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Approximate kNN with Index Structure
•  
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Motivation

Graph Index Generation
•  
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Graph Index Generation Algorithm 

Vamana
•  
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RobustPrune
Motivation: The edges are randomly generated, and they have to 
be updated 
Idea: The nodes that were visited during the GreedySearch are 
ones that are relatively close to that point.
Update a node’s edges using the visited nodes.
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kNN Search Algorithm

GreedySearch
•  
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Experiment

Latency vs Recall 
• Vamana matches and exceeds the then-current best ANN 

methods
• Competitors

• NSG
• HNSW
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Recap

Language Modeling
•  

   

Jim is a boy

 

Language Model

Jim is a
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Recap

Retrieval Augmented Generation
Motivation: Traditional language models rely only on parametric knowledges which are
• hard to fine-tune
• hard to explain (e.g., why is this output generated?)

Idea: Retrieve, then generate
• A retriever retrieves query-relevant documents from a corpus (i.e., database 

containing text)
• A reader generates the output based on the query and the retrieved results
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Problem Description
•  
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Preliminaries
• Transformer

• Self-Attention
• Cross-Attention
• BERT

• k-Nearest Neighbor Search (kNN Search)
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Motivation for RETRO

Larger Model & Larger Corpus
•  

Retriever Reader

query

corpus

answer

query-related documents
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Problems of Existing Works (as of 2022)

•  
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RETRO Overview
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Recap: Transformer Architecture
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Embedder
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Token-Level RAG
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Token-Level RAG

Token Generation

19BERT
BERT

       

Embedder

kNN Searcher

Self Attention Layer

Cross Attention Layer

Transformer Encoder

Key vectors

Value vectors

Query vectors

 

Transformer Decoder

Retriever

Reader

Inference time



Problem 1: 

Recurrent Retrieval
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Key Idea 1: 

Chunking Tokens

21BERT
BERT

       

Embedder

kNN Searcher

 

Self Attention Layer

Cross Attention Layer

Transformer Encoder

Chunk = a fixed-size sequence of tokens

• Retrieve documents from the corpus every 
time a new chunk is being decoded.

• The documents within the corpus are split 
into fixed-sized chunks also.

Inference time



Key Idea 1: 

Chunking Tokens
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Key Idea 1: 

Chunking Tokens
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Cross Attention Layer

Problem 2: 

Cross Attention Cost
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Chunked Cross Attention Layer

Inference time

Idea: Perform cross attention in a chunk-wise manner.

Decoding chunk size = 4
Document chunk size = 3

 

 



Key Idea 2: 

Chunked Cross Attention
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Chunked Cross Attention Layer
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Problem 3: 

Corpus Re-embedding Cost in Training

26BERT
BERT

       

Embedder

kNN Searcher

               

Self Attention Layer

Chunked Cross Attention Layer

Transformer Encoder

Training time

Backpropagation
per token



27BERT
BERT
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Problem 3: 

Corpus Re-embedding Cost in Training
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RETRO Overview (Revisited)
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Experiments
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Experiment Objectives
• Language modeling accuracy comparison: does RETRO outperform the SOTA models in the language 

modeling task?

• Question-answering accuracy comparison: does RETRO outperform the SOTA models in the question-
answering task?

• Parameter sensitivity (model size): does RETRO’s language modeling accuracy increase as the size of its 
model increases?

• Parameter sensitivity (corpus size): does RETRO’s language modeling accuracy increase as the size of 
the corpus increases?
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Experiment Settings
Datasets

• Language modeling accuracy
• The Pile (Gao et al., 2020)

• Question-answering accuracy
• Natural Questions

• Parameter sensitivity
• Lambada (Paperno et al., 2016)
• Curation Corpus (Curation, 2020)
• Wikitext103 (Merity et al., 2017)
• Wikipedia
• C4 (Raffel et al., 2020)

32

Competitors

• Retriever-reader models
• SPALM
• kNN-LM
• REALM
• DPR
• RAG

• Reader-only models
• Jurassic-1
• Gopher
• Adapt. inputs
• Megatron

Metrics

• Language modeling task
• Bits-per-byte (bpb)
• Perplexity
• Accuracy

• Question-answering task
• accuracy



Language Modeling Accuracy 

• RETRO 7.5B outperforms Jurassic-1 and Gopher on a majority of the test sets.

• On the dm_mathematics and ubuntu_irc, RETRO model underperforms both the 7B 
baseline and Jurassic-1.
• The authors hypothesized that the retrieved neighbors on these sub-datasets are not helpful
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Dataset: The Pile
Competitors:
• Jurassic-1
• Gopher



Question-Answering Accuracy 

• RETRO is competitive with previous approaches such as REALM, RAG and 
DPR.

• Underperforms FID
• FID uses T5’s encoder-decoder structure and pre-training objective, which leads to 

a model that relies more on the encoder output.
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Natural Questions:
Answer span detection 
task benchmark



Parameter Sensitivity

Model Size
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e) C4 eval bpb

• Compares language modeling quality for RETRO models with varying 
model size.
• Performed on 5 datasets with differing metrics



Parameter Sensitivity

Corpus Size
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Number of retrieved documents per decoding 
chunk

C
4
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• Compares language modeling quality for RETRO models with varying 
corpus size.
• Performed on C4 only with bpb


