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Focus of This Lecture
• Generative IR: The use of sequence-to-sequence language 

models to perform IR tasks


• Encoder-decoder LLMs (e.g., T5) and decoder-only LLMs 
(e.g., GPT)


• In this lecture when we say LLMs we mean any of the two type 
of models above


• i.e. we do not mean BERT-style models (encoder-only)
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Disclaimer
• Would not have time to cover all the slides: slides are made publicly available for offline 

consultation + pointers to more readings


• Most of the time can only provide a few examples of methods, not a comprehensive overview 
of all methods: 


1. sometimes preference to more recent work (i.e. arXiv, not peer-reviewed)-> not 
necessarily perfect work, but examples of very fresh directions 
(most recents on arXiv on July 1st, 2024)


2. Other times to more fundamental work


• Some methods are talked about in a simplified/restricted/high-level manner to give you the gist 
— always read the original paper to get more if interested


• Please pardon my lingo sloppiness from time to time
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IR4LLM,  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(DSI)

Indexing
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Retriever, Generative  
[document] Retrieval (GR)

e.g. Self-RAG, BlendFilter, etc.

Prompting LLMs for 
Retrieval and Ranking 

Rewriter

LLM

Retriever Reranker Reader

LLM-enhanced information retrieval

e.g. RankGPT, PromptReps

Some 
great tutorial 

resources on other 
aspects of 

Generative IR too

https://2024.baai.ac.cn/

In the live presentation I incorrectly attributed a great 
tutorial on LLMs4IR from the Chinese IR community to BAAI 
— the correct attribution should be made to CFF. The event 
was part of the CCF Advanced Disciplines Lectures series. 
Correct link: https://ccf.org.cn/ADL147; videos are not yet 

online but are supposed to be released at https://
dl.ccf.org.cn/



Part 1:  
Prompting LLMs for 

Retrieval and Ranking 



Key Intuitions
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Can we ask LLMs to:


• [retrieve] generate representations for a document/query?


• Then we can use representations to do matching, e.g. 
create embeddings and use them for dense retrieval


• [ranking] tell us the relevance of a document to a query?


• Then we can use this indication of relevance (or relative 
relevance of n documents) to rank documents for the 
query

<System> You are an AI assistant that can understand human language. 
<User> Passage: “[text]”. Use one word to represent the passage in a 
retrieval task. Make sure your word is in lowercase.  
<Assistant> The word is: “

Last hidden state 
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• Then we can use representations to do matching, e.g. 
create embeddings and use them for dense retrieval


• [ranking] tell us the relevance of a document to a query?
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Idea: devise prompts/instructions to tell them LLM 
how to perform these tasks effectively 

Retrieve:

Ranking:

Plan: 

1. LLMs for dense bi-encoding: 
(i) leverage LLM for data generation (e.g. Gecko, E5) 
(ii) as backbone (e.g. E5, LLM2Vec) 

2. LLMs as a zero-shot hybrid representation creation (PromptReps)



Gecko embeddings:
• The underlying LLM architecture is not specified; likely uses Google’s Matryoshka embeddings 

technique


• Training relies on LLMs


• LLMs used to generate a Few-shot Prompted Retrieval dataset (FRet) for knowledge distillation from 
LLM into embedding through 2 tasks: (1) diverse query generation, (2) positive & negative mining 
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Lee, J., Dai, Z., Ren, X., Chen, B., Cer, D., Cole, J.R., Hui, K., Boratko, M., Kapadia, R., Ding, W. and Luan, Y., 2024. 
Gecko: Versatile text embeddings distilled from large language models. arXiv preprint arXiv:2403.20327.
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(1) Query/task generation 

 Prompt for task generation: 
• “Given a query, find a passage 

that has the answer to the query” 
[question answering] 

• “Given a query, find a passage 
that allows you to check whether 
the query is true or not” [fact 
checking)]

Lee, J., Dai, Z., Ren, X., Chen, B., Cer, D., Cole, J.R., Hui, K., Boratko, M., Kapadia, R., Ding, W. and Luan, Y., 2024. 
Gecko: Versatile text embeddings distilled from large language models. arXiv preprint arXiv:2403.20327.



Gecko embeddings:
• The underlying LLM architecture is not specified; likely uses Google’s Matryoshka embeddings 

technique


• Training relies on LLMs
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(2) Pos/Neg Mining 

 Observation: generated queries focus on 
particular aspect of original passage 
 
Sampling Method: 
1. Use initial model trained with (𝑞, 

𝑝seed) pairs to retrieve top passages 
2. Use an LLM to rank (2 tried: query 

likelihood (Sachin’s UPR) and 
relevance classification (H. Zhuang’s 
RG) — see later) 

3. Reciprocal Rank Fusion of 1&2 
4. Top ranked: p+; other tops or bottom 

p-



E5 with LLMs
• E5-Mistral uses LLMs in two ways:


(A) Synthetic data generation: (1) prompt LLM 
(GPT4) to “brainstorm” a list of potential 
retrieval tasks, (2) generate <query, positive, 
hard negative> for each task.


(B) Embedding backbone: (1) modify query to: 
 
q+ inst = Instruct: {task_definition} \n Query: 
{q+} 
 
(2) append [EOS] token to end of query and 
document; feed them into LLM to get 
embeddings by taking last layer of [EOS] vector

17
Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wei, F., 2023. Improving text embeddings with large language 
models. arXiv preprint arXiv:2401.00368.

• Original E5 embeddings are BERT-based; new E5 embedding are decoder-only LLM (Mistral-7b)
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• Original E5 embeddings are BERT-based; new E5 embedding are decoder-only LLM (Mistral-7b)

Last hidden state 

Dense vector ANN 
Index

[EOS]query query query

• Embedding model then trained with standard 
contrastive loss over the in-batch negatives 
and hard negatives



E5 with LLMs
• Training in E5Mistral:


• Contrastive pre-training: weakly supervised 
data from filtered text pairs (from E5 paper)


• Contrastive fine-tuning: LLM generated 
synthetic data + MS MARCO labelled data 
[they also have version + 18 other datasets]


• Observation: contrastive pre-training has negligible 
impact on model quality.


• extensive auto-regressive pre-training enables 
LLMs to acquire good text representations, and 
only fine-tuning required to obtain effective 
embeddings.

19

Fine-tuning with LLM 
synthetic data + MS MARCO 

labels

+ pre-training on 
filtered text-pairs

Wang, L., Yang, N., Huang, X., Yang, L., Majumder, R. and Wei, F., 2023. Improving text embeddings with large language 
models. arXiv preprint arXiv:2401.00368.



LLM2Vec
• Transform any decoder-only 

LLM into a strong text encoder


• Three key steps: 


1. enable bidirectional attention, 


2. masked next token prediction, 


3. unsupervised contrastive 
learning


• (4) can add supervised 
contrastive learning

20

BehnamGhader, P., Adlakha, V., Mosbach, M., Bahdanau, 
D., Chapados, N. and Reddy, S., 2024. Llm2vec: Large 
language models are secretly powerful text 
encoders. arXiv preprint arXiv:2404.05961.

