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https://www.databricks.com/blog/long-context-rag-performance-llms

https://www.databricks.com/blog/long-context-rag-performance-llms


Retrieval-augmented generation

3
Retrieval-Augmented Generation for Large Language Models: A Survey [Gao et al. 2024]  

• RAG for prompting: Retrieved documents / chunks are used to augment prompts

https://arxiv.org/pdf/2312.10997


Retrieval



Traditional retrieval engines

• Retrieval using sparse vectors of terms found in query 
• TF-IDF (term-frequency / inverse document frequency)
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• BM25 — TF term with 1) non-linear saturation of counts and 2) 
accounts for document length (e.g. long documents will have more 
terms)

Average document length

|d} is the document length (in tokens)

Hyperparameters  k1 ∈ [1.2,2], b = 0.75

• Use inverted index for 
efficient lookups  

• Software: Apache Lucene



BM-25
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https://zilliz.com/learn/mastering-bm25-a-deep-dive-into-the-algorithm-and-application-in-milvus

• Few occurrences of a term 
is more meaningful


• After a point, the impact of 
increasing counts of a 
term saturates

IDF = log
|D | − DF(t) + 0.5

DF(t) + 0.5
TF(t, d) =

freq(t, d)
freq(t, d) + k

Comparison of term frequencies with different values of k



Retrieval with dense embeddings

• Encode document and query with dense 
embeddings

• Take embedding for [CLS] / last token

• Pool all tokens


• What are good encoders to use?

• Causal LLMs only do unidirectional 

encoding so is weaker than a 
bidirectional encoder.


• Bidirectional encoding with masked 
language model: BERT, RoBERTa
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SimCSE [Gao et al 2021]

How to get good embeddings?

https://arxiv.org/pdf/2104.08821


Retrieval with dense embeddings

• Can we get bidirectional information 
from causal LLMs?

• Echo embeddings [Springer et al 

2024].  Repeat the string multiple 
times in a unidirectional model 


• LLM2Vec [BehnamGhader et al. 2024], 
train unidirectional, then remove 
causal masking and use / train
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Echo embeddings [Springer et al 2024]

LLM2Vec [BehnamGhader et al 2024]

How to get good embeddings?

https://arxiv.org/pdf/2402.15449
https://arxiv.org/abs/2404.05961
https://arxiv.org/pdf/2402.15449
https://arxiv.org/pdf/2402.15449


Retrieval with dense embeddings

• Evaluation (unsupervised) on massive text embedding benchmark (MTEB)
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LLM2Vec [BehnamGhader et al 2024]

https://arxiv.org/pdf/2402.15449


MTEB
https://arxiv.org/abs/2210.07316

https://arxiv.org/abs/2210.07316


MTEB
Massive Text Embedding Benchmark

• MTEB spans 8 embedding tasks covering a total of 58 datasets and 112 languages.

• The benchmark comprises 8 different tasks, with up to 15 datasets each.

• Of the 58 total datasets in MTEB, 10 are multilingual, covering 112 different languages

• Sentence-level and paragraph-level datasets are included to contrast performance on 
short and long texts. (tasks are split into S2S; P2P; S2P)

• New datasets for existing tasks can be benchmarked in MTEB via a single file that 
specifies the task and a Hugging Face dataset name



MTEB
Massive Text Embedding Benchmark
• Tasks

• Bitext mining: Inputs are two sets of sentences from two different languages. For 
each sentence in the first set, the best match in the second set needs to be found.

• Classification: A train and test set are embedded with the provided model. The train 
set embeddings are used to train a logistic regression classifier

• Clustering: Given a set of sentences or paragraphs, the goal is to group them into 
meaningful clusters.

• Pair Classification: A pair of text inputs is provided and a label needs to be assigned.


• Reranking: Inputs are a query and a list of relevant and irrelevant reference texts. The 
aim is to rank the results according to their relevance to the query



MTEB
Massive Text Embedding Benchmark

• Tasks

• Retrieval: Each dataset consists of a corpus, queries and a mapping for each query to 
relevant documents from the corpus. The aim is to find these relevant documents.

