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Outline

ÅMotivation

ÅDrawbacks of Parametric LLMs ς ƘŀƭƭǳŎƛƴŀǘƛƻƴΣ ǾŜǊƛŦƛŎŀǘƛƻƴ Χ

ÅMotivating Retrieval-based LLMs ς close book vs open book

ÅMajor components of Retrieval-based LLMs  ς ƛƴŘŜȄΣ ǊŜǘǊƛŜǾŜΣ ǊŜŀŘ Χ

ÅRetrieval Methods ς sparse, dense, reranking, black-box

ÅREALM, RAG ς seminal works

ÅOverview of Training Techniques ς independent, sequential, joint training ... 

ÅLimitations ς lost in the middle, still hallucinating, retriever failures ...    
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Parametric LLMs
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Parametric LLMs ς amazing creative writers!
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Parametric LLMs ς Stellar performance in exams!

OpenAI ς GPT-4 Technical Report
https://arxiv.org/abs/2303.08774

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view 7
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Hallucinations in Parametric LLMs
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Core Limitations of Parametric LLMs

ÅHallucinations

ÅVerifiability issues

ÅCopyright issues

ÅKnowledge cut-offs

ÅLearning failures
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Parametric LLMs ς Training vs Test
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Closed Book vs Open Book Exams

Image source: http://arxiv.org/abs/2403.10131

Parametric LLMs Retrieval-based LLMs
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How to use the Book?
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Input

Output

LM

ÅOutput interpolations - After solving the 
question yourself?



kNN-LM(Khandelwalet al.2020)

Parametric distribution

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020. 27
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How to use the Book?
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Input

Output

LM

ÅOutput interpolations - After solving the 
question yourself?

ÅIntermediate fusion ï modify the LM 
architecture to be aware of the book?



Regular decoder

EMB

x1

x2

x3

ATTN FFN
HEAD

Transformers blocks (xL)

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021. 33



EMB

Decoder in R E T R O

EMB

x1

x2

x3

ATTN CCA FFN
HEAD

Chunked CrossAttention (CCA)

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.

RETRO blocks (xL)

E1 E2 E3
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How to use the Book?
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Input

Output

LM

ÅOutput interpolations - After solving the 
question yourself?

ÅIntermediate fusion ï modify the LM 
architecture to be aware of the book?

ÅInput augmentation (RAG) - Before you start 
solving?
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VSimply combine existing models 
available off the shelf!

VTools: LangChain; LlamaIndex
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Retrieval Methods

ÅSparse retrieval

ÅDocument-level dense retrieval

ÅToken-level dense retrieval

ÅCross-encoder reranking

ÅBlack-box retrieval (just ask Google/Bing)

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 49

https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf


Sparse Retrieval
ÅExpress the query and document as a sparse word frequency vector (usually 

normalized by length)

ÅFind the document with the highest inner-product or cosine similarity in the 
document collection

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 50
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Term Weighting (see Manning et al. 2009)

ÅSome terms are more important than others; Low-frequency words (NLP, 
Candy) are often more important than (ǘƘŜΣ ŀΣ ŦƻǊΣ ǘƘŜƴΣ ǘƘŜƳΧ)

ÅTerm frequency - in-document frequency (TF-IDF)

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf

ÅBM25: TF term similar to smoothed count-based LMS
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Two Issues with TFIDF

ÅWhat if document lengths are different

ÅShould it depend on length? How?

ÅTFIDF increases linearly with TF. Should it be linear?
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Term Weighting (see Manning et al. 2009)

ÅSome terms are more important than others; Low-frequency words (NLP, 
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Dense Embeddings

ÅEncode all documentsusing an LM and 
index them (one time task). Can use:

VOut-of-the-box embeddings. E.g. BERT

VLearned embeddings (covered later)

ÅAt test time:

ÁEncode Query

ÁUse Nearest Neighbor Search to find 
similar documents

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 60

https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf


Dense Embeddings

ÅEncode all documentsusing a LM and index 
them (one time task). Can use:

VOut-of-the-box embeddings. E.g. BERT

VLearned embeddings (covered later)

ÅAt test time:

ÁEncode Query

ÁUse Nearest Neighbor Search to find 
similar documents

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 61

https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf


Dense Embeddings

ÅEncode all documentsusing a LM and index 
them (one time task). Can use:

VOut-of-the-box embeddings. E.g. BERT

VLearned embeddings (covered later)

ÅAt test time:

ÁEncode Query

ÁFind similar documents

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 62

https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf


Query Text chunks

Inner Product Similarity

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.

