
Retrieval-based LMs
• Improving language models by retrieving from trillions of tokens
• Scaling Retrieval-Based Language Models with a Trillion-Token Datastore
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Motivation

● Expensive to train and deploy large models and scale them

● Scaling up model parameters hits compute + memory bottlenecks

● LLMs must memorize factual or rare information in their weights, which is 
inefficient and hard to update

● LLM must be retrained from scratch when new facts emerge
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What is test-time data
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Training:

Training data

Model



What is test-time data
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Inference (w/o test-time data):

Training data Answer

Question

Model



What is test-time data
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Inference (w/o test-time data):

Training data Answer

Question

Model

Limitations:
1. Difficult to attribute/verify the data source;
2. The model can hallucinate a lot on long-tail knowledge;
3. Difficult to update with new knowledge.



What is test-time data
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Inference (w/ test-time data):

Training data Answer

Question

Model

Extra data



What is test-time data
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Inference (w/ test-time data):

Training data Answer

Question

Model

Extra data

Advantage:
1. Supplement knowledge that wasn’t learnt 

during training;
2. Easy to update with new knowledge;
3. Provide accurate data attribution.



What is test-time data
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Inference (w/ test-time data):

Training data Answer

Question

Model

Extra data

In this work…

A Datastore

Retrieve-then-read

(Note: the cost to construct a datastore is usually 
considered as a training cost)



Why scaling test-time data?
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Why scaling test-time data?
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● Standard scaling dimensions:

○ Num. Parameters

○ Num. Training Tokens



Why scaling test-time data?
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1. Training tokens; 
2. Model size.

Scaling
1. Training tokens; 
2. Model size;
3. (New) Data used at 

inference.



Prior Work

13

 



Prior work: Question Answering with DrQA
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Combined Document Retriever (bigram hashing, TF-IDF) + Document Reader 
(multi-layer bidirectional LSTM) to identify potential answer spans in the document

Reading Wikipedia to Answer Open-Domain Questions (https://arxiv.org/pdf/1704.00051) April 2017

https://arxiv.org/pdf/1704.00051


Prior work: REALM (Retrieval Augmented LM Pretraining)
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Jointly learn to retrieve + read relevant documents from a large corpus during 
pre-training → dynamically access external knowledge instead of storing in parameters.

REALM: Retrieval-Augmented Language Model Pre-Training (https://arxiv.org/pdf/2002.08909) February 2020

https://arxiv.org/pdf/2002.08909


Prior work: RAG (Retrieval Augmented Generation)
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Combine pre-trained neural retriever + sequence-to-sequence generator so the 
model can fetch relevant documents

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks (https://arxiv.org/pdf/2005.11401) April 2021

https://arxiv.org/pdf/2005.11401


Improving Language Models by 
Retrieving from Trillions of Tokens
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Overview of RETRO
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Overview of RETRO
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Components of RETRO
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Chunking: Split input text into 
chunks of 64 tokens

Retriever: Frozen BERT Encoder to 
embed chunks + retrieve nearest 
neighbors

Encoder: Re-encode retrieved 
chunks

Cross-Attention: LM attends to 
retrieved representations



RETRO: Training Dataset
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MassiveText (multilingual):

● 5 trillion tokens
● Web 55%, Books 25%, News 10% …
● Vocabulary: 128K tokens

Retrieval DB: 

● 600B tokens (training)
● 1.75T tokens (evaluation)



Sequence of 2048 tokens split into 
64 token chunks

Ret(Cu): For a chunk Cu retrieve k 
nearest neighbors

Likelihood: Autoregressive 
log-likelihood conditions on 
previous chunks and retrieved sets.