Modify the self-attention mechanism in the 
decoder-only architecture by replacing the 
causal attention mask by an all-ones matrix

gives each token access to every other token in the 
sequence, converting it into a bidirectional LLM

simply enabling bidirectional 
attention decreases embedding 
performance: decoder-only LLM 

was not trained to attend to 
future tokens
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make the model aware of its 
bidirectional attention by adapting 
it via masked next token prediction

when predicting a masked token at position i, compute 
loss based on logits from token representation at 

position i − 1, not the masked position itself

No next sentence prediction 
objective in pre-training: not 

explicitly trained to capture the 
context of the entire sequence
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unsupervised contrastive learning via SimCSE: 
pass input sequence into the model twice with 

independently sampled dropout masks

Results in two different representations 
for the same sequence

Train model to maximise similarity 
between the two sequences 

representations and minimise 
similarities with others in batch



LLM2Vec
To obtain representations, 
can use EOS, mean pooling 
or weighted mean pooling

23
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53.45

55.175
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MTEB Retr.

E5-Mistral-7B
LLM2Vec (w/o SimCSE)
LLM2Vec

Effectiveness of LLM2Vec with 
Mistral-7B backbone & 
contrastive fine-tuning is lower 
than E5-Mistral on MTEB 
Retrieval datasets


(Bigger differences in the re-
ranking task)



PromptReps

• E5: gets embedding from last hidden layer of [EOS] token; requires (supervised) 
contrastive fine-tuning


• LLM2Vec: gets embedding from mean pooling of sequence tokens; requires 
(unsupervised/supervised) contrastive fine-tuning


• Can we engineer LLMs prompts to obtain an effective representation without need 
for contrastive fine-tuning?


• PromptReps! — “zero-shot” generation of representations using LLMs

24
Zhuang, S., Ma, X., Koopman, B., Lin, J. and Zuccon, G., 2024. PromptReps: Prompting Large Language Models to Generate Dense 
and Sparse Representations for Zero-Shot Document Retrieval. arXiv preprint arXiv:2404.18424.



PromptReps at a high level: 


1. prompt the LLM to represent given text (doc/query) 
using one word


2. Use last token hidden layer to obtain a dense 
representation


3. Use logits associated with last token hidden layer to 
obtain a sparse representation over the LLM 
vocabulary


4. Combine the two representations to get a hybrid 
retriever

25

<System> You are an AI assistant that can understand human language. 
<User> Passage: “[text]”. Use one word to represent the passage in a retrieval task. Make sure 
your word is in lowercase.  
<Assistant> The word is: “

Last hidden state 

LM head 

Dense vector

Next token logits

Inverted 
Index

ANN 
Index

PromptReps

Zhuang, S., Ma, X., Koopman, B., Lin, J. and Zuccon, G., 2024. PromptReps: Prompting Large Language Models to Generate Dense 
and Sparse Representations for Zero-Shot Document Retrieval. arXiv preprint arXiv:2404.18424.
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MS MARCO

LLM2Vec (unsupervised)
PromptReps (Dense)
PromptReps (Sparse)
PromptReps (Hybrid)

BM25 Combining Dense & Sparse 
representation allows effective zero-shot 
retrieval (no training of representations)


[LLM2Vec baseline here trained 
unsupervised with SimCSE]

Zhuang, S., Ma, X., Koopman, B., Lin, J. and Zuccon, G., 2024. PromptReps: Prompting Large Language Models to Generate Dense 
and Sparse Representations for Zero-Shot Document Retrieval. arXiv preprint arXiv:2404.18424.
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PromptReps

… Use one/three word …

Max pool

Mean pool

Could generate 
more words…

Combining Dense & Sparse 
representation allows effective zero-shot 
retrieval (no training of representations)


[LLM2Vec baseline here trained 
unsupervised with SimCSE]
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PromptReps

… Use one/three word …

Max pool

Mean pool

Query … Use three 
words … 

Passage … Use three 
words… 

MaxSim MaxSim MaxSim

∑

Could generate 
more words…

… and use 
multiple tokens

Combining Dense & Sparse 
representation allows effective zero-shot 
retrieval (no training of representations)


[LLM2Vec baseline here trained 
unsupervised with SimCSE]
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Can we ask LLMs to:


• [retrieve] generate representations for a document/query?


• Then we can use representations to do matching, e.g. 
create embeddings and use them for dense retrieval


• [ranking] tell us the relevance of a document to a query?


• Then we can use this indication of relevance (or relative 
relevance of n documents) to rank documents for the 
query

<System> You are an AI assistant that can understand human language. 
<User> Passage: “[text]”. Use one word to represent the passage in a 
retrieval task. Make sure your word is in lowercase.  
<Assistant> The word is: “

Last hidden state 

Dense vector ANN 
Index

Idea: devise prompts/instructions to tell them LLM 
how to perform these tasks effectively 

Retrieve:

Ranking:

Plan: 

1)  Four “families” of LLM rankers 
2)  On prompt variations 
3)  On prompt optimisation



LLMs as Rankers

• Four main families, characterised by how documents are passed in the 
prompt and how relevance of document to query is determined 


• All are “zero-shot”: i.e. once you obtained the pre-trained, instruction 
tuned LLM, no need to do contrastive training

30

LLM
query

doc/docs
Prompt ranking



LLMs as Rankers: Pointwise

31

Liang, P., Bommasani, R., Lee, T., Tsipras, D., Soylu, D., Yasunaga, M., Zhang, Y., Narayanan, D., Wu, Y., Kumar, A. and 
Newman, B., 2022. Holistic evaluation of language models. arXiv preprint arXiv:2211.09110.

Sachan, D.S., Lewis, M., Joshi, M., Aghajanyan, A., Yih, W.T., Pineau, J. and Zettlemoyer, L., 2022. Improving passage 
retrieval with zero-shot question generation. arXiv preprint arXiv:2204.07496.



LLMs as Rankers: Listwise

32

Ma, X., Zhang, X., Pradeep, R. and Lin, J., 2023. Zero-Shot Listwise Document Reranking with a Large Language Model. arXiv 
preprint arXiv:2305.02156.

Pradeep, R., Sharifymoghaddam, S. and Lin, J., 2023. RankVicuna: Zero-Shot Listwise Document Reranking with Open-Source Large 
Language Models. arXiv preprint arXiv:2309.15088.

Sun, W., Yan, L., Ma, X., Ren, P., Yin, D. and Ren, Z., 2023. Is ChatGPT Good at Search? Investigating Large Language 
Models as Re-Ranking Agent. arXiv preprint arXiv:2304.09542.



LLMs as Rankers: Pairwise

33

Qin, Z., Jagerman, R., Hui, K., Zhuang, H., Wu, J., Shen, J., Liu, T., Liu, J., Metzler, D., Wang, X. and Bendersky, M., 2023. 
Large language models are effective text rankers with pairwise ranking prompting. arXiv preprint arXiv:2306.17563.