• Semantic Textual Similarity (STS): Given a sentence pair the aim is to determine their 
similarity. Labels are continuous scores with higher numbers indicating more similar 
sentences

• Summarization: A set of human-written and machine-generated summaries are 
provided. The aim is to score the machine summaries.



Speed vs performance
Size of circles indicate size of embeddings

Figure from MTEB [Muennighoff et al. 2023]

https://arxiv.org/pdf/2210.07316


Retrieval with dense embeddings

• Evaluation (unsupervised) on massive text embedding benchmark (MTEB)
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LLM2Vec [BehnamGhader et al 2024]

https://arxiv.org/pdf/2402.15449


Retrieval with dense embeddings
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• Performance 
improves with 
larger and better 
LLMs

LLM2Vec [BehnamGhader et al 2024]

https://arxiv.org/pdf/2402.15449


Learning retrieval-oriented embeddings

• Use contrastive loss to learn retrieval-oriented embeddings

• How to get positive / negative pairs

• In-batch negative: 

• Positive pairs: query + associated documents

• Negative pairs: query + other documents are negative pairs

• May not get enough hard negatives
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Learning retrieval-oriented embeddings

• How to get hard negative 
samples?

• Use weaker retriever to retrieve 

documents and treat them as 
negatives (but may not be actual 
negatives!)


• Example systems:

• DPR [Karpukhin et al. 2020]

• Use BM25 hard negatives and 

in-batch negatives

• Contriever [Izacard et al. 2022]

• Contrastive learning with two 

random spans as positives 
(MoCo with random cropping)
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• BM25 - get hard negative

https://arxiv.org/pdf/2004.04906
https://arxiv.org/pdf/2112.09118


Going beyond query-document
embedding similarities

• Train a model to predict score of query/document matching (vs using cosine similarity of 
embeddings)


• Allows for more fine-grained interaction between tokens

• More expensive than computing similarity, does not allow for the use of ANN 
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Figure from ColBERT [Khattab and Zaharia 2020]

Cross-encoder 

re-ranking

https://arxiv.org/pdf/2004.12832


Token-level dense retrieval
ColBERT [Khattab and Zaharia 2020]

• Contextual representations of all 
query and document tokens to 
compute retrieval score


• More accurate but more expensive 
than single vector retrieval
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https://arxiv.org/pdf/2004.12832


Token-level dense retrieval
ColBERT [Khattab and Zaharia 2020]

• Late interaction 
more efficient than 
all interaction model
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https://arxiv.org/pdf/2004.12832


Instruction fine-tuned embeddings
One embedder, Any task: Instruction-finetuned text embeddings 

[Su et al. 2022]

• Instruction tuning to 
get task specific 
embeddings

• Embedding is 

function of input X 
and task


• Use Sentence-T5 
embeddings to 
construct positive / 
negative pairs based 
on similarity
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Multiple embeddings 
for input X

https://arxiv.org/pdf/2212.09741


Instruction fine-tuned embeddings
One embedder, Any task: Instruction-finetuned text embeddings 

[Su et al. 2022]

• Evaluation on 
massive text 
embedding 
benchmark 
(MTEB)
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https://arxiv.org/pdf/2212.09741


Hypothetical document embeddings
Precise Zero-Shot Dense Retrieval without Relevance Labels 

[Gao et al. 2022]
• No relevance supervision

• Generate a “hypothetical document” for the query using an LLM and 

try to look it up

• Can be easier than trying to match under-specified query
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https://arxiv.org/pdf/2212.10496


Hypothetical document embeddings
Precise Zero-Shot Dense Retrieval without Relevance Labels 

