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Magnetoencephalography (MEG)

Non-invasive, Passive, Silent
Neural Recordings

Simultaneous Whole-Head
Recording (~200 sensors)

Sensitivity
e high: ~100 fT (10-'3 Tesla)
e low: ~10*—-10° neurons

Temporal Resolution: ~I ms

Spatial Resolution
* coarse: ~|l cm
* ambiguous



Neural Signals & MEG

Photo by Fritz Goro

*Direct electrophysiological measurement

*not hemodynamic
*real-time
*No unigue solution for distributed source
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*Measures spatially synchronized
cortical activity

*Fine temporal resolution (~ 1 ms)

*Moderate spatial resolution (~ 1 cm)



MEG & Auditory Cortex

Non-invasive, Passive, Silent Neural

Recordings

MEG Response Patterns Time-Locked

to Stimulus Events
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MEG Responses
to Speech Modulations

Auditory /

Model




MEG Responses
Predicted by STRF Model

Long duration speech: ~60 s

(up to ~10 Hz)

Linear Kernel = STRF
“Spectro-Temporal Response Function”

Ding & Simon, ] Neurophysiol (2012)
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STRF Estimation via
Boosting

Speech stimulus Prediction error
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Frequency Dependence
of STRF Predictability

Left Hemisphere Right Hemisphere
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Stimulus Information
Encoded in Response

Response Index
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Neural Reconstruction of
Speech Envelope

Speech Envelope MEG Responses

Decoder N\”/A//W
PV = B
’ BRSVAV A% WA




Neural Reconstruction of
Speech Envelope

stimulus speech envelope 500 ms
reconstructed stimulus speech envelope

: \1" J\‘v\]“'h " "

, J
2s Reconstruction accuracy comparable to
Ding & Simon, ] Neurophysiol (2012) single unit & ECoG recordings

Zion-Golumbic et al., Neuron (201 3)



Speech Envelope

PV

o

Decoder

(up to ~ 10 Hz)




Overall Speech
Reconstruction
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Speech in Stationary Noise

Mixtures of Speech and Spectrally Matched Statonary Noise

quiet background 6 dB -3 dB
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Speech in Stationary Noise

Mixtures of Speech and Spectrally Matched Statonary Noise Contrast Index
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Speech in Noise: Results

Neural Reconstruction of
Underlying Speech Envelope

M\]\M

Ding & Simon, J Neuroscience (2013)



Speech in Noise: Results

Neural Reconstruction of
Underlying Speech Envelope

L1s

Contrast Index _
Reconstruction Accuracy

Hﬂﬂnn ?

Q +6 +2 -3 -6 -9
SNR (dB) .5
T .1
Intelligibility (%) [
* H o)
&
0
ﬁﬁ Q +6 +2 -3 -6 -9
Q +6+2 -3 6 9 SNR (dB)

SNR (dB) Ding & Simon, J Neuroscience (2013)



Speech in Noise: Results

Neural Reconstruction of
Underlying Speech Envelope
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Noise-Vocoded Speech

natural 8-band 4-band
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Noise-Vocoded Speech

8-channel, in quiet 4-channel, in quiet 8-channel, in noise
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Noise-Vocoded Speech:
Results

Neural Synchronization Spectrum
natural 8-band 4-band

— In quiet
— in noise
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 Cortical entrainment to natural speech robust to noise
 Cortical entrainment to vocoded speech is not
* Not explainable by passive envelope tracking mechanisms

- noise vocoding does not directly affect the stimulus envelope



Cortical Speech
Representations

Neural Representations: Encoding & Decoding
Linear models: Useful & Robust

Speech Envelope only (as seen in MEG)
Envelope Rates:~ | - 10 Hz

Intelligibility linked to lower range of
frequencies (Delta)



Multiple Cortical Speech
Representations?

Di Liberto, et al. (2015) Low-Frequency Cortical
Entrainment to Speech Reflects Phoneme-Level

Processing

Kayser et al. (2015) Irregular Speech Rate
Dissociates Auditory Cortical Entrainment, Evoked
Responses, and Frontal Alpha

Ding et al. (2015) Cortical tracking of hierarchical
linguistic structures in connected speech
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Aging & Auditory Cortex

| - QOlder
J = Younger
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Aging & Auditory Cortex
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Aging & Auditory Cortex
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Aging & Auditory Cortex
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Speech Over-Representation

Presacco et al.,] Neurophysiol (2016a)
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Speech Over-Representation
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Speech Over-Representation
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Aging & Integration Time
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Aging & Integration Time
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Neural vs Inhibitory Control
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Neural vs Inhibitory Control

Older listeners are
worse at
suppressing
interference
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Neural vs Inhibitory Control
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Older listeners are
worse at
suppressing
interference

Older over-
representation in
auditory cortex
correlates with lack
of interference
suppression
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High Level Interference Effects
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High Level Interference Effects

%%

- Unfamiliarity of
Background
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High Level Interference Effects
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High Level Interference Effects
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Three Competing
Speakers
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Three Competing
Speakers

ompeting speeCh

Puvvada & Simon, bioRXiv (2017)
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® |atency as Proxy for Cortical Area(s)

» Earlier Latency Responses from Heschl's Gyrus

» Later Latency Responses from Planum
Temporale (and beyond)

® Not just for Response but
also Reconstruction

» Earlier Integration Window
Reconstructs from HG

» Later Integration Window
Reconstructs from PT (and beyond)



ldea

® |atency as Proxy for Cortical Area(s)

» Earlier Latency Responses from Heschl's Gyrus

» Later Latency Responses from Planum

t-At t

Temporale (and beyond)

® Not just for Response but
also Reconstruction

» Earlier Integration Window
Reconstructs from HG

» Later Integration Window
Reconstructs from PT (and beyond)



Where in Cortex is there a
Segregated Foreground!?