LLMs as Rankers: Setwise

34

Zhuang, S., Zhuang, H., Koopman, B. and Zuccon, G., 2023. A Setwise Approach for Effective and 
Highly Efficient Zero-shot Ranking with Large Language Models. arXiv preprint arXiv:2310.09497.



LLMs as Rankers: Setwise

35

• Setwise offers two advantages


• Compared to listwise: It can rely on logits rather than generation: faster


• Compared to pairwise: it requires less comparisons (i.e. inferences with LLM)

Pairwise:

Setwise:
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LLMs as Rankers

Zhuang, S., Zhuang, H., Koopman, B. and Zuccon, G., 2023. A Setwise Approach for Effective and 
Highly Efficient Zero-shot Ranking with Large Language Models. arXiv preprint arXiv:2310.09497.
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LLMs as Rankers

0.8% loss in nDCG 62% reduction in cost

Zhuang, S., Zhuang, H., Koopman, B. and Zuccon, G., 2023. A Setwise Approach for Effective and 
Highly Efficient Zero-shot Ranking with Large Language Models. arXiv preprint arXiv:2310.09497.



• LLM has a maximum context(prompt) length, which limits the number of passages in a 
list


• Because ranking needs to be broken into many sublists, listwise requires many 
inferences -> high latency 

• Also generating the string with the ranking can be difficult & slow: LLM may output 
wrong format, requiring to re-generate, or produces additional content (e.g. 
explanation), making generation slow


• PE-Rank:


1. Treat passage as a single special token


2. Use the passage embedding as token representation


3. Dynamic constrain of decoding space for special tokens

Problems with ListWise 

38

Liu, Q., Wang, B., Wang, N. and Mao, J., 2024. Leveraging Passage Embeddings for Efficient Listwise Reranking with Large Language 
Models. arXiv preprint arXiv:2406.14848.
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PE-Rank: passage compression
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Reduce input length

Accelerate decoding process

Liu, Q., Wang, B., Wang, N. and Mao, J., 2024. Leveraging Passage Embeddings for Efficient Listwise Reranking with Large Language 
Models. arXiv preprint arXiv:2406.14848.
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PE-Rank: passage compression

n embeddings of 
passages to re-rank 

This is needed 
because of 

dimensional and 
distributional 

differences between 
passage embeddings 

and LLM token 
embeddings 

EM is a 2-layer MLP 
that acts as a learned 

mapping function

Liu, Q., Wang, B., Wang, N. and Mao, J., 2024. Leveraging Passage Embeddings for Efficient Listwise Reranking with Large Language 
Models. arXiv preprint arXiv:2406.14848.
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PE-Rank: passage compression

n embeddings of 
passages to re-rank 

Training: text 
reconstruction task 

1. encode t, pass to 
MLP 

2. Take transformed 
embedding, pass it 

to LLM 
3. Prompt LLM to 

reconstruct text 
 

(Only MLP is trained, LLM & 
embeddings are frozen)

Training data: Wikipedia
Liu, Q., Wang, B., Wang, N. and Mao, J., 2024. Leveraging Passage Embeddings for Efficient Listwise Reranking with Large Language 
Models. arXiv preprint arXiv:2406.14848.
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PE-Rank: passage compression

n embeddings of 
passages to re-rank 

Constrain generation 
to only special tokens 

* smaller vocabulary 
-> faster inference 

* remove already 
generated tokens -> 

further inference 
acceleration

Liu, Q., Wang, B., Wang, N. and Mao, J., 2024. Leveraging Passage Embeddings for Efficient Listwise Reranking with Large Language 
Models. arXiv preprint arXiv:2406.14848.
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PE-Rank: passage compression

n embeddings of 
passages to re-rank 

Training: sequential 
ranking learning 

process — at each 
step, provide previous 
decoded ranking, then 
maximise probability 

of generating next 
most relevant 

passage (i.e. ListMLE) 

+ content loss + distillation 
loss

Training data: MS MARCO
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PE-Rank: passage compression

Common 
listwise

PE-Rank

{
{
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PE-Rank: passage compression

Common 
listwise

PE-Rank

{
{

Most latency advantages arise from 
decoding, little gain in profiling phase



Impact of Prompt Variations on LLM Rankers
• Prompts proposed for different LLM ranker methods vary largely


• Not just in terms of instruction for ranking, but also for (unrelated) additional wordings, e.g. 
role playing, and ordering of components (e.g. passage first, then query — or vice versa?)


• What are the effects of prompt wordings on methods? What makes a good prompt?

46

Role Playing

Restriction on Output

Formatting Instr.

Sun, S., Zhuang, S., Wang, S. and Zuccon, G., 2024. An Investigation of Prompt Variations for Zero-shot LLM-based 
Rankers. arXiv preprint arXiv:2406.14117.



Impact of Prompt Variations on LLM Rankers

47

TREC DL 2019 TREC DL 2020 COVID (BEIR)

Pointwise, listwise often display 
large variations of effectiveness 

across different prompts

Pairwise, set wise very robust 
across different prompts

For all approaches, there are 
better prompts than the one in 

the original paper

Sun, S., Zhuang, S., Wang, S. and Zuccon, G., 2024. An Investigation of Prompt Variations for Zero-shot LLM-based 
Rankers. arXiv preprint arXiv:2406.14117.



Impact of Prompt Variations on LLM Rankers

48

But specific behaviour depends 
also on


• Size of LLM


• The actual LLM architecture/
training

TREC DL 2020

11.3B params -> 783M params

COVID (BEIR)

FlanT5-xxl -> Llama3-8B



From Manual Prompting to Automatic 
Prompt Engineering

• LLM rankers effectiveness varies across prompt wording


• Can we automatically identify create effective prompt?


• Direct application of current LLM automatic prompt engineering challenging cause 
ranking task more complex than classification task:


1. Requires comprehension of query and of relevance of passages


2. input-output demonstrations for relevance ranking are more complex than those for 
language modeling. 


• Input: query, passage. Output: relevance — which is not unique to query-passage 
pair (others may have same relevance level

49



From Manual Prompting to Automatic 
Prompt Engineering: APEER

50
Jin, C., Peng, H., Zhao, S., Wang, Z., Xu, W., Han, L., Zhao, J., Zhong, K., Rajasekaran, S. and Metaxas, D.N., 2024. APEER: Automatic 
Prompt Engineering Enhances Large Language Model Reranking. arXiv preprint arXiv:2406.14449.

