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What are we after?

® 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
Audio/Music Text
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3D Structure:

Class:
Sequence Globin-like
VVVVVVVV CGSEAIKANLRRSWGVLSADIEA

TGLMLMSNLFTLRPDTKTYFTRLGDVQKGK |:> Function:
ANSKLRGHAITLTYALNNFVDSLDDPSRLKC

VVEKFAVNHINRKISGDAFGAIVEPMKETLKA  predict Oxygen transport
RMGNYYSDDVAGAWAALVGVVQAAL




What are we after?

® Scalable methods for annotation, information
extraction for structured/sequence data

_® sequence |D (classification): e.g. tobic, genre. etc

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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3D Structure:

Class:

Sequence Globin-like
VDAAVAKVCGSEAIKANLRRSWGVLSADIEA

TGLMLMSNLFTLRPDTKTYFTRLGDVQKGK |:> Function:
ANSKLRGHAITLTYALNNFVDSLDDPSRLKC
VVEKFAVNHINRKISGDAFGAIVEPMKETLKA  predict Oxygen transport
RMGNYYSDDVAGAWAALVGVVQAAL




Case |: Protein Annotation

Primary (amino-acid) sequence easy to obtain
Structural/Functional information difficult to obtain
Goal: predict structural/functional class from primary sequence

3D Structure:
Class:
Sequence Globin-like
VDAAVAKVCGSEAIKANLRRSWGVLSADIEA
TGLMLMSNLFTLRPDTKTYFTRLGDVQKGK Function:

ANSKLRGHAITLTYALNNFVDSLDDPSRLKC
VVEKFAVNHINRKISGDAFGAIVEPMKETLKA  predict Oxygen transport
RMGNYYSDDVAGAWAALVGVVQAAL

Challenges:

- Limited labeled data, highly diverse sequences
- Millions of unannotated sequences, many classes




Case ll: Music ID

How to tell apart/predict music genre? m

“assical

hip h

How to tell apart/predict music artists!?

Lk ”vetal
How to tell apart/predict mood or illlm'
emotions in music!?

Challenges:

® what are important characteristics
(features)!?

® great variability in content




Case lll: Text Categorization

* What category of text is this?

IPE gas oil closes up on
fundamentals and lraq

UK, Sep 13, 1996 (Reuters) — IPE gas oil futures closed

$2.25 a tonne higher on what brokers said was good .
fundamental demand for heating oil on both sides of the I rOblel I I In

Atlantic and a crude rally over tensions in the Middle East

NLP
Oct gas oil closed at $221.75 a tonne, gaining strength late in

the session after NYMEX heating oil broke through .
psychological resistance of 70 cents a gallon. I f m t O
'It's fundamentally quite strong. We are seeing demand from - n Or a I n
Cermany and other parts of Europe,' a floor broker said. .

'You have very low heat stocks in Europe and the United

States and there is no reason for it to come down,’ he added. Retrl eva I

The market was waiting on Gulf developments over the

weekend after U.S. warplanes and a second aircraft carrier . -
converged on the Gulf on Friday in readiness to punish Iraqi — TeXt l I l I n I n g
President Saddam Hussein for shooting at Western patrols

over no-fly zones.

The Gulf tensions kept Brent aloft near its highs. Oct Brent

traded up 33 cents at $24.20 a barrel at 1700 CMT, just off

the intra-day high of $24.27 a barrel.

-- Kate Dourian, London newsroom +44 171 542 4088

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




Solving Sequence |ID
Problems

Sequence X

GTATATGATCAGGACTAGTTGGTACAGCTCTTAGACTATTAATT
CGAGCTGAACTAGGCCAACCAGGAGCTCTTCTGGGGGATGA
TCAATTATATAATGTAATTGTAACCGCCCACGCTTTTGTTATAAT
TTTCTTTTTAGTAATACCTATAATGATTGGAGGATTTGGAAACT
GATTAGTTCCTTTAATACTAGGAGCCCCAGACATGGCATTCCC
ACGTCTAAATAATATAAGTTTCTGACTTCTTCCGCCTGCCCTT
CTACTACTCCTTTCTTCAGCAGCAGTCGAAAGTGGAGTTGGA
ACTGGATGAACCGTCTACCCTCCTTTAGCCGGAAACCTTGCT
CACGCATTGACAGACCGAAACTTTAACACCGCTTTCTTTGAT
CCAGCAGGAGGTGGAGA

® Pattern matching approach:

?

