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Module 7

Pattern matching



Orientation

• We’re on a journey towards HMMs

• Pattern matching

• Extracting features from speech

• Probabilistic generative modelling

What we are learning along the way

Dynamic programming
(in the form of Dynamic Time Warping)

The interaction between
• choice of model
• choice of features

Dynamic programming
(in the form of the Viterbi algorithm)



What you should already know Source and filter are combined
But we only want the filter

Speech waveforms change over time
Use short-term analysis
Extract features from frames of speech

Finding an alignment between two 
sequences
• linear time warping
• non-linear (‘dynamic’) time warping

• Why the waveform is not good for 
pattern recognition

• Concept of a feature vector

• Let’s start as simple as possible: whole 
word templates
• But we already have to deal with 

sequences of different lengths
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Image credit: OpenStax CC-BY-4.0 - Access for free at https://openstax.org/books/biology-2e/pages/1-introduction



Image credit: OpenStax CC-BY-4.0 - Access for free at https://openstax.org/books/biology-2e/pages/1-introduction
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The auditory system is like a bank of bandpass filters: a “filterbank”
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Each filter’s output is a useful feature for doing Automatic Speech Recognition
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Filterbank features for one frame are speech are stored in a single vector
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• We’ve already seen
• a waveform is a sequence of samples

• a waveform can be analysed as a sequence of overlapping analysis frames

• a sentence is a sequence of words

• a spoken word is a sequence of phones 

• a written word is a sequence of letters

• Now we have
• from each frame we extract a feature vector
• so a waveform becomes a sequence of feature vectors

Sequences are everywhere in language
Sequence
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Filterbank features for one frame are speech are stored in a single vector



Filterbank features for automatic speech recognition
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Filterbank features for automatic speech recognition
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Exemplar

Distance

“three”

“???”

local distances

global distance

= ∑



,QWURGXFWLRQ�WR�$XWRPDWLF�6SHHFK�5HFRJQLWLRQ�� 7HPSODWH�0DWFKLQJ ���

������ )LOWHU�EDQN�DQDO\VLV

7KH�PRVW� REYLRXV� DSSURDFK� LQ� FKRRVLQJ� D� GLVWDQFH�PHWULF�ZKLFK�KDV� VRPH� RI�WKH�
GHVLUDEOH�SURSHUWLHV�LV�WR�XVH�VRPH�UHSUHVHQWDWLRQ�RI�WKH�VKRUW�WHUP�SRZHU�VSHFWUXP��
,W�KDV� EHHQ�H[SODLQHG� LQ�&KDSWHU� �� KRZ�WKH� VKRUW�WHUP�VSHFWUXP�FDQ�UHSUHVHQW� WKH�
HIIHFWV�RI�PRYLQJ�IRUPDQWV��H[FLWDWLRQ�VSHFWUXP��HWF�

$OWKRXJK� LQ�WRQH� ODQJXDJHV�SLWFK�QHHGV� WR�EH� WDNHQ�LQWR� DFFRXQW�� LQ�:HVWHUQ�
ODQJXDJHV�WKHUH� LV�QRUPDOO\�RQO\�VOLJKW�FRUUHODWLRQ�EHWZHHQ�SLWFK�YDULDWLRQV�DQG�WKH�
SKRQHWLF� FRQWHQW� RI�D� ZRUG�� 7KH� OLNHO\� LGLRV\QFUDWLF� YDULDWLRQV� RI�SLWFK� WKDW�ZLOO�
RFFXU� IURP� RFFDVLRQ� WR� RFFDVLRQ� PHDQ� WKDW�� H[FHSW� IRU� WRQH� ODQJXDJHV�� LW� LV�
QRUPDOO\� VDIHU� WR� LJQRUH� SLWFK� LQ�ZKROH�ZRUG�SDWWHUQ�PDWFKLQJ� UHFRJQL]HUV�� (YHQ�
IRU� WRQH� ODQJXDJHV� LW� LV� SUREDEO\� GHVLUDEOH� WR� DQDO\VH� SLWFK� YDULDWLRQV� VHSDUDWHO\�
IURP�HIIHFWV� GXH� WR� WKH� YRFDO� WUDFW� FRQILJXUDWLRQ�� ,W� LV� EHVW�� WKHUHIRUH�� WR�PDNH� WKH�
EDQGZLGWK�RI�WKH� VSHFWUDO� UHVROXWLRQ� VXFK�WKDW� LW�ZLOO�QRW�UHVROYH� WKH�KDUPRQLFV� RI�
WKH� IXQGDPHQWDO� RI�YRLFHG� VSHHFK��%HFDXVH� WKH� H[FLWDWLRQ�SHULRGLFLW\� LV� HYLGHQW�LQ�
WKH� DPSOLWXGH� YDULDWLRQV� RI� WKH� RXWSXW� IURP� D� EURDG�EDQG� DQDO\VLV�� LW� LV� DOVR�
QHFHVVDU\� WR� DSSO\� VRPH� WLPH�VPRRWKLQJ� WR� UHPRYH� LW�� 6XFK� WLPH�VPRRWKLQJ� ZLOO�
DOVR� UHPRYH� PRVW� RI� WKH� IOXFWXDWLRQV� WKDW� UHVXOW� IURP� UDQGRPQHVV� LQ� WXUEXOHQW�
H[FLWDWLRQ�

