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Introduction (1/4)

! The growth of sequence data
" Customer transactions, stock sequences, and 

music data

! Application of sequence analysis
" Customer behavior analysis,  stock price 

prediction, music classification and retrieval 

! Approaches for sequence analysis



Introduction (2/4)

! Similarity search
" Sequence representation and Similarity 

measure

! Two types of sequence representation
" Global representation

" Local representation
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! Sequential pattern approach
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{<A>, <G>}<GGAGA>S4
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{<A>, <G>}<ACGAG>S1

RepresentationSequenceSeq. ID

Sequential patterns: {<A:0.75>, <E:0.5>, <G:0.5>, <EA:0.5>}

Frequency 
threshold 
= 0.4

# Losing the characteristics of sequence

# Ignoring sequential relationship
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! Markov Model approach
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Introduction (4/4)

! Markov Model approach

00100E

00010D

00001C

0.500.500B

01000A

EDCBA

Markov model of <ADBECADBC>

# Losing some subsequences

# No frequency information
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# Frequent Rules
# <X> $ <Y>
# <XY>, <X> and <Y> must 
be frequent patterns
# <XY>.sup / <X>.sup ≥
minconf (minconf = 0.6)
# <B>$<C>, <B> $<D>, ...
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# Frequent Rules
# <X> $ <Y>
# <XY>, <X> and <Y> must 
be frequent patterns
# <XY>.sup / <X>.sup ≥
minconf (minconf = 0.6)
# <B>$<C>, <B> $<D>, ...

A Symbolic 
sequence

A segment
database

Frequent rulesRepresentation

# Characteristic Matrix                                          
# <X> $ <Y>                                                
# the first row represents the right parts of     
frequent rules                                                  
# the first column represents the left parts       
of frequent rules                                              
# a unit represents a rule     011D

100C

110B

DCB
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The Problems of Rule-based 
Representation Using Frequent Rules

! Only relationships between frequent patterns
" E.g. major products {Milk, Juice

minor products {Jelly, Cookie}

! The relationships between long patterns are 
hardly derived



Correlative Patterns and 
Correlative Rules

! Correlative Patterns
" Correlative 1-pattern <x>: X.sup ≥ minsup
" Correlative k-pattern <a1a2...ak>: the confidence of 

<a1...ak-1> $ <ak> ≥ minconf
% <a1...ak>.sup  ≥ <a1...ak-1>.sup  *  minconf
% Primary rule

! Correlative Rules
" given a correlative k-pattern <βγ> where β and γ are 

patterns, the rule <β> � <γ> the correlative rule if its 
confidence is not below the minconf. 



The Proposed Algorithm

! A bottom-up Approach
" Step 1: Find correlative 1-patterns

" Step 2: For each correlative (k-1)-pattern X, combine it 
with each element Y ∈ Σ to generate candidate 
correlative k-patterns.

" Step 3: compute the supports of  correlative k-patterns

" Step 4: Extract the correlative k-patterns by testing 
confidence of the primary rule of each correlative k-
pattern
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Experimental Results (1/7)

! Variation retrieval
" Dataset: 2866 polyphonic music data that 

contains

Twinkle: 26 variations, Lachrimae 22 variations,

Folia :  17 variations

" Relevant results: the variations of query

" Evaluation: average precision of 11-pt 
recall/precision



Experimental Results (2/7)

! Harmonic Description (“Harmonic Models 
for Polyphonic Music Retrieval”)[PC02]
" Chord lexicon
" 24 major and minor triads

" s: simultaneity, 
c: lexicon chord

∑
∈ +

∩=
lexiconp cpEdist

ps
csContext

1),(

||
),(



Experimental Results (3/7)

! Markov Modeling(MM)
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Experimental Results (4/7)

! Time Invariant Markov Modeling(TIMM)
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Experimental Results (5/7)

! Harmonic Description simplification
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Experimental Results (6/7)

! Average precision comparison to [PC02]
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Experimental Results (7/7)

! Comparison between approaches:
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Experimental Results (7/7)

! Comparison between approaches:

↑11.37
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Experimental Results (7/7)

! Comparison between approaches:

↑11.37

↑23.91



Conclusion

!Rule-based representation

!Correlative patterns (correlative rules)
" Extract all patterns that strongly relate to the 

important patterns

" Long patterns are more easily extracted

! Improved accuracy of variation retrieval
" 1.56 times of MM precision

" 4 times of TIMM precision
F.W.



Thanks for your listening!