Sampling: Retrieval via SCaNN at 
each chunk; preserves 
beam/sample efficiency

RETRO: Retrieval-Enhanced Autoregressive Models 
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RETRO: Nearest Neighbor Retrieval
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Memory is a key-value DB:

● Keys: Frozen BERT embeddings of 
neighbor chunks

● Values: [N, F] pairs (neighbor, 
continuation)

Search: Approx kNN via SCaNN in 
O(log(T)): 10ms on 2T tokens

Output: Neighbor and its 
continuation (length 64 tokens)



RETRO: Model Architecture (1 of 2)
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The Retrieval Encoder:

● Bidirectional transformer

● Processes retrieved neighbor to 
create encoded neighbor (E)

● Conditioned on main modelʼs 
activations



RETRO: Model Architecture (2 of 2)
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Every third block (starting from block 6 in smaller 
models) is a RETRO block: 9, 12, 15, …32

Standard Transformer block:

Input → Self-Attention → Feed-Forward → 

Output

RETRO-block:

Input → Self-Attention → Chunked 

Cross-Attention (CCA) → Feed-Forward → 

Output



RETRO: Chunked Cross Attention
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● Split activations into “attending 
chunks” (contain last token of 1 
chunk, 63 of next chunk)

● Each attending chunk looks at 
(cross-attends to) encoded 
neighbors of PREV chunk

● Helps maintain causality (retrieve 
information from chunks already 
seen)



RETRO: Chunked Cross Attention
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Chunk 1 (C1): [1–64]

Chunk 2 (C2): [65–128]

…

Attending Chunk 1: [64–127] 
(looks at neighbors of chunk 1 (E1))

Attending Chunk 2: [128–191]
(looks at neighbors of chunk 2 (E2))



Experiments: Datasets and Metrics

28

Datasets:

● C4: Web text corpus
● Wikitext103: Wikipedia articles
● Curation Corpus: Summaries of news articles
● Lambada: Predict last word of passage
● The Pile: Diverse collection of 22 text sources
● Wikipedia Sept 2021: Articles written AFTER 

training (ensures no data leakage) 

Metrics:

● Bits-per-byte (bpb): Lower is better - 
measures how well model compresses text

● Perplexity: Lower is better - measures how 
"surprised" the model is by the text

● Accuracy: For Lambada, percentage of 
correct final word predictions

Baseline model:

● Decoder-only model with no retrieval
● 132M, 368M, 1.3B, 7B
● Same training data, schedule, hyperparameters, 

optimizations

Compare with:

● Baseline
● RETRO [OFF]
● RETRO [ON]



Performance v/s Dataset Leakage
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Evaluating on data that is also part of the training set:

● Is the model just memorizing?

Solution: For each eval chunk:

● find its closest training neighbors 
● measure the longest common substring

This gives a "leakage score" from 0 (completely new) to 1 (exact copy).



Performance v/s Dataset Leakage
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Experiments: Model Scaling
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Q: Does RETRO help small and 
large models scale equally?

(A) Improved perf across all 
model sizes

(B) Gains don’t diminish as 
models get bigger

(C) RETRO performs at par 
with 10x larger baseline



Experiments: Model Scaling
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Dataset-specific observations:

● Biggest gains: Wikitext103 (Wikipedia is in the retrieval DB)
● Smallest gains: Curation Corpus (news summaries not present in DB)
● Wikipedia Sept 2021: RETRO helps on articles written after training!



Experiments: Model Scaling
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● RETRO 7.5B outperforms Jurassic-1 on most test sets despite being 25× smaller
● RETRO is competitive with Gopher (280B) on many datasets
● Fails on: dm_mathematics and ubuntu_irc (retrieved neighbors probably not helpful)



Experiments: Data Scaling
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Q: Does having more data in the 
retrieval DB help?

Yes! Performance dramatically 
improves as DB size increases from 4B 
(Wikipedia only) to 1.75T (MassiveText)



Experiments: Retro-fitting Models
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1. Take pre-trained transformer
2. Freeze all weights 
3. Add new components: 

a. Retrieval encoder
b. chunked cross-attention 

layers
4. Train only new weights 

(< 10% of total parameters)
5. Train on 3% of original training 

data



Experiments: Question Answering
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● RETRO is competitive with methods like DPR, RAG
● RETRO underperforms FiD (which uses T5 

encoder-decoder architecture). Why?
○ RETRO uses frozen BERT retriever; not learning 

which documents are most useful for task
○ FiD: retrieval is jointly trained to align better with 

QA task
○ RETRO’s retrieved neighbors may be 

semantically related but not always directly useful 
for answering a specific question 



RETRO: Summary
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Scaling Retrieval-Based Language Models 
with a Trillion-Token Datastore
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What is test-time data?
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What is test-time data?
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Training:

Training data

Model



What is test-time data?
Inference (w/o test-time data):
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Training data Answer

Question

Model



What is test-time data?
Inference (w/o test-time data):

42

Limitations:
1. Difficult to attribute/verify the data source;
2. The model can hallucinate a lot on long-tail knowledge;
3. Difficult to update with new knowledge.

