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Introduction

0 Research on data approximation and mining in
data cubes

Q Some facts
» Very large data cubes (o store and process
» Data cubes are multi-way tables

» High dimensional cubes with possibly useless
dimensions or associations among dimensions

» Patterns (e.qg., clusters, outliers, correlations) are
nidden in large, heterogeneous and sparse data sets

» Users prefer approximate answers with quick
response time rather than exact answers with slow
execution time
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Introduction

a Contribution

» Probabilistic modeling for data approximation,
compression and mining in data cubes

» Focus on non-negative multi-way array factorization
(NMF)

» Potential for approximate query answering
» Comparison with log-linear modeling (LLM)
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Introduction

Q Related work
» Cube approximation and compression
« Barbara & Wu, Sarawagi et al., Vitter et al.
» Outlier detection
e Sarawagi et al., Palpanas et al.,
» Approximate query answering

o Sampling (Ganti et al.), clustering (Yu and Shan),
wavelets (Chakrabarti et al.)

» Approximating original multidimensional data from
aggregates

e |terative proportial fitting (IPF): Palpanas et al.
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Probabilistic datacube modeling

a Assume counts in cube X=[x;] arise from a probabilistic
model P(i,},k).

= X Is a sample from multinomial distribution P(i,} k).
0 Quality of Model 8is measured by the (log-)likelihood:

L(&)=InP(X |6) =D InP(i, j,k)
ijk
a All models implement a trade-off between fit (high L(&)) and
compression (number of parameters).

0 We introduce one such model, NMF, and compare it to the
well-known log-linear modeling (LLM).
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Non-negative multi-way array factorization

Q Additive sum of M non-negative components:
P(i,j,k) = 2_P(m)P(i |m)P(j [m)P(k | m)

m=1

1 Each component is a product of conditionally
independent multinomial distributions.

Q Equivalent to decomposition of multi-way array X:

%xz P@i,j,k)=D> W" ®H" @ A"

m=1

3 ...Into non-negative factors (probabilities
W=[P(i,m)], H=[P(j|m)], A=[P(k|m)])
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NMF (cont'd)

a Estimation by maximizing the log-likelihood, or
equivalently the deviance: G*>=2) x,, In ik
ijk Xijk
a Expectation-Maximization(EM) algorithm
= lterative algorithm with multiplicative update rules

a More components = better fit, less compression
1 Model selection: finding best trade-off
1 Use Information Criteria such as AlIC or BIC

AIC L;2@>i|3|c: (G)@ < InN

Maximum deviance
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Log-linear modeling

1 Decompose the log-probability as an additive sum

INP(i, j,k) = A€Z + 2B+ ZXTe + XS + ToX )
_ .. 1st order (no injatexdctigrisraetipasrb2 tdisenalbdsnensions
0 Maximum likelihood estimation using Iterative

Proportional Fitting.
a Parsimonious model: model that bests fit data

a Backward elimination: start with a large model and
use #?2 to test that removal of interaction yields no
significant loss in fit.

a Other variants: forward selection, ...

DOLAP’07 9



Rates of compression and approximation

0 Approximation: measured by deviance G=2:
» G2=0 means perfect approximation (saturated model)
» Higher G2 = worse approximation

a Compression: How much smaller is the model?
» Compression rate: ratio os over cells:
R =1— f : degrges off fre”edom
C
Nc @fnum er of cells

R =1-(M |+ J+K -2
IJK

number of components

» For NMF:
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Experiments: 3 datasets

Governance Customer Sales
Dimensions 3x4x2x2 2Xx8x6x5x5 44 x 4 x 3
Nb. cells 48 2400 528
Nb. facts 214 10281 5191
Density 63% 37% 50%
Governance: “Toy” example but real data.

Customer: from FoodMart data in SQL Server
analysis Services. Large, high-dimensional
table.

Sales: also from FoodMart. One dimension with
many modalities (44 product categories)
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NMF and LLM In action

a Governance cube

)]
Size || Lo | Me | Hi
USSX 1 41 10 0 DUALITY
=No i t“ ?‘i ig QL || No | Yes
4 0 . 1 Low 26 26
: - - Med || 64 | 41
Lo 12 High || 47 | 10
—Yes 2l 11| 22| 1 g
31 ol 12| 16
all ol 5| 8

Table 6: The two sub-cubes identified by LLM as substitutes for the original data cube: QI*S1ze*USSX,
left, and QI*DuALITY, right.
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Components