Feedback optimization:  
1. infer current prompt,  
2. gather feedback on how to 

refine it,  
3. create a refined prompt 

based on feedback
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From Manual Prompting to Automatic 
Prompt Engineering: APEER
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Preference optimization:  
• further optimize refined prompt by learning preferences through a 

set of positive and negative prompt demonstrations



From Manual Prompting to Automatic 
Prompt Engineering: APEER
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Preference optimization:  
• further optimize refined prompt by learning preferences through a 

set of positive and negative prompt demonstrations



• More training data consistently 
creates better and better prompts 

• At the cost of additional computational 
costs for training


• Prompts created with APEER trained 
on MS MARCO also transfer to out of 
domain datasets (BEIR)


• Prompts can also transfer between 
models,  
e.g. GPT4->GPT3.5; Qwen2 -> Llama3
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More on Preference 
Optimisation Phase

• Catalog a collection of potential positive and negative responses 
within Hpos and Hneg


• Utilize 2t pairs of ppos,pneg for demonstration


• Generate a new prompt, evaluate its performance on validation 
dataset relative to initial prompt, insert it in Hpos and Hneg 
accordingly 


• Feedback Optimization: acts as local optimizer for current batch 


• Preference Optimization: extends local optimization by globally 
aligning the local optimized prompts towards superior global 
prompts

57
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Preference Optimisation beneficial 
but gains minor (~0.8%)

Jin, C., Peng, H., Zhao, S., Wang, Z., Xu, W., Han, L., Zhao, J., Zhong, K., Rajasekaran, S. and Metaxas, D.N., 2024. APEER: Automatic 
Prompt Engineering Enhances Large Language Model Reranking. arXiv preprint arXiv:2406.14449.
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Retrieval Augmented Generation
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The RAG Pipeline
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Why RAG?
• LLMs encapsulate a vast amount of factual information within 

their pre-trained weights


• This knowledge is inherently limited, relying heavily on the 
characteristics of the training data


• Solution: use external datasets to incorporate new information 
or refine the capabilities of LLMs


• Two directions to doing this:


1. unsupervised fine-tuning 


2. retrieval-augmented generation (RAG)

61

• Ovadia et al.: unsupervised fine-tuning offers some improvement, but RAG consistently outperforms 
it, both for existing knowledge encountered during training and entirely new knowledge


• LLMs struggle to learn new factual information through unsupervised fine-tuning
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• Ovadia et al.: unsupervised fine-tuning offers some improvement, but RAG consistently outperforms 
it, both for existing knowledge encountered during training and entirely new knowledge


• LLMs struggle to learn new factual information through unsupervised fine-tuning

Ovadia, O., Brief, M., Mishaeli, M. and Elisha, O., 2023. Fine-tuning or retrieval? comparing knowledge injection in llms. arXiv 
preprint arXiv:2312.05934.
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The Modular RAG pipeline
• restructured RAG modules; rearranged RAG 

pipelines


• Supports sequential processing and integrated 
end-to-end training across components


• New/Additional modules


• New Patterns: e.g. Rewrite-Retrieve-Read, 
Generate-Read, Recite-Read, Retrieve-Read-
Retrieve-Read, Hypothetical Document Embeddings 
(HyDE), Demonstrate-Search-Predict (DSP)


• Adaptive RAG: flexible orchestration of RAG 
modules and flows, e.g. Self-RAG

66

Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y., Dai, Y., Sun, J. and Wang, H., 2023. Retrieval-augmented 
generation for large language models: A survey. arXiv preprint arXiv:2312.10997.
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• Queries are often ambiguous and underspecified


• Rewrite: black-box LLM is prompted to re-write 
query 


• Retrieve: search based on the re-written query


• Read: provided instruction, query, documents, 
generate answer

73

Few-shot (1-3) prompt 
in format [instruction, 
demonstrations, input]  

Output can be none, 
one or more queries

The Rewrite-Retrieve-Read Method

Ma, X., Gong, Y., He, P., Zhao, H. and Duan, N., 2023, December. Query Rewriting in Retrieval-Augmented Large Language Models. EMNLP 2023
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• Read: provided instruction, query, documents, 
generate answer
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Few-shot (1-3) prompt 
in format [instruction, 
demonstrations, input]  

Output can be none, 
one or more queries

Open-domain QA 

Think step by step to answer this question, and 
provide search engine queries for knowledge that you 

need. Split the queries with ’;’ and end the queries 
with ’**’. {demonstration} Question: {x} Answer:

Multiple-choice QA 

Provide a better search query for web search engine 
to answer the given question, end the queries with 

’**’. {demonstration} Question: {x} Answer:

Ma, X., Gong, Y., He, P., Zhao, H. and Duan, N., 2023, December. Query Rewriting in Retrieval-Augmented Large Language Models. EMNLP 2023



Trainable Rewriter 

• Warm-up: training on pseudo-data


• Collect rewritten queries x, keep only those 
that generate correct end-to-end answers: use 
to form warm-up dataset. 


• Fine-tune rewriter on warm-up dataset


• Then continually trained by Reinforcement 
Learning with PPO


• Reward obtained from end-to-end answers 
compared to gold + KL regularisation to prevent 
model doom deviating too far

75

The Rewrite-Retrieve-Read Method

Ma, X., Gong, Y., He, P., Zhao, H. and Duan, N., 2023, December. Query Rewriting in Retrieval-Augmented Large Language Models. EMNLP 2023



BlendFilter

76

Enhance input queries through 
different augmentation strateties Wang, H., Zhao, T. and Gao, J., 2024. BlendFilter: Advancing 

Retrieval-Augmented Large Language Models via Query Generation 
Blending and Knowledge Filtering. arXiv preprint arXiv:2402.11129.



BlendFilter

77

1
1. Use initial query to retrieve external 
knowledge 

2. Pass this to LLM prompt with few-shot 
examples and Chain of Thought 

3. Generate answer 
4. Concatenate answer & original query

Enhance input queries through 
different augmentation strateties Wang, H., Zhao, T. and Gao, J., 2024. BlendFilter: Advancing 

Retrieval-Augmented Large Language Models via Query Generation 
Blending and Knowledge Filtering. arXiv preprint arXiv:2402.11129.



Prompt for External 
Knowledge Augmentation

78

Few Shot Examples

Chain-of-Thought



BlendFilter

79

2

1. Prompt LLM to respond to query based on its own 
knowledge only 

2. Concatenate answer & query

Enhance input queries through 
different augmentation strateties Wang, H., Zhao, T. and Gao, J., 2024. BlendFilter: Advancing 

Retrieval-Augmented Large Language Models via Query Generation 
Blending and Knowledge Filtering. arXiv preprint arXiv:2402.11129.



BlendFilter

80

Eliminate irrelevant retrieved 
knowledge using prompted LLM



Knowledge Filtering 
Prompt

81

Wang, H., Zhao, T. and Gao, J., 2024. BlendFilter: Advancing 
Retrieval-Augmented Large Language Models via Query Generation 
Blending and Knowledge Filtering. arXiv preprint arXiv:2402.11129.



BlendFilter

82

LLM generates answer based on 
filtered knowledge and original query Wang, H., Zhao, T. and Gao, J., 2024. BlendFilter: Advancing 

Retrieval-Augmented Large Language Models via Query Generation 
Blending and Knowledge Filtering. arXiv preprint arXiv:2402.11129.



