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A communication system Signal-level view

4 )
Information Transmitter Channel Receiver Destination
\_source )
Speech communication Biological processing
4 )

» b »

_ Acoustic speech _ _
Speaker biology Listener biology

Neural control - Muscle activity - Articulation Hearing profile - Auditory response

&

To better understand and to improve speech
communication, we can consider biological information
involved in both the speaker and the listener sides.

Claude E. Shannon
A Mathematical Theory of Communication (1948)
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Beyond the Acoustic Signal
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Articulatory movement Perceptual outcome
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| Electrical activity ]
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Bio-informed speech processing

Biological information complements the acoustic signal by describing how speech is
produced and perceived and is useful for building effective models.
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From Acoustic Modeling to Human-Centered
Speech Intelligence

Text/tokens

Hearing profile

Facial muscle 2 ‘M\\
activity ®

Visual speech

(lip movement) ) &
Speech signal i T
Neck muscle
"' Clean speech |*"* | activity Processed speech
Speech : :
R > —w‘ —
| model M Bone-conduction “
1! speech
- - Robust - Personalized -
Speech Complementary  Speech Production and  Listener-Aware Assistive
Generation Speech Sensing Physiological Signals  Speech Processing
Text-to-speech - Voice Conversion - Visual Cues - Bone-conduction Articulatory Motion - Muscle Hearing Profiles - Personalized
Speech Reconstruction Activity - Physiological Signals Processing

e Speech technology moves from modeling signals toward modeling human communication.
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OUTLINE

1. Speech Generation (Acoustic Only)
» Text-to-Speech (TTS) Synthesis
» \Woice Conversion (VC)
» Speech Reconstruction
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Conventional Speech Generation and Reconstruction

Speech can be synthesized, converted, or reconstructed from different inputs
Text — Synthesized Speech

(Who receives the output? )
@Voice Conversion €3 Target identity

Human listener
LGP Yo
Source speech

Converted speech
Preserve linguistic content and transform speaker identity

Three common tasks
@ Text-to-Speech

Speech perception
— .
Communication Qual Ity

- Intelligibility

Please call StellaT #

-

Machine listener

)

or

Automatic recognition
Speech recognition- Speaker recognition -
Emotion recognition

Recognition accuracy

Communication
—

Q Speech Reconstruction

—Hp| —>

Degraded speech

e

Enhanced speech

Evaluation depends on the intended receiver
Recover the target speech from a degraded speech

G Generated speech must remain useful to either human perception or machine recognition.

Yu Tsao Interspeech 2026



Text-to-Speech (TTS) Synthesis

Convert text to speech [1], [2], [3]

TTS system (e.g. Tacotron 2)

_________________________________________________________________________________

N |
: Encoder and :
! WaveNet '
Please call ! : & 30 ;
pioase » { attention-based | m—p " vocoder #
! decoder 0 !
: to- i i ] Waveform synthesis ! .
Text/characters E Text-to-acoustic mapping Mel-spectrogram Y! | Synthesized speech

B e e e e e e e e e e T T i e e e e e e T T T T T R

e A TTS system predicts spectral features from text and uses vocoders to synthesize the waveform.
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Voice Conversion (VC)

Convert source speech to a target voice [4], [5], [6], [7]

M|

Source speech - Speaker A

Conet | — 0000 11—

Content
representation VC model/
—=p-|  decoder > "’
' Speaker Converted speech
M% . { encoder ] . DDDD DD Content from Speaker A

Speaker Voice from Speaker B
representation

Reference speech - Speaker B

PRESERVE CONVERT OR CONTROL
Linguistic content Speaker identity and optional style/prosody

p
Assistive example: VC for electrolaryngeal speech

— \VC model —_—

£ Sy N

Converted sech

EL speech
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Speech Reconstruction

Recovering target speech from degraded or mixed observations [8-14]

. Speech ‘
‘ enhancement ‘
: model |

Noisy speech Enhanced speech
Speech

X=S+n

/ M Speaker A
- ‘ [ separation model N .

Mixture speech “i%

@ Speech Enhancement

@ Speech Separation

Speaker B
X = 51 + Sz
@ Speech Dereverberation
W, - — Dereverberation — *’.
model "’
Reverberant speech Dereverberated speech

e Speech reconstruction estimates high-quality speech from low-quality speech, such as noisy,
reverberant, or multi-speaker observations.
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What Do Traditional Metrics Measure?

Objective metrics to assess speech distortions, quality (PESQ) [15] and intelligibility (STOI) [16]

Objective _ o
Speech intelligibility

Clean reference
STOI
H " ' - \ Speech and spectral fidelity

Processed speech SS N R - I_S D

PESQ — perceived quality of processed speech
STOI — intelligibility of processed speech
SSNR/LSD - signal and spectral fidelity to the reference

Speech quality

PESQ

—_—

e Usually we used different metrics to assess different aspects of generated speech.

