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Anything can be represented as a sequence of vectors, even this:
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Feature vectors live in a “feature space”

feature vector feature space



Speech synthesis using an exemplar-based regression function (unit selection)
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Speech synthesis using an exemplar-based regression function (unit selection)
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Speech synthesis using an exemplar-based regression function (unit selection)

1

2
4

3

5
1 2

4

3

5

regression

linguistic feature space acoustic space

X

X

Module 2 & 3 - unit selection, including the target cost function
Class



Speech synthesis using a “smooth” regression function (neural network)
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Module 8 - speech synthesis using Neural Networks 
Video 2 - Doing Text-to-Speech
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Why we need to choose a suitable representation
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What we have learned about data, so far - the use case

• What will the TTS system be used for?

• What sort of things does it need to say?

• Who will listen to it?

• plus various technical requirements 
(computation, memory, platform, latency,...)
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What we have learned about data, so far - a dataset creation pipeline

• Identify a source of data
• Obtain (a lot) more data than we require
• Curate the data

• define “good data”
• filter out “bad” data ( simplest: discard it  ;    alternatively:  fix/repair )
• select a dataset of the desired size

• We only considered text data, but the recipe works for speech too (later in the course)
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What we have learned about data, so far - requirements for neural approaches

• In simple terms
• many neural models need a lot more speech data than we could record in the studio
• not true for all models (e.g., the one we are using in the assignment)

• So, for data-hungry models we have no choice but to create a dataset automatically, by
• Automatically curating (filtering, annotation, selection,...) a dataset from ‘found’ data

• REMEMBER: do not do this for the assignment! 

• You must only use purposely-recorded speech (your own + corpora approved by us)
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• Is data selection still relevant?
• Yes, in at least two ways:

1. Large-scale curation of  ‘found’ speech data still involves selecting “good” data
• may lack reliable transcription, other labels, and meta-data

2. Purposely-recorded speech is still useful (in fact, essential for most commercial products)
• generally much higher quality
• we can control everything: speaker identity, content, speaking style, ...
• crucially, we have the (ethical and legal) right to use it

What we have learned about data, so far - requirements for neural approaches
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What we have learned about evaluation, so far

• Methods for synthesis have rapidly advanced
• yet approaches to evaluation have barely changed

• Evaluation is even more relevant than before
• so we’ll need to revisit this topic later in the course (whilst reading recent papers)
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What we have not yet covered properly: objective evaluation

• Approaches to subjective evaluation have barely changed

• But there have been advances in objective (instrumental) evaluation
• the videos for Module 5 are outdated
• we will need to come back to this topic later in the course

• objective measures are based on properties of speech signals
• some of which we might obtain through classical speech signal processing
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Orientation

• Modules 2 & 3
• Unit selection speech synthesis

• Modules 4 & 5
• The database
• Evaluation

• Module 6 

Module 6 - classical speech signal processing
Class



Orientation

• Module 6 (today’s class)
• Parameterising speech
• In other words, representing the speech 

signal

• A ‘deep dive’ into F0 estimation
• F0 is a key feature we want to extract
• RAPT is a classical example of a signal 

processing algorithm
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Representations are employed when creating the training data
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Representations are employed when training a model
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Representations are employed when performing synthesis

inference
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Representations are employed when objectively evaluating the output
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Representations are employed everywhere inside a Text-to-Speech system

Front end
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Representations are employed everywhere inside a Text-to-Speech system
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Representations are employed everywhere inside a Text-to-Speech system
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The acoustic specification (i.e., a representation of speech)

• Must be able to extract this from the waveform
• today: using classical speech signal processing

• e.g., estimating F0, spectral envelope, ...
• later in the course: using machine learning

• i.e., learned representations such as audio tokens

• Must be able to reconstruct the waveform from the acoustic specification
• today: using classical speech signal processing - the source-filter model
• later in the course: using machine learning

• neural vocoders, neural audio codecs

Module 6 - classical speech signal processing
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A classical vocoder
STRAIGHT is a VOCODER
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Figure 19: How to estimate aperiodicity index..

Finally the ap values are calibrated based on the calibration table that was prepared based on a series of simulations
using synthetic vowels.

imagesc([0 794],[0 fs/2],10.0.^(ap/20));axis(’xy’)

The following figure is the extracted aperiodicity index using the formula above. The speech is a Japanese vowel
sequence /aiueo/. This index is represented in dB. The value 0 dB indicates that the excitation is totally random
because it represents contribution from energy of random component. When the index is set lower than -60 dB, the
excitation is effectively purely periodic.
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Figure 20: Extracted aperiodicity index using the formula above. The speech is a Japanese vowel sequence /aiueo/.

The following Matlab command line session record shows how to modify the apriodicity index to control excitation
source.
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Figure 21: STRAIGHT spectrogram for the same sample. The speech is a Japanese vowel sequence /aiueo/.