Sequence Y

ATGGTTAAATTCTCCTCAGAACCACATTTGGCTCAGGTAGTC
GCAGAAGACCTTCTTTCTCCTAGCGTGGTGGATGTGGGTGA
CTTCACAATATCAATCAACGAGGGTCTCCCCTCTGGGGTGCC
CTGCACCTCCCAATGGAACTCCATCGCCCACTGGCTTCTCA
CTCTCTGTGCGCTCTCTGAAGTTACAAATCTGTCCCCTGACA
TCATACAGGCTAATTCCCTCTTCTCCTTCTATGG

® Compare sequence patterns (substrings, subsequences,

other features)

® Compute similarity based on pattern comparison

Similarity score: K(X,Y) = < F(X), F(Y) >

String kernel

Fixed-length vector of features
derived from sequence




String Kernel Concept

GGAAT | TGAGCAGGACTAATTGGAACTTCTTTAAGATTACTTATTCGAACTGAATTAGGAACCCCAGGATCTTTAATTGGAGATGATCAAATTTATAATACAAT
CTCATGCATTTATTATAATTTTTTTTATAGT TATACCTATTATAATCGGAGGATTTGGAAATTGACTAGTTCCATTAATAATAGGTGCCCCAGATATAG

CTTATTT

GGAAT| [ength k=5 GGXAT|  Up to m=1 mismatch

Spectrum(5) Mismatch(5,1)
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String Kernel Concept

GGAAT | TGAGCAGGACTAATTGGAACTTCTTTAAGATTACTTATTCGAACTGAATTAGGAACCCCAGGATCTTTAATTGGAGATGATCAAATTTATAATACAAT
CTCATGCATTTATTATAATTTTTTTTATAGT TATACCTATTATAATCGGAGGATTTGGAAATTGACTAGTTCCATTAATAATAGGTGCCCCAGATATAG

CTTATTT

xGAAT
GxAAT

GGAAT| | ength k=5 gaxAll 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

e Kernel functions K(x,y) on sequences from alphabet )

o 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(n?) complexity in sequence length n / pair

o Spectrum kernels [Leslie’02], mismatch kernels [Leslie’04], substring
kernels [Vishwanathan & Smola’02]

O(n) complexity in sequence length n/ pair
o Features: k-length contiguous substrings
o Inexact matching complexity O(]ngrl]E]‘m(‘X‘ + ‘Y‘))

*  Limits applicability to small alphabets |2 |, small k, m

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




Sparse Spatial Sample Embedding

' _
SSS feature SSS embedding
S=a S B S a ful =k 0<d<d

- Models multi-scale spatial/temporal dependencies
- Matching, comparison, classification more efficient




Spectrum (bag-of-words)

mismatch
(5,1)

double-
(1,5)

Sparse Spatial Sample Embedding

SSS embedding

S = HKYNQLIM S’= HKINQIIM
XKYNQ| XYNQL XKINQ| XINQI

HXYNQ | KXNQL HXINQ| KXNQTI

HEKXNQ| KYXQL HKXNQ| KIXQI

HKYXQ| KYNXL HKIXQ| KINXI

HKYNX | YKNQX HKINQ| KINQX

XNQLI| XQLIM XNQII|XQIIM
YXQLI|NXLIM IXQII|NXIIM
YNXLI|NQXIM INXII|NQXIM

YNQXI | NQLXM INQOXI|NQIXM

YNQLX | NQLIX INQIX|NQIIX
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Spatial Kernels - SSSK Evaluation

K(X Y‘ktd) :Z C(a1,d1,...,dt_1,at]X)C(a1,d1,...,dt_1,at\Y)

(31 ad‘l 932:~°'°:~df—1 aaf)a
aeYk o<di<d—1

 Efficient computation using Sorting + Counting (Alphabet size

independent)
Input: set of strings S = {sy,..., SN}, parameters k, t, d
1:.K=0
2: forall (dy,...,di_¢) € {1,...,d}"1Tdo
3: Build sets LS, i=1,..., , N of SSS features for each string in the sequence set
N
4:  Construct complete set of features in the sequence set L = U Ls. with each
i=1
feature containing the index of the sequence it comes from
5. Obtain a permutation 7; that lexicographically orders L using t rounds of
counting sort
6: Obtain counts ¢(f) = {c(f, ;) }i—1.....n for each distinct feature fin L, in a

single pass over the list and update kernel K = K + ¢(f)c(f)"