Interspeech 2026
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What Do Traditional Metrics Miss?

Objective metrics to assess speech distortions, quality (PESQ) [15] and intelligibility (STOI) [16]
0 A clean reference may ‘ Non-intrusive
Objective not be available assessment
Evaluation Non-intrusive Neural Speech
9 Referencearnutest ATgrment-robust
- - signals must correspond - assessment

Assessment [17-20]
In content and timing

PESQ -STOI -SSNR - LSD Listener-aware

e Scores may not reflect Human-perception- assessment
individual perception ‘ related targets

Objective metrics may not perfectly reflect individual listeners’ perceptions:
(1) Specific hearing profile; (2) Variability in behavioral test results.
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Electroencephalography (EEG) and Listening Effort

Assessing listening effort based on brain responses [21]

6000 -
Clean Alpha power
EEG response (8-13 Hz) N
=1
A A A A A M A o i -
J Lower 4
NOisy m ~ ’ ‘ \’ Sz: Iisteniﬂgeeffort Gé 4000
M/w-;’\m/\v e il s000 %_> DO_
H PN 000 ©
e AN A PN { { 2000
A NANAN A Sy ~ ’ ‘ ’ s Higher E_
: : listening effort <
MMSE- L c 2000 -
enhanced 122 participants Time (s) ®
64-channel EEG =
Transformer- 0 -
enhanced c T M N
s C = Clean; T = Transformer; M = MMSE; N = Noisy
Behavioural measures: comprehension accuracy and subjective intelligibility ratings Noisy speech produced higher alpha power
Physiological measure: EEG alpha activity than clean and enhanced speech.

e EEG responses can offer valuable insights into listening effort.
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01 — SPEECH GENERATION MODELS

EffortNet Predicts Listening Effort by EEG

Assessing listening efforts based on brain responses [21]

EffortNet predicts listening conditions based on EEG

Alpha-band EEG

Low listening
(8-13 Hz) effort
1. Self-supervised 2. Incremental Iear?\ir;rrzr:i;er:ew-
PR Y pretraining learning 9
o e o] segments subject adaptation data \
o 0 1 2 3 \ /) \ 7N g o
122 participants High listening

Time (s) effort

Training data
122 participants
64-channel EEG
Clean, noisy, and enhanced speech

I
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I
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1

I

I

1

1

I

A A Ao listener fine-tuning I
AN A po | EEG = => > Effor'tNet |
encoder . % subiect-specifi classifier |
s e e, i I Unlabeled EEG Progressive 40% subject-specific :
1

1

I

I

1

1

I

I

1

1

I

I

1

1

I

I

Predicted listening effort
Probability (%0)

Clean Transformer

Low effort 80.0

High effort

EEG responses to Transformer-enhanced speech were
closer to the clean condition than those for MMSE-

enhanced speech.

Comparing EffortNet with other models

____ Model | Accuracy (%)

CNN 62.3
STAnet 61.1
EffortNet 80.9

e Brain-response assessment can potentially complement objective evaluations and subjective listening test.

Yu Tsao Interspeech 2026

Page 14




Limitations of Acoustic-Only Speech Processing

SPEAKER ACOUSTIC MODEL LISTENER
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Speech Model '

TV YN

|
|
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|
|
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!
)

@/\@ |
Neural Muscle Articulation' nput speech Processhed I Auditory
control activity L ) Speec : system
- " ________ c— - - - -"-"-"-"=---
. Y
Not explicitly modeled Not explicitly modeled
Requiring available and reliable Not directly observing speech- Not optimized for individual
acoustic signal sensing production mechanisms listener needs

The acoustic waveform is central to human communication, but complementary
biological information can provide additional insights.
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Acoustic and Biological Information for
Speech Processing

ACOUSTIC-BASED MODELING BIO-INFORMED SPEECH MODELING
. Additional (" SppAKERSIDE ) [ LISTENER SIDE )
Acoustic speech  Speech model Output speech biological Visual - Bone-conduction - Hearing profile - Neural
information Electrical activity perceptual response
’)) @ lm\
& ene e
1ISSI1Na?
What may be missing” oo Neural response
. . . N /RN
Hearing profile (audiogram) l
¥ @ » (@ ik
s \§ 5
e
EMG ‘ moiso.si 2 4 8 E O C - =0 jee
Frequency (kHz)
Speech production  Complementary Individual perceptual 2
mechanisms

sensing modalities needs

e Biological information complements the acoustic signal, not replacing it.
Yu Tsao
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OUTLINE

