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What are we after?

2

Music Genre
Artist
etc

AnnotationAudio/Music Text

Bio-informatics

• Scalable methods for annotation, information 
extraction for structured/sequence data
• sequence ID (classification): e.g. topic, genre, etc
• sequence Labeling: e.g. entity tagging
• information extraction: eg. entity relationships
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What are we after?

2

Music Genre
Artist
etc

AnnotationAudio/Music Text

Bio-informatics

• Scalable methods for annotation, information 
extraction for structured/sequence data
• sequence ID (classification): e.g. topic, genre, etc
• sequence Labeling: e.g. entity tagging
• information extraction: eg. entity relationships

   This talk: (1) New spatial representations for sequence data
                   (2) Important and challenging practical problems
                        in text, audio mining & bio-informatics
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Case I:  Protein  Annotation
• Primary (amino-acid) sequence easy to obtain
• Structural/Functional information difficult to obtain
• Goal: predict structural/functional class from primary sequence

• Challenges:
- Limited labeled data, highly diverse sequences
- Millions of unannotated sequences, many classes
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Case II: Music ID 
• How to tell apart/predict music genre?

• How to tell apart/predict music artists?

• How to tell apart/predict mood or 
emotions in music?

• Challenges:

• what are important characteristics 
(features)?

• great variability in content
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Case III:  Text Categorization
• What category of text is this?

• Challenges:  very large vocabulary, long-term 
dependencies, natural language understanding

Problem in
- NLP
- Information
   Retrieval
- Text mining
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Solving Sequence ID 
Problems

• Pattern matching approach:
• Compare sequence patterns (substrings, subsequences, 

other features)
• Compute similarity based on pattern comparison

Fixed-length vector of features 
derived from sequence

String kernel

GTATATGATCAGGACTAGTTGGTACAGCTCTTAGACTATTAATT
CGAGCTGAACTAGGCCAACCAGGAGCTCTTCTGGGGGATGA
TCAATTATATAATGTAATTGTAACCGCCCACGCTTTTGTTATAAT
TTTCTTTTTAGTAATACCTATAATGATTGGAGGATTTGGAAACT
GATTAGTTCCTTTAATACTAGGAGCCCCAGACATGGCATTCCC
ACGTCTAAATAATATAAGTTTCTGACTTCTTCCGCCTGCCCTT
CTACTACTCCTTTCTTCAGCAGCAGTCGAAAGTGGAGTTGGA
ACTGGATGAACCGTCTACCCTCCTTTAGCCGGAAACCTTGCT
CACGCATTGACAGACCGAAACTTTAACACCGCTTTCTTTGAT
CCAGCAGGAGGTGGAGA

ATGGTTAAATTCTCCTCAGAACCACATTTGGCTCAGGTAGTC
GCAGAAGACCTTCTTTCTCCTAGCGTGGTGGATGTGGGTGA
CTTCACAATATCAATCAACGAGGGTCTCCCCTCTGGGGTGCC
CTGCACCTCCCAATGGAACTCCATCGCCCACTGGCTTCTCA
CTCTCTGTGCGCTCTCTGAAGTTACAAATCTGTCCCCTGACA
TCATACAGGCTAATTCCCTCTTCTCCTTCTATGG

?
Sequence X Sequence Y

    Similarity score: K(X,Y) = < F(X), F(Y) >
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String Kernel Concept
GGAATTTGAGCAGGACTAATTGGAACTTCTTTAAGATTACTTATTCGAACTGAATTAGGAACCCCAGGATCTTTAATTGGAGATGATCAAATTTATAATACAAT

TGTTACAGCTCATGCATTTATTATAATTTTTTTTATAGTTATACCTATTATAATCGGAGGATTTGGAAATTGACTAGTTCCATTAATAATAGGTGCCCCAGATATAG

CTTTCCCCCGTATAAATAACATAAGATTTTGATTATTACCCCCATCTTTAACTTTATTAATTTCAAGAAGAATTGTTGAAAATGGGGCTGGTACAGGATGAACA

GTTTATCCCCCTCTTTCATCAAATATCGCCCATCAAGGAGCATCTGTTGATTTAGCAATTTTTTCCCTTCATCTTGCTGGTATTTCATCAATTCTTGGAGCTA

TTAATTTTATTACAACAATTATTAATATACGAATTAATAATTTATCTTTTGATCAAATACCATTATTTGTTTGAGCTGTAGGAATTACAGCATTATTATTATTACTTTC

ATTACCTGTTTTAGCAGGTGCTATTACTATATTATTAACAGATCGAAATTTAAATACTTCTTTTTTTGATCCTGCAGGAGGAGGAGATCCAATCTTATACCAACA

CTTATTT

Spectrum(5) Mismatch(5,1)