Retrieve-Generate-Critique: Self-RAG
• Adaptively retrieve passages on-demand


• Can decide to (1) retrieve, or (2) not 
retrieve


• LLM reflects on retrieved passages and its 
generation using special tokens (reflection 
tokens)


• Retrieval reflection: do I need to 
retrieve?  
YES->output retrieval token to call 
retriever on demand


• Critique reflection: is the generated 
answer good? 
SELECT best based on factuality and 
overall quality

83Asai, A., Wu, Z., Wang, Y., Sil, A. and Hajishirzi, H., Self-RAG: Learning to Retrieve, Generate, and Critique through Self-Reflection. ICLR 2024
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Prompt Compression
• Reduce the prompt (aka context) to consume less tokens than in its original form.  

Why prompt compression?


• Long prompts often confuse LLMs and yield lower effectiveness 

• Latency of decoder-based LLMs is quadratic with respect to prompt length  

• Two main categories of approaches to prompt compression:


1. Lexical based: Compress prompts by removing tokens according to their information 
entropy obtained from LLM


2. Embedding based: Compress prompt into special tokens (short compact memory 
slots) that can be directly conditioned on by the LLM

85



Lexical-based Compression via Distillation

86

Pan, Z., Wu, Q., Jiang, H., Xia, M., Luo, X., Zhang, J., Lin, Q., Rühle, V., Yang, Y., 
Lin, C.Y. and Zhao, H.V., 2024. Llmlingua-2: Data distillation for efficient and faithful 
task-agnostic prompt compression. arXiv preprint arXiv:2403.12968.

Step 1: Data Distillation 

Prompt GPT4 to generate compressed text 
from original text that meets criteria: 
1. Token reduction 
2. Informativeness 
3. Faithfulness 
 
Challenge: GPT-4 does not consistently 
follow instructions. Remedies: 
• Instruction design (i.e. tweaked the prompt) 
• Chunk-wise compression (i.e. segment  

long context into multiple 512 tokens 
chunks) 
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Challenge: GPT-4 does not consistently 
follow instructions. Remedies: 
• Instruction design (i.e. tweaked the prompt) 
• Chunk-wise compression (i.e. segment  

long context into multiple 512 tokens 
chunks) 

Pan, Z., Wu, Q., Jiang, H., Xia, M., Luo, X., Zhang, J., Lin, Q., Rühle, V., Yang, Y., 
Lin, C.Y. and Zhao, H.V., 2024. Llmlingua-2: Data distillation for efficient and faithful 
task-agnostic prompt compression. arXiv preprint arXiv:2403.12968.



Lexical-based Compression via Distillation

88

Step 2: Data Annotation 

Assign binary label to each token in  
original text to determine if it should be 
preserved or discarded after compression. 
 
Challenges: 
1. Ambiguity: a word in compressed text 

may appear multiple times in original 
text  

2. Variation: GPT-4 may modify the original 
words in tense, plural form, etc. during 
compression 

3. Reordering: order of words may be 
changed

Pan, Z., Wu, Q., Jiang, H., Xia, M., Luo, X., Zhang, J., Lin, Q., Rühle, V., Yang, Y., 
Lin, C.Y. and Zhao, H.V., 2024. Llmlingua-2: Data distillation for efficient and faithful 
task-agnostic prompt compression. arXiv preprint arXiv:2403.12968.



Lexical-based Compression via Distillation
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Step 3: Quality Control & Filtering 

(i) Assess quality of compressed and 
of  automatically annotated labels 
(ii) Then filter examples by  scores 
 
Two quality control metrics: 
1. Variation Rate: proportion of 

words in compressed text that 
are absent in original text  

2. Alignment Gap: xxx 

Pan, Z., Wu, Q., Jiang, H., Xia, M., Luo, X., Zhang, J., Lin, Q., Rühle, V., Yang, Y., 
Lin, C.Y. and Zhao, H.V., 2024. Llmlingua-2: Data distillation for efficient and faithful 
task-agnostic prompt compression. arXiv preprint arXiv:2403.12968.



Lexical-based Compression via Distillation

90

Step 4: Train Compressor (and then infer) 
• Formulate prompt compression as binary token classification problem (i.e., 

preserve or discard)  
• Smaller Transformer Encoder model (e.g. mBERT) allows for lower latency than 

using the larger LLM
Pan, Z., Wu, Q., Jiang, H., Xia, M., Luo, X., Zhang, J., Lin, Q., Rühle, V., Yang, Y., 
Lin, C.Y. and Zhao, H.V., 2024. Llmlingua-2: Data distillation for efficient and faithful 
task-agnostic prompt compression. arXiv preprint arXiv:2403.12968.



Lexical-based Compression via Distillation

91

Stage 5: Prompt Compression 
1. use token classification model to predict probability of each word being 

labeled as preserve (p(word) = avg(p(tokens of word)) 
2. retain top words in original prompt  with  highest preservation probability, 

maintain their original order
Pan, Z., Wu, Q., Jiang, H., Xia, M., Luo, X., Zhang, J., Lin, Q., Rühle, V., Yang, Y., 
Lin, C.Y. and Zhao, H.V., 2024. Llmlingua-2: Data distillation for efficient and faithful 
task-agnostic prompt compression. arXiv preprint arXiv:2403.12968.



Embedding-based Compression:  
In-context Autoencoder (ICAE)

• Compress prompt into special tokens (short compact memory slots) that can be directly 
conditioned on by the LLM


• ~1% additional parameters, but 4× context compression


➡  Reduced latency and GPU memory cost during inference


• Training: 


1. pre-trained using auto-encoding and language modelling objectives on massive text 
data -> enables to generate memory slots that accurately and comprehensively 
represent original context. 


2. fine-tuned on instruction data -> produces desirable responses to various prompts.

92
Ge, T., Jing, H., Wang, L., Wang, X., Chen, S.Q. and Wei, F., In-context Autoencoder for Context Compression in a Large Language Model. ICLR 2024
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Use a LLM as an “Encoder” model to 
compress context to a few special tokens 

(memory slot tokens)

Ge, T., Jing, H., Wang, L., Wang, X., Chen, S.Q. and Wei, F., In-context Autoencoder for Context Compression in a Large Language Model. ICLR 2024



Embedding-based Compression:  
In-context Autoencoder (ICAE)

94

Use a LLM as an “Encoder” model to 
compress context to a few special tokens 

(memory slot tokens)

Use same LLM to 
“Decode” the memory 

slot and produce 
response

Ge, T., Jing, H., Wang, L., Wang, X., Chen, S.Q. and Wei, F., In-context Autoencoder for Context Compression in a Large Language Model. ICLR 2024



Embedding-based Compression:  
In-context Autoencoder (ICAE)
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We want compression-rate = 32 -> 128 tokens

12 tokens

Ge, T., Jing, H., Wang, L., Wang, X., Chen, S.Q. and Wei, F., In-context Autoencoder for Context Compression in a Large Language Model. ICLR 2024



Embedding-based Compression:  
In-context Autoencoder (ICAE)
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We want compression-rate = 32 -> 128 tokens

12 tokens

Token-Length (Original): 4000+12 = 4012 token

Token-Length (Compressed): 128+12 = 140 token

Ge, T., Jing, H., Wang, L., Wang, X., Chen, S.Q. and Wei, F., In-context Autoencoder for Context Compression in a Large Language Model. ICLR 2024



Embedding-based Compression:  
In-context Autoencoder (ICAE)

• Compress prompt into special tokens (short compact memory slots) that can be directly 
conditioned on by the LLM


• ~1% additional parameters, but 4× context compression


➡  Reduced latency and GPU memory cost during inference


• Training: 


1. pre-trained using auto-encoding and language modelling objectives on massive text 
data -> enables to generate memory slots that accurately and comprehensively 
represent original context. 