2. Complementary Speech Sensing
» Audio-Visual Speech Enhancement
 Air and Bone Conducted Speech
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Complementary Speech Sensing

Multiple observations of the same speech event

Visual cues
Lip and facial movements

Complementary

Bone-conducted speech ¢~ observations

Tissue and skull vibration

Air-conducted speech

Speech production _ o
Alr-pressure variations

process

e Different sensors capture complementary observations of the same speech-production process.
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Audio-Visual Speech Enhancement

Complementary information provided by visual cues [22-25]

Noisy speech
| Audio |
l encoder J v Enhanced speech
Audio-visual Speech
fusion decoder
Visual W
encoder |
What does the visual stream contribute?
@ Articulatory information @ Temporal M‘“Wh Robustness to acoustic noise
information

Visual cues are not affected by acoustic noise, but their usefulness depends on visibility and audio-visual synchronization.

e Visual information is particularly useful when the acoustic signal is severely degraded.

Yu Tsao
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02 - COMPLEMENTARY SPEECH SENSING

Air- and Bone-Conducted Speech

Complementary information provided by vibration signals [26-29]

Air-conducted speech

« Air-pressure variations

» Broader spectral bandwidth

 Clearer high-frequency detail

» More easily distorted by ambient noise

Air-conducted speech (ACM) Spectrogram (ACM)
—_—

1 !

Bone-conducted speech (BCM)

fov

Bone-conducted speech

« Tissue and skull vibration

« Less affected by airborne noise

 Strong low-frequency and voicing
iInformation

« Limited high-frequency detail

-
~

A 4

Same utterance with synchronized
recording

e Air-conducted speech provides broader spectral detail, whereas bone-conduction
signals provide complementary information that is more robust to noise.
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Air-Conducted Speech, Visual Cues, and Bone-Conducted

Speech

Bone-conduction Modality Physical observation | Information retained | Main limitation
sensor

Microphone Air-conducted Air-pressure Broadband acoustic Sensitive to
/ speech variations detail ambient noise
/ . I
_ : : . : : Occlusion and
D : Lip and facial Visible articulation .
Visual cues - audio-visual
movements and timing o
misalignment
Camera

/
Bone-conduction Tissue and skull \oicing and low- Reduced high-

\ MM _ signals vibrations frequency structure frequency detail
One speech event, three observations

These sensors are not simply giving us three versions of the same information. They
represent different physical consequences of the same speech-production process.
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OUTLINE

3. Speech Production and Physiological Signals
» Physiological and Articulatory Observations of Speech Production
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Physiological and Articulatory Signals in Speech Production
Physiological and articulatory signals [30-54]

Internal speech-production process Acoustic
\ Output
—o— EMA (trajectory)
\ ) B EPG (contact)
» }éﬂw» »
~ A rn
Motor planning and control Muscle activation Articulatory movement Acoustic Speech
Neural motor control Facial muscle activity Electromagnetic articulography (EMA)  Acoustic waveform
Electromyography (EMG) - Electropalatography (EPG)
Observable speech-production signals ~ EMG EMA/EPG Waveform

—— FTIIN
} | };—/&:——*‘\Q\ﬂ“ N\
\

Articulator trajectories and _ rn
tongue-plate contact Radiated acoustic signal

Physiological and articulatory signals can support speech generation, speech enhancement,
and silent speech interfaces.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Generation and Reconstruction

Physiological and articulatory signals [30-54]

Speech sensi; gmodaltesacmsspmdct n levels
= ==
control activation movem

EM > ~ > ?3
Tongue: Lips-Jaw r

rt [GG
Tongue imaging Vocal-tract shape Vocal-fold cor

Direct speech generation

v

Physiological and
articulatory signals

4

Generated speech

Speech Generation model

No acoustic input at inference

it

\ 4

Complementary information for reconstruction

Degraded acoustic speech

e s e

Reconstructed speech

Physiological and
articulatory signals

\ 4

Reconstruction Model

e

Physiological and articulatory signals can support direct speech generation or provide
complementary information for speech reconstruction through multimodal learning.

Yu Tsao
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Types of Sensors

Categorized based on sensed information [30-54]

STAGE OBSERVED SENSORS - WHAT THEY RECORD
0 Neural control — EEG -IEEG / ECo0oG /SEEG Electrical population activity
— EMG Speech-related muscle activation
—, Video - EMA - rtMRI - External motion, point motion or
ultrasound internal views
: : . _ Vocal-fold contact or mechanically
@ Phonation / vibration — EGG - bone-conduction transmitted vibration

O These signals are complementary, but each provides an incomplete view. The right choice depends
on which functions remain available, what the user can tolerate, and what the task requires.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Modalities: Audio, Movement and Vibration

Categorized by sensor types [30-54]

