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Abstract
Scaling laws with respect to the amount of training data and the number of parame-
ters allow us to predict the cost-benefit trade-offs of pretraining language models
(LMs) in different configurations. In this paper, we consider another dimension of
scaling: the amount of data available at inference time. Specifically, we find that
increasing the size of the datastore used by a retrieval-based LM monotonically
improves language modeling and several downstream tasks without obvious satu-
ration, such that a smaller model augmented with a large datastore outperforms a
larger LM-only model on knowledge-intensive tasks. By plotting compute-optimal
scaling curves with varied datastore, model, and pretraining data sizes, we show
that using larger datastores can significantly improve model performance for the
same training compute budget. We carry out our study by constructing a 1.4 trillion-
token datastore named MASSIVEDS, which is the largest and the most diverse
open-sourced datastore for retrieval-based LMs to date, and designing an efficient
pipeline for studying datastore scaling in a computationally accessible manner.
Finally, we analyze the effect of improving the retriever, datastore quality filtering,
and other design choices on our observed scaling trends. Overall, our results show
that datastore size should be considered as an integral part of LM efficiency and
performance trade-offs. To facilitate future research, we open-source our datastore
and code at https://github.com/RulinShao/retrieval-scaling.
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Figure 1: Datastore scaling improves language modeling and downstream task performance.
Left: Datastore scaling performance on language modeling and a downstream task (MMLU) with
LLAMA-2 and LLAMA-3 models. Right: Compute-optimal scaling of retrieval-based language
models vs. LM-only models with PYTHIA models. By considering the size of the datastore as an
additional dimension of scaling, we can improve model performance at lower training cost.
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1 Introduction

The scaling of large language models (LMs) has driven tremendous performance gains across a variety
of tasks (Brown et al., 2020; Kaplan et al., 2020; Muennighoff et al., 2023). Current scaling laws are
primarily a function of the size of the pretraining data and the number of parameters (Hoffmann et al.,
2022; Muennighoff et al., 2023; Gadre et al., 2024). In this paper, we consider another dimension of
scaling: the amount of data in a datastore used atinferencetime by retrieval-based LMs, which can
directly retrieve information from the datastore to use in context when generating output (Karpukhin
et al., 2020; Guu et al., 2020; Izacard & Grave, 2020; Asai et al., 2024b).

Retrieval-based LMs have a range of bene�ts such as improved factuality (Mallen et al., 2023),
effective domain adaptation (Khandelwal et al., 2020), credit attribution (Gao et al., 2023), and
parametric ef�ciency (Min et al., 2023b). However, most prior work in retrieval-based LMs use
datastores constructed from a single data source (Karpukhin et al., 2020), such as Wikipedia, with
sizes on the order of a few billion tokens. While there has been some work on larger datastores
(Table 1), with the largest being RETRO (Borgeaud et al., 2022; Wang et al., 2024) in the trillion-token
range, these studies use proprietary datastores and custom architectures with a limited evaluation suite.
As such, it remains unknown how datastore scaling helps the currently dominant retrieval-in-context
approaches on a broad categories of tasks.

We �rst constructMASSIVEDS, a massively multi-domain datastore comprising 1.4 trillion tokens
of both general web data and domain speci�c data (§3.1) that serves as the cornerstone for our
scaling study. A key challenge in studying datastore scaling is the computational cost introduced
by building datastores with all possible combinations of factors such as the datastore scale, data
composition, random seed for subsampling, and different data preprocessing methods. To make our
study accessible, we design an ef�cient datastore construction pipeline that reduces the compute
needed by an order of magnitude while being equivalent to the standard pipeline (§3.2).

Using the proposed pipeline, we systematically evaluate the effects of scalingMASSIVEDS on
retrieval-based LMs with varying numbers of parameters and pretraining tokens (§4). Beyond
upstream language modeling, we also consider a suite of diverse downstream tasks, including general-
knowledge question answering (QA), domain-specialized QA, and reasoning tasks. We �nd that,
�rst, datastore scaling consistently improves both language modeling and some downstream tasks
in a task-dependent manner (Figure 1Left), much like the widely observed data and parameter
scaling trends. In fact, on knowledge-intensive tasks, a small retrieval-based LM can outperform
its larger LM-only counterparts. Second, since indexing a datastore is cheaper than training on the
same amount of data, retrieval-based LMs enable better compute-optimal scaling trends, where they
achieve superior performance than LM-only models at the same training cost (Figure 1Right).