[Gao et al. 2022]
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• Performance 
comparable to 
supervising with 
relevance judgements

https://arxiv.org/pdf/2212.10496


Retrieval evaluation



Retrieval and ranking metrics

• Start with gold (ground-truth) relevance judgements

• Mean reciprocal rank (MRR) of first relevant document

• Okay if there is just one relevant document or only 

care about the highest ranked one

• Normalized discounted cumulative gain

• Mean average precision

• Recall@N
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2: Highly relevant

1: Somewhat relevant

0: Not relevant



Mean reciprocal rank (MRR)
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• Average reciprocal rank over different queries

2

0

1

2

0

RR = 1/2

System ranking

1
Q

Q

∑
q=1

1
rankq



Normalized discounted cumulative gain
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• Compares system ranking to ideal ranking

2

0

1

2

0

2

2

1

0

0

System ranking Ideal ranking

nDCG =
DCG
iDCG

DCG@N =
N

∑
i=1

relevancei

log2(i + 1)



Cumulative gain
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• CG@N: Sum of relevance scores for N retrieved document

2

0

1

2

0

2

2

1

0

0

CG@5 = 5System ranking Ideal ranking CG@5 = 5

sum(0,2,1,2,0) = 5 sum(2,2,1,0,0) = 5



Discounted cumulative gain
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• DCG@N: Add discount of  for rank  (lower scores for lower ranked items)
1

log2(i + 1)
i

DCG@5 

= 2.62

System ranking Ideal ranking
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iDCG@5 

= 3.76
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2

0
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0
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 × 0.63

 × 0.5

 × 0.43

 × 0.39

2

2

1

0

0

 × 1

 × 0.63

 × 0.5

 × 0.43

 × 0.39

DCG@2 

= 1.26

iDCG@2 

= 3.26

nDCG@2  
= 0.386

DCG@3 

= 1.76

iDCG@3 

= 3.76

nDCG@3  
= 0.468

• nDCG = DCG/iDCG 
• Better score as you pick up more good docs

DCG@5 

= 2.62

iDCG@5 

= 3.76

nDCG@5  
= 0.697

Normalized discounted cumulative gain



Other metrics
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Yes

No

Yes

Yes

No

 0/1

 1/2

 2/3

 3/4

3/5 

MAP@5 

= 0.638

Non-relevant documents are 
skipped in the average

Mean average precision: 
average precision at which each 
relevant document is retrieved

Recall@N: percentage of time you 
get a positive document in the top N

R@1 = 0

R@2 = 1

R@3 = 1

R@4 = 1

R@5 = 1

For all these metrics: take 
average over dataset of 

queries to get final metric



Retrieval-augmented generation 
(Retriever + Reader models)



Document Retrieval QA https://aclanthology.org/P17-1171.pdf

https://aclanthology.org/P17-1171.pdf


Retrieval-reader models



RAG paper • Train the retriever and reader (generator) to improve accuracy with end-
to-end training 

• Reader: Maximize generation likelihood given single retrieved document

• Retriever: Maximize overall likelihood by optimizing mixture weights 

over documents 

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [Lewis et al. NeurIPS 2020]

https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf


RAG paper • Generate using a mixture model

• Pick a document

• Generate from document


• Probability of the retriever is based on embeddings

• Adjusts retriever to give higher similarities to helpful docs

• Issue: search index becomes stale => can only train q(x) 

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [Lewis et al. NeurIPS 2020]

https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf


RAG paper

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [Lewis et al. NeurIPS 2020]

https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf


RAG paper

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [Lewis et al. NeurIPS 2020]

https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf


RAG paper

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [Lewis et al. NeurIPS 2020]

https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf


Training LMs with retrieved context

• Retrieve context and condition the pre-training of the model on 
these context


• Examples

• DrQA [Chen et al. 2017] - retrieve from Wikipedia and train reader 

Search when the model is uncertain [Jiang et al. 2023]

• RETRO [Borgeaud et al. 2021] - pre-train language model with 

retrieved context

42

https://arxiv.org/abs/1704.00051
https://arxiv.org/abs/2112.04426


When to retrieve?