Modality What it adds Real-time potential

$ Audio Acoustic content / prosody Noise or absent voice High, with causal model
(a Video [22-25] Visible speech timing Occlusion / synchrony High, with camera delay
U] Vibration [26-29] A different sound path Bandwidth / coupling Promising for wearables
() EMA [30, 31] Sparse point trajectories Attached coils Fast, constrained setup
= MRI [40-42] Internal tract views Scanner / slices / noise i%qumiﬁon # wearable
¥ UTI [43, 44] Tongue surface motion Probe stabilization mgg%zgs Setp

e Qualitative engineering judgments of information vs. acquisition burden — not every cited model
runs in real time.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Modalities: Muscle, Physiology and Hearing

Categorized by sensor types [30-56]

Modality What it observes Real-time potential

® SEMG [45-48] Muscle activation Electrodes / calibration Silent-speech potential
. EGG [49] Vocal-fold contact Neck contact / phonation Fast signal acquisition
o Scalp EEG [50, 51, 52]  Mixed neural activity Artifacts / low specificity ra\gt?eernsce window
¥ IEEG / ECoG [53, 54] Local cortical activity Surgery / coverage Online studies exist
<) Audiogram [55, 56] Hearing thresholds Incomplete hearing profile Static_: _mo_d el

’ conditioning

e Qualitative engineering judgments of information vs. acquisition burden — not every cited model
runs in real time.
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OUTLINE

3. Speech Production and Physiological Signals

« Electromagnetic Articulography (EMA)
 Electropalatography (EPG)
» Surface EMG (sEMG)
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Electromagnetic Articulography (EMA)

What does EMA record?

 Cartesian position of each sensor
 Articulator movement over time
« Audio recorded in synchrony

60 F
Tongue ti
- i V\M\,/\/\/\J/W g P
E Tongue dorsum
- 20 f
=
i
g O NSNS WIS ™ Lover lip
(=W M\
_20 I:;.\v«,«_-".. ”Jw\"‘\'ﬁ_ »//\"/’h '\x,v,..-fv-'"'\\ w,/ﬂ./\:‘ J\-\,’»-,y'// A ’"\."«,’J’A‘f"/»‘ﬁM"‘»f”"“.j Low Cr Ail‘l‘\"'
'_40 T T T T
0 1 2 3 4 5
Time (s)
EMAZ2S data

X 9 sensor locations - EMA: 250 Hz - Acoustic: 16 kHz

O EMA records articulator positions and trajectories during speech-generation process.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Multimodal Learning for Articulatory-to-Speech

EMAZ2S: An End-to-End Multimodal Articulatory-to-Speech System [30]

EMA EMA
: _fe encoder EMA
¢ ) E embedding
;RO ema A Shared Reconstructed Reconstructed
“ Ly decoder spectrogram mel-spectrogram Waveform
Spectrogram 2 “af D T PWG
S Spectral x* LIS R
encoder Spectral
E embedding .
spec =]
. J/ - mel
A 4
Only used in training Ground truth Ground truth
spectrogram Mel mel-spectrogram
= mapping
M

The spectral branch guides training. Only
EMA is used at inference.

Training: EMA and spectrogram are jointly used.

Representation: Deep feature loss aligns the EMA and spectral embeddings.
Generation: The decoder predicts a spectrogram, and PWG synthesizes the waveform.
Inference: Only EMA signals are required.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

EMAZ2S: Objective and Subjective Evaluation

EMAZ2S: An End-to-End Multimodal Articulatory-to-Speech System [30]

Objective evaluation Listening test
0 ecaker 012 088 ]
Basellne 7815 1279 0696 0818 :Eeallzerj (;218 0:882
S-1 8.264 1.259 0.679 0.796 A"erag"’_ S . IES]
10 ||StenerSlBaselme B EMA2S
S-1i 7.334 1.320 0.702 0.841 15 utterance pairs per listener
S-111 8.445 1303 0697  0.831 Fewer EMA sensors

EMA2S 7.176 1.350 0.716 0.868 { ¥ iy 4L> s
S-1: spectrogram loss l (‘:Z 4 sensg—t:zl_z LL LI TL

S-11: spectrogram + mel-spectrogram loss
P g P g 9 sensors

S-111: multimodal training + deep feature loss _ _ _ ,
EMA2S: multimodal training with the combined loss The four-sensor configuration remained better than Baseline.