Through our analyses (§5), we show that retrieval-based LMs are capable of automatically retrieving
documents that are in-domain to the query, which allows them to reap the bene�ts of larger, broader
datastores. In addition, data quality �lters and improved retrieval methods can further enhance our
observed scaling trends.

Overall, our results show that datastore size should be considered as an integral part of LM ef�ciency
and performance trade-offs. To spur future research, we open-sourceMASSIVEDS (including the raw
passages, the embedding, and the index) and all code (including our evaluation suite and pipeline for ef-
�ciently studying datastore scaling) athttps://github.com/RulinShao/retrieval-scaling .

2 Related Work

Retrieval-based LMs. Unlike parametric LMs that only use data during training, retrieval-based
LMs can access data through a datastore during inference (see Asai et al. (2024b) for a review). We
focus on retrieve-in-context language models (RIC-LMs), which retrieves a small set of documents
from the datastore and feeds a concatenation of them as an input to the LM (Ram et al., 2023; Shi
et al., 2023). The RIC-LM approach is simple and allows the use of off-the-shelf retrievers and LMs,
even with only black-box access.

Scaling the retrieval datastore.Prior work on retrieval-based LMs often focused on speci�c aspects
of LMs such as factuality and attribution. In addition, they typically use limited-size, single-domain
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Table 1:Comparison with prior work, ordered by datastore size. `# Tokens' indicates the number
of tokens in the datastore using theLLAMA 2 tokenizer (Touvron et al., 2023). The asterisk (*) denotes
that the datastore is not evaluated on downstream tasks.MASSIVEDS is the largest open-sourced
datastore and covers a broad spectrum of domains.

Reference # Tokens Data Sources Open sourced

ATLAS (Izacard et al., 2023) < 5B Wikipedia 7
REALM (Guu et al., 2020) < 5B Wikipedia 7
RALM (Ram et al., 2023) < 5B Wikipedia 3
SELF-RAG (Asai et al., 2024a) < 5B Wikipedia 3
REPLUG (Shi et al., 2023) 47B The Pile 3
RA-DIT (Lin et al., 2024) 79B Wikipedia, CommonCrawl 7
SPHERE (Piktus et al., 2022) 90B CCNet 3
RETRO++ (Wang et al., 2024) 330B* The Pile, CommonCrawl, RealNews, CC-Stories 7
INSTRUCTRETRO (Wang et al., 2024) 1.2T* Wikipedia, CommonCrawl, RealNews, CC-Stories, Books 7
RETRO (Borgeaud et al., 2022) 1.7T* MassiveText (Rae et al., 2022) 7

MASSIVEDS (Ours) 1.4T 8 domains, listed in Table 2 3

datastores such as Wikipedia, which is on the order of a few billion tokens (Table 1). Scaling
the datastore remains relatively underexplored, with two notable exceptions. First, Borgeaud et al.
(2022) proposed a new RETRO transformer architecture for retrieval-based LMs and built a 1.75
trillion token datastore sourced from the proprietary data introduced in Rae et al. (2022). However,
RETRO and its follow-up work,RETRO++(Wang et al., 2023) andINSTRUCTRETRO(Wang et al.,
2024), use this trillion-token datastore solely for language modeling evaluation, while using a small
task-speci�c Wikipedia datastore for downstream task evaluation. Since RETRO-based datastores are
not fully open-sourced, it is challenging to replicate work based on RETRO to assess the effectiveness
of datastore scaling. Second, Piktus et al. (2022) proposedSPHERE, an open-sourced 90 billion-token
datastore curated from CCNet (Wenzek et al., 2020). However, their evaluation on downstream
tasks such as KILT (Petroni et al., 2021) suggests thatSPHEREdoes not always outperform a small,
in-domain datastore like Wikipedia.

