
Data structures in Information Retrieval

Language Models and Graphs



Speller example

Britany Spears

Britany → Britain  (LD: 2 Mod. Pr.: 5e-5)

Britany → Britney (LD: 2 Mod. Pr.: 3e-7)

Britain Spears (Pr: 7e-8)

Britney Spears (Pr: 3e-4)



Language models

Language model – probabilistic presentation of 
language:

• Characters 

• Words

• Phrases



Language Models Applications

• Index/Search pruning

• Distribution Data in cluster/ balancing

• Spelling/ Query Suggestion

• Ranking Algorithm

• Classification/extraction/ other IR tasks



N-gram word model

(Word1, Word2,... Wordn) → P

Smoothing:

• Unseen N-grams

Laplace: P =  1/(n+2)

• Outliers, lack of data

Prior: Poisson, Dirichlet



Naïve Presentation of LM

Any search structure

Key Prob

Word1 0.002

Word2 0.0004

WordN 0.00043

Key Prob

Word1, Word’1 0.000001

Word2,  Word’2 0.000001

WordN, Word’N 0.00003



Building LM 

Linearization TO Be or not to be

1-Gram2-Gram3-Gram



Big LM

Pass 
1

Pass 
N

Pass 
2

Multiway/
Logarithmic 

merge

Big Model

“A”2“AB”15“B”200



Presentation of Probabilities

During build: counters

During use: log(p)

P1*P2…*PN → log(P1)+log(P2)…+log(PN)

P1+P2…+PN → log(e log(P1)+e log(P2)…+e log(Pn))=

log(P1)+ log(1+e log(P2)-log(P1)…+e log(Pn) -log(P1))



Example of “super-pruned LM”

“the”=0.062 “of” = 0.03 others = 0.000028 
H=0.28

“the” = 0.062 others = 0.000029 H=0.17



Pruning LMs
Task: Put into memory N-gram model

Model: N words + probability

1. Create N-1,N-2… word model

2. Use low order model to predict high order 
[backoffs]

3. Pruning: |Pest-Preal|<C => remove  [iterative]

4. Perform lossy compression



Use low order model for prediction

P(W1) = X

P(W2) = Y

P(W1,W2) = P(W1)*P(W2|W1) ≈ X*Y

Independent assumption
P(W2|W1) ≈ P(W2)



Lossy compression of LM (1)

1. Take a good hash function

F(w1,…wN) -> *0…BIG_INT)

BIG_INT reduces noise

2. Encode Model:

<to,be: 0.002> → <1213444: 0.002>

<be,or: 0.0004> → <33755687: 0.0004>

<or,not: 0.00043> → <6453: 0.00043>



Lossy compression of LMs (2)

hash Prob

1213444 0.002

33755687 0.0004

6453 0.00043

hash Prob

6453 0.00043

1213444 0.002

33755687 0.0004

Sort

hash Prob

0 0.00043

1206991 0.002

32542243 0.0004

∆

Offsets

6453

…

…



Using compressed LM

hash = hash_function(phrase)

(offset,n_offset) = search_in_offsets(hash)

for decom in decompression(offset,n_offset):

if hash = decom.cod:

return decom.prob

backup(phrase)



Links Analysis

1

3

4

2

5

ID 1 2 3 4 5

1

2 1 1 1

3 1 1

4 1

5



Sparseness of Adjacency Matrix 

• Small-world phenomena

• Power-law distribution

http://www.problogger.net/wp-content/problogger-graph.gif


Adjacency Matrix Presentation

1→<>

2→<1,3,5>

3→<2,4>

4→<1>

5→<>

1

3

4

2

5

Compress with all algorithms from Inverted Files!
Webgraph  http://law.dsi.unimi.it/ ζ codes 3.08 bits/link

http://law.dsi.unimi.it/


PageRank Algorithm

“Probability of random walk”

“Popularity metrics”

Eigenvector Ax = λx

Initial
value

Dumping
factor

Number of links



Pager Rank Implementation
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PageRank 
optimization 1 (1)

Inverted Adjacency Matrix 
Presentation

1 →<2,4>

2 →<3>

3 →<2>

4 →<3>

5 →<2>

1

3

4

2

5



PageRank 
optimization 1 (1)

P
(i

) 
–

n
ew

.  
va

lu
e

i → <j,l,k>

l

k

j

P(i)



Reduce size of array

PageRank 
optimization 2
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1. Reduce number of iterations: initial values 
from previous calculations

2. Parallelization

3. Graph reduce

PageRank 
optimization …



Converge conditions

1. Fixed number of iterations (<100)

2. ∑ (Pnew(i)-P(i)) < ∆

3. No re-ranking:
P(i) > P(j) →Pnew(i) > Pnew(j)

Variants: N-top, sample



Finished

1. Index big corpus

2. Search in index

3. LM for spell-corrector

4. Link analysis



Q&A
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