Training data Answer

Question

Model



What is test-time data?
Inference (w/ test-time data):
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Training data Answer

Question

Model

Extra data



What is test-time data?
Inference (w/ test-time data):
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Training data Answer

Question

Model

Extra data

Advantage:
1. Supplement knowledge that wasn’t learnt 

during training;
2. Easy to update with new knowledge;
3. Provide accurate data attribution.



What is test-time data?
Inference (w/  test-time data):
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Training data Answer

Question

Model

Extra data

In this work…

A Datastore

Retrieve-then-read

(Note: the cost to construct a datastore is usually 
considered as a training cost)



Why scaling test-time data?
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● Standard scaling dimensions:

○ Num. Parameters

○ Num. Training Tokens
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Why scaling test-time data?
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1. Training tokens; 
2. Model size.

Scaling
1. Training tokens; 
2. Model size;
3. (New) Data used at 

inference.
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Why scaling test-time data?



Scaling retrieval-based Language Models
MassiveDS: a 1.4 trillion-token datastore
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● Prior work on retrieval-based models focus on small-scale datastores



Scaling retrieval-based Language Models
MassiveDS: a 1.4 trillion-token datastore
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● RETRO only studied datastore scaling performance on perplexity; the 
datastore wasn’t open-sourced.



Scaling retrieval-based Language Models
MassiveDS: a 1.4 trillion-token datastore

● This work: fully open-sourced; study datastore scaling on both perplexity and 
downstream tasks.
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Scaling retrieval-based Language Models
MassiveDS: a 1.4 trillion-token datastore

● The data composition of MassiveDS.
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Results: datastore scaling on language modeling
Scaling retrieval-based Language Models
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Results: datastore scaling on language modeling
Scaling retrieval-based Language Models
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Results: datastore scaling on downstream tasks
Scaling retrieval-based Language Models



Results: datastore scaling on downstream tasks
Scaling retrieval-based Language Models
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Results: datastore scaling on downstream tasks
Scaling retrieval-based Language Models

57



• Indexing the datastore takes compute at training time
• Is it worth spending FLOPs to index the datastore vs. do more 
pretraining?

Results: compute-optimal scaling
Scaling retrieval-based Language Models
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Results: comparison with single-domain datastores
Scaling retrieval-based Language Models
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Results: comparison with single-domain datastores
Scaling retrieval-based Language Models
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Results: comparison with single-domain datastores
Scaling retrieval-based Language Models
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Results: comparison with single-domain datastores
Scaling retrieval-based Language Models
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Results: comparison with single-domain datastores
Scaling retrieval-based Language Models
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Discussion and future directions
Scaling retrieval-based Language Models

• Relationship with long-context modeling: consider retrieval as an extreme 
approximation form of long-context attention.

LongNet, Ding. et al., 2023
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Discussion and future directions
Scaling retrieval-based Language Models

• Relationship with long-context modeling: consider retrieval as an extreme 
approximation form of long-context attention.

MassiveDS (1T)��

There are a few works 
discussing RAG v.s. long-context 
models:
- [Long-context LM wins] Can 

Long-Context Language 
Models Subsume Retrieval, 
RAG, SQL, and More? By 
Google

- [RAG wins] Long Context RAG 
Performance of LLMs. By 
Databricks

LongNet, Ding. et al., 2023
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Discussion and future directions
Scaling retrieval-based Language Models

• Relationship with test-time scaling [1,2]: scaling datastore could be viewed as 
another way to do test-time scaling (with extra budget needed for datastore 
construction)

[1] Snell, Charlie, et al. "Scaling llm test-time compute optimally can be more effective than scaling model parameters." arXiv preprint arXiv:2408.03314 (2024).
[2] https://openai.com/index/introducing-openai-o1-preview/
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Discussion and future directions
Scaling retrieval-based Language Models

• Efficiency aspects:

• Datastore construction

• Online serving
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Discussion and future directions
Scaling retrieval-based Language Models

• How to make retrieval-based models helpful for reasoning-heavy tasks



Critiquing Retrieval-based LMs
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Siddharth Gollapudi and Qiuyang Mang



Story so far

1. Retrieval/kNN distills information for LM in sublinear time
2. RBLMs make for a great example of test-time scaling
3. Most benchmarks see improved performance as the data store is 

scaled up

BUT

4. Reasoning performance?
5. Is retrieval the right tool for the problem?
6. Safety?
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Reasoning performance with/without datastores

73Geng, et al.