• Once at beginning of generation 

• Default used by most early systems [Lewis et al. 2020]


• Several times during generation (as needed)

• Generate a search token [Schick et al. 2023]

• Search when the model is uncertain [Jiang et al. 2023]


• Every token

• Fine similar final embeddings [Khadelwal et al. 2019]

• Approximate attention with nearest neighbours [Bertsch et al. 2023]
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When to retrieve?
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• Trigger retrieval based on 
tokens


• Toolformer [Schick et al. 2023] 
generates tokens that trigger 
retrieval (or other tools)


• Training done in an iterative 
manner - generate and identify 
successful retrievals.

Toolformer: Language Models Can Teach Themselves to Use Tools [Schick et al. NeurIPS 2023]

Call QA system

Call Calculator

Call machine 

translation system

Call search

https://arxiv.org/abs/2302.04761


When to retrieve (or call a tool)?

45

Toolformer: Language Models Can Teach Themselves to Use Tools [Schick et al. NeurIPS 2023]

Example for question answering tool

Sample token 

position Sample API calls

Filter out calls that do not reduce 
loss over the next tokens

Remaining API calls (with 
responses) are linearized 
and interspersed into the 

original text

Convert original dataset into dataset with API calls

<latexit sha1_base64="F/VGGHnwFXhk2dX6MmuMqI2YBr0=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSyCIC2JFHVZdOPCRQX7gCaGyfSmHTp5MDMRSqgbf8WNC0Xc+hfu/BsnbRfaeuByD+fcy8w9fsKZVJb1bSwsLi2vrBbWiusbm1vb5s5uU8apoNCgMY9F2ycSOIugoZji0E4EkNDn0PIHV7nfegAhWRzdqWECbkh6EQsYJUpLnrl/47H7Mi7jvJ9gpwfYUST1As8sWRVrDDxP7CkpoSnqnvnldGOahhApyomUHdtKlJsRoRjlMCo6qYSE0AHpQUfTiIQg3Wx8wQgfaaWLg1joihQeq783MhJKOQx9PRkS1ZezXi7+53VSFVy4GYuSVEFEJw8FKccqxnkcuMsEUMWHmhAqmP4rpn0iCFU6tKIOwZ49eZ40Tyv2WaV6Wy3VLqdxFNABOkTHyEbnqIauUR01EEWP6Bm9ojfjyXgx3o2PyeiCMd3ZQ39gfP4Ap1yVIA==</latexit>

L→
i → L+

i ↑ ωf

Keep calls that make it easier to 
predict what comes after

https://arxiv.org/abs/2302.04761


When to retrieve (or call a tool)?
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Toolformer: Language Models Can Teach Themselves to Use Tools [Schick et al. NeurIPS 2023]

https://arxiv.org/abs/2302.04761


Retrieve when uncertain
FLARE [Jiang et al. 2023]
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• Forward-Looking Active 
Retrieval augmented 
generation (FLARE)


• Tries to generate content


• Retrieve if LM certainty (of 
generated sentences) is low

https://arxiv.org/pdf/2305.06983


Retrieval and critique

• SELF-RAG [Asai et 
al. 2023] critiques the 
retrieved / generated 
outputs for accuracy


• Generate segments 
in parallel and select 
best segments to 
use

48

Self-RAG: Learning to Retrieve, Generate, and Critique through Self-Reflection [Asai et al. ICLR 2024]

https://arxiv.org/abs/2310.11511
https://arxiv.org/abs/2204.00408


Ensuring use of relevant context

• Better retrievers provides more relevant context

• Decide whether to include passages or not [Asai et al. 2021]

• Filter down to parts of retrieved passages [Want et al. 2023]
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OpenScholar: Synthesizing Scientific Literature with Retrieval-augmented LMs [Asai et al. 2024]

