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• Dense Retrieval
• Sparse Retrieval
• LLMs

Neural IR

SDG for Retrieval

Information Retrieval



Introduction

What is Information Retrieval?

Information Retrieval is finding 
material of an unstructured nature 
that satisfies an information need 
from within large collections.
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Reference: https://nlp.stanford.edu/IR-book/information-retrieval-book.html

This Photo by Unknown Author is licensed under CC BY-SA

https://www.lifewire.com/google-people-search-3482686
https://creativecommons.org/licenses/by-sa/3.0/


Why is IR important?

• Quickly access to relevant information from vast amounts of 
data

• Time efficiency: rank and filter results based on relevancy

• Enable quick decision making
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IR vs Databases
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Feature Information Retrieval Databases (SQL)
Data 
Nature

Unstructured (text, 
web pages)

Structured (tables, 
records)

Query Keywords, fuzzy search Exact matches, 
predefined queries

Result Ranked documents 
based on relevance

Precise, structured 
data retrieval

Example Google Search
Banking system 
retrieving customer 
details

Information Retrieval



Examples of IR Systems

• Web Search Engines

• Google, Bing, DuckDuckGo, …

• E-commerce search

• Amazon, Flipkart, …

• Library

• IEEE, PubMed, Google Scholar, …

• Enterprise Search

• Searching internal documents, emails, reports, …
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Motivation

https://www.enterpriseai.news/
2023/11/20/oxford-university-study-shows-
large-language-models-llms-pose-risk-to-
science-with-false-answers/

https://finance.yahoo.com/
news/google-ceo-sundar-pichai-
says-173747803.html



Neural IR
Source: 
https://web.stanford.edu/class/cs22
4u/slides/cs224u-neuralir-2023-
handout.pdf

Information Retrieval
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Code: https://github.com/murthyrudra/Information-Retrieval
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Case Study

Owner sold a defective car to 
me and he hid this information

IPC

Retriever

IPC 406

IPC 420



29/08/2025

Information Retrieval
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VECTOR SPACE MODEL



Vector Space Model

• Treat query also as a document

• Both queries and documents are treated as vectors

• Computes similarity using cosine similarity

• This similarity metric can be used for ranking the documents
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Vector Space Model

Term-Document Incidence Matrix
• Create a set of all possible words in the 

document collection (Vocabulary)
• For every term in the vocabulary, have an 

entry 1 if the word/term is present in the 
document else 0

We can represent the query also using this 
term-incidence matrix
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robbery theft …

Document 1 1 0 ..

Document 2 0 1 …

… … … …



Vector Space Model
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• Intuitively, the larger the overlap of words 
between the query and document, the larger 
will be the similarity

• Intuitively, the larger the overlap of words 
between the query and document, the larger 
will be the similarity



Vector Space Model: Term Weighting

Consider the query
• While travelling to work today, someone 

hit my car and started abusing me even if 
it wasn’t my fault. What laws will help 
me? 

• It is important to give importance to 
words/terms relevant for retrieval

Our encoding gives importance to all words in 
query/document
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• Intuitively, the larger the overlap of words 
between the query and document, the larger 
will be the similarity

work today hit car abuse fault if it to while

Quer
y

1 1 1 1 1 1 1 1 0 1

… … … … …



How do we 
determine such 
TERM weights?
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Vector Space Model: Term Weighting

Term Frequency

• How many times a term appears in a document

• In our example query, While travelling to work today, someone hit my car and started 
abusing me even if it wasn’t my fault. What laws will help me?

• If the terms hit , car , abuse appears frequently, then the document is relevant for us
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Vector Space Model: Term Weighting

Term Frequency

• How many times a term appears in a document

• Closed-words (Function words) are very common
• Example: in, at , a , an , the

• How do we separate the important terms from the function words?

• In our example query, While travelling to work today, someone hit my car and started abusing me 
even if it wasn’t my fault. What laws will help me?

• The irrelevant terms in the above query are
• while, if, my, …
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Vector Space Model: Inverse 
Document Weighing
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Vector Space Model: Inverse 
Document Weighing

Inverse Document Frequency

• In our example query, While travelling to work today, someone hit my car and started 
abusing me even if it wasn’t my fault. What laws will help me?

• Terms/words like if or while or will or even appear in many documents

• Terms like hit or abuse appear in very few documents only
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Vector Space Model: Tf-IDF
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Vector Space Model: Tf-IDF
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Hypothetical query representation using tf-idf weighting

work today hit car abuse fault if it to while

Query 0.1 0.04 0.5 0.3 0.6 0.2 0.01 0.003 0 0.004

… … … … …



NEURAL IR

• Approaches like TF-IDF and BM25 puts too 
much emphasis on lexical similarity

• These retrievers might fail to capture 
semantic similarity
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Embedding Based Retrieval

• What if we take average of 
word embedding of all words 
in the sentence/document?

