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o UpEM|Y|; AMajor Speech Processing Tasks
2 Automatic Speech Recognition
2Speaker ldentification

2Text to Speech

APreliminaries
AAutomaticSpeechRecognition
AEarly DNN based ASR systems
AEndto-End DNN based ASR sys.
AEndto-End Speech Synthesis
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Major Speech Proecessing Fasks
AutomaticcSpeechsRecognition

ACommand& Control
2voicedialing,carradio, navigationsystem
¢ dataentry, handsfree operation

ASpokerdialoginformation systems
£voicemall system telephonedirectory assistance
e travellinginformation (trains, flights, hotels,weather)

ATextDictation (medicalreports, businesdetters)
ASpokemIocumentretrievaI

ACO nte ntcapt|0n|ng Introduction to ASR, H. Néy.Schlutey2010
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Major SpeechProcessing Fasks
Speakerddentification

ASpeake|identification/verification

A Physicahccessontrol

A Authenticationand authorizationin dialoglS
¢ Telephonebanks travellinginformation sys
¢ Timetrackingsys, electronicpaymentsys

AMulti-factor authentication

ASpeakeldiarization
2 Videosegmentation
e Contentretrieval

ASpeakeltracking

Digital Speech Processing, M. M. Homayounp2u,7
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Major Speech Proecessing Fasks
TextitoSpeech, Speech synthesis

ATTYsavital assistiveechnology
¢ screenreadersfor peoplewith visualimpairment

e Aid for speechimpairments,voice output communication
alds(SGD)

AUsedin secondlanguageacquisition
ADiangsystems

AEntertainmentproductions
2 Gamesanimations automaticmovietranslation

AVirtual assistants Wikipedia
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Whichiistmore! difficult?

Speech
synthesis

understanding
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OUTLINE AMajor Speech Processing Tasks

APreliminaries
2 Audio signal
2 Acousticwave
2Frequency domain
2 Spectrogram
2Shortterm analysis of Speech Signal

AAutomatic Speech Recognition
AEarly DNN based ASR systems
AEndto-End DNN based ASR sys.
AEndto-End Speech Synthesis
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Acoustiq sound)wave

AAcoustiovaveis a longitudinalwaves

APropagateoy meansof compressiorand decompression

Aln longitudinalwaves
e direction of vibration = direction of travel
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Audiossignal
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% b |

A An audiosignalis a representationof sound 0 W’M\ ‘ i‘ m‘U‘l

A Typicallyasan electricalvoltage o5l

AA nearlyconstantchargeis maintainedon the capacitor

AvibrationsC changesn distancebetweenthe platesC change

in capacitanceC changein voltageacrossthe capacitor(actually
variationsaboveandbelowthe biasvoltage)

Capsuie Pressure Fluctuation Pressure Fluctuation
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Wikipedia increase in Potential Decrease in Polential
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Sampling: atidio signal

e Simple 1D signal:

Typical sample rates for speech: 8KHz, 16KHz.
Each sample typically 8-bit or 16-bit.

* 1Dvector: X = [z129.. ]

SpeectRecognitiorand Deep Learning, Adam Coates, Vinay, Rab6
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Shortterm signakanalysis
Spectrogram; STDTFT
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| fifty | nine | percen t share |of|1he| market |
! | ! | ! | ! | ' | ! | ! | ! I ! | ! | ' | ! |

Coca Cola Currently has an estimated fifty nine percent share of the marl

Aacousticwaveform shows very little direct cues about
what might havebeensaid

Anot eventhe word boundariesare obvious

Introduction to ASR, H. Néy.Schlutey2010
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Shortterm analysis of speech:signals
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Introduction to ASR, H. N&y.Schluter2010 fmquoﬂcy
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Shortterm analysis of speech:signals

* Take a small window (e.g., 20ms) of waveform.
— Compute FFT and take magnitude. (i.e., power)
— Describes frequency content in local window.

“Hello world”

log |FFT(X)|? —> l

Frequency I

20ms

SpeectRecognitiorand Deep Learning, Adam Coates, Vinay, Rab6
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Speech spectrogram
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Introduction to ASR, H. Néy.Schlutey2010
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Speech spectrogram

SpeechRecognitiorand Deep Learning, Adam Coates, Vinay, B35
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