In contrast, we present the �rst study on the downstream performance of trillion-token scale datastores,
including an analysis of compute-optimal scaling trends using retrieval-based LMs with different
sizes of datastores, models, and pretraining corpora. Our work is fully open-source and can be
replicated on a limited computational budget, enabling research on trillion-token datastores to be
more broadly accessible.

3 MASSIVEDS and our Datastore Scaling Pipeline

3.1 MASSIVEDS: A Trillion-Token Datastore With a Diverse Domain Composition

Table 2: The domain-wise data composition ofMAS-
SIVEDS. RPJ denotesREDPAJAMA V1 (Computer,
2023), CC denotes Common Crawl, Wiki denotes
Wikipedia.

Domain Datasets Size (B)

BOOKS RPJ Books 26.3
STEM peS2o, RPJ ArXiv 97.7
ENCYCLOPEDIA DPR 2018 Wiki, RPJ 2022 Wiki 31.9
FORUM (Q&A) RPJ StackExchange 20.2
CODE RPJ Github 52.8
MATH OpenWebMath, NaturalProofs 14.1
BIOMEDICAL PubMed 6.5

GENERAL WEB RPJ CC (2019–2023), RPJ C4 1191.7

Total 1441.2

MASSIVEDS encompasses bothdomain-
speci�c data andgeneral webdata (Table 2).
Domain-speci�c data comes from special-
ized sources, and tends to be smaller but
higher in quality. We cull from a mix of data-
rich domains:bookswhich span a variety of
genres (Computer, 2023); open-accesssci-
enti�c papers (Lo et al., 2020; Soldaini &
Lo, 2023; Computer, 2023);encyclopedic
articles (Karpukhin et al., 2020; Computer,
2023);community questions and answers
from StackExchange (Computer, 2023);
codefrom GitHub (Computer, 2023);math-
ematical webpages(Paster et al., 2023)
andmathematical language(Welleck et al.,
2021); biomedical articles (of Medicine,
2023). On the other hand, general web data
is sourced from Common Crawl snapshots at �ve time periods (07/2019, 05/2020, 04/2021, 05/2022,
06/2023) and C4 (Raffel et al., 2020).
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Figure 2: Comparison between theM ASSIVEDS pipeline and a naive pipeline for studying
datastore scaling (§3.2).The green and red arrows indicate repeated operations. In the naive pipeline,
these operations are more expensive because they require repeating expensive steps such as rebuilding
the datastore index. In theMASSIVEDS pipeline, these operations are cheaper because they repeat
fewer steps and are only run on the retrieved top-K documents instead of the full datastore. Datastore-
level operations are represented by purple arrows, while document-level operations, repeated for
every query, are represented by black arrows.

3.2 Studying Datastore Scaling with the MASSIVEDS Pipeline

Studying datastore scaling requires constructing datastores of varying sizes and varying compositions
from the raw text corpus. This involves the following operations:data �ltering , including deduplica-
tion, decontamination, and quality �lters (Soldaini et al., 2024);data subsampling, which randomly
subselects ap-fraction of the text corpus to achieve the speci�ed size;indexing, which embeds the
data using an auxiliary model and builds a searchable index;document retrieval, which uses the
index to �nd the top-k relevant documents for each test query1; andtop-k evaluation, which uses
the top-k documents per test query to augment the retrieval-based model. A naive approach is to
run these operations in the aforementioned order for each datastore, and build separate datastores
for all combinations of subsampled datastore sizes, random seeds, and other experimental variations.
However, this naive approach is prohibitively expensive2 at the trillion-token datastore scale because
it repeats expensive operations, as shown in Figure 2 (top).

To make the datastore scaling study feasible, we develop theMASSIVEDS pipeline (Figure 2 bottom).
The key idea is to reorder the above operations such that the most expensive ones—indexing and
retrieval—are run only once at the start and then shared across all subsequent datastore variants.
Other operations with many variants—such as subsampling, deduplication, and decontamination—are
performed as late as possible to minimize repeating subsequent steps. To enable this, we �rst retrieve
a relatively large number (K � k) of documents for each query and then apply the subsequent
operations to these sets of retrieved documents, rather than the entire datastore. Altogether, this
pipeline reduces compute, I/O, and storage requirements by more than an order of magnitude, enabling
us to conduct the datastore scaling study on a modest compute budget. In Appendix A.5, we show
that the results from theMASSIVEDS pipeline are equivalent to the results from the naive pipeline
with high probability, where the randomness comes from the subsampling procedure. We provide
more details on the steps in theMASSIVEDS pipeline in Appendix A and detailed con�guration in
Appendix B.1.

