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Before we start
1. Midterm 2 is on 13th November

2. Final Project: Upto 3 members will be allowed

3. Today's lecture - Language Models
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Recap - Previous Class
1. Relevance Feedback

a. Rocchio Algorithm

2. Query Expansion

a. Word Co-occurrence
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Standard Probabilistic IR
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IR based on Language Model (LM)
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Formal Language (Model)
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Stochastic Language Models
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Stochastic Language Models
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Stochastic Language Models
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Unigram and higher-order models
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Generating Shakespeare
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GPT-2: Zero-shot Results
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Using Language Models in IR
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● Treat each document as the basis for a model (e.g., unigram 

sufficient statistics)

● Rank document d based on P(d | q) 

● P(d | q) = P(q | d) x P(d) / P(q) 

○ P(q) is the same for all documents, so ignore 

○ P(d) [the prior] is often treated as the same for all d 

■ But we could use criteria like authority, length, genre 

○ P(q | d) is the probability of q given d’s model 

● Very general formal approach



The fundamental problem of LMs
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Language Models for IR
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Retrieval based on probabilistic LM
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Retrieval based on probabilistic LM

Department of CSE



Query generation probability
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Insufficient data
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Insufficient data
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Mixture model
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Basic mixture model summary
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Example
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Ponte and Croft Experiments
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Precision/recall results 202-250

Department of CSE



Precision/recall results 51-100
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LM vs. Prob. Model for IR
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● The main difference is whether “Relevance” figures explicitly in the 

model or not 

○ LM approach attempts to do away with modeling relevance 

● LM approach assumes that documents and expressions of 

information problems are of the same type 

● Computationally tractable, intuitively appealing



LM vs. Prob. Model for IR

Department of CSE

● Problems of basic LM approach 

○ Assumption of equivalence between document and 

information problem representation is unrealistic 

○ Very simple models of language 

○ Relevance feedback is difficult to integrate, as are user 

preferences, and other general issues of relevance 

○ Can’t easily accommodate phrases, passages, Boolean 

operators 

● Current extensions focus on putting relevance back into the model, 

etc.



Extension: 3-level model
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3-level model
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Alternative Models of Text Generation
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Retrieval Using Language Models
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Retrieval Using Language Models
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● P(Q|D
m

) 

● Major issue is estimating document model 

○ i.e. smoothing techniques instead of tf.idf weights 

● Good retrieval results 

○ e.g. UMass, BBN, Twente, CMU 

● Problems dealing with relevance feedback, query expansion, 

structured queries



Document Likelihood
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Model Comparison
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Two-stage smoothing: Another Reason for Smoothing
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Two-stage Smoothing
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How can one do relevance feedback if using language 
modeling approach?
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Expansion-based vs. Model-based
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Expansion-based vs. Model-based
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Feedback as Model Interpolation
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Translation model (Berger and Lafferty)
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Language models: pro & con
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Comparison With Vector Space
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● There’s some relation to traditional tf.idf models: 

○ (unscaled) term frequency is directly in model 

○ the probabilities do length normalization of term frequencies 

○ the effect of doing a mixture with overall collection 

frequencies is a little like idf: terms rare in the general 

collection but common in some documents will have a greater 

influence on the ranking



Comparison With Vector Space
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● Similar in some ways 

○ Term weights based on frequency 

○ Terms often used as if they were independent 

○ Inverse document/collection frequency used 

○ Some form of length normalization useful 

● Different in others 

○ Based on probability rather than similarity 

■ Intuitions are probabilistic rather than geometric 

○ Details of use of document length and term, document, and 

collection frequency differ



1. Slides provided by Sougata Saha (Instructor, Fall 2022 - CSE 4/535)

2. Materials provided by Dr. Rohini K Srihari

3. https://nlp.stanford.edu/IR-book/information-retrieval-book.html
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