OpenScholar

• Improved language model trained on synthetically generated data

https://arxiv.org/pdf/2411.14199


OpenScholar

• Improved language model trained on synthetically generated data
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OpenScholar: Synthesizing Scientific Literature with Retrieval-augmented LMs [Asai et al. 2024]

https://arxiv.org/pdf/2411.14199
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OpenScholar: Synthesizing Scientific Literature with Retrieval-augmented LMs [Asai et al. 2024]

OpenScholar

https://arxiv.org/pdf/2411.14199


kNN-LM

• Language model similar examples are retrieved and tokens (following token) are used 
from retrieved examples

53

Generalization through Memorization: Nearest Neighbor Language Models [Khandelwal et al. ICLR 2020]

https://arxiv.org/abs/1911.00172


Standard LM prediction



kNN LM prediction (step 1)



kNN LM prediction (step 2)



kNN LM prediction (step 3)

softmax



kNN LM prediction (step 4)

PkNN(y) ≈ ∑
ki,vi∈𝒩

1y=vi
exp(−d(ki, f(x)))



kNN LM prediction (step 5)
p(y) = λPkNN(y) + (1 − λ)PLM(y)





Nearest neighbour search



Nearest Neighbour
k neighbours in vector space

• The query vector is compared to 
other data vectors in the same 
vector space. 

• Choose the class that has the most 
representatives inside the search 
perimeter.

• The search perimeter is determined 
by the cosine similarity of the query 
vector to the vectors stored in a kNN 
storage

• Efficient disk based kNN retrieval for 
very large sets of vectors is available: 
SCaNN, FAISS, annoy, etc.



Different types of ANNs

Vector transformation and encoding (focus on reduced memory)

• Quantization (FAISS, ScaNN)


Structures for searching (focus on fast search)

• Hashes (LSH)

• Trees (ANNOY)

• Graphs (HNSW)


Methods can be combined


FAISS library:
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https://github.com/facebookresearch/faiss

https://github.com/facebookresearch/faiss


Approximately nearest neighbours



Efficient retrieval from memory
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https://lilianweng.github.io/posts/2023-06-23-agent/
https://blog.research.google/2020/07/announcing-scann-efficient-vector.html

Approximate nearest neighbours (ANN) algorithms 
to return top k nearest neighbours using maximum 
inner product search (MIPS)

• LSH (Locality Sensitive Hashing) - hashing 

function so that similar inputs are mapped to 
same buckets with high probability


• ANNOY (ANN Oh Yeah) - Random projection 
trees where nodes splits input space into half


• HNSW (Hierarchical Navigable Small World) 

• Hierarchical layers of small-world graphs 

(points in the bottom layers)

• Can be used with FAISS 


• FAISS (Facebook AI Similarity Search) - vector 
quantization - partition vector space into clusters


• ScaNN (Scalable Nearest Neighbours) - 
Anisotropic vector quantization (quantize points 
while maintaining distances)

Note: nmslib focus is on non-metric spaces

https://github.com/nmslib/nmslib


Locality Sensitive Hashing (LSH)

• Hash-based ANN

• Construction

• Map data points into buckets so points near each other are in the 

same buckets with high probability

• Search

66

https://brc7.github.io/2019/09/19/Visual-LSH.html

https://brc7.github.io/2019/09/19/Visual-LSH.html


ANNOY

• Tree-based ANN

• Construction

• Pick two points at random and split 

the space in two by the hyperplane 
between the two points


• Repeat recursively until number of 
points associated with a node is of 
size < threshold


• Parameters: number of trees

• Search

• Traverse down the tree from the root

67

https://erikbern.com/2015/10/01/nearest-neighbors-and-vector-models-part-2-how-to-search-in-high-dimensional-spaces.html



ANNOY

• Tree-based ANN

• Construction

• Pick two points at random and split 

the space in two by the hyperplane 
between the two points


• Repeat recursively until number of 
points associated with a node is of 
size < threshold