Note on the number of tokens in the datastore. In our �gures, we plot the datastore size (on the
x-axis) by multiplying the total number of tokens in the raw data pool by the subsampling fractionp.
A more accurate representation would be the number of tokens in the �ltered data pool; however, we
do not know the size of the �ltered data pool as we apply data �ltering on the retrieved documents
instead of the raw data for computational ef�ciency. As a result, the number of tokens we plot on our
x-axis is proportionally larger, i.e., if apf fraction of the data is �ltered out (0 < p f � 1), then the

1Reranking is optionally applied, which reranks the retrieved documents based on a more effective but usually
more expensive heuristic (Nogueira & Cho, 2019; Sachan et al., 2022).

2The operations involved in the naive pipeline are expensive in terms of FLOPs, I/O operations, and storage
due to repetitive index construction and large-scale retrieval.

4



Figure 3:Scaling performance on upstream and downstream tasks withM ASSIVEDS, in com-
parison with LM-only performance. Left: Perplexity (PPL) scaling performance onREDPAJAMA
(multi-domain pretraining corpus) andS2ORC(scienti�c papers). Right: Downstream scaling
performance on TriviaQA (TQA), Natural Questions (NQ), MMLU, and MedQA.

actual number of tokens should also be multiplied bypf . Since we plot datastore size on a log axis,
this corresponds to a constant shift and does not change the scaling trends.

4 Datastore Scaling with Retrieval-Based Language Models

4.1 Experimental Setup

Model details. Following prior work (Izacard et al., 2023; Liu et al., 2023; Ram et al., 2023; Shi
et al., 2024; Xu et al., 2023; Asai et al., 2024a), we useCONTRIEVER-MSMARCO (Izacard et al.,
2022), which represents every document in the datastore as a dense vector, as our retriever. We
ablate the choice of retriever in Appendix E.1; we found thatCONTRIEVER-MSMARCO performs
on par with, or even better than, more recent larger retrievers. We augment input examples with
retrieved documents at the granularity of 256-word chunks. We study datastore scaling perfor-
mance with theLLAMA -2, LLAMA -3 (Touvron et al., 2023),PYTHIA (Biderman et al., 2023), and
OLMO (Groeneveld et al., 2024) model families.

Evaluation. We consider both language modeling and downstream tasks for evaluation. We
evaluate language modeling perplexity on data from two domains: (1) general web data sampled
from REDPAJAMA (Computer, 2023); (2) scienti�c paper data sampled fromS2ORC(Lo et al.,
2020). For downstream tasks, our evaluation encompasses general-knowledge, medical, math, and
science domains including the following tasks. TriviaQA (TQA; Joshi et al. 2017) comprises trivia
questions with answers sourced from Wikipedia and the web. Natural Questions (NQ; Kwiatkowski
et al. 2019; Lee et al. 2019) comprises search engine queries and human-annotated answers from
Wikipedia. Massive Multitask Language Understanding (MMLU ; Hendrycks et al. 2021) comprises
general-purpose, multi-task reasoning questions.MedQA (Jin et al., 2020) comprises medical
multiple-choice questions sourced from professional medical exams.

Implementation details. For evaluation with retrieval, we concatenate the topk = 3 documents in
reverse order, so that higher-ranked documents are positioned closer to the query. For downstream
tasks, we evaluate models via 5-shot prompting, and we prepend the retrieved documents before the
few-shot examples, followed by the question. We do not apply reranking for our main experiments in
Section 4; we study the effect of rerankers in Section 5.2. More details, including decontamination
measures, are in Appendix B.

