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Outline of Talk
• The utility of similarly search for data mining.
• The GEMINI Framework

• Which dimensionality reduction technique is best?
• The E-Index
• A worked example.
• Experiment results
• Conclusions/future directions

Although the indexing technique introduced in this paper is 
very general, allowing indexing of histograms, images etc. 
For concreteness and brevity we only consider time series in 
this talk.



What is Similarity Search?
(In the Context of Time Series)
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Query Q
(template)

Reference Database C

Given a Query Q, a reference 
database C and a distance 
measure, find the subsection 
in C that best matches Q and 

return its position.



The Utility of Similarity Search?
(In the context of Time Series)

• Classification: Do other genes express themselves like this gene?
Aach, J and Church, GM (2001). Aligning gene expression time series with time warping 
algorithms. Bioinformatics 17:495-508

• Cluster ing: Grouping robot experiences.
Oates, Tim; Schmill, Matthew D. and Cohen, Paul R. A Method for Clustering the Experiences of a 
Mobile Robot that Accords with Human Judgments. In AAAI 2000.

• Association Rules: Peak followed plateau implies a downward 

trend with a confidence of 0.4 and a support of 0.2.
Das, et al. (1998). Rule discovery from time series.

• Exploratory Data Analysis: Understanding the data by 

interacting with it.

Wijk, J.J. van, E. van Selow.(1999). Cluster and Calendar-based Visualization of Time Series Data. 
IEEE InfoVis'99.



Why is data mining time series so 
difficult? 

◗1 Hour of EKG data: 1 Gigabyte.

◗Typical Weblog: 5 Gigabytes per week.

◗Space Shuttle Database: 158 Gigabytes and growing.

◗Macho Database: 2 Terabytes, updated with 3 gigabytes per day.

How do we search very large databases?

Since most of the data lives on disk (or tape), we need 
to avoid reading all the data (sequential scanning).



We can project time series 
of length n into n-
dimensional space.

The first value in C is the 
X-axis, the second value in 
C is the Y-axis etc.

One advantage of doing 
this is that we have 
abstracted away the details 
of “ time series” , now all 
query processing can be 
imagined as finding points 
in space...

A general solution to similarly search 
is to project the data in to n-
dimensional space...



…we can project the query time 
series Q into the same n-dimension 
space and simply look for the nearest 
points.

Q
The utility of this approach 
leverages off the fact that we 
can organize the points in n-
dimensional space by using a 
multidimensional structure 
such as an R-Tree...
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Data nodes containing points

R10 R11

R12

True Euclidean space is 
divided into regions... 

…those regions are stored 
in a tree structure..

Spatial Access Methods I 



Spatial Access Methods II 

We can use Spatial Access Methods like the R-Tree to index our 
data, but…

The performance of R-Trees degrades exponentially with the 
number of dimensions. Somewhere above 6-20 dimensions the R-
Tree degrades to linear scanning.

Often we want to index time series with hundreds, perhaps even 
thousands of features….



GEMINI GEneric Multimedia INdexIng

• Establish a distance metric from a domain expert. 

• Produce a dimensionality reduction technique that 
reduces the dimensionality of the data from n to N, 
where N can be efficiently handled by your 
favorite SAM.

• Produce a distance measure defined on the N 
dimensional representation of the data, and prove 
that it obeys Dindexspace(A,B)  ≤ Dtrue(A,B).        
i.e. The lower bounding lemma.

• Plug into an off-the-shelve SAM.

{ Christos Faloutsos}



0 20 40 60 80 100 120 140

C 0.4995
0.5264
0.5523
0.5761
0.5973
0.6153
0.6301
0.6420
0.6515
0.6596
0.6672
0.6751
0.6843
0.6954
0.7086
0.7240
0.7412
0.7595
0.7780
0.7956
0.8115
0.8247
0.8345
0.8407
0.8431
0.8423
0.8387
…

An Example of a 
Dimensionality Reduction 

Technique I Raw
Data



0 20 40 60 80 100 120 140

0.4995
0.5264
0.5523
0.5761
0.5973
0.6153
0.6301
0.6420
0.6515
0.6596
0.6672
0.6751
0.6843
0.6954
0.7086
0.7240
0.7412
0.7595
0.7780
0.7956
0.8115
0.8247
0.8345
0.8407
0.8431
0.8423
0.8387
...

1.5698
1.0485
0.7160
0.8406
0.3709
0.4670
0.2667
0.1928
0.1635
0.1602
0.0992
0.1282
0.1438
0.1416
0.1400
0.1412
0.1530
0.0795
0.1013
0.1150
0.1801
0.1082
0.0812
0.0347
0.0052
0.0017
0.0002
...

C

. . . . . . . . . . . . . . 
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Dimensionality Reduction 

Technique II Raw
Data

Four ier
Coefficients
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Technique III Raw
Data
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But which is the best dimensionality 
reduction technique?

� Discrete Fourier Transform DFT { 1} , [6, 10, 13, 18, 19, 21, 24].

� Discrete Wavelet Transform  DWT { 5} , [13, 24].

� Piecewise Constant Approximation PCA { 15} , [26].

� Piecewise Linear Approximation PLA{ 17} , [22].

� Inner Product Approximation { 9} .

� Adaptive Piecewise Constant Approximation { 6} .

Key { Introducing paper }, [  follow up papers ]

Empirical studies [24], suggest that at least DFT and DWT 
have the same performance. Our insight, this is true only on 
average!