2. fine-tuned on instruction data -> produces desirable responses to various prompts.
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Ge, T., Jing, H., Wang, L., Wang, X., Chen, S.Q. and Wei, F., In-context Autoencoder for Context Compression in a Large Language Model. ICLR 2024
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The struggle between model knowledge 
and retrieval knowledge 

• The output of RAG is not guaranteed to be consistent with retrieved relevant 
passages


• Because the models are not explicitly trained to leverage and follow facts from 
provided passages.

99
Gao, T., Yen, H., Yu, J. and Chen, D., 2023. Enabling Large Language Models to Generate Text with Citations. EMNLP 2023



Answers Inconsistent with RAG Evidence in Prompt
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Question
“Will drinking 
vinegar dissolve a 
stuck fish bone?”  

Answer

Koopman, B. and Zuccon, G., 2023. Dr ChatGPT tell me what I want to hear: How different prompts impact health answer correctness. EMNLP 2023
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Question
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Answer

Koopman, B. and Zuccon, G., 2023. Dr ChatGPT tell me what I want to hear: How different prompts impact health answer correctness. EMNLP 2023
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Answers Inconsistent with RAG Evidence in Prompt

105

Question
“Will drinking 
vinegar dissolve a 
stuck fish bone?”  

Answer

Retriever: top-1 We control this

Supporting Evidence: provides the 
same answer as the ground-truth

Contrary Evidence: provides answer 
contrary to the ground-truth
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Answers Inconsistent with RAG Evidence in Prompt
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1) providing supporting 
evidence to try to overturn an 

incorrect answer does not flip it 
to a correct answer.

1

Koopman, B. and Zuccon, G., 2023. Dr ChatGPT tell me what I want to hear: How different prompts impact health answer correctness. EMNLP 2023
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Question
“Will drinking 
vinegar dissolve a 
stuck fish bone?”  

Answer

Retriever: top-1 We control this

No

Yes

Correct

Incorrect

Correct &
Contrary Evidence

Correct &
Supporting Evidence

Incorrect &
Contrary Evidence

Incorrect &
Supporting Evidence

Correct

Incorrect

Ground truth
 answer

Question−only
 correctness

 (RQ1)

Evidence−biased
 condition

Evidence−biased
 correctness

 (RQ2)

1) providing supporting 
evidence to try to overturn an 

incorrect answer does not flip it 
to a correct answer.

1

2) providing evidence caused 
the answer to flip from correct 

to incorrect 

2

Koopman, B. and Zuccon, G., 2023. Dr ChatGPT tell me what I want to hear: How different prompts impact health answer correctness. EMNLP 2023



• What the type of evidence an IR systems in RAG should retrieve?


• Cuconasu et al. analysed effect of relevance, position, and amount of evidence in 
prompts on RAG effectiveness.


• Key findings:


1. retriever’s highest scoring documents not directly relevant to query (i.e. do not 
contain answer) negatively impact LLM effectiveness


2. lost in the middle effect


3. adding random documents in prompt improves LLM effectiveness by up to 35%

110

The Power of Noise in RAG

Cuconasu, F., Trappolini, G., Siciliano, F., Filice, S., Campagnano, C., Maarek, Y., 
Tonellotto, N. and Silvestri, F., 2024. The power of noise: Redefining retrieval for rag 
systems. arXiv preprint arXiv:2401.14887.
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Gold answer Distracting passage

Passages with high retrieval scores but not containing the answer

Cuconasu, F., Trappolini, G., Siciliano, F., Filice, S., Campagnano, C., Maarek, Y., 
Tonellotto, N. and Silvestri, F., 2024. The power of noise: Redefining retrieval for rag 
systems. arXiv preprint arXiv:2401.14887.
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Gold answer Distracting passage

Passages with high retrieval scores but not containing the answer

1. progressive accuracy 
degradation as the number of 

distracting documents 
included in the context 

increases

Cuconasu, F., Trappolini, G., Siciliano, F., Filice, S., Campagnano, C., Maarek, Y., 
Tonellotto, N. and Silvestri, F., 2024. The power of noise: Redefining retrieval for rag 
systems. arXiv preprint arXiv:2401.14887.
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Gold answer Distracting passage

Passages with high retrieval scores but not containing the answer

1. progressive accuracy 
degradation as the number of 

distracting documents 
included in the context 

increases

2. adding just one distracting document 
causes sharp reduction

Cuconasu, F., Trappolini, G., Siciliano, F., Filice, S., Campagnano, C., Maarek, Y., 
Tonellotto, N. and Silvestri, F., 2024. The power of noise: Redefining retrieval for rag 
systems. arXiv preprint arXiv:2401.14887.
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Gold answer Distracting passage

Passages with high retrieval scores but not containing the answer

1. progressive accuracy 
degradation as the number of 

distracting documents 
included in the context 

increases

2. adding just one distracting document 
causes sharp reduction

Takeaway: introducing semantically aligned yet non-
relevant documents potentially misguides LLMs
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Gold answer Distracting passage Gold answer first, in middle, last

Passages with high retrieval scores but not containing the answer
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Gold answer Distracting passage Gold answer first, in middle, last

Passages with high retrieval scores but not containing the answer

Lost in the Middle Effect
Best Lower Lowest

Gold on top Gold in bottom Gold in middle
Liu, N.F., Lin, K., Hewitt, J., Paranjape, A., Bevilacqua, M., Petroni, F. and Liang, P., 2024. Lost in the middle: How language models use long contexts. TACL
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Gold answer Random passage
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Gold answer Random passage
Can observe improvements in 

effectiveness
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Gold answer Random passage
Can observe improvements in 

effectiveness

different LLMs  
=  

different behaviours



• What the type of evidence an IR systems in RAG should retrieve?


• Cuconasu et al. analysed effect of relevance, position, and amount of evidence in 
prompts on RAG effectiveness.