GGAAT
GxAAT
xGAAT

GGxAT
GGAxT
GGAAx

Fig. 1. String kernel. A sliding window of size k=5 is used to derive feature representation φ(X) of an input sequence X.

structural families. A novel unsupervised “abstrac-

tion” strategy is applied on classic string kernel to

leverage supervised learning with the power of many

unannotated protein sequences. The “abstraction”

includes two stages,

• (1) An unsupervised auxiliary task is em-

ployed to learn accurate representations

(embedding) for amino acids based on con-

textual similarity in biological sequences.

• (2) Amino acids are grouped to generate

more abstract entities according to their

learned representations.

On three benchmark data sets for structural classifi-

cation of proteins, the proposed semi-supervised ker-

nel achieves state-of-the-art performance, improves

over classic string kernels, and is more general than

previous approaches.

2. Protein Sequence Analysis Using
String Kernels

In this paper we focus on string kernel-based meth-

ods 6 for classification of protein sequences under the

discriminative learning setting. The discriminative

setting tries to capture the differences among classes

(e.g. folds and superfamilies), while its counterpart,

generative models 7 focus on capturing shared char-

acteristics within classes. Previous studies 8, 9 show

that the discriminative models have better distinc-

tion power over the generative models 7.

Our target problems of remote protein homology

and fold recognition essentially try to infer structural

relationships between proteins from their primary se-

quences. These problems could be treated as tasks of

learning sequences of amino acids that typically de-

scribe the patterns of protein structural properties of

interest. Given an input protein sequence, the target

structural relationship will be recognized by perform-

ing matching between patterns present in the test

sequence and the patterns in the annotated training

examples. This amounts to computing string kernel

(similarity score) between protein sequences based

on certain feature representations. The key idea of

string kernels is to apply a mapping φ(·) to map se-

quences of arbitrary length into a vectorial feature

space of fixed length. In this space a standard classi-

fier such as support vector machine (SVM) 6 can then

be applied. As SVMs require only inner products

between examples in the feature space, rather than

the feature vectors themselves, string kernel 10, 9, 4

is thus implicitly computed as an inner product in

this feature space:

K(X, Y ) = �φ(X), φ(Y )�, (1)

where X = (x1, . . . , x|X|), where |X| means the

length of the sequence. X,Y ∈ S, S is the set of

F(X)

X

                 Similar spectra  ~  High Similarity

Length k=5 Up to m=1 mismatch
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String Kernel Concept
GGAATTTGAGCAGGACTAATTGGAACTTCTTTAAGATTACTTATTCGAACTGAATTAGGAACCCCAGGATCTTTAATTGGAGATGATCAAATTTATAATACAAT

TGTTACAGCTCATGCATTTATTATAATTTTTTTTATAGTTATACCTATTATAATCGGAGGATTTGGAAATTGACTAGTTCCATTAATAATAGGTGCCCCAGATATAG

CTTTCCCCCGTATAAATAACATAAGATTTTGATTATTACCCCCATCTTTAACTTTATTAATTTCAAGAAGAATTGTTGAAAATGGGGCTGGTACAGGATGAACA

GTTTATCCCCCTCTTTCATCAAATATCGCCCATCAAGGAGCATCTGTTGATTTAGCAATTTTTTCCCTTCATCTTGCTGGTATTTCATCAATTCTTGGAGCTA

TTAATTTTATTACAACAATTATTAATATACGAATTAATAATTTATCTTTTGATCAAATACCATTATTTGTTTGAGCTGTAGGAATTACAGCATTATTATTATTACTTTC

ATTACCTGTTTTAGCAGGTGCTATTACTATATTATTAACAGATCGAAATTTAAATACTTCTTTTTTTGATCCTGCAGGAGGAGGAGATCCAATCTTATACCAACA

CTTATTT

Spectrum(5) Mismatch(5,1)