O EMA trajectories can effectively support direct speech generation and that the
system can retain its advantage with fewer sensor locations.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Electropalatography (EPG)

EPG does not measure the full tongue
shape or continuous tongue position.

v

124 electrodes

@ Contact=1
(O No Contact =0

Time

1 1
/ Hard palate | Contact pattern over time  What does EPG measure?
[ [
Tongue-palate : :
contact i N '« Contact between the tongue and hard palate
| - TR T4 '+ Spatial contact pattern during articulation
Tongue B B & Pegssss)) (38 '« Changes in contact over time
1WA I ty t, ts ty
Custom artificial palate : :
“g0/9g” | Binary contact map sequence i EPG2S dataset
(R RN |
55832835 : 1 [(TF o oe % 7o 14 = ' One male speaker
eCe0 CeC ® Iy o s L S, L ""-i--ir : . -
eocee ooo0o L3 . S RNHE Y Y R St 319 paired EPG and speech recordings
00000 00080 e i 2; ** 2k R8s E g o L8 : :
Seee0 08680 LB Por, L P o FEC TtodE C| 1 Personalized system

000000 |000C00 2 Yo o0 ﬂ_.r. Yo Ef‘af Yo el I
066662223365 e R MR- ST A T TR
: BartYRINE. . Bl O LT - e
| |
1 1
[ [

o EPG records the location and timing of tongue-palate contact during speech.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

EPG2S: Multimodal Learning with EPG and Audio

End-to-End Multimodal Articulatory-to-Speech System [32]

Sastioed, EPG
.  »._ e asts —>[ EPG encoder embedding

EPG sequence

>
*
Joint l
. embedding loss
Noisy speech . : fb;:)en H Decoder

\
NN , P Audi
F ' udio udio
Freq-T A “ - —_— encoder embedding

Time —

Training inputs
1/3 EPG only

1/3 noisy speech only

1/3 EPG + noisy speech

All input combinations are represented during training.

[ Fusion stage

.

s

Early fusion: combine Late fusion: encode each
inputs before encoding. modality before fusion.

EPG EPG -»| Encoder
Audio eneodet Audio |

Encoder

&

Estimated spectrogram Enhanced speech

- =)

|
v

v

Fast Griffin-Lim ”m '.ﬂ.

Time —

Spectrogram loss

Ground-truth spectrogram

Freq.T

1 ‘
> Q¢ . -
- - )
~ i Ad o M . bR A

Time —»

Test-time input

EPG only: speech generation

Noisy speech only: speech enhancement

EPG + noisy speech: multimodal enhancement

o One personalized EPG2S model supports three input settings.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

EPG2S: Speech Generation from EPG

End-to-End Multimodal Articulatory-to-Speech System [32] Speech-generation scores

Training Input PESQ 1 STOI 1 | ESTOI 1

Training inputs

|

|

|

|

|

|

Pure EPG > EPG2S :
Test input: EPG only | Pure EPG 2.039 0583  0.321
Generated speech | EPG + speech, EF 1.996 0588  0.346

EPG + speech, | ' R I
early fusion & > FeE 'ﬂﬂ"ﬂf ' EPG + speech, LF 2.048 0.592 0.341

|

oG+ ssech n No acoustic input was used |

speech, | ' .
late fusion s | at test time. :
Observations

« The model generated speech from EPG alone
« Audio during training improved selected quality and intelligibility scores.
 Late-fusion training achieved the best PESQ and STOI, while early fusion achieved the best ESTOI

e EPG and acoustic signals can provide complementary information during multimodal
learning to improve EPG-to-speech generation.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Surface Electromyography (SEMG) for Speech

EMGSE: An end-to-end multimodal acoustic and EMG learning [45]

Cheek electrodes

Facial and
submental =)
muscle activation

Speech motor
control :>

Submental electrodes

Ch.1 W

Ch.2 w-w—-wﬂwaw
Ch.3 MW

Ch.4 ,mew
Ch.35wmm

What does sSEMG capture?

Electrical activity associated with
speech-related muscle activation
Pre-acoustic information about
articulation

A set of multichannel signals that
change over time

Practical characteristics

Non-invasive surface recording
Not directly capture airborne
acoustic noise

Sensitive to electrode placement
and motion artifacts

e Surface EMG provides a pre-acoustic physiological observation of speech-related muscle activity.
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Acoustic and sEMG Fusion for Speech Enhancement

EMGSE: An end-to-end multimodal acoustic and EMG learning [45]

Noisy speech

Facial EMG (35 channels)
Cheek electrodes

.
W""’“‘a’"" ‘nwdl-—-»
.

A A At S e

Submental electrodes

\ 4

Enhanced
spectrogram

Feature
fusion

Acoustic
; representation
Audio . ?—————7
encoder i [
/1
Muscle activity
representation
EMG .
—
encoder

A

Acoustic: spectral information from the noisy recording.

Facial SEMG: synchronized muscle activity during articulation.

SE network

Enhanced speech

A
I
1
1
1

Training only

Clean speech spectrogram

o Acoustic signal provides detailed spectral information, while the EMG provides complementary
muscle-activity information that is not directly affected by airborne acoustic noise.