$W�KLJKHU� IUHTXHQFLHV� WKH� SUHFLVH� IRUPDQW�SRVLWLRQV� EHFRPH� OHVV� VLJQLILFDQW��
DQG�WKH�UHVROYLQJ�SRZHU�RI�WKH�HDU��FULWLFDO�EDQGZLGWK�� �VHH�&KDSWHU����LV�VXFK�WKDW�
GHWDLOHG�VSHFWUDO�LQIRUPDWLRQ�LV�QRW�DYDLODEOH�WR�KXPDQ�OLVWHQHUV�DW�KLJK�IUHTXHQFLHV��
,W�LV�WKHUHIRUH�SHUPLVVLEOH�WR�PDNH�WKH� VSHFWUDO�DQDO\VLV� OHVV� VHOHFWLYH�� VXFK�WKDW�WKH�
HIIHFWLYH�ILOWHU�EDQGZLGWK�LV�VHYHUDO�WLPHV�WKH�W\SLFDO�KDUPRQLF�VSDFLQJ��7KH�GHVLUHG�
DQDO\VLV� FDQ� WKXV� EH� SURYLGHG�E\� D� VHW� RI�EDQGSDVV� ILOWHUV� ZKRVH� EDQGZLGWKV� DQG

���� 7LPH� ���� V

)LJXUH� ���� 6SHFWURJUDSK LF � G LVS OD\V � R I � D� �� �FKDQQHO� ILOWHU�EDQN � DQD O\VLV � �Z LWK � D� Q RQ �OLQ HDU �
IUHTXHQF\ � VS DF LQ J � R I � WKH� FKDQQ HOV��� VKRZ Q � IRU� RQH � H[DP S OH � R I � WKH� ZRUG� ³WKUHH´� DQG� WZ R �
H[DP S OHV � R I �WKH� ZRUG� ³H LJK W´ �� ,W� FDQ� EH � VHHQ � WKDW� WKH� H[DP S OHV � R I � ³H LJK W´� DUH� JHQHUD OO\ � VLP LODU ��
D OWKRXJK � WKH� ORZ HU �RQ H �KDV� D� VKRUWHU�JDS � IRU� WKH� >W@� DQG� D� ORQJHU �EXUVW�
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Image credit: Figure 8.1 from Holmes & Holmes
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Pattern matching by Dynamic Time Warping

template

unknown
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Dynamic Time Warping is a form of Dynamic Programming

• Understanding Dynamic Programming, as an 
algorithm

• Being able to see that Dynamic Programming can 
be applied to a particular problem 

• Devising a suitable data structure for that problem

Getting harder

Really quite difficult

My brain hurts
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What you can learn next
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What next?

MFCCs in Module 8

• DTW, and especially the local distance 
measure doesn’t account for variability

• so we’ll replace it with a probabilistic 
model

• That model will use Gaussian 
probability density functions
• to make these simpler, we will first try 

to remove covariance from our 
features 

• time for some feature engineering !

HMMs in Module 9