• Parameters: number of trees

• Search

• Traverse down the tree from the root
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https://erikbern.com/2015/10/01/nearest-neighbors-and-vector-models-part-2-how-to-search-in-high-dimensional-spaces.html



Hierarchical navigable small world (HNSW)

• Graph based ANN

• Hierarchical layers of Navigable Small World Graphs

69

https://www.pinecone.io/learn/series/faiss/hnsw/

Figure credit: Graham Neubig



Hierarchical navigable small world (HNSW)

• Graph based ANN

• Hierarchical layers of Navigable Small World Graphs

70

https://www.pinecone.io/learn/series/faiss/hnsw/



HNSW: Navigable Small World Graphs

• Navigable Small World Graphs

• Built on the idea that there real-world networks exhibit the small-

world phenomena: there are high-degree nodes that link together 
the graph in small number of steps


• Proximity graph: two vertices are linked if they are close together

• Proximity graph with both long and short range links

• Search

• Start at entry point, greedily select neighbours that are closer 

to our query vector

• Search undergoes two phase types (is it just two phases?): 

• “zoom in” pass through high-degree nodes

• “zoom out” pass through low-degree nodes 

71

https://www.pinecone.io/learn/series/faiss/hnsw/



• Probability skip list [Pugh 1990]

• Layers of sorted linked lists 


• as we go down, the number of entries that are ‘skipped’ decreases and the 
links get denser


• Start at the highest layer with the longest skips


• If the current node key is larger than the search target key, then move down 
to the next level, go back to the previous node 

72

https://www.pinecone.io/learn/series/faiss/hnsw/

HNSW: Probability skip list



Beyond retrieval



LLMs as agents

• There is a lot of knowledge in LLMs

• But they can’t “act”

• Can we leverage LLMs to build a 

“smart” agent that can interact with the 
environment to achieve given goals?

74
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https://www.promptingguide.ai/research/llm-agents

API calls to 
external services,

expert modules, 

etc 

Action

Reflection 
Self-critics 

Chain-of-thoughts 
Subgoal decomposition

Calendar() 
Calculator() 

ExecuteCode() 
Search()

Brain

Perception Input from the 
external world



Planning

• What does the agent need to do to accomplish a specified goal?

• Low-level vs high-level planning

• High-level plan: Identify subgoals for a long-horizon task

• Low-level plan (sometime low-level control): Identify sequence of actions


• Traditionally use symbolic reasoning

• Hard to recover from errors

• Difficult to convert expert knowledge into planning languages such as PDDL 

(Planning Domain Definition Language)

• Use of LLM for planning

• Lot of expert domain knowledge already encoded in language

• Can we use LLMs to help us plan?
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Taxonomy for planning with LLMs

Given environment and sequence of actions, and an overall 
task goal, identify subgoals and actions

• Task decomposition - figure out subgoals, do planning for 

subgoals if needed

• Multi-plan selection - generate multiple plans and then 

select one

• External planner - LLM used to formalized the problem 

which is passed to an external planner

• Reflection and refinement - After obtaining a plan, the 

LLM future reflects on the plan and refine it to fix any 
issues with the original plan


• Memory-augmented planning - Uses external memory to 
retrieve information (common sense knowledge, domain-
specific knowledge, etc) and then determines plan based 
on that

77Understanding the planning of LLM agents: A survey [Huang et al, 2024]

https://arxiv.org/pdf/2402.02716.pdf


Types of memory

78

Example: Riding a bike

Recalling events and facts20-30 seconds

few seconds

Learn embeddings for 
raw inputs

In-context learning

External vector store 
(fast retrieval for access)

https://lilianweng.github.io/posts/2023-06-23-agent/



Lots of work!

79A Survey on Large Language Model based Autonomous Agents [Wang et al, 2023]

https://arxiv.org/pdf/2308.11432.pdf


Learn about LLM agents from Berkeley!

80

https://llmagents-learning.org/f24

https://rdi.berkeley.edu/adv-llm-agents/sp25
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