Yu Tsao
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

EMGSE: Performance Across SNRs and EMG
Configurations

EMGSE: An end-to-end multimodal acoustic and EMG learning [45]
Performance at Different SNRSs

Noisy SE(A) EMGSE
PESQ STOI | PESQ STOI | PESQ STOI
-11dB | 0.923 0394 | 1.197 0446 | 1.452 0.553

-6dB 1.138 0481 | 1.608 0.579 | 1.829 0.658
-1dB 1.448 0.579 2.03 0.697 | 2.207 0.751
4dB 1.722  0.663 | 2333 0.764 | 2476 0.801

Avg. 1.308 0529 | 1.792 0.621 || 1.991 0.691

EMGSE improves PESQ and STOI at every tested SNR.
Larger gains occur under the lowest SNR conditions.

Effect of EMG Channel Configuration

Full configuration: 35 channels
Cheek-only configuration: 28 channels

35 channels 2.046 0.709

28 cheek channels 2.039 0.711

The cheek subset gives comparable performance to
the full configuration.

O (1) EMG+SE outperforms audio-only SE(A) under all conditions. (2) Using only 28 cheek EMG
channels achieves performance comparable to that of the full configuration.
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OUTLINE

3. Speech Production and Physiological Signals

« Silent Speech Generation
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Silent Speech Interfaces

Speech generation from non-acoustic speech-production signals [35], [48], [57]

Potential uses

Communication when \> -~ Intentional silent
ﬁ phonation is unavailable 7" communication

Production signals \
SEMG EMA EPG
Cheek electrodes — N, I |
AR o s ) 7 ’ Speech
! Sl \ JRRTRERT [mmp{ Encocer mhy R ion Y| Decoder ()

<, - / é go0d OomOo |
,« goo ood

L 'f../.’ 0 0

e

Generated speech

Silent articulation

Practical limitations:

Silent and vocalized articulation
mismatch

Sensor placement and
calibration requirements

Speaker and session variability Elniee] Spese sl g oty

and naturalness
Silent speech interfaces generate speech from articulatory movements or speech-related muscle activity.
However, there are practical limitations to further address:

Yu Tsao Page 39

Interspeech 2026



03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

History of Silent Speech Interfaces

Timeline and milestones sourced from [57] (Tang et al., Nature Sensors, 2026), Figure 2.

® Off-body @® On-body @® In-body
1985 1997 2004 2020 2022 2024
EMG vowel EEG word ECoG speech Depth Mobile-camera Flexible EMG TENG / Magnetoelastic
recognition decoding decoding camera SSi sensor flexible sensor
strain sensor
() ® ) [ o ® o ® | ® o ® o ® o
1998 2019 2021 2023
Camera-based Intracortical Ultrasound UwB Full-sentence Wearable strain IMU-based
lipreading microelectrode imaging radar ECoG Sensors decoding

decoding
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03 — SPEECH PRODUCTION AND PHYSIOLOGICAL SIGNALS

Off-body / On-body / In-body Sensing

Timeline and milestones sourced from [57] (Tang et al., Nature Sensors, 2026), Figure 1.

ON-BODY IN-BODY
Non-contact or looselycoupled Stable skin contact Implanted neural access
sEMG - Strain - IMU - EEG (scalp/ear) ECoG - sEEG - MEA
High comfort, easy deployment; Balances wearability and Direct, high-specificity neural access,
limited by lighting, occlusion, indirect physiological access; motion-artefact even with complete loss of
coupling trade-offs remain articulation; invasive and clinically

constrained

Signal specificity / Invasiveness
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03 — BIO-INFORMED SPEECH GENERATION MODELS

Summary of Sensors

Timeline and milestones sourced from [57] (Tang et al., Nature Sensors, 2026), Table 1.

Sensor Biological Signal Spatial Res. Tempo Res.  Strength Limitation

Visible/IR lip & face motion sub-mm-mm  30-60 Hz Non-contact; commodity hardware Lighting, occlusion, angle sensitivity

Deep vocal-tract access; robust to

\Vocal-tract acoustic time-of-fligh mm-scale 30-100 Hz Bulky probe; airflow noise

light
IMU Motion-scale kinematics Motion-scale  100-200 Hz Micro-motion capture; low cost/si: (I;ga'gﬁ:gartefacts; LSS AT E
Strain Z;?c(z)(r)rfzzféir:/e/capacitive mm-scale 1-1000 Hz Skin-conformal; comfortable Thermal/mechanical drift
SEMG Surface myopotential mme-scale 1-2 kHz Direct muscle intent; mature tech ;rzepfiigce S AT
TENG Triboelectric charge transfer mm-scale (E~vLiaSn)t—triggered Self-powered; high-SNR pulses  Session-to-session variability
EEG (scalp) Scalp neural potentials cm-scale 1-2 kHz Non-invasive brain intent Low SNR; setup time
ECoG Subdural cortical LFP mme-scale 1-5 kHz High bandwidth; low noise Requires craniotomy
SEEG Depth-electrode stereo-EEG mme-scale 1-5 kHz 3-D access to speech network Hemorrhage/infection risk
MEA Intracortical spikes Cellular-scale 30 kHz Highest information rate Most invasive; foreign-body response

e These signals are complementary, but each provides an incomplete view. The right choice depends
on which functions remain available, what the user can tolerate, and what the task requires.
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OUTLINE