• What if we use TF-IDF to 
determine weights, and then 
use these weights to take 
weighted average of word 
embeddings?

https://nlp.stanford.edu/projects/glove/
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Embedding Based Retrieval

• Learn representations of 
sentences and paragraphs

Distributed Representations of Sentences and 
Documents. 
https://arxiv.org/abs/1405.4053
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To-Do

• Implement word embedding based query/document 
representation calculation

• Implement word embedding based query/document 
representation calculation and used TF-IDF for term weights
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Pre-Trained language Models

https://en.wikipedia.org/wiki/BERT_(language_model)
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Finetuning PLM

Sentiment Analysis Sentence Classification Sequence Labelling

https://en.wikipedia.org/wiki/BERT_(language_model)
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PLMs



Motivation

• BERT uses [CLS] as a special token in front of every sentence

• [CLS] is used for next-sentence prediction

• What if we used [CLS] to get query/passage representation

• Alternatively, we can take the average of all token representations to form query/passage 
representation 
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To-Do

• Implement [CLS] based query/document representation from 
PLMs like BERT, RoBERTA, etc 

• Implement average of token embeddings based 
query/document representation from PLMs like BERT, 
RoBERTA, etc 
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Neural Retrievers

• Cross Encoders

• Dense Passage Retrievers

• Late Interaction Models

• Sparse Retrievers



Cross 
Encoders
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Cross-Encoders

• Maximal interaction between query and document 
tokens

• Scalability issues
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https://web.stanford.edu/class/cs224u/slides/cs224u-neuralir-2023-handout.pdf



Dense Passage Retrievers

29/08/202534 Information Retrieval

q
Query

p
Passages

Encoder Encoder

Cosine 
Similarity

Score(q,p)

Dense Vectors

Inferenc
e



Dense Passage Retrievers
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q
Query

p
Passages

Encoder Encoder

Cosine 
Similarity

Score(q,p)

Training  



Dense Passage 
Retrievers

• Highly Scalable
• Limited query and document interactions
• Will a d-dimensional representation be able 

to capture the nuances in query and 
documents?
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ColBERT

• Late Contextual Interactions 
• Every query token interacts with every 

passage/document token
• Have to save representation of every token in all 

documents
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Sparse Retrievers

SPLADE: Sparse Lexical and Expansion Model for First Stage Ranking
SparTerm: Learning Term-based Sparse Representation for Fast Text Retrieval



Training
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Unsupervised Pre-Training

Supervised Finetuning (Stage 
1)

Supervised Finetuning (Stage 
2)

Supervised Finetuning (Stage 
3)



Unsupervised Pre-training

Pre-training Tasks for 
Embedding-based 
Large-scale Retrieval. 
ICLR 2020
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Inverse Cloze Tasks
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Body First Selection
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Wiki Link Prediction



Supervised Fine-Tuning

• Stage 1:

• Use In-batch negatives with/without hard negatives mined 
from BM25

• Stage 2:

• Use Stage-1 model to mine hard negatives and fine-tune a 
stage 2 model

• Stage 3:

• Use knowledge distillation
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IR 
Pretraining 
Strategies
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RETRO-MAE
SHITAO XIAO, ZHENG LIU, YINGXIA SHAO, AND ZHAO CAO. 2022. 
RETROMAE: PRE-TRAINING RETRIEVAL-ORIENTED LANGUAGE MODELS VIA MASKED AUTO-ENCODER. 
IN PROCEEDINGS OF THE 2022 CONFERENCE ON EMPIRICAL METHODS IN NATURAL LANGUAGE PROCESSING, PAGES 
538–548, ABU DHABI, UNITED ARAB EMIRATES. ASSOCIATION FOR COMPUTATIONAL LINGUISTICS.

https://aclanthology.org/2022.emnlp-main.35


MLM Pre-Training

Climate Change: 89% of glacial lakes in Indian Himalayas expanding at unprecedented rate, says ISRO

Encoder Mask

<BOS> [MASK] Change: 89 [MASK] of glacial lakes in [MASK] [MASK] [MASK] expanding at unprecedented rate, 
says ISRO

Encoder

Climat
e % Indian Himal ##ayas

MLM Loss



Decoder Pre-Training

Climate Change: 89% of glacial lakes in Indian Himalayas expanding at unprecedented rate, says ISRO