Three independent studies in the last few years suggest 
that DWT and DFT have about the same pruning power

( Pruning power is measures in disk accesses, the fewer the better )

DWT DFT
Query1 55 100
Query2 122 22
Query3 34 89
Mean 70.3 70.6

However, only the mean performance was studied, this masks the 
fact that on any single query, the two approaches can have very 
different performance. 



0 500 1000 1500 2000 2500 3000 3500

Telemetry (Fatigue sensor)

If two people index the dataset below, one using 
DFT and one using DWT, the average performance 
will be about the same...

Q



0 500 1000 1500 2500 3000 3500

200 %

200 %

400 %

600 %

Telemetry (Fatigue sensor)

Region in which 
DFT is better 
than DWT

Region in which 
DWT is better 
than DFT

...however, on any individual query one approach 
may be orders of magnitude better than than the 
other.

Q



This observation motives our approach
If some sections of the data would better off being 
indexed with one representation and some sections of 
the data would better off being indexed with a 
different representation, then let us index each data 
object into the index to which it is best suited.

Instead of one big homogeneous index with some 
objects poorly approximated, we have several 
heterogeneous indices, each one containing tightly 
approximated objects.

We call this idea E-Index (Ensemble-Index).



Building the index

Instead of one big homogeneous index, we 
have several heterogeneous indices.

Wavelet 
index

Fourier  
index

Polynomial
index

….



Searching the Indices I

Q

Wavelet 
index

Fourier  
index

Polynomial
index

….

We have a Query 
Q, and a set of 
indices R. In what 
order should we 
search the indices?



Searching the 
Indices II

Polynomial
index

Fourier  
index Wavelet 

index

Q ….

QDFT

QDWT

QPoly

The relative fidelity of 
the query Q in each 
representation is 
measured.

This information is used 
to sort the indices in the 
order in which they 
should be searched.

0.7

2.3

1.4

Indices are 
searched in 
this order



Surprising Property of E-Index
It appears that E-Index will perform as well as the best 
individual representation on any individual query...

DWT DFT E-Index { R = DWT, DFT}

Query1 55 100 55
Query2 122 22 22
Query3 34 89 34
Mean 70.3 70.6 37.0

In fact, it is possible that E-Index can perform better than the 
best individual representation on any individual query!

DWT DFT E-Index { R = DWT, DFT}

Query1 55 100 21
… .. … ..

“superlinear”
speedup



The “superlinear”  property of E-Index 
is so unintuitive it is worth seeing a 

worked example.  

Dtrue (Q,O) DDFT(  Q ,O ) DDWT(  Q ,O )

A 5 1 4
B 7 2 6
C 8 3 7
D 9 4 8
E 10 8 1
F 11 9 2
G 12 10 3
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A 5 1
B 7 2
C 8 3
D 9 4
E 10 8
F 11 9
G 12 10

F



5 100515 10

G

D

C

E

F
B

A

Q

Q B D C A FEG

True Distance

Dimensionality
Reduced

Distance (DFT)

Pointers to objects 

A, B, C, D, E, F, G
1,   2,    3,    4,   8,   9,  10
are place into priority queue 

A is retrieved and the true 

distance D(Q,A) is found to 
be 5.

E, F, G
8,  9,  10

can be pruned…

…. the DFT-Index must 
make 4 disk accesses, to 

objects A, B, C and D, 
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Now let us consider the 
wavelet dimensionality 
reduction...



Pointers to objects 

E, F, G, A, B, C, D 
1,    2,   3,   4,   6,   7,  8
are place into priority queue 

E is retrieved and the true 

distance D(Q,E) is found 
to be 10.

Nothing can be pruned yet, 

F is retrieved next...

…. the DWT-Index must 
make 4 disk accesses (to 

objects E, F, G and A).
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The query Q is transformed into both representations. Because it is better 

represented in DWT, the DWT index will be searched first.

Objects A, B, C, D are placed into the priority queue 
4,  6,  7,  8

A is retrieved because D(Q,A) is 5, we can prune B, C, and D.
As we are building the DFT priority queue, we discover its 
smallest element is greater that 5, so we are done!

E-Index places objects A, B, C, and D into a DWT index and 
objects G, E and F into a DFT index.

Dimensionality
Reduced
Distance (DFT)



Summary of Worked Example

So DWT-index  requires 4 disk accesses
DFT-index  requires 4 disk accesses

But E-index only requires 1 disk access

So E-Index can actually be better than the best 
of its component parts!



Experimental results

For simplicity and clarity we limit ensembles to 
size 2        (E-Index-2, R = { DWT, DFT} ) 
and size 3 (E-Index-3, R = { DWT, DFT, APCA} ) 

and we compared them to standalone versions of DWT, 
DFT and APCA.

We measure P, the fraction of 
the database that must be 
examined before we can 
guarantee that we have found the 
nearest match to a 1-NN query.

Random Walk

Shuttle

Shuttle



Data / Query Length DWT DFT APCA E-Index-2 E-Index-3
Random Walk 512 0.31 0.24 0.32 0.19 0.19
Random Walk 1024 0.47 0.43 0.51 0.38 0.37
Space Shuttle 512 0.023 0.021 0.016 0.011 0.006
Space Shuttle 1024 0.041 0.039 0.022 0.027 0.010

The ensemble technique outperforms all its component 
representations.

The more representations you add to the ensemble the better it 
gets.



Conclusions

We have introduced a novel framework for indexing data with 
ensembles of representations.
We have empirically shown that our approach outperforms existing
techniques.

Future Work

We are currently using a heuristic to order the indices at query
time. If we could make all representations share the same priority 
queue, performance would improve and we could prove some 
properties of our approach... 
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