/. end for

10



Kernel computation with
counting sort

Input sequences Features:  Seq. Index:

. Seq. index: 3

X2: TTTGAA GAA 1 GAA 1 oun.s.
X3: GGAAT TTT 2 GAA 2 :>Seq. index: 12 3
TTG o Counting sort GAA 13 Counts: 111
- TGA 2 GGA 1 Seq. index: 1 3
spatial kernel CAA :> GGA 3 |~ Counts: 11
k=1, t=3, GGA 3 TTA 2
d1=0, dzzo GAA 3 LLIC R Seq. index: 2
AAT 3 LI ~ Counts: 1

Counting sort:

Kernel updates (per feature): O(kn) evaluation

K() = K() + cc!

c - feature counts, | - sequence index
* Extends to semi-supervised settings !

11



SSSK - Summary

 fast O(cn) evaluation

» alphabet-free matching (alphabet size
independent)

* iImportant for text, music, etc.

12



Semi-supervised Neighborhood Kernels

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

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

nohd ¢ v 1 ori -1
(I) bl 1(‘,\) — |\T \'l Z (I) 9(}&/)-
SV XreN(X)
. Z\ 'eN(X).Y’eEN [ (X Y7)
]\'nbhd X }') _ (Y
| NN

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

e Also O(cn) complexity !
e replace X with N(X)

13



Evaluation |

 Protein structural annotation

 Remote homology detection
* Fold recognition
» Text

* Music: Genre Prediction & Artist Recognition

14



Large-scale Protein Annotation

« Semi-supervised setting
» 2862 labeled sequences
* 1M unlabeled sequences (NR dataset)

Structural
classification
of proteins
(SCOP)

Class 1 Class 2
very low
sequence similarity i ~
Fold 1.a Foldib 7 Y...%

low = . -~ -
sequence similarity Superfamily Superfamily ¥ Y ...4

\ 1.a.1 1.a.1 Q

/_f_\

Positive train Positive test Negative train
moderate = = — r v...4 Negative test
sequence similarity[ Family Family ] Family

1.a.1.1 1.a.1.2 1.a.1.3
Method Multi-class Remote

fold prediction| homology
(27 classes) | prediction

(54 superfam)
SSSK (triple) 77.62 89.44
State-of-the-art: 67.83 81.51

profile kernel

15



Text: Test F1 Scores

 Reuters 21578
* 8 classes, ~9K documents, |>|=30k words

Class TF-IDF KSG | Double| SS-4T NG-4*
Acq 97.11 968 (97.72 |88.0 9320
Crude 87771 894 190.11 840 84.80
Earn 9870 98.3 (99.02 (970 9840
Grain 93.29 925 (90.18 |84.0 840
Interest 71.80 81.5 |81.63 660 7190
Money 7761 84.0 [82.66 |[76.0 75.70
Ship 7297 819 |85.56 650 62.60
Trade 8426 902 19347 730 7790
Mean (macro-average) 8543 89.33/90.05 |(79.13 81.06
Mean (micro-average) 93.18 939 (9451 |- -

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

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




Music Genre Prediction

® |0 genres, ~30s of audio per song

® VQ with |2|=1024 codewords (MFCC
feat.), seq. length ~7000

Method Error
Mismatch kernel 35.6
Spatial kernel 29.4

Baseline |: DWCH (Daubechies | 4 ¢
Wavelet), Li et al |




Music Artist Recognition

® Album-wise cross-validation over 20 artists

(120 albums)
® VQ with |2|=1024 codewords
Method Error
Mismatch kernel 44 .66
Spatial kernel 32.50
Baseline |: GMM 440




Evaluation |:
time efficiency




mistive mnning tme Tm‘ /deo

Running time |

Tmismatch / TSSSK
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(@) Tonismatch /Ttr-i.ple; n = 10,000 (b) Tsubseq/Ttr'iple; |Z| = 50