>> [x,fs,nbs,ops]=wavread(’vaiueo2d.wav’);
>> [f0raw,ap]=exstraightsource(x,fs);
>> n3sgram=exstraightspec(x(:,1),f0raw,fs);
>> syOrg = exstraightsynth(f0raw,n3sgram,ap,fs);
>> syApr = exstraightsynth(f0raw,n3sgram,ap*0,fs);
>> syPpr = exstraightsynth(f0raw,n3sgram,ap*0-60,fs);
>> [syPprD0,prmS] = exstraightsynth(f0raw,n3sgram,ap*0-60,fs);
>> prmS

prmS =

spectralUpdateInterval: 1
groupDelayStandardDeviation: 0.5000
groupDelaySpatialBandWidth: 70

groupDelayRandomizeCornerFrequency: 4000
ratioToFundamentalPeriod: 0.2000

ratioModeIndicator: 0
levelNormalizationIndicator: 1

headRoomToClip: 22
powerCheckSegmentLength: 15

timeAxisMappingTable: 1
fundamentalFrequencyMappingTable: 1

frequencyAxisMappingTable: 1
timeAxisStretchingFactor: 1

DisplayPlots: 0
lowestF0: 50

statusReport: ’ok’

>> prmS.groupDelayStandardDeviation = 0.001;
>> [syPprD0,prmS] = exstraightsynth(f0raw,n3sgram,ap*0-60,fs,prmS);
>> wavwrite(syOrg/32768,fs,16,’synAiueoOrg.wav’);
>> wavwrite(syApr/32768,fs,16,’synAiueoApr.wav’);
>> wavwrite(syPpr/32768,fs,16,’synAiueoPpr.wav’);
>> wavwrite(syPprD0/32768,fs,16,’synAiueoPprD0.wav’);

Examples synthesized using these commands are linked below. (Links are accessible only in the HTML version of
this document.)
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Terminology!

• Representation

• Acoustic specification

• Speech parameters
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Encoder VocoderDecoder
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F0 estimation (‘pitch tracking’)

• Discussion points

Module 6 - classical speech signal processing
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David Talkin "A Robust Algorithm for Pitch Tracking (RAPT)"
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Warm-up

• check your units !
• time
• frequency
• sampling rate
• sampling interval
• samples
• frame

• convert between time and samples
• describe a frame of samples from a 

longer waveform

Module 6 - classical speech signal processing
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What’s the relationship between samples and frames in Equation 2.1 ?
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These equations are the almost same, except for notation

Module 6 - speech signal analysis & modelling
Video 3 - F0 estimation (part 1)
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Draw a diagram that shows candidate generation

• Hint : start with Figure 2 (the correllogram) 
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Annotate N_CANDS on your diagram
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Find a diagram in the slides on which you can annotate CAND_TR

Module 6 - classical speech signal processing
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Draw a diagram describing the dynamic programming

• What are the states?
• and how many are there?

• What are the transitions?

• What is the local cost?
• Hint: it’s different for voiced vs unvoiced candidates

• What is the transition cost?
• Hint: it depends on voicing status

Module 6 - classical speech signal processing
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Annotate your diagram describing the dynamic programming with

Module 6 - classical speech signal processing
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What next?

• We have decomposed speech into
• F0, plus a V/UV decision
• smooth spectral envelope, parameterised 

as the mel-cepstrum
• band aperiodicity parameters
• We’ve seen how to reconstruct the 

waveform

• Now we can train a statistical model, 
using the vocoder’s speech parameters     
as the model’s acoustic specification

Module 6 - classical speech signal processing
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Module 6 - speech signal analysis & modelling
Video 6 - Speech signal modelling
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What next? STRAIGHT is a VOCODER

input 
signal-1 F0 analysis

spectral 
envelope 
analysis

F0

analysis

non-
periodicity

spectral 
envelope

non-periodicity 
analysis

non-periodic 
component  
generator

shaper and 
mixer

filter output 
signal

synthesis

periodic 
pulse 

generator
modification

data

process

signal

parameter

physical 
attributes

Figures: Hideki Kawahara

Figure 19: How to estimate aperiodicity index..

Finally the ap values are calibrated based on the calibration table that was prepared based on a series of simulations
using synthetic vowels.
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The following figure is the extracted aperiodicity index using the formula above. The speech is a Japanese vowel
sequence /aiueo/. This index is represented in dB. The value 0 dB indicates that the excitation is totally random
because it represents contribution from energy of random component. When the index is set lower than -60 dB, the
excitation is effectively purely periodic.
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Figure 20: Extracted aperiodicity index using the formula above. The speech is a Japanese vowel sequence /aiueo/.

The following Matlab command line session record shows how to modify the apriodicity index to control excitation
source.
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Figure 21: STRAIGHT spectrogram for the same sample. The speech is a Japanese vowel sequence /aiueo/.