GGAAT
GxAAT
xGAAT

GGxAT
GGAxT
GGAAx

Fig. 1. String kernel. A sliding window of size k=5 is used to derive feature representation φ(X) of an input sequence X.

structural families. A novel unsupervised “abstrac-

tion” strategy is applied on classic string kernel to

leverage supervised learning with the power of many

unannotated protein sequences. The “abstraction”

includes two stages,

• (1) An unsupervised auxiliary task is em-

ployed to learn accurate representations

(embedding) for amino acids based on con-

textual similarity in biological sequences.

• (2) Amino acids are grouped to generate

more abstract entities according to their

learned representations.

On three benchmark data sets for structural classifi-

cation of proteins, the proposed semi-supervised ker-

nel achieves state-of-the-art performance, improves

over classic string kernels, and is more general than

previous approaches.

2. Protein Sequence Analysis Using
String Kernels

In this paper we focus on string kernel-based meth-

ods 6 for classification of protein sequences under the

discriminative learning setting. The discriminative

setting tries to capture the differences among classes

(e.g. folds and superfamilies), while its counterpart,

generative models 7 focus on capturing shared char-

acteristics within classes. Previous studies 8, 9 show

that the discriminative models have better distinc-

tion power over the generative models 7.

Our target problems of remote protein homology

and fold recognition essentially try to infer structural

relationships between proteins from their primary se-

quences. These problems could be treated as tasks of

learning sequences of amino acids that typically de-

scribe the patterns of protein structural properties of

interest. Given an input protein sequence, the target

structural relationship will be recognized by perform-

ing matching between patterns present in the test

sequence and the patterns in the annotated training

examples. This amounts to computing string kernel

(similarity score) between protein sequences based

on certain feature representations. The key idea of

string kernels is to apply a mapping φ(·) to map se-

quences of arbitrary length into a vectorial feature

space of fixed length. In this space a standard classi-

fier such as support vector machine (SVM) 6 can then

be applied. As SVMs require only inner products

between examples in the feature space, rather than

the feature vectors themselves, string kernel 10, 9, 4

is thus implicitly computed as an inner product in

this feature space:

K(X, Y ) = �φ(X), φ(Y )�, (1)

where X = (x1, . . . , x|X|), where |X| means the

length of the sequence. X,Y ∈ S, S is the set of

F(X)

X

                 Similar spectra  ~  High Similarity

Length k=5 Up to m=1 mismatch

    Two important questions:

    1. What are the features (representation)?
    2. How efficient is the similarity evaluation? (quadratic?
        linear?)
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String Kernels
• Kernel functions K(x,y) on sequences from alphabet ∑

• Pairwise-alignment algorithms (Needleman-Wunsch) 
Not Mercer kernels [Vert et al.’04]

• Pair HMMs [Watkins’99], convolution kernels [Haussler’99], gappy n-gram 
kernels [Lodhi et al.’02], rational kernels [Cortes et al.’02]

O(n2) complexity in sequence length n / pair
• Spectrum kernels [Leslie’02], mismatch kernels [Leslie’04], substring 

kernels [Vishwanathan & Smola’02]

O(n) complexity in sequence length n / pair
• Features: k-length contiguous substrings
• Inexact matching complexity 

• Limits applicability to small alphabets |∑|, small k, m

• Accuracy & algorithmic complexity still insufficient for large-
scale sequence comparison

O(km+1|Σ|m(|X| + |Y |)) for k-mers (contiguous substring of length k) with up to m mismatches
and the alphabet size |Σ|. This limits the applicability of such algorithms to simpler transformation
models (shorter k and m) and smaller alphabets, reducing their practical utility on complex real data.
As an alternative, more complex transformation models such as [2] lead to state-of-the-art predictive
performance at the expense of increased computational effort.