• Key findings:


1. retriever’s highest scoring documents not directly relevant to query (i.e. do not 
contain answer) negatively impact LLM effectiveness


2. lost in the middle effect


3. adding random documents in prompt improves LLM effectiveness by up to 35%
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The Power of Noise in RAG

Cuconasu, F., Trappolini, G., Siciliano, F., Filice, S., Campagnano, C., Maarek, Y., 
Tonellotto, N. and Silvestri, F., 2024. The power of noise: Redefining retrieval for rag 
systems. arXiv preprint arXiv:2401.14887.



Attention Instruction: Pay Attention to the Middle

• LLMs suffer of position bias — for RAG, this means position bias among 
search results


• Position bias is confirmed by attention scores: significant drop in the middle


• Difficulty in accessing and using middle part of context due to lack of attention

121
Zhang, M., Meng, Z. and Collier, N., 2024. Attention Instruction: Amplifying Attention in the Middle via Prompting. arXiv preprint arXiv:2406.17095.
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Zhang, M., Meng, Z. and Collier, N., 2024. Attention Instruction: Amplifying Attention in the Middle via Prompting. arXiv preprint arXiv:2406.17095.



Attention Instruction: Pay Attention to the Middle
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Prompt Structure:

Zhang, M., Meng, Z. and Collier, N., 2024. Attention Instruction: Amplifying Attention in the Middle via Prompting. arXiv preprint arXiv:2406.17095.



Attention Instruction: Pay Attention to the Middle
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Can LLMs follow relative attention 
instructions?

Where the gold evidence is

Position at which we measure attention

Improvement in diagonal: the LLM is following 
the instruction regarding where to put attention

Darker red in diagonal means the LLM follows instructions



Attention Instruction: Pay Attention to the Middle
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Can we instruct LLMs to attend 
to a document using absolute 

attention instruction?



Attention Instruction: Pay Attention to the Middle
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Can LLMs follow absolute attention 
instruction with position-index and 

achieve regional control?



Attention Instruction: Pay Attention to the Middle
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Key Findings:


• LLMs can be guided to pay more attention to a document or region through 
direct indexing (absolute attention instruction)


• But LLMs do not have positional awareness of where each document is 
relative to the context (i.e. relative attention instruction)

Zhang, M., Meng, Z. and Collier, N., 2024. Attention Instruction: Amplifying Attention in the Middle via Prompting. arXiv preprint arXiv:2406.17095.



In the remaining of this part…
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Attribution
• Attribution: the ability to generate 

evidence (in the form of references or 
citations) that supports claims the LLM 
makes in an answer.


• LLMs fail to correctly attribute

129

• Two directions: (1) direct generation 
attribution, (2) retrieval-based attribution

Zuccon, G., Koopman, B. and Shaik, R., 2023. ChatGPT hallucinates when attributing 
answers. SIGIR-AP 2023



Attribution
• Attribution: the ability to generate 

evidence (in the form of references or 
citations) that supports claims the LLM 
makes in an answer.


• LLMs fail to correctly attribute
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• Two directions: (1) direct generation 
attribution, (2) retrieval-based attribution

Zuccon, G., Koopman, B. and Shaik, R., 2023. ChatGPT hallucinates when attributing 
answers. SIGIR-AP 2023



RARR: Retrofit Attribution using 
Research and Revision

• automatically finds attribution for LLM output


• post-edits the output to fix unsupported 
content while preserving original output as 
much as possible.

131

Gao, L., Dai, Z., Pasupat, P., Chen, A., Chaganty, A.T., Fan, Y., 
Zhao, V., Lao, N., Lee, H., Juan, D.C. and Guu, K., 2023, July. 
RARR: Researching and Revising What Language Models Say, 
Using Language Models. ACL 2023
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RARR: Retrofit Attribution using 
Research and Revision

Gao, L., Dai, Z., Pasupat, P., Chen, A., Chaganty, A.T., Fan, Y., 
Zhao, V., Lao, N., Lee, H., Juan, D.C. and Guu, K., 2023, July. 
RARR: Researching and Revising What Language Models Say, 
Using Language Models. ACL 2023
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RARR: Retrofit Attribution using 
Research and Revision

Gao, L., Dai, Z., Pasupat, P., Chen, A., Chaganty, A.T., Fan, Y., 
Zhao, V., Lao, N., Lee, H., Juan, D.C. and Guu, K., 2023, July. 
RARR: Researching and Revising What Language Models Say, 
Using Language Models. ACL 2023
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Resources & Platforms for RAG

Methods for RAG



Resources & Platforms for RAG
• Many platforms/frameworks for RAG


• Industrial-oriented, e.g. Llama-Index, LangChain


• Some provided only/also as a service, e.g. Nuclia AI


• Research-oriented: Ragnarök, FlashRAG, BERGEN


• Datasets 

• Many datasets, not necessarily focusing on RAG


• Few recent datasets specifically designed for RAG, e.g.


• TREC RAG 2024: currently on-going [Topics released: August 4th; 
Submission deadline: August 11th]; Feb4Rag

135



BERGEN
• end-to-end library for reproducible 

research standardizing RAG experiments. 


• focus on QA


• Implements different state-of-the-art 
retrievers, rerankers, and LLMs.

136

Rau D., Déjean H., Chirkova N., Formal T., Wang S., 
Nikoulina V., Clinchant, S.. 2024. BERGEN: A 
Benchmarking Library for Retrieval-Augmented 
Generation, arXiv:2407.01102v1



BERGEN
• end-to-end library for reproducible 

research standardizing RAG experiments. 


• focus on QA


• Implements different state-of-the-art 
retrievers, rerankers, and LLMs.

137

Rau D., Déjean H., Chirkova N., Formal T., Wang S., Nikoulina V., Clinchant, S.. 
2024. BERGEN: A Benchmarking Library for Retrieval-Augmented Generation, 

arXiv:2407.01102v1

Also large scale analysis of RAG components (state-of-the-art 
retrievers, rerankers, LLMs -> 500+ experiments).  
Key findings: 

1.   need to go beyond commonly used surface-matching metrics 
(e.g. exact match, F1, Rouge-L, etc.) 

2.   retrieval quality matters for RAG response generation 
3.   need to improve current knowledge-intensive benchmarks to 

use them in RAG: 
• datasets evaluating general knowledge might not be suitable for RAG, 

as LLMs have acquired most such knowledge from Web/Wikipedia 

4.  LLMs of any size can benefit from retrieval



TREC RAG 2024 & Ragnarök

• TREC RAG 2024: dataset for RAG evaluation. Three tasks: Retrieve (R), 
Augmented Generation (AG), Retrieval Augmented Generation (RAG)


• Ragnarök: open-source, reproducible, reusable framework implementing RAG 
pipeline, with 2 sequential modules: (1) R, (2) AG

138

Pradeep, R., Thakur, N., Sharifymoghaddam, S., Zhang, E., Nguyen, R., Campos, D., Craswell, N. and Lin, J., 2024. Ragnarok: A Reusable RAG 
Framework and Baselines for TREC 2024 Retrieval-Augmented Generation Track. arXiv preprint arXiv:2406.16828.



