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Term-Document Matrices

2 t,
m Each term is a dimension.
g document o Fach document is a vector over
terms.
query _
° q.uery m Query is a vector over terms.

m Weighting schemes
. o dom m Boolean, Okapi, TF-IDF etc.

m Document “similarity”
~ closeness in term-space.



Document Similarity

m Term-document matrix A,
query vector q.

m Document relevance to

query [1]1]1]0 [o]

documents| 110|110 -
document,[ oo | 1]1 0 query given by (welghted)
number of terms in
common.
d t .
ocumental 1] o 1 m Relevance scores given by

A qTA.
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LSI at a high level

m Term-document matrix A.
m Want a representation A such that
mA preserves semantic associations.
m uses less resources.
m Goal : measuring query-document similarity using Ais
efficient and gives better results.

Basic intuition of SVD/LSI used in clustering, collaborative
filtering.



Singular Value Decomposition

m Singular Value Decomposition of a 3 x 3 matrix

A=U x ¥ x VT
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Latent Semantic Indexing
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m Suppose only k topics in
data.

m Keep top k singular values
and vectors.

m Denoted as A,



Latent Semantic Indexing
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m Suppose only k topics in
data.

m Keep top k singular values
and vectors.

m Denoted as A,
m A is “closest” rank-k
matrix to A.

m “closest” = Frobenius,
L, norms.



LSI in Answering Queries

m Propose A as the representation A.

m Space reduced by factor m.

m “Dimensionality” of corpus = number of topics in corpus.

m Results in “cleaner” representation of structure by ignoring
“irrelevant” axes.

m Believed to identify synonymous terms
H e.g. car and automobile.

m Disambiguate based on context.
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Latent Semantic Indexing

2 t1

documentsin A .
m Finds best rank-k

subspace “fitting”
documentsin A the documents.
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Motivating Variable LSI

2 t1

m Finds best rank-k
subspace “fitting”
the documents.

query documentsin A

documentsin A

A=Ak,

m But, we were
4 dealing with
answering queries ?
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Query Distribution

m Query vectors have a skewed distribution over terms.

m In a corpus, might get queries only for a small subset of
terms.

m e.g.: Queries about sport and politics ...
m Co-occurence between query terms ?

B e.g. “data” + “mining”.
m Ad-hoc solution: delete irrelevant terms.
m Any principled approach ?



Variable Latent Semantic Indexing

m Probability distribution Q over set of terms.
m Query vector g chosen according to Q.
m Want A such that for most such vectors q,

qg’A ~ q'A
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Variable Latent Semantic Indexing

m Probability distribution Q over set of terms.
m Query vector g chosen according to Q.
m Want A such that for most such vectors q,

qg’A ~ q'A

m First cut : minimize expectation of ||g7 (A — 7\)”.
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Isotropic Query Distribution

document
o random query m Query distribution has
uniformly random direction.
m Expected ||qT (A — A)|| is
minimized at

document

L A= AR,
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Skewed Query Distribution

20

document
()

document

random query .

vector V-

m Need to skew rank-k
approximation to
match query
distribution.



Variable Latent Semantic Indexing

m Recall
A: term-document matrix, Q: query distribution.

m Co-occurrence matrix:

C = Exguq[9q’|
m X = C'/2A
m Find rank-k approximation X(¥) of X.
m Return A= C-1/2x(k),

21



Proof Intuition

original term-document space
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Proof Intuition

original term-document space transformed term space

.« X=C"A
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Proof Intuition

original term-document space transformed term space

low-rank space in
transformed term space

24



Proof Intuition

original term-document space transformed term space

i\l . X= 1/2
X(k) l

X(k)

low-rank space in

return to orlglnal Space transformed term space
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Experimental Setup

m Reuters data (1987).
m 21k documents.
m Five categories.
m 112k terms.
m 134 terms per document.
B preprocessing
m porter-stemmed, case-folded and stop-worded.
m term-document matrices with boolean, okapi weighting.

m used svdpackc.
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Experimental Setup: Query Distribution

m Single-word
m terms distributed according to frequency in corpus.
m power law, ordered by distribution in corpus.
m power law on random ordering.

m Two topics:
B money, commodities

m Double-word: power law on ranked bigrams.
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VLSI Results: Lo error

Lz

L2 error

error for guery distribution D2, both matr
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wLEI Okapi

. wLSI EBool .

m Typically, saves an
. order of magnitude
5 in dimensions for L,

&B i error.

B 188 268 380 408 S8A 608 788 360 9AE166808

Dimension Cki



30

Results: Competitive Error

L2 error / Conpetitive error
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L2 and comnpetitive error

wLST L2 ——
LSI L2 ——
vL

LSI CEEle —— |

8 18 28 38 48 58 68 78 88 90

Dimension (k)

m comp. error =1 —
comp. precision.

m Substantial
improvements for
competitive error
too.



Summary

m LS| does effective dimension reduction, but can be
fine-tuned using VLSI to query distributions.

m Space requirements same as that of LSI.
m Have to estimate co-occurrence matrix.
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Future Work

m Personalized versions ?

m Analyze retrieval using stochastic data models ?
m Computational issues

m Using sampling for efficiency ?

m Updating using query streams ?

m Application to other domains?
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Thanks !
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