Training Dense Embeddings

63

Query Encoder Doc Encoder

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view


Query Text chunks

Inner Product Similarity

L(q,p+, pϺ, pϺ,ȣȟpϺ)
1 2 n

= Ϻlog
exp(sim(q,p+))

exp(sim(q +, p )) + В
n

j=1
exp(sim( Ϻ

jq,p ))

Training Dense Embeddings

64

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

Query Encoder Doc Encoder

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view


Query Text chunks

Inner Product Similarity

L(q,p+, pϺ, pϺ,ȣȟpϺ)
1 2 n

= Ϻlog
exp(sim(q,p+))

exp(sim(q +, p )) + В
n

j=1
exp(sim( Ϻ

jq,p ))

Positive passage

Training Dense Embeddings

65

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

Query Encoder Doc Encoder

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view


Inner Product Similarity

L(q,p+, pϺ, pϺ,ȣȟpϺ)
1 2 n

= Ϻlog
exp(sim(q,p+))

exp(sim(q +, p )) + В
n

j=1
exp(sim( Ϻ

jq,p ))

Positive passage

Negative passages
Too expensive to consider all negatives!

Query Text chunks

8966

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

Training Dense Embeddings

Query Encoder Doc Encoder

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view


Query Text chunks

Inner Product Similarity

L(q,p+, pϺ, pϺ,ȣȟpϺ)
1 2 n

= Ϻlog
exp(sim(q,p+))

+exp(sim(q,p )) + В
n

j=1
exp(sim( Ϻ

jq,p ))

Contrastive learning

Training Dense Embeddings

67

Query Encoder Doc Encoder

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view


Query Text chunks

Inner Product Similarity

L(q,p+, pϺ, pϺ,ȣȟpϺ)
1 2 n

= Ϻlog
exp(sim(q,p+))

+exp(sim(q,p )) + В
n

j=1
exp(sim( Ϻ

jq,p ))

Positive

Negative

Positive

Negative

Contrastive learning

Training Dense Embeddings

68

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.

Slide source: https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view

Query Encoder Doc Encoder

https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view
https://drive.google.com/file/d/1YUpp7L1SCK6jgdfFObsqHKXrq6HC-TLp/view


Training Dense Embeddings

ÅSelect positive and negative documents, train using a contrastive loss

ÅDPR (Karpukhin et al. 2020): learn encoders based on a BM25 hard 
negatives and in-batch negatives.
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Training Dense Embeddings

ÅSelect positive and negative documents, train using a contrastive loss

ÅDPR (Karpukhin et al. 2020): learn encoders based on a BM25 hard 
negatives and in-batch negatives.

ÅContriever (Izacard et al. 2022): contrastive learning using two random 
spans as positive pairs - Unsupervised dense retrieval model.
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Independent Cropping in Contriever (Izacard et al. 2022)
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In 1997, Apple merged with NeXT, 
and Steve Jobs became CEO of 
his former company. He became 
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was largely responsibleé

Positives
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Dense Embeddings

ÅEncode all documentsusing a LM and index 
them (one time task). Can use:

VOut-of-the-box embeddings. E.g. BERT

VLearned embeddings (covered later)

ÅAt test time:

ÁEncode Query

ÁUse Nearest Neighbor Search to find 
similar documents

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 72

https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf


Dense Embeddings

ÅEncode all documentsusing a LM and index 
them (one time task). Can use:

VOut-of-the-box embeddings. E.g. BERT

VLearned embeddings (covered later)

ÅAt test time:

ÁEncode Query

ÁUse Nearest Neighbor Search to find 
similar documents

Slide source: https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf 73

https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf
https://phontron.com/class/anlp2024/assets/slides/anlp-10-rag.pdf


Approximate Nearest Neighbor Search
 Maximum Inner Product Search (MIPS)
ÅMethods to retrieve embeddings in sub-linear time
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Approximate Nearest Neighbor Search (MIPS)
ÅMethods to retrieve embeddings in sub-linear time
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Approximate Nearest Neighbor Search (MIPS)
ÅMethods to retrieve embeddings in sub-linear time

ÅSoftware: ANNOY (Spotify), FAISS
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Bi-Encoder Scoring
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Advantage: 
we create index offline (LSH, etc). 
Test time: we only encode the query

Disadvantage: 
(1) large document has 1 embedding.. 
(2)ƻƴƭȅ ƭŀǘŜ ŦǳǎƛƻƴΧ ōǳǘ ǿƻƴΩǘ ǎŎŀƭŜ 

if we mix at every step
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