>> [x,fs,nbs,ops]=wavread(’vaiueo2d.wav’);
>> [f0raw,ap]=exstraightsource(x,fs);
>> n3sgram=exstraightspec(x(:,1),f0raw,fs);
>> syOrg = exstraightsynth(f0raw,n3sgram,ap,fs);
>> syApr = exstraightsynth(f0raw,n3sgram,ap*0,fs);
>> syPpr = exstraightsynth(f0raw,n3sgram,ap*0-60,fs);
>> [syPprD0,prmS] = exstraightsynth(f0raw,n3sgram,ap*0-60,fs);
>> prmS

prmS =

spectralUpdateInterval: 1
groupDelayStandardDeviation: 0.5000
groupDelaySpatialBandWidth: 70

groupDelayRandomizeCornerFrequency: 4000
ratioToFundamentalPeriod: 0.2000

ratioModeIndicator: 0
levelNormalizationIndicator: 1

headRoomToClip: 22
powerCheckSegmentLength: 15

timeAxisMappingTable: 1
fundamentalFrequencyMappingTable: 1

frequencyAxisMappingTable: 1
timeAxisStretchingFactor: 1

DisplayPlots: 0
lowestF0: 50

statusReport: ’ok’

>> prmS.groupDelayStandardDeviation = 0.001;
>> [syPprD0,prmS] = exstraightsynth(f0raw,n3sgram,ap*0-60,fs,prmS);
>> wavwrite(syOrg/32768,fs,16,’synAiueoOrg.wav’);
>> wavwrite(syApr/32768,fs,16,’synAiueoApr.wav’);
>> wavwrite(syPpr/32768,fs,16,’synAiueoPpr.wav’);
>> wavwrite(syPprD0/32768,fs,16,’synAiueoPprD0.wav’);

Examples synthesized using these commands are linked below. (Links are accessible only in the HTML version of
this document.)
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Speech parameters

feature vectorModule 7 - statistical parametric speech synthesis
Video 1 - Text-to-Speech as a regression problem
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speech parameters

Figure 19: How to estimate aperiodicity index..

Finally the ap values are calibrated based on the calibration table that was prepared based on a series of simulations
using synthetic vowels.
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The following figure is the extracted aperiodicity index using the formula above. The speech is a Japanese vowel
sequence /aiueo/. This index is represented in dB. The value 0 dB indicates that the excitation is totally random
because it represents contribution from energy of random component. When the index is set lower than -60 dB, the
excitation is effectively purely periodic.
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Figure 20: Extracted aperiodicity index using the formula above. The speech is a Japanese vowel sequence /aiueo/.

The following Matlab command line session record shows how to modify the apriodicity index to control excitation
source.
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Figure 21: STRAIGHT spectrogram for the same sample. The speech is a Japanese vowel sequence /aiueo/.

>> [x,fs,nbs,ops]=wavread(’vaiueo2d.wav’);
>> [f0raw,ap]=exstraightsource(x,fs);
>> n3sgram=exstraightspec(x(:,1),f0raw,fs);
>> syOrg = exstraightsynth(f0raw,n3sgram,ap,fs);
>> syApr = exstraightsynth(f0raw,n3sgram,ap*0,fs);
>> syPpr = exstraightsynth(f0raw,n3sgram,ap*0-60,fs);
>> [syPprD0,prmS] = exstraightsynth(f0raw,n3sgram,ap*0-60,fs);
>> prmS

prmS =

spectralUpdateInterval: 1
groupDelayStandardDeviation: 0.5000
groupDelaySpatialBandWidth: 70

groupDelayRandomizeCornerFrequency: 4000
ratioToFundamentalPeriod: 0.2000

ratioModeIndicator: 0
levelNormalizationIndicator: 1

headRoomToClip: 22
powerCheckSegmentLength: 15

timeAxisMappingTable: 1
fundamentalFrequencyMappingTable: 1

frequencyAxisMappingTable: 1
timeAxisStretchingFactor: 1

DisplayPlots: 0
lowestF0: 50

statusReport: ’ok’

>> prmS.groupDelayStandardDeviation = 0.001;
>> [syPprD0,prmS] = exstraightsynth(f0raw,n3sgram,ap*0-60,fs,prmS);
>> wavwrite(syOrg/32768,fs,16,’synAiueoOrg.wav’);
>> wavwrite(syApr/32768,fs,16,’synAiueoApr.wav’);
>> wavwrite(syPpr/32768,fs,16,’synAiueoPpr.wav’);
>> wavwrite(syPprD0/32768,fs,16,’synAiueoPprD0.wav’);

Examples synthesized using these commands are linked below. (Links are accessible only in the HTML version of
this document.)

26



Speech parameters in more recent approaches
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