In this work we propose novel algorithms for modeling sequences under complex transformations
(such as multiple insertions, deletions, mutations) that exhibit state-of-the-art performance on a
variety of distinct classification tasks. In particular, we present new algorithms for inexact (e.g.
with mismatches) string comparison that improve currently known time bounds for such tasks and
show orders-of-magnitude running time improvements. The algorithms rely on an efficient implicit
computation of mismatch neighborhoods and k-mer statistic on sets of sequences. This leads to
a mismatch kernel algorithm with complexity O(ck,m(|X| + |Y |)), where ck,m is independent of
the alphabet Σ. The algorithm can be easily generalized to other families of string kernels, such as
the spectrum and gapped kernels [6], as well as to semi-supervised settings such as the neighbor-
hood kernel of [7]. We demonstrate the benefits of our algorithms on many challenging classifica-
tion problems, such as detecting homology (evolutionary similarity) of remotely related proteins,
recognizing protein fold, and performing classification of music samples. The algorithms display
state-of-the-art classification performance and run substantially faster than existing methods. Low
computational complexity of our algorithms opens the possibility of analyzing very large datasets
under both fully-supervised and semi-supervised setting with modest computational resources.

2 Related Work

Over the past decade, various methods were proposed to solve the string classification problem,
including generative, such as HMMs, or discriminative approaches. Among the discriminative ap-
proaches, in many sequence analysis tasks, kernel-based [8] machine learning methods provide most
accurate results [2, 3, 4, 6].

Sequence matching is frequently based on common co-occurrence of exact sub-patterns (k-mers,
features), as in spectrum kernels [9] or substring kernels [10]. Inexact comparison in this framework
is typically achieved using different families of mismatch [3] or profile [2] kernels. Both spectrum-k
and mismatch(k,m) kernel directly extract string features based on the observed sequence, X . On
the other hand, the profile kernel, proposed by Kuang et al. in [2], builds a profile [11] PX and
uses a similar |Σ|k-dimensional representation, derived from PX . Constructing the profile for each
sequence may not be practical in some application domains, since the size of the profile is dependent
on the size of the alphabet set. While for bio-sequences |Σ| = 4 or 20, for music or text classification
|Σ| can potentially be very large, on the order of tens of thousands of symbols. In this case, a very
simple semi-supervised learning method, the sequence neighborhood kernel, can be employed [7]
as an alternative to lone k-mers with many mismatches.

The most efficient available trie-based algorithms [3, 5] for mismatch kernels have a strong depen-
dency on the size of alphabet set and the number of allowed mismatches, both of which need to be
restricted in practice to control the complexity of the algorithm. Under the trie-based framework, the
list of k-mers extracted from given strings is traversed in a depth-first search with branches corre-
sponding to all possible σ ∈ Σ. Each leaf node at depth k corresponds to a particular k-mer feature
(either exact or inexact instance of the observed exact string features) and contains a list of matching
features from each string. The kernel matrix is updated at leaf nodes with corresponding counts.
The complexity of the trie-based algorithm for mismatch kernel computation for two strings X and
Y is O(km+1|Σ|m(|X| + |Y |)) [3]. The algorithm complexity depends on the size of Σ since dur-
ing a trie traversal, possible substitutions are drawn from Σ explicitly; consequently, to control the
complexity of the algorithm we need to restrict the number of allowed mismatches (m), as well as
the alphabet size (|Σ|). Such limitations hinder wide application of the powerful computational tool,
as in biological sequence analysis, mutation, insertions and deletions frequently co-occur, hence
establishing the need to relax the parameter m; on the other hand, restricting the size of the alpha-
bet sets strongly limits applications of the mismatch model. While other efficient string algorithms
exist, such as [6, 12] and the suffix-tree based algorithms in [10], they do not readily extend to the
mismatch framework. In this study, we aim to extend the works presented in [6, 10] and close the
existing gap in theoretical complexity between the mismatch and other fast string kernels.
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Sparse Spatial Sample Embedding

- Models multi-scale spatial/temporal dependencies
- Matching, comparison, classification more efficient 
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Sparse Spatial Sample Embedding
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Scalable Matching Algorithms
" Sufficient statisticsSufficient statistics – based method for efficient RKHS inner 

product evaluation for string kernels

! generalizes computation and improves time-efficiency of 

many existing string kernel functions (NIPS’08NIPS’08)

! new algorithmic approach (sufficient statistics & sorting), 

! improves complexity bounds over prior works, orders of 
magnitude speed-up in practice

