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Burning 20 watts between our ears
•We cannot afford to…
•…read Wikipedia 
end-to-end

•…incorporate 
WikiData into our 
neurons

•…hallucinate (much)
•…model universe as 
only token sequences

•…mix instructions and 
data



Retrieval in the age of generative AI

Retrieval from trusted sources 
remains a cornerstone of 
hallucination mitigation 
strategies
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Brief history of retrieval

Discrete word-based ‘lexical’ 
indices based on inverted 
lists, super optimized for 
billions of documents, but  
suffering from “lexical gap”

‘Semantic’ indices built upon 
word (and audio, image, video, 

etc.) embeddings, based on 
locality sensitive hashing, vector 
databases, hierarchical search 

networks

‘BC’ ‘AD’
~2013

word2vec, 
GloVE

Inverted 
indexing

Distributional 
vectors

LSI, 
SVD

ConvNet
, LSTM

Transformer, 
dense retrieval



What to retrieve
•Passages

•Increase confidence in answer
•Combine complementary info
•Political inclination of Obama’s grandparents

•(Knowledge) graphs
•A step toward canonical entities and relations
•Single node or edge has very limited info
•Number of countries with more rivers than Brazil

•Tables
•Textual tables embedded in documents
•Relational tables with precise schema
•Toward semantic interpretation

•Images, videos, brain impulses, …



Why dig up the ancient past?
• Historical perspective

• Word embeddings were invented as early as 1993
• First dense retrieval in 1995, then 1999
• word2vec is a form of SVD

• Must understand sparse index issues to 
understand dense retrieval

• Back to the future!
• sightseeing in Hamburg
• High storage and processing overheads of dense 

retrieval
• Use dense representation with sparse data 

structures?

• Return to sparse indices or hybrid solutions

• sightseeing in 
Hamburg

• places to visit around 
Hamburg

• tourist attractions near 
Hamburg

• tours not to miss when 
staying in Hamburg

• historic destinations in 
Hamburg

• tourist spots in 
Frankfurt

https://aclanthology.org/P93-1024/
https://en.wikipedia.org/wiki/Latent_semantic_analysis
https://en.wikipedia.org/wiki/Probabilistic_latent_semantic_analysis
https://papers.nips.cc/paper_files/paper/2014/hash/b78666971ceae55a8e87efb7cbfd9ad4-Abstract.html
https://en.wikipedia.org/wiki/Singular_value_decomposition


Sparse / lexical retrieval
• 



TF, IDF, impact
• 



TF-IDF vector space document representation
• the

cat neuron

 

 

  



Dot product and cosine similarity
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From lexical to dense text representation
•Contextual text encoder (typ. transformer based)
[CLS] He swam near the bank because the current was swift.

[CLS] His bank offered a low interest on current accounts.

‘Encoder’

‘Encoder’

Want the 
two output 
vectors for 
‘bank’ to be 

quite 
different 
because 

they mean 
different 
things



Pooled and bagged text representations
•A transformer encoder 
outputs a “[CLS] vector” 
representing the whole 
passage

•And one vector per 
token/word

•First we will discuss 
retrieval using single 
vector per passage

•Later we will discuss 
multi-vector 
representations Input sentence

“[CLS] 
embedding

”
All word vectors

Aggregate 
into single 
vector…

…or keep 
all vectors 
in a bag



A first-cut setup for dense retrieval
• 



Brute force ranking
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Idea: cluster and bucket 
• 



Query time reduction
• 



Neural ‘clustering’
• 
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Further informed by query workload
• 



Recap
• 



Navigating in a social network (Milgram)
• Source cities Omaha, Nebraska, and 
Wichita, Kansas

• Destination city Boston, 
Massachusetts

• Letters with instructions sent to 
random people in source cities

• Letters to be sent to some person in 
destination city

• Source person can send to someone 
in their social network if they don’t 
know target directly

• “Six degrees of separation” Name, age, gender, profession, …

https://en.wikipedia.org/wiki/Small-world_experiment


Navigating a “graph of vectors”
• 

 

 



Graph construction
• 





What we have achieved thus far
•Sparse index

•Query, docs are vectors
•As many dimensions as discrete, interpretable words in 
corpus vocabulary

•Very sparse vectors
•Relevance score = dot product
•Lucene, Elastic Search, SOLR