4. Listener-Aware Speech Processing
» Hearing Profiles and Listener-Aware Speech Processing
« Audiogram and Hearing Loss Profiles
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Laurel or Yanny ?

P EHEEERERE Findings
' ° (1) Listeners sensitive to higher frequencies tend
to hear ““Yanny,” while those sensitive to lower
frequencies tend to hear “Laurel” instead.
(2) The preceding sound changed how some
listeners heard the same recording. Some listeners
switched between the two words, while others
consistently heard only one.

Frequency (kHz)
Shared-reference power (dB)

0.00 0.25 0.50 0.75 1.00

Yanny 14 (63.6%)
In the study [58], by modifying the

preceding sound, 276 varied in whether
they heard “Laurel” or ““Yanny,” while _ 8 (36.4%)
108 heard almost exclusively one word. ; , g

Votes

12 16

o The same acoustic signal may be perceived differently by different listeners.
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04 — BIO-INFORMED SPEECH PERCEPTION

Hearing Profiles and Listener-Aware Speech Processing

Listener-aware speech processing [37, 51, 56, 59]

Conventional Speech Processing

st — — i

Noisy speech Enhanced speech
Hearing Profiles

Hearing Proflles »
’)) 13 ((c o

20 20
40 40

Speech
Processing

60 60
- 80 80
100 100
120 120
H 250 250 1k 4k 8
Listener A Listener B k

Frequency -> Frequency -

Better audibility Reduced high-frequency audibility

\ l
|

Same processed signal, different hearing profiles

L istener-Aware Speech Processing

Listener information —

InpUt SpeeCh Audiogram Predicted quality Listening
and intelligibility preference

2 Quality: 3.2 -
""‘ '"'” ' ‘ @ b‘\\ Intelligibility: 0.68 -

Prefer
60 clearer speech

—

natural
speech

120
250 1k

L Frequency %
v

Listener-aware _»'MW” .)))
model

Personalized output

v

Related research:
NeuroAMP: audiogram-conditioned amplification
» Preference-based SE: enhancement using listener preference

e Listener information can condition speech processing or perceptual assessment.
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Audiograms and Hearing Loss Profiles

Personalized hearing profile [56, 60, 63]

An Audiogram Different Hearing Profiles Audiogram-conditioned speech model
T ~ Profile A
— 0 - —O— Right ear ;
2 —>— Left ear = L | !
3 : - |
: - ED o Z - Speech
0 30 - 5 . — generation
L 40 S —
%D 50 - Frequency (Hz) —  Hearing profile > rﬁgg;
e Near-flat thresholds 10 .
< 60 1 i 22 13 Quality and
T 701 - ProfileB =2 intelligibility
80 - - 0 o — assessment
@ 10 20 80
1 90 - 3w \ he _
100 +— , I ! ! I L 60 T 250 1k 4k 8
Greater 550 500 1k 2k 4k sk 2 m Frequency (Hz)
hearing loss Frequency (Hz) 3 e
o Frequency (Hz)
Frequency: pitch of the tone High-frequency hearing loss
Threshold: lowest level detected at each The same speech signal may not be
frequency equally audible to both listeners.

OAn audiogram indicates frequency-specific hearing thresholds for an individual listener.
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HASQI and HASPI

Reference-based metrics for hearing-aid speech assessment [61], [62]

Objective: Speech quality/intelligibility metrics for normal hearing, such as PESQ, STOI, and ESTOI do
not fit to hearing-loss individuals

Solutions: Develop hearing-profile-oriented speech quality/intelligibility metrics

Reference-based Evaluation What do the scores represent?
Clean reference speech

- o HASQl e

Processed speech 2 LiStEI_W(?r- Speech Quality Higher is better HASOI Quality and signal ~ Audiogram-dependent
specific distortion auditory model
auditory -

I__wistener audiogram - HASP| Speech Audiogram-dependent

: R HASPI Score: 0—1 intelligibility auditory model
gg’ \ Speech intelligibility | Higher is better

O HASPI and HASQI are widely used to assess hearing-aid performance, but both require a reference signal.
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Non-Intrusive Hearing-Aid Speech Assessment