(+-,0-'+&"*)1,-,*1

C&;&$&/5&%

?,0.U#1#-.#1'V'!/*$#>'W#0-'=&+1&$0'5*+'0-+,1)'#12'-+&&'/#-".,1)>'
IX9!'PYYP

Z&0$,&'V'<7#1)>'W#0-'0-+,1)'=&+1&$0'70,1)',1&D#"-'/#-".,1)>'[KZ3'
PYY\

<7=0#'V'9#:$*:,">'!"#$#%$&'($)*+,-./0'5*+'!-+,1)'<&+1&$0'U,-.'
X1&D#"-'K#-".,1)>'IX9!'PYY];

3*707'V'!.#U&CM#B$*+>'T55,",&1-'"*/47-#-,*1'*5')#44&2'07%0-+,1)'
=&+1&$0'*1'$#+)&'#$4.#%&-0>'[KZ3'PYY^

3&(F2. 34*()=5*#%%';2*.'
"$&.)5()2/
IJK'5*#%%&%L

C&+2(&'
F2+2*20A'
"$&.)5()2/

!!!<'F-+,4$&G KKMNJ OPMQQ

!-#-&C*5C-.&C#+-E'
4+*5,$&'=&+1&$

_`;]Q ]O;^O

+'!&/,C074&+:,0&2'0&--,1)E
OK'71$#%&$&2'0&67&1"&0

!-+7"-7+#$'"$#00,5,"#-,*1

3#1=,1)

+'OY')&1+&0>'OYYY'-+#"=0
+'RSR'a'OYP\'#$4.#%&-

+'PY'#+-,0-0>'_'#$%7/0'&#".

R7,&',2*,11,.3$6$.&-*48*-'672$*8$,&01$-R7,&',2*,11,.3$6$.&-*48*-'672$*8$,&01$-

+'3&7-&+0'2#-#'0&-
+'RSR'a'PbPP\'#$4.#%&-

M&D- K70," N,*C0&67&1"&0

OY_ OY\ OYY

!4&&2C74'cDdE!4&&2C74'cDdE

!($)/0'@&$/&*'52/5&"(!($)/0'@&$/&*'52/5&"(

9



Spatial Kernels - SSSK Evaluation

• Efficient computation using Sorting + Counting (Alphabet size 
independent)
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Kernel computation with 
counting sort

  

http://seqam.rutgers.edu/projects/new-inexact

Problem
! Explicit feature vectors are not readily available for many data domains (eg. biosequences, text, 

audio data, etc.)
" Explicit feature extraction can be complex and expensive

! Alternative: use kernel functions  or  inner products between data points in a higher dimensional 
feature space
" Eg. feature space formed by all subsequences of length k (eg. subsequence, gapped, or 

mismatch string kernels):

" as the dimensionality grows exponentially |!|k, direct computation of the inner products is 
prohibitive 

!Eg. music with 1024-alphaber ~10
9
-10

15
 features (k=3,5)

# Need efficient algorithms for the inner product (kernel) 

How do we compute string kernel inner products more efficiently for
  large-|!| inputs and inexact matching with relaxed (eg. with many mismatches) 

constraints?

Our approach
! Sufficient statistics – based method for efficient RKHS inner product evaluation
  for string kernels

" generalizes computation and improves time-efficiency of many existing string kernel functions
! Previous work: suffix trees (Vishwanathan '02), (sparse) dynamic programming (Rousu '05), 

mismatch trie (Leslie '04)
! This work: new algorithmic approach (sufficient statistics & sorting), improves complexity bounds 

over prior works, orders of magnitude speed-up

! Open questions addressed in this work:
" dependency on |"| for mismatch model
" unified computational framework for string kernels with inexact matching
" efficient computation for large-|"| inputs

Main Contributions
New efficient algorithms based on sufficient statistics for string kernel computations 

Theoretical results
! New algorithmic approach for string kernel computation with inexact matching
! Improve complexity bounds over existing algorithms

Empirical results
! Orders of magnitude speed-up, large datasets (millions of examples, semi-supervised)
! State-of-the-art results for protein classification

Scalable Algorithms for String Kernels with Inexact Matching
Pavel Kuksa, Pai-Hsi Huang, Vladimir Pavlovic

