Document selection : selecting the set of documents upon which to
condition

* Document reading : determining how to incorporate the selected
documents into the LM generation process
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Figure 2: An example of In-Context RALM: we simply prepend the retrieved document before the input prefix.



Datasets & Models

* 5 datasets
* WikiText-103 (Merity et al., 2016)
* RealNews (Zellers et al., 2019)
* from The Pile (Gao et al., 2021): ArXiv, Stack Exchange and FreeLaw

* Models
* four models of GPT-2 (110M- 1.5B)
* three models of GPTNeo and GPT-J (1.3B—-6B)
* eight models of OPT (125M—-66B)
* three models of LLaMA (7B—33B)



Framework
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RALM Design Choice

* Retrieval Strides (s)
e F Xt r2ZFEBER > TEIE S U tokeniE - &7
* K%Hﬁ ol m’iﬁ =

* Retrieval Query Length (1)
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Perplexity

Perplexity

Results
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Table 2: The performance of models from the
LLaMA family, measured by word-level perplexity
on the test set of WikiText-103.
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Results
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Figure 6: An analysis of perplexity as a function
of the number of tokens in the query ¢ for BM25
on the development set of WikiText-103. In the
appendix, we show similar trade-offs for dense
retrievers within WikiText-103. Throughout the
paper, we use a query length of ¢ = 32 tokens.
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For dense retriever, retrieval query length(l)=64 was optimal



Results
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Figure 3: The performance of four off-the-shelf
retrievers used for In-Context RALM on the de-
velopment set of WikiText-103. All RALMSs are
run with s = 4 (i.e., retrieval is applied every four
tokens). For each RALM, we report the result of
the best query length ¢ (see Figures 6, 9, 10).
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Figure 5: An analysis of perplexity as a function
of s, the retrieval stride, i.e., the number of tokens
between consecutive retrieval operations, on the
development set of WikiText-103. Throughout the
paper, we use s = 4 to balance perplexity and
runtime.

LM performance improved as the
retrieval operation became more
frequent



Improving In-Context RALM

* LM-Oriented Reranking
o TATEE K6 7 BIE v o r/igﬁﬁ,gﬁ B5 N4 v F
s R ETHARTRIFE R A 2 LA R g B R
. 3,
. PRCARBSGEA R Y e R AP B 2 A
friz - 18 LM% \Eﬁb?i}%xifﬁ}f:”%#kﬁﬁ
TEE D ANILMaTEmL EATEAE N EEEFLERR O T ER

v \j?\ GF- PR\

B A o -



Zero-Shot Rerankers
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Predictive Reranking
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Results

Table 1: Perplexity on the test set of WikiText-103, RealNews and three datasets from the Pile.

WikiText-103 RealNews ArXiv Stack Exch. FreeLaw
Model Retrieval Reranking

word ppl token ppl  token ppl token ppl token ppl

— — 37.5 21.3 12.0 12.8 13.0

BM25§5 - 29.6 16.1 10.9 11.3 9.6

GPT-2S  pM2S  Zero-shot §6.1 28.6 155 10.1 10.6 8.8

BM25 Predictive §6.2 26.8 — — — —

— - 26.3 15.7 0.3 8.8 9.6

BM25§5 - 21.5 12.4 8.6 8.1 7.4

GPT-ZM  py\pds  Zero-shot §6.1 20.8 12.0 8.0 7.7 6.9

BM25 Predictive §6.2 19.7 — — — —

— - 22.0 13.6 8.4 8.5 8.7

BM25§5 - 18.1 10.9 7.8 7.8 6.8

GPT-2ZL  pypds  Zero-shot §6.1 17.6 10.6 7.3 7.4 6.4

BM25 Predictive §6.2 16.6 — — — —

— — 20.0 12.4 7.8 8.0 8.0

BM25§5 - 16.6 10.1 7.2 7.4 6.4

GPT-2XL  prDS  Zero-shot §6.1 16.1 9.8 6.8 7.1 6.0

BM25 Predictive §6.2 15.4 — — — —

Sparse BM25 retriever
Retrieval query length(l)=32
Retrieval strides(s)=4
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