Retrieval Quality is a problem

1. The actual retrieval data structure is essentially a black box
2. The encoder is not trained for retrieval wrt complex tasks
3. Blindly scaling the token store might not be everything
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Issue 1: ANN as a blackbox

1. Picking the right algorithm/data structure for the data distribution
2. Better worst case guarantees for tail-distributed embeddings

75Geng, et al.



Issue 2: Encoder not trained for complex tasks

- Semantic similarity issues, e.g. supermarket giant vs largest supermarket

76
Geng, et al.



Embedding similarity is not good enough
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Given a {product_description}, find potential customs. 

The text with highest similarity will be other products with the similar 

type / descriptions.



The Precision–Recall Tradeoff Is Dangerous (1)

Recall may be more important than precision in retrieval design!

1. LLM often can filter most of irrelevant chunks.

2. Context length goes longer and longer.

3. Finding useful chunks typically is a “needle-in-a-haystack” task
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The Precision–Recall Tradeoff Is Dangerous (2)
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Issue 3: Scaling the token store isn’t everything? 

1. CompactDS keeps high quality data while maintaining diversity
2. Bonus: uses a second stage ENN to push end recall
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ReasonIR Reasoning Perf.
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Example ReasonIR Data
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Proponent of
Retrieval-based LMs
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Sanjay Adhikesaven and Junyi Zhang



The Breakthrough: A New, Efficient Scaling Paradigm

● The Core Problem: Scaling Language Models via parameters alone is computationally expensive, inefficient for 
storing knowledge, and difficult to update.

● The RETRO Solution: Decouple knowledge from computation. RETRO enhances a smaller language model by 
giving it access to a massive external memory—a 2 trillion token database.

● Strong Result: RETRO achieves performance comparable to models 25x larger (like GPT-3 and Jurassic-1) on The 
Pile benchmark.
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Why Retrieval Scaling Matters

- We can scale 
knowledge at 
inference, not just 
params/train 
tokens

- MassiveDS (1.4T) is 
open and diverse

85

Bigger datastores → 
monotonic gains 

across tasks

For same training 
budget, retrieval-based 

LMs beat LM-only



Quality vs Quantity: Quantity is Required

- MassiveDS outperforms single-domain stores across tasks 
- Quantity and diversity reduce tail-misses, having a strong 

multi-domain dataset is required before curation
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Elegant Design for Trillion-Token Scale

● Key to Scalability: Frozen kNN 
Retriever: RETRO uses a frozen 
pre-trained BERT to create the database 
index. 

● Efficient Integration: Chunked 
Cross-Attention (CCA): Information from 
retrieved neighbors is integrated efficiently. 
To maintain causality, tokens in the current 
chunk attend to neighbors retrieved for the 
previous chunk.

● Practical Innovation: "RETRO-fitting": 
Any pre-trained Transformer can be rapidly 
upgraded with retrieval capabilities. 
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Empirical Proof and Lasting Impact

- Clear Scaling Laws: The RETRO paper demonstrates that performance consistently improves with:

Model size (from 172M to 7.5B parameters). Retrieval database size (up to ~2 trillion tokens). Number of retrieved neighbors at inference time.

- Not Just Memorization: A novel "leakage analysis" proves that gains are not just from copy-pasting. RETRO still outperforms 
baselines significantly even on evaluation chunks with minimal overlap (<8 continuous tokens) with the training data.

- Proven Generalization: RETRO shows consistent gains on a dataset of Wikipedia articles written in September 2021—months 
after the training data was collected—proving it can leverage its knowledge base for new, unseen topics.
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MassiveDS: Retrieval Scaling Works
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Reasoning gains are model dependent
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- Retrieval helps when the LM is capable and the datastore covers the domain 
- For instance, Pythia-12B on MMLU/MedQA shows little benefit → this is a 

capability/data issue and isnʼt an issue with retrieval