Department of Computer Science, Rutgers University, NJ

Algorithm Overview
I. Mismatch kernel function:

Rewriting (1) we get

This gives a quadratic  algorithm (Hamming distance-based ), does not depend  on |!#$%&'()*)+(,

"#$%&'%()%*'++',-

-%./)+)01$234$.%$1%+

2.#+/01$2%3+#+13+1/34

We use sorting-based counting to compute in linear time  cumulative statistics C
i
 first,

Then derive M
i
 from C

i
 to evaluate the inner product (1)

i.e. we obtain a linear time algorithm independent of |!#

10,000x faster for 
          large (|∑|=1000) alphabets

Relative running time vs. alphabet size
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k-mer feature space:
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 String kernels
! Kernel functions defined on feature vectors
  computed from strings
! Features:

" substrings (contiguous), 
" subsequences (non-contiguous)

AAC
ACT
CTG

Feature space
  (AAA-TTT)AACTG   GCAAC

GCA
CAA
AAC

AAA 
AAC
ACT
CAA
CTG
GCA

0
1
0
1
0
1

0
1
1
0
1
0

"  Iteratively remove i positions, sort, and count number of 
matches for (k-i)-mers

" Reduces computation to a series of spectrum kernel 
computations

Ci&Mi0' j&0

j&i-1$k- j
i- j %M j

NIPS 2008,
December 8-11
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$

*@$L?''%J$C%/0%(=$2D%=()%E$3FFK4G$

J@$A'?+)?($C%/0%(=$2M<C=?E$3FFN4

%@$8%)1OH6/O66J$C%/0%(=$2I%=+60E$3FFP4G$
$$$=%B)Q=<'%/R)=%J$0%)1OH6/QH?=%J
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X1: GGAA
X2: TTTGAA
X3: GGAAT

GGA
GAA
TTT
TTG
TGA
GAA
GGA
GAA
AAT

1
1
2
2
2
2
3
3
3

AAT
GAA
GAA
GAA
GGA
GGA
TTA
TTG
TTT

3
1
2
3
1
3
2
2
2

Kernel computation with counting sort:

Kernel updates: M2WEW4$U$M2WEW4$X$**:

Algorithm. (Mismatch-SS) Mismatch kernel algorithm based on Sufficient Statistics
Input: strings X, Y,  parameters k,m,
1. Compute min(2m,k) cumulative matching statistics, C

i
, using  counting sort

2. Compute exact matching statistics, M
i

3. Evaluate kernel using :

Output: Mismatch kernel value K(X,Y|k,m)

/!

" $# $% !&$' %&'!&"
&!($#$ $ ' %

)!/!

)!&*!-' +&"
!-% $'- +!- + %) + $ !&"&' '' $&!($&!($#$ $ ' % $ '-%%

)'&,-' +&"'-%) +

Features:      Seq. Index:

Counting sort
Seq. index: 1 2 3
Counts:       1 1 1
Seq. index: 1 3
Counts:       1 1

Seq. index: 2 
Counts:       1

Seq. index: 3 
Counts:       1

...

" Jointly sort the observed k-mers in N(X) and N(Y)
" Apply desired kernel evaluation method (eg. spectrum, mismatch, gapped, etc)

" $# $% %&'
!&$-%&-#&' '' $ -.-%%

*
!

Input sequences

Kernel updates (per feature):
K(J,J) = K(J,J) + ccT

c - feature counts,  J - sequence index

spatial kernel
k=1, t=3,
d1=0, d2=0

Counting sort:
O(kn) evaluation

•Extends to semi-supervised settings !
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SSSK - Summary

• fast O(cn) evaluation

• alphabet-free matching (alphabet size 
independent)

• important for text, music, etc.
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Semi-supervised Neighborhood Kernels
• Extend coverage beyond model-induced neighborhoods (e.g., 

mismatch) using topological neighbors (data points!)

• String kernel over the neighborhood set
N(X) instead of X

• N(X) typically induced by large
unlabeled datasets [Weston’05]

• Also O(cn) complexity !