TREC RAG 2024 & Ragnarök

• TREC RAG 2024: dataset for RAG evaluation. Three tasks: Retrieve (R), 
Augmented Generation (AG), Retrieval Augmented Generation (RAG)


• Ragnarök: open-source, reproducible, reusable framework implementing RAG 
pipeline, with 2 sequential modules: (1) R, (2) AG
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Really?



Many More Datasets
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From: Gao, Y., Xiong, 
Y., Gao, X., Jia, K., 

Pan, J., Bi, Y., Dai, Y., 
Sun, J. and Wang, H., 

2023. Retrieval-
augmented 

generation for large 
language models: A 

survey. arXiv preprint 
arXiv:2312.10997.



Many Open Directions
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RAG Evaluation

RAG vs. Long Context

RAG Robustness

Hybrid Approaches

Scaling Laws in RAG

Production-Ready RAGS

Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y., Dai, Y., Sun, J. and Wang, H., 2023. Retrieval-augmented 
generation for large language models: A survey. arXiv preprint arXiv:2312.10997.

End-to-End Optimisation

And many more: temporality, 
trade-offs



Part 3:  
Model-based IR
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Model-based IR

ACM SIGIR Forum, Volume 55, Issue 1 (2021) 

https://dl.acm.org/toc/sigir/2021/55/1
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Model-based IR

ACM SIGIR Forum, Volume 55, Issue 1 (2021) 

Retriever

Ranker

ResultsResultsResultsResults

query

Index

https://dl.acm.org/toc/sigir/2021/55/1
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Model-based IR

Retriever

Ranker

ResultsResultsResultsResults

query

Index

ResultsResultsResultsResults

query

Pre-trained 
model that 
encodes all 

information in 
corpus

Key Intuition: 
 

Replace pipelined architecture 
with a single consolidated model 

(Unified Retrieve-and-Rank) 
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Model-based IR

Retriever

Ranker

ResultsResultsResultsResults

query

Index

ResultsResultsResultsResults

query

Pre-trained 
model that 
encodes all 

information in 
corpus

Key Intuition: 
 

Replace pipelined architecture 
with a single consolidated model 

(Unified Retrieve-and-Rank) 

Typically implement this with a 
encoder-decoder LLM — given a 
query, auto regressively generate 

a ranked list of doc-ids



“Indexing” in Distributed Search Index (DSI)
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the model needs to memorise 
the content/information of each 

document

learn to associate the content 
of each document with its 

corresponding doc-id

Pre-trained 
model that 
encodes all 

information in 
corpus

doc doc-id(doc)

Tay, Y., Tran, V., Dehghani, M., Ni, J., Bahri, D., Mehta, H., Qin, Z., Hui, K., Zhao, Z., Gupta, J., Schuster, T., Cohen, W., Metzler, D.. 2022. 
Transformer memory as a differentiable search index. NeurIPS 2022
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the model needs to answer a 
query

learn to generate a ranked list of 
candidate docids

Pre-trained 
model that 
encodes all 

information in 
corpus

query doc-id-1, doc-id-2, …, 
doc-id-n

“Retrieval” in Distributed Search Index (DSI)

Tay, Y., Tran, V., Dehghani, M., Ni, J., Bahri, D., Mehta, H., Qin, Z., Hui, K., Zhao, Z., Gupta, J., Schuster, T., Cohen, W., Metzler, D.. 2022. 
Transformer memory as a differentiable search index. NeurIPS 2022



Jointly Learn to Index and Retrieve
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Optimise a single model directly in an end-to-end fashion towards global objective:

Tay, Y., Tran, V., Dehghani, M., Ni, J., Bahri, D., Mehta, H., Qin, Z., Hui, K., Zhao, Z., Gupta, J., Schuster, T., Cohen, W., Metzler, D.. 2022. 
Transformer memory as a differentiable search index. NeurIPS 2022



Differentiable Search Index with Query Generation
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Zhuang, S., Ren, H., Shou, L., Pei, J., Gong, M., Zuccon, G. and Jiang, D., 2022. Bridging the gap between indexing and retrieval for differentiable 
search index with query generation. arXiv preprint arXiv:2206.10128.



Differentiable Search Index with Query Generation

152

English only
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Cross-lingual
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0

0.3

0.6
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DSI DSI-xQG
Zhuang, S., Ren, H., Shou, L., Pei, J., Gong, M., Zuccon, G. and Jiang, D., 2022. Bridging the gap between indexing and retrieval for differentiable 
search index with query generation. arXiv preprint arXiv:2206.10128.
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How should doc-ids 
look like?
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How should doc-ids 
look like?

How to memorise 
• lots of data 
• new/updating data 
• efficiently

How to handle 
heterogeneous tasks 
(data distributions, 

objective functions)? How to generate valid 
doc-ids?

Why doing all this?

Questions



Why doing DSI
1) Efficiency at inference


• Memory:


• Inverted index: corpus grows -> index 
grows


• DSI: corpus grows -> model size stays the 
same (+ small overhead for doc-id storage)


• Latency: light generative process over the 
vocabulary of identifiers

158

2) Dramatic simplification of whole indexing/retrieval/generation process


• Less engineering/maintenance  


• Imaging of instead of just generating doc-ids, you could generate answers, with doc-ids 
(attribution) ~> RAG



Bonus! 
Extreme Model-based IR



Reflections on: “Can Long-Context Language 
Models Subsume Retrieval, RAG, SQL, and More?”

160



Reflections on: “Can Long-Context Language 
Models Subsume Retrieval, RAG, SQL, and More?”

161



Reflections on: “Can Long-Context Language 
Models Subsume Retrieval, RAG, SQL, and More?”

162



Reflections on: “Can Long-Context Language 
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But this is going to be expensive!



Reflections on: “Can Long-Context Language 
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But this is going to be expensive! But…

Likely to improve 
further in future



Reflections on: “Can Long-Context Language 
Models Subsume Retrieval, RAG, SQL, and More?”
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But there is more!!
Compared to RAG: 

No multi-
components 
framework to 

maintain/train/run 



Reflections on: “Can Long-Context Language 
Models Subsume Retrieval, RAG, SQL, and More?”
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Compared to DSI: 
No Training! 
(“Indexing”)

Compared to RAG: 
No multi-

components 
framework to 

maintain/train/run 

“Zero-shot”!

But there is more!!



• Many promising directions for using LLMs to empower search 
• Some are radical changes to “retrieval pipeline status-quo” and to how we 

see IR 
• Don’t get tricked by the view that IR is document retrieval! Key to IR is 

information, not documents 
• i.e. it’s time to move on from Lancaster 1968: “An IR system does not 

inform (i.e. change the knowledge of) the user on the subject of his 
inquiry. It merely informs on the existence (or non-existence) and 
whereabouts of documents relating to his request.'”

No better time to do IR than now!


