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Deep Learning Based SE System
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DL-based SE for Noisy Speech
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Deep Learning Based SE System
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BiiASP human perception and ASR performance.




Lo ASP

~L

i TN

B A EFE KA
3 &5 (Quality) 2 = #2 & (Intelligibility) = 7 #p
MUy ke g o EERRRE &

10



Speech enhancement model based on
speech Intelligibility Iearning
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Objective Functions for DNN and Brain

* DNN Model vs. Human Brain
» Difficult to fully understand what is inside
» What we can control: input, reference, objective function

Output Input Output

p( H,5) p( E1.8)
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Objective Function

e STOIl-based Objective Function [Fu et al, TASLP 2018]
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Deep Learning Based SE System
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Sound processor

Cochlear with

Transmitter )
implant electrodes

Receiver

Traveling wave theory (Nobel Prize 1961)

https://www.healthdirect.gov.au/cochlear-implant

http://www.yanthia.com/online/projlets/spear3/index.html
Bi-ASP  https://medium.com/@mosaicofminds/maps-in-the-brain-f236998d544f
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SE for Cochlear Implant
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SE for Cochlear Implant Simulation
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SE for Cochlear Implant Simulation

* Normal speech
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SE for Speaking Disorder

* Task: improving the speech intelligibility of
surgical patients.

e Target: oral cancer (top five cancer for male in
Taiwan).

o Liberty Times Ltd.. Taipei Veterans General Hospital
KI&M

28



29

SE for Speaking Disorder

* Proposed: joint training of source and target dictionaries
with non-negative matrix factorization (NMF):

Converted spectrogram | Target dictionary
(g> M) (g<T) |

After
Surgery

Before
Surgery
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* Key Factors
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Bio-ASP Lab

I E Contact: yu.tsao@citi.sinica.edu.tw
I More Information: http://bio-asplab.citi.sinica.edu.tw/
Publications:

https://www.citi.sinica.edu.tw/pages/yu.tsao/publicati
ons_en.html
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