• replace X with N(X)

N(X)

X
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Evaluation I

• Protein structural annotation

• Remote homology detection
• Fold recognition

• Text
• Music: Genre Prediction & Artist Recognition

14



• Semi-supervised setting
• 2862 labeled sequences
• 1M unlabeled sequences (NR dataset)

Structural 
classification 
of proteins
(SCOP)

(54 superfam)

Large-scale Protein Annotation
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Text: Test F1 Scores

• Improve over many state-of-the-art methods
• 9K x 9K Gram matrix in  <60sec

SS = subsequence kernel          NG = n-gram kernel
KSG = key-substring-group method     TF-IDF = tf-idf kernel

• Reuters 21578
• 8 classes, ~9K documents, |∑|=30k words 
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Music Genre Prediction
• 10 genres, ~30s of audio per song

• VQ with |∑|=1024 codewords (MFCC 
feat.), seq. length ~7000 

Method Error
Mismatch kernel 35.6

Spatial kernel 29.4
Baseline 1: DWCH (Daubechies 

Wavelet), Li et al
41.6
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Music Artist Recognition

• Album-wise cross-validation over 20 artists 
(120 albums)

• VQ with |∑|=1024 codewords  

Method Error
Mismatch kernel 44.66

Spatial kernel 32.50

Baseline 1: GMM 44.0

18



Evaluation I:
time efficiency
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Running time I

Order-of-magnitude faster than existing methods for inexact 
sequence matching (e.g., mismatch, subsequence methods)

~104 speedup for large alphabet ~102-103 speedup for long
sequences

Tmismatch / TSSSK Tsubsequence / TSSSK
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Running time II

Music: avg. length n=6892, |∑| = 1024
Text: avg. length n = 342, |∑| = 29224
Protein: avg. length n = 36672, |∑|=20

~100x - 104x speedup
Semi-supervised kernels (1M seqs)  Running 

time [sec]

Profile 7,100

Cluster (neighborhood kernel) 228,578

SSS Cluster kernel 105

N - number of sequences, 
n - sequence length,
|∑| - alphabet size
k, m - mismatch kernel parameters
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Summary
• New spatial representation for sequence data

• Benefit I (complexity):  Fast,  Alphabet-independent 
sequence matching

• Benefit II (accuracy): State-of-the-art  in protein 
classification, excellent performance on text and music

• General approach, can be readily extended to other 
domains

• Outlook
- Similarity search: efficient indexing & retrieval 

algorithms
- Sequence modeling challenge: continuous and no-

word-boundary sequences
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BACKUP SLIDES
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Semi-supervised Neighborhood 
Kernels

Extend coverage beyond model-induced 
neighborhoods (e.g., mismatch) using topological 
neighbors (data points)

String kernel over the neighborhood set
N(X) instead of X

N(X) typically induced by large
unlabeled datasets [Weston’05]

N(X)X
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Neighborhood SSSK
Similar to basic (supervised) SSSK algorithm
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SSSK - Intuition

Extends to semi-supervised settings

monotonic!

(sorted)(unsorted)

Feature group 
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Profile String Kernels
• [Kuang et al.’04]:  Generalizes the notion of 

deterministic neighborhoods N(α,m) to 
probabilistic mutation neighborhoods

Mσ(α) = { a:  Pr(a|α) > σ }

• Very effective, state-of-the-art (prediction 
accuracy) method

• Relies on large unlabeled sets to estimate Pr(a|α) 
and very computationally expensive
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Music Genre Classification

• 10 Genres: Blues, Classical, Country, Disco, Hip 
hop, Jazz, Metal, Pop, Reggae, Rock 

• Dataset [Li et al.’03]: 1000 audio sequences (30s 
each), 100 / genre

• Alphabet (codebook) size: 1024quantized MFCC 
(mel-frequency cepstral coefficients) features

• Binary and Multi-Class settings
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Music: Binary

DWCH=Daubechies Wavelet 
Coefficient Histogram [Li et al.’03]
(Local + Global signal properties)

Spatial kernel: 95.19% accuracy with only MFCC features
29



Music Classification by Artist
• Dataset: 20 artists, 6 albums per artist, 6-fold album-wise 

cross-validation
• Turned into strings to form ∑=1024 codebook
• Identify artist from a given music signal

• Learn mapping: Music signal -> Artist
• Spectral and temporal signal features

MFCC (GMM):   44.0%
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