Encoder Mask Decoder Mask

<BOS> Change: 89 [MASK] of glacial lakes in [MASK] [MASK] 
[MASK] expanding at unprecedented rate, says ISRO

<BOS> [MASK] Change: 89 [MASK] of [MASK] [MASK] [MASK] 
in [MASK] [MASK] [MASK] expanding at [MASK] [MASK] 
[MASK] rate, says ISRO

Encoder Decoder

Climate       % glacial lakes Indian Himalayas 
   unprecendented

<BOS> Decoder 
MLM
Loss



RETRO-MAE V2
ZHENG LIU, SHITAO XIAO, YINGXIA SHAO, AND ZHAO CAO. 2023. 
RETROMAE-2: DUPLEX MASKED AUTO-ENCODER FOR PRE-TRAINING RETRIEVAL-ORIENTED LANGUAGE MODELS
. IN PROCEEDINGS OF THE 61ST ANNUAL MEETING OF THE ASSOCIATION FOR COMPUTATIONAL LINGUISTICS (VOLUME 
1: LONG PAPERS), PAGES 2635–2648, TORONTO, CANADA. ASSOCIATION FOR COMPUTATIONAL LINGUISTICS.

https://aclanthology.org/2023.acl-long.148


PRE-TRAINING



MLM Pre-Training

Climate Change: 89% of glacial lakes in Indian Himalayas expanding at unprecedented rate, says ISRO

Encoder Mask

<BOS> [MASK] Change: 89 [MASK] of glacial lakes in [MASK] [MASK] [MASK] expanding at unprecedented rate, 
says ISRO

Encoder

Climat
e % Indian Himal ##ayas

MLM Loss



Decoder Pre-Training 

Climate Change: 89% of glacial lakes in Indian Himalayas expanding at unprecedented rate, says ISRO

Encoder Mask Decoder Mask

<BOS> Change: 89 [MASK] of glacial lakes in [MASK] [MASK] 
[MASK] expanding at unprecedented rate, says ISRO

<BOS> [MASK] Change: 89 [MASK] of [MASK] [MASK] [MASK] 
in [MASK] [MASK] [MASK] expanding at [MASK] [MASK] 
[MASK] rate, says ISRO

Encoder Decoder

Climate       % glacial lakes Indian Himalayas 
   unprecendented

<BOS> Decoder 
MLM
Loss



Bag-Of-Word (BoW): Other Tokens

Climate Change: 89% of glacial lakes in Indian Himalayas expanding at unprecedented rate, says ISRO

Encoder Mask

<BOS> [MASK] Change: 89 [MASK] of glacial lakes in [MASK] [MASK] [MASK] expanding at unprecedented 
rate, says ISRO

Encoder

sun
rain

climate
lakes

climate
lakes

Bag-of-Word 
Output

price
American

climate
lakes

says
ISRO

climate
lakes

says
ISRO

climate
lakes

price
American

sun
rain

Ma
x

BoW KL 
Divergenc

e Loss



Retro-MAE v2
After pre-training we will have two representations

<BOS> trained via MLM and enhanced decoding
Remaining token embeddings trained via BoW reconstruction



FINE-TUNING



Dense + Sparse Representation

<BOS> Query </s>

Encoder

<BOS>   R∈ 768

<BOS>  R∈ 384

MLM Head

Logits R|V| Max 
Pooling

Top-384 
Tokens

Representation

<BOS> Passage </s>

Encoder

<BOS>   R∈ 768

<BOS>   R∈ 384

MLM Head

Logits R|V|Max 
Pooling

Top-384 
Tokens



BOW DPR
MA, GUANGYUAN, XING WU, ZIJIA LIN AND SONGLIN HU. “DROP YOUR DECODER: 
PRE-TRAINING WITH BAG-OF-WORD PREDICTION FOR DENSE PASSAGE 
RETRIEVAL.” SIGIR 2024



Bag-Of-Word (BoW): CLS

Climate Change: 89% of glacial lakes in Indian Himalayas expanding at unprecedented rate, says ISRO

Encoder 
Mask

<BOS> [MASK] Change: 89 [MASK] of glacial lakes in [MASK] [MASK] [MASK] expanding at 
unprecedented rate, says ISRO

Encoder

Climate % Indian Himal ##ayas

MLM 
Head

sun
rain

climate
lakes

climate
lakes

Bag-of-Word 
Output



COT MAE
COT-MAE: CONTEXTUAL MASK AUTO-ENCODER FOR DENSE PASSAGE RETRIEVAL. COT-
MAE IS A TRANSFORMERS BASED MASK AUTO-ENCODER PRE-TRAINING ARCHITECTURE 
DESIGNED FOR DENSE PASSAGE RETRIEVAL. (ACCEPTED BY AAAI 2022)