Puvvada & Simon, bioRXiv (2017)




Where in Cortex is there a
Segregated Foreground!?

i
i,i

Puvvada & Simon, bioRXiv (2017)




Where in Cortex is there a
Segregated Foreground!?

Late? i
Early? i i i

Puvvada & Simon, bioRXiv (2017)




Late Cortical
Reconstruction

i
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Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only




Late Cortical
Reconstruction
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Late Cortical
Reconstruction

Foreground
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Late Cortical
Reconstruction

vs. ‘S;i;‘“; ;‘; ) c
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PT represents attended speech with
Puvvada & Simon, bioRxiv (2017) much greater fidelity than unattended
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Early Cortical
Reconstruction
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Puvvada & Simon, bioRXiv (2017) Integration Window over Early Times Only
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Reconstruction
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Early Cortical
Reconstruction
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Early Cortical
Reconstruction

0.15
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Individual background
HG represents attended and unattended
Puvvada & Simon, bioRxiv (2017) speech with almost equal fidelity




Where in Cortex is there a
Segregated Foreground!?

Planum i
Temporale
but not
Heschl’s i i
Gyrus i

Puvvada & Simon, bioRXiv (2017)



Early Entire Acoustic Scene
vs. Individual Streams
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Early Entire Acoustic Scene
vs. Individual Streams
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Early Entire Acoustic Scene
vs. Individual Streams

VS.

i

Puvvada & Simon, bioRXiv (2017)
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Early Entire Acoustic Scene
vs. Individual Streams

VS.

i

Puvvada & Simon, bioRXiv (2017)
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Early Entire Acoustic Scene
vs. Individual Streams
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Foreground vs. Background

it

Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only



Foreground vs. Background
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Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only



Foreground vs. Background
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Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only



Foreground vs. Background
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Foreground vs. Background
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Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only




Foreground vs. Background

i,i

Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only



Foreground vs. Background
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Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only



Foreground vs. Background
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Foreground vs. Background
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Background vs. Backgrounds

I,

Fused Background
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Background vs. Backgrounds
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Background vs. Backgrounds

0.3} Je ©
O O OO
1R
O ~ 0.2 O
27 © &% ©
8%
- OO O
3R 01 Ny’
Z &
O i+ i
@
O_ O
Q . . .
0 0.1 0.2 0.3
Individual Backgrounds Summed
Env(S,)+ Env(S,)

Puvvada & Simon, bioRXiv (2017) Integration Window over Late Times Only



Background vs. Backgrounds
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Forward Model?

Current Competing Speaker TRF model:

r(t) = ETRFa (t-71)S, (1:)+E TRE, (t —r)Sb(r)+E TRF (t —7)S.(T)+¢(t)

Puvvada & Simon, bioRXiv (2017)



Forward Model?

Current Competing Speaker TRF model:

r(t) = ETRP; (t-1)S,(T) +E TRF,(t -7)S, () +E TRF (t - 7)S.(t)+¢(t)

or
or...

Puvvada & Simon, bioRXiv (2017)
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Better Forward Model?

r(t) =Y TRFy,, (1 =), (T)+
=0

+ E TRFForegound (t - I)SForegound (T)
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Better Forward Model?
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Forward Models Compared

Neural Response Prediction
from Competing Models
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Forward Models Compared

Neural Response Prediction
from Competing Models
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Summation model
r(t)= Y TRF, (1 = 1)S,(v)+ » TRF, (t = )S,(v) + ¥ TRF,(t = ©)S, () +£(1)

Early-late model outperforms naive model

Puvvada & Simon, bioRXiv (2017)



Latencies as Proxy for
Cortical Areas

® Using biologically defined integration windows to
reconstruct stimulus can distinguish between
different representations

» Early areas (HGQG) are best at reconstructing the
entire acoustic sound scene

» Later areas (PT) are best at reconstructing the
foreground stream, with an integrated
background

® Modified TRF model performs better than naive



Qutline

® Cortical Representations of Speech (via MEG)
» Encoding vs. Decoding

® Cortical Representations Speech in Noise

® Recent Results
» Aging & Cortical Representations of Speech
» Higher Level Interference & Noise
» Foreground and Background Representations

» Speech Restoration



Speech Restoration
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® Can sustained, non-stationary, speech be restored!?

» Might be aided by contextual knowledge/familiarity
» Might be aided by strong rhythmicity
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Speech Restoration

Replay
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® Hypothesis: contextual knowledge of missing speech
can be controlled by exposure to the speech



Speech Restoration

Reconstruction from Noise
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Speech Restoration

Reconstruction from Ngise
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Speech Anticipation

Representative TRFs Subject-wise TRF_ delays
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e Prior experience speeds subsequent responses



Summary

® Cortical representations of speech in MEG
- Representation of envelope (up to ~10 Hz)
- Information transfer: a few bits/s
- Robust against a variety of noise types
- Neural representation of perceptual object

® Over-Representation with Aging
- Reconstruction depends on integration time
- Over-Representation tracks cognitive behavior

® |nterfering speech familiarity: neural tracks behavior
® PT (late): Foreground + undifferentiated Background

® HG (early): undifferentiated entire acoustic scene
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