4.2 Datastore Scaling Results on Language Modeling and Downstream Tasks

Finding 1: Datastore scaling signi�cantly helps language modeling. Figures 3(a) and (b) show
perplexity curves as a function of datastore size on general web and scienti�c papers, respectively.
Retrieval is strictly bene�cial for language modeling: the LM-only baselines (denoted by dashed lines)
show the highest perplexity across all models and evaluation datasets. Scaling up the datastore reduces
perplexity without signs of saturation, suggesting that further scaling is likely to yield additional
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Figure 4:Compute-optimal scaling curves for retrieval-based and LM-only models of varying
datastore sizes, model sizes, and pretraining corpus sizes (detailed setup in §B.4).Darker green or
pink indicate larger model sizes forPYTHIA andOLMO respectively; crossmarks in matching colors
represent the same model size trained with varying numbers of tokens; each crossmark corresponds
to a datastore scaling curve of lined dots similar to the ones in Figure 3. The Pareto-optimal points
are highlighted in red for retrieval-based LMs and blue for LM-only. Within a �xed computational
budget (represented on the x-axis), retrieval-based LMs achieve superior performance, which remains
unsaturated along the datastore scaling dimension. Pythia models do not exhibit meaningful scaling
curves on MMLU and MedQA that require advanced reasoning abilities.

improvements. Further, datastore scaling enables small models to outperform their larger LM-only
counterparts: when retrieving fromMASSIVEDS at the largest scale,LLAMA -2 7B outperforms the
LM-only performance of its largerLLAMA -2-13B counterpart. Interestingly, we �ndLLAMA -3 8B
underperformsLLAMA -2 7B on RedPajama. This aligns with the observations in Xiao et al. (2023)
and we discuss potential reasons in Appendix D.

Finding 2: Datastore scaling improves performance on several downstream tasks, and the degree
of improvement is task-dependent. Figure 3(c)–(f) show the performance on four downstream
tasks as a function of datastore size. Datastore scaling brings major improvements to knowledge-
intensive question answering tasks such as NQ and TQA, where retrieval-based LMs signi�cantly
outperform LM-only baselines across all scales, and performance monotonically increases with
datastore scale. For instance, aLLAMA -2 7B model that retrieves from fewer than 100B tokens can
outperform both its 13B LM-only counterpart and the more capable LM-onlyLLAMA -3 8B on TQA
and NQ, indicating the effectiveness of storing knowledge in the datastore.

On MMLU, a multi-subject, reasoning-heavy benchmark, datastore scaling monotonically improves
performance across all model scales. Results are more mixed for MedQA, where only the weaker
LLAMA -2 7B bene�ts more from datastore scaling. For both tasks, datastore scaling does not help
the smaller model do better than the larger model. We suspect that this is due to task dif�culty and
the lack of in-domain data sources: both MMLU and MedQA are more oriented toward reasoning
rather than pure factual recall, which poses bigger challenges for both the retriever and the LM.
Additionally, MASSIVEDS only contains a small subset of web data and medical papers which may
not cover all necessary information to answer these questions. We defer to future work to explore
better data sources for these tasks.

4.3 Compute-Optimal Scaling with Retrieval-Based Language Models

Next, we study performance as a function of total training-time compute and show that retrieval-based
LMs achieve superior compute-optimal performance compared to LM-only models.

6


	Introduction
	Related Work
	MassiveDS and our Datastore Scaling Pipeline
	MassiveDS: A Trillion-Token Datastore With a Diverse Domain Composition
	Studying Datastore Scaling with the MassiveDS Pipeline

	Datastore Scaling with Retrieval-Based Language Models
	Experimental Setup
	Datastore Scaling Results on Language Modeling and Downstream Tasks
	Compute-Optimal Scaling with Retrieval-Based Language Models

	Analysis
	Effects of Data Composition
	Effects of Reranking
	Effects of Datastore Filtering

	Limitations and Discussion
	Datastore Construction Pipeline
	Distributed Indexing
	Distributed Document Retrieval
	Domain Merging
	Data Filtering and Reranking
	Data Subsampling
	Evaluation

	Implementation Details
	Pipeline
	Language Modeling Evaluation Setup
	Downstream Evaluation Setup
	Compute-Optimal Scaling Setup

	Complete Datastore Scaling Results
	Discussion on the Inferior Llama-3 PPL Performance on RedPajama Data
	Additional Analysis
	Ablation on the Retriever
	Effect of Data Quality Filtering