•Dense index with single vector per query and doc
•Fewer dimensions, but dense (all non-zeros)
•Dimensions not interpretable
•Relevance score still dot product (“late interaction”)
•DiskANN, ScANN, FAISS, Milvus

https://lucene.apache.org/
https://www.elastic.co/elasticsearch
https://solr.apache.org/
https://github.com/microsoft/DiskANN
https://github.com/google-research/google-research/tree/master/scann
https://github.com/facebookresearch/faiss
https://milvus.io/


Discontent with single vectors
“You can’t cram the meaning of a whole %&!$# sentence into a 
single $&!#* vector!”  — Ray Mooney (2014) 

“The pooling operation used in 
convolutional neural networks is a big 
mistake and the fact that it works so well 
is a disaster.” —Geoffrey Hinton (2014) 

https://www.cs.utexas.edu/~mooney/cramming.html
https://www.brainyquote.com/quotes/geoffrey_hinton_875291


Single vector limitation
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All-to-all cross (early) interaction

• 

Transformer-based encoder
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  [SEP]
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All-to-all attention



EncoderEncoder

• 

Early vs late interaction: high level sketch

Encoder
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Encoder

Simple, fast comparison for 
which indexing is feasible
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FF  
These are stored 
in an index



Compromise between early and late (ColBERT)
• 



An indexing hurdle

• 

1 2 3 4 5 6 7 8text

1 ape

2 bat

3 bee

4 cat

5 cow

6 dog

7 elk

8 fox
 

 



Contents of clustered buckets
• 



HSBC ATM is located on the bank of river Yamuna

where

can

I

get

cash

near

Yamuna



Query execution at a high level
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the cat sat on the mat



SPLADE setup
• 



Word impacts in SPLADE
• 



Training retrievers (ranking loss)
• 



Training retrievers (non-sparsity loss)
• 



Summary and learning outcomes
•Passage retrieval is a core capability needed by LLMs
•For decades, sparse inverted indices were the solution
•Now passages and queries are represented by dense 
vectors, or bags of vectors

•Generally superior to sparse representation
•Can benefit from both dense representation and sparse 
indices

•We have studied the latest techniques of indexing and 
searching dense corpora

•Such indices are used by LLMs to access passages in 
RAG setups





“Closed-book” LMs and their discontent
•Early LM paradigm

•Collect a large corpus, prepare training data
•Train LM with MLM, next-sentence, instruction, etc. loss
•“Throw away” the corpus
•Input = token sequence, output = continuation

•Parameter size of large LMs comparable to size of 
Wikipedia (LLMs, much larger)

•Should be able to rote-learn the corpus
•No idea how corpus is stored in LM parameters
•Interference and hallucination
•Cannot trace generated output to corpus sources
•Cannot keep up as corpus changes



“Open-book” LMs
•Keep corpus around even after training LM

• Say, flat set of passages/sentences = ‘item’
• Input = question = query = ‘prompt’ arrives

• Encode it using the LM
• In decoder mode

• Consult the corpus one or more times
• How often? at what granularity?

• Incorporate info from top-responding corpus items
• Make generation sensitive to this info

•Potential benefits
• Reduce hallucination by biasing output distribution
• Provide ‘sources’ to ‘explain’ generation
• Offload rote learning to corpus/index and make LM smaller



Historical perspective wrt search
• 
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https://arxiv.org/pdf/2312.10997.pdf
https://arxiv.org/pdf/2312.10997.pdf


   

Entity search paper from 2010
• 

https://dl.acm.org/doi/10.1145/1835449.1835563


REALM (2020)
• 

https://arxiv.org/abs/2002.08909


Pre-training and fine-tuning



 
• 



Design choices
•REALM retrieves exactly once

•In general, want to retrieve multiple times or multiple pieces 
of evidence

•How early do evidence items interact with each other 
(and possibly with input)

•Retrieval granularity
•While decoding every sentence, word, …?

•What is practical to train and fine-tune
•Retriever vs. planner / generator



Fusion-in-Decoder (FiD)

• Multiple passages retrieved
• All in response to question? May not have enough info about later hops

• Passages do not interact with each other until encoding is completed
• All inter-passage interaction (‘fusion’) is limited to decoder

• Simple, yet effective for some tasks (NQ, TriviaQA, SQuAD)
• Better than GPT3, T5, DPR, not surprising
• Also better than REALM and RAG (coming up next)

https://arxiv.org/pdf/2007.01282.pdf