~10% speedup for large alphabet ~10%10° speedup for long
sequences

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

20



Running time I

Running time
Method Time complexity Text Music

ouble O(dnN) 3.6e-31.3e-2
|Tfjriple O(d“nN) 7.5e-3 3.4e-2
Mismatch  O(k"™|S|"nN) 20398 526.8
Subsequence O(pn°N~) 0.485 2.43
Profile O(kM,nN) - -
N - number of sequences, Music: avg. length n=6892, |> | = 1024
n - sequence length, Text: avg. length n = 342, |3 | = 29224

|> | - alphabet size
k, m - mismatch kernel parameters

Protein: avg. length n = 36672, |>|=20

~100x - 10%x speedup

Semi-supervised kernels (1M seqs) | e ogy
Profile 7,100
Cluster (neighborhood kernel) 228,578

SSS Cluster kernel 105

21



Summary

New spatial representation for sequence data

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

Benefit Il (accuracy): State-of-the-art in protein
classification, excellent performance on fext 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

22
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Semi-supervised Nelghborhood
Kernels

»  Extend coverage beyond model-induced bB2.3
neighborhoods (e.g., mismatch) using tOPOIOgICHH

¢ RUTGERS

,,,,,,,,,

neighbors (data points)

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

1 .
(I)nbhd X _ _— Horia( X / |
) [V (X)) \(_z\:( ¥) ) Sequence database
S , query BLAST
I\'nbhd(x* )') Z\ 'eN(X),Y e\( ‘[ (\ Y ) v -
o V(X II\( )| LA
N(X) /
> N(X) typically induced by large neighboring " -
unlabeled datasets [Weston’05] Seg?;nces —

24



147,

Neighborhood SSSK © RurcErs

> Similar to basic (supervised) SSSK algorithm

Algorithm 2. Spatial Sample Neighborhood Kernel
Input. set of string sets N(S) = {N(sy),...N(sn)},
where N(s;) Is a set of neighbors for s;, parameters ¢, d
Repeatfor every dy,....d; € {1,....d}

1: Extract t-tuples of features from each

iInput set N(s) € N(S)

2. Sort t-tuples using t rounds of counting sort
3: Scan the sorted list and for each distinct feature f

update the kernel matrix K for all string groups
containing f
OQutput. kernel matrix K




SSSK - Intuition

Sorting

S— _— _J S— J
—~— Y Y Y
Sequence Sequence
SSS features ind?ex SSS features ind?ex
(unsorted) (sorted)
monotonic!

9

RUTGERS

,,,,,,,

Extends to semi-supervised settings

26



Profile String Kernels O RUTGERS

,,,,,,,,,

[Kuang et al’04]: Generalizes the notion of

deterministic nelghborhoods N(x,m) to
probabilistic mutation neighborhoods

Mo(X) = { a: Pr(a|&x) > O }

)=( 2 em)

MseX

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

Relies on large unlabeled sets to estimate Pr(a|x)
and very computationally expensive

27



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

28



Music: Binary

# Genre DWCH? Double (MFCC)
1 Blues 95.49 (1.27) | 93.6 (4.77)
2 Classical 98.89 (1.1) | 95.6 (1.35)
3 Country 94.29 (2.49) | 94.3 (2.21)
4  Disco 92.69 (2.54) | 94.3 (1.41)
5 Jazz 97.9(0.99) | 95.5 (2.27)
6 Metal 95.29 (2.18) | 94.7 (1.42)
7  Pop 95.8 (1.69) | 96.2 (1.75)
8 Hiphop 96.49 (1.28) | 97.1 (0.99)
9 Reggae 92.3(2.49) | 95.5(1.58)
10 Rock 91.29 (2.96) | 95.1 (1.66)

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

Spatial kernel: 95.19% accuracy with only MFCC features




Music Classification by Artist

« Dataset: 20 artists, 6 albums per artist, 6-fold album-wise
cross-validation

* Turned into strings to form >=1024 codebook
* |dentify artist from a given music signal

* Learn mapping: Music signal -> Artist

» Spectral and temporal signal features

method Error Top-2 Error  F1  Top-2 Fl

capped 44.66 3224 5533  67.99
double 3250  21.51  67.56 78.63
triple 32.69  21.15  67.43  78.67

MFCC (GMM): 44.0%

30