NMF and LLM In action

a Governance cube

T 171
00 04 08

|
Low High 2 3 No Yes No Yes
 — |
Low High 2 3 No Yes No Yes
Low High 2 3 No Yes Mo Yes
al SIZE DUALITY USSX
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NMF and LLM In action

a Governance cube

Comp?2 DuariTy=No =Yes
S1zeE | QL:Lo | Md | Hi || Lo | Md | Hi
Compl DuaLiTY:No Yes USSX 2 b 9l 0 T 12 1
SIZE | QI:Md | Hi || Md | Hi =Yes 3 3 5 O 4 T 0
USSX 1 0 0 0 0 4 0 1 0 1 1 0
=No 3 0 1 0 0
1 0 1 0| 0 Comp3 Duarity=No =Yes
1 0 2 0l 0 S1ze | QI:Lo | Md | Hi || Lo | Md | Hi
=Yes 3 3|13 o1 1 1 2 5 2 1 21 1
4 1 7 0 1 USSX 2 11 22 9 5 11 5
= No 3 i 15 6 4 T 3
4 1 2 1 0 1 0

Table 2: Components of the 3-component NMF model. Cells where each component dominates are in
bold. Non represented rows and columns are uniformly equal to 0.
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Compression vs. approximation

Sub-

GOVERNANCE  abes Paam R &2 0O Good compression on
NMF (best BIC) 2 16 66.7 | 56 GOVERNANCE and
NMF (best AIC) 3 24 50.0 | 35 CUSTOMER cubes
LLM 2 26 45.8 23 . .
a BIC: more parsimonious

CUSTOMER N =2x8x6x5x5, N=10281 NMF than AIC (or LLM)
NMF (best BIC) 5 110 95.4 | 1020 a LLM approximates better
NMF (best AIC) 6 132 94.5 | 917
LLM 4 s67 | 764 | 505 | @ NMF compresses better
SALES N.=44x4x3, N=5191 - Eg NMF mOdels 2400
NMF (best BIC) 8 392 | 258 | 715 cells in CUSTOMER with
NMF (best AIC) 528 0 0 110 parameters only!
LLM 528 0 0
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Approximate query answering

Q Query reformulation on NMF components

Q Select a portion of the cube (Slice and Dice
differ on the extent of the selection)

0O Probabilistic model cuts the processing time as:

» Only necessary cells need to be calculated (no need
to compute entire cube).

> lrrelevant (i.e., outside of the query scope)
components may be ignored.

Q Saving Is iImportant If query selects a small part
of the cube and components are well distributed.
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Slice and Dice (cont’d)

Modalities
Dimensions | Data | C1 C2 C3 | C4 C5
CUSTOMER | status 12 | 12| 12 | 12|12 || 12
Income 1-8 4-8 1-3 1-3 | 2,3 ||1-4,6,8
Children 05 | 05| 05 [ 05| 05 0-5
Occupation 1-5 4,5 1-5 1,2 | 1,2 4,5
Education 1-5 | 1-5 3 1,2 | 1-3 4,5

a Slice: (Status,Income,Children,Occupation) for
customers with Education=4

a Dice: (Status,Income,Occupation) for customers
with Education=4 or 5, and Children>2
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Approximate query answering: Roll-up

Q Aggregate values over all (or subset of)
modalities of one or several dimensions

a Easily implemented by summing over
probabilistic profiles in the model

EI For example roll-up over dimension K:
> P, j.K) = X P(m)PG M |m)ZP(k|m) ZP(m)P(u [m)P(j |m)

kl~Xk/N m=1 k

1

2 Get rolled-up model “for free” from original model
2 Roll-up on model much faster than on data
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Roll-up (cont'd)

Modalities
Dimensions | Data | C1 C2 C3 | C4 C5
Status 1,2 1,2 1,2 1,2 | 1,2 1,2
Income 1-8 4-8 1-3 1-3 | 2,3 | 1-4,6,8
Children 05 | 05| 05 | 05| 05 0-5
Occupation 1-5 | 45 1-5 12 | 1,2 4,5
Education 1-5 | 15 3 1,2 | 1-3 4,5

0 Roll-upl: Income,Occupation,and Education only
» Combine 3 probabilistic profiles (instead of 5)

2 Roll-up2: Climb up the Income hierarchy
[1,3],[4,5].[7,8]
» Component C1 is irrelevant for interval [1,3]
» Components C2 and C3 are irrelevant for [4,5] and [7,8]
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Conclusion — NMF vs LLM

Q Differences
» Better compression (but less precision) with NMF

» NMF finds homogeneous dense regions (components)
In cubes and relevant members of all dimensions in
components

» LLM identifies important associations between
dimensions for all members of selected dimensions

» LLM imposes more constraints (density and data size)

» NMF is more precise for selection queries while LLM
seems more appropriate for aggregation queries (due
to IPF)
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Conclusion — NMF vs LLM

a Similarity
» Probabilistic modeling

» Approximation/compression and outlier detection (by
comparing estimated values with actual data)

a Complementarity

» NMF and LLM are therefore complementary
techniques

DOLAP’07
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Conclusion

a Future work

» Incremental update of a precomputed model when
new dimensions or dimension members are added

» Use NMF to identify dense components that are
further modeled with LLM

» Efficient implementation of model selection
procedures for NMF and LLM

» Experimentation on very large data cubes (e.g., DBLP
data)
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