CoT-MAE



COT-MAE WITH QUERY
XING W, GUANGYUAN MA, WANHUI QIAN, ZIJIA LIN, AND SONGLIN HU. 2023. 
QUERY-AS-CONTEXT PRE-TRAINING FOR DENSE PASSAGE RETRIEVAL. IN PROCEEDINGS OF THE 2023 CONFERENCE 
ON EMPIRICAL METHODS IN NATURAL LANGUAGE PROCESSING, PAGES 1906–1916, SINGAPORE. ASSOCIATION FOR 
COMPUTATIONAL LINGUISTICS.

https://aclanthology.org/2023.emnlp-main.118


Cot-MAE with Query as Context



COT-MAE V2
WU, XING, GUANGYUAN MA, PENG WANG, MENG LIN, ZIJIA LIN, FUZHENG ZHANG, AND 
SONGLIN HU. "COT-MAE V2: CONTEXTUAL MASKED AUTO-ENCODER WITH MULTI-VIEW 
MODELING FOR PASSAGE RETRIEVAL." ARXIV PREPRINT ARXIV:2304.03158 (2023).



CoT-MAE v2
• Multi-view representation learning

• Dense and Sparse representations
• Auto-Encoding (MLM) and Auto-Regressive Decoders (CLM)
• Sparse representation focuses on lexical and dense representation focuses on 

semantics
• Auto-Encoding Decoder

• Given sentence representation from encoder and aggressively masked input to the 
decoder, predict only masked tokens (MLM)

• Auto-Regressive Decoder
• Given sentence representation from encoder and aggressively masked input to the 

decoder, reconstruct the original sequence



CoT-MAE v2



Evaluation

Information Retrieval
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BEIR (Benchmarking IR)
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LoTTE (Long-Tail, ToPIC-Stratified 
Evaluation)​
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Datasets

MS MARCO Ranking Test

• The most commonly used IR benchmark

• Adapted from question answering dataset

• More than 500k Bing search queries

TREC

• Text REtrieval Conference (TREC) conducts annual competitions for 
benchmarking IR systems
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Outline
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• Motivation
• IR Pipeline

Introduction

• Traditional IR
• Neural IR
• LLMs

IR Approaches

Metrics

• Hindi-BEIR
• Legal Retriever

Indic IR

Information Retrieval



METRICS
Slides Credit: 
https://www.pinecone.io/learn/offli
ne-evaluation/

Information Retrieval
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Metrics

• How good is our retrieval system?

• Is it able to retrieve the relevant documents given a query?
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Example

• Query: Impact of climate change on India 
based on IPCC report​

• Passages: ​

Passage 1:
According to the 
Intergovernmental Panel on 
Climate Change (IPCC), India is 
among the countries that face the 
highest risk from climate change's 
impact, despite contributing 
minimally to global warming in the 
past century. The IPCC's 2022 
report on climate change impacts 
and risks to ecosystems and 
human systems highlights so..

Passage 2:
India may face catastrophic 
impacts due to global 
warming, IPCC 
reports warn. Temperature rise, 
sea level increase, catastrophic 
impacts on the lives and 
livelihoods of people are some of 
the big challenges for India …

Passage 3:
The occurrence of extreme hot 
events is likely to increase in 
Indiana, while the occurrence of 
extreme cold events is likely to 
decrease. The occurrence of 
conditions that spawn severe 
thunderstorms is likely to increase 
in Indiana…

Passage 4:
Climate change is expected to 
have major health impacts in 
India- increasing malnutrition and 
related health disorders such as 
child stunting - with the poor likely 
to be affected most severely..

Passage 5:
As global temperatures rise, we will 
continue to see India's poorest suffer 
the most as climate change 
destroys livelihoods and washes 
away…



Recall@k

•  
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Recall@k

Source: 
https://www.pinecone.
io/learn/offline-
evaluation/
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Recall@k

Summary

• Easy to understand and interpret

• A perfect score indicates all relevant items are returned

• A value of zero indicates no relevant items are returned

• It is order unaware

• A system which returns a relevant item at position 1 is given 
the same score as another system which returns a relevant 
item at position 10 for Recall@10
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Mean Reciprocal Rank (MRR)

•  
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MRR

•  
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MRR

Summary

• Order-aware makes it more relevant for use-cases where the 
ranking of the relevant result is important

• We consider, rank of the first relevant item only
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Summary

• Brief overview of IR methods
• Classical Approaches as well as encoder-

based approaches
• Various metrics for evaluation
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