HASA-Net: Non-Intrusive deep-learning-based hearing-aid speech quality and intelligibility assessment [63]

RAW Waveform Layer 1
Pre-trained | _p—1» al \4 Weighted h
MW — ; e Speec
: : sum —»| Dense )
SFEM model — 4 f representation :
Layer L R MHA > Global average N QU?JI'Fy
pooling prediction
_ Frame and utterance scores
Atédlogram BLSTM M Dense H i
- - -, = I
20 Hearing-profile Additive .
40 Hearing-loss representation fusion R MHA | Global average 5| Intelligibility
o0 pattern _'| Dense pooling prediction
80
2 4 6 Frame and utterance scores
A
.. Training targetsonly  _ _ _ _ _ _ _ _ _ _ _ ___ o _______ : _____
| I |
I |
- HASQI : . HASPI .
Input at inference Outputs : . eech%ﬁgity Quality supervision Speech intelligibility Intelligibility supervision
* Processed speech waveform «  Estimated speech quality I P :

*  Six-frequency hearing-loss pattern 1« Estimated speech intelligibility ~~ "~~~ "~ """ T T T T T oo TTT T o T m oo mmmmmmmmm T

O We Dbelieve this framework could be generalized to account for normal-hearing people with
different hearing profiles among.
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OUTLINE

4. Listener-Aware Speech Processing

» Hearing-Profile-Conditioned Speech Generation (End-to-end Hearing Aids)
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NeuroAMP

An end-to-end general-purpose deep neural amplifier for personalized hearing aids (HA) [56]

Training signal Magnitude spectrogram

Amplified magnitude

v r \ ‘ Personalized amplified
spectrogram signal

Concatenate NeuroAMP
Hearing Tl - m— CNN/LSTM/CRNN/ m ISTET _'l“‘“*‘ &))
threshold \ > ED:D_’ bense e

\ 4

STFT

v

\ 4

Listener audiogram

layer Transformer

Lo——_— \
Frequency —

Training only
Training target
Clean speech + audiogram Target amplified signal

D
|
|
6 hearing thresholds I
|
|
|
|
|
|

. ‘ MSE loss
— NAL-R + WDRC M ——————————————————— !

The audiogram directly conditions listener-specific speech generation (enhancement and amplification).

e NeuroAMP combines speech enhancement and amplification in a single model, reducing the potential
mismatch and complexity of traditional two-stage hearing-aid (HA) systems.
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NeuroAMP versus Traditional HA Methods

An end-to-end general purpose deep neural amplifier for personalized hearing aids [56]

Simulation Results Subjective Test Results from HA Users

BN NALR +WDRC N NeuroAMP Denoising NeuroAMP [ NALR + WDRC N NeuroAMP B Denoising NeuroAMP

* *

) 4

Average Quality Score
N

Average Quality Score

(=

=)

A o oS A oo s

(1) Simulation Results: NeuroAMP performs comparably to conventional HA in clean conditions, and
outperforms conventional HA in noisy environments (by data augmentation).

(2) Subjective Tests: Consistent trends were observed, aligning with the simulation outcomes.
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OUTLINE

5. Summary and Practical Challenges
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Summary and Practical Challenges

Sensor types Off-body / On-body / In-body sensing
Functions Multimodal learning / Silent speech generation
Sides Speaker-side / Listener-side

Why it maters

Specialized hardV‘:JaSraegza“ it el EMA, EPG, multichannel EEG

Sensor burden

Signals change with sensor placement and

: : Surface EMG, EMA, EEG
recording session.

Speaker and session variability

Modalities differ in sampling rate and Audio-visual and audio-physiological

Cross-modal alignment . S
physiological timing systems

Paired biological and acoustic datasets

Limited training data B
remain limited.

Articulatory, SEMG, and EEG datasets

Signal metrics do not fully describe

EvelluELen listener benefit.

Quality, intelligibility, and listening effort

O Despite promising progress, further research is needed to make biological signals easier to use and fully
realize their potential in acoustic modeling.
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Related Topics Not Covered In This Talk

Selected directions for further exploration

01 EEG- and eye-gaze-guided processing

Speech enhancement and target-speaker extraction guided by neural activity or visual
attention [51-53, 64—66]

02 Speech generation from neural and visual signals

Speech synthesis from brain activity [67—70] or silent oral video [75], with related work
using ultrasound and MRI observations [71-73]

03 Advanced architectures and learning objectives

Diffusion and flow matching, transformers, Mamba, and large language models [29, 74, 75, 77, 78]

04 Synthesizing articulatory data from acoustic or text

Model size, computational cost, latency, and implementation constraints [79-85]

o Selected references provide entry points for further reading.
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