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Overview

Cocktail Party Effect

The ability to 1dentify and track a target speaker amid a cacophony of acoustic

interference @.

Temporal Response Function (TRF)

A sparse kernel relating the auditory neural response

to the envelope of the speech stream. Magnetic field map of the auditory

MEG component
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Attention Decoding via Dynamic TRF Estimation
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Objectives -

1) Dynamic TRF estimation with high temporal resolution.
2) Dynamic estimation of confidence intervals.

3) Tracking listeners’ auditory attention, using M 1004 amplitudes@
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The Proposed Algorithm
Dynamic TRF Estimation

The instantaneous filtering error at time i defined as: err(i) := y(i) — 7" (i)e(i),
where e(i) = (e(i),e(i — 1),-- ,e(i — M + 1)) and 7(i) = (70(i), 71 (), - - - T

7TM—1(i)) .
Cost function: f(err(1),err(2),...,

err(n) =S N [err(i) P 0 < A < 1

1=1

min f(err(1),err(2),...,

T (1)

L1 -Regularized Maximum Likelithood Estimate:

1

T(n) = argmin ~— Dl/Q(n)y(n)
T(n) 20

Where D(n) := diag(\" "+, A2, ...
E(n) = (e(1),e(2),- -

— DY2(n)E(n)T(n) ;

1)sy(n) = (y(1),y(2), -, y(n))
ve(n)): vy ~ N(0,0%), and 7 :regularization parameter

An Efficient Recursive Expectation Maximization Approach (SPARLS@):

E-step: Q(7|T(n)) := 2a2 Hfr(@ — TH2
where 79 (n) := (I — ?ET( )D(n)E(n))

(n) + % E” (n)D(n)y(n)

M-step:

#FHD () = argmax Q(7|7(n))

where S(.) : R® — RM is an element-wise soft thresholding function:
(S(w)); == sgn(w;)(maz(|w;| — na?),0).

= S(r®)

Dynamic Computation of Confidence Intervals
> Removing the bias of the £1-regularized estimate™

Friased = Tunbiased — O(n)E" (n)D(n)v(n)
where @(n) := relaxed inverse approx. of 3(n)
node-wise regression:

= E' (n)D*(n)E , computed via

A 2™ SPARLS implemented in parallel with the TRF estimation to solve:

¥;(n) = AIgmin (ID'*(n)E;(n) — E_;(n)D"?(n)~|13 + nllv1)
~eRM 1

for j=1,...,M , where E,: the j'* column of E, and E_j: the submatrix of E,
without the ;¢* column.
Then: L ) o Al
C(n) = _%’:1 . 1 _%’.M(n) , wherey;(n) = {¥jx(n);k=1,--- , M,k # j}
_/AVM.,l( ) —7ﬁ,2( ) 1
and
@2 (n) = ||D1/2(n)Ej(n) — D'?(n)E H —H’YJ n)|l1, for j=1,..., M.

Set: T (n) = diag(?(n), ..., 2, (n))

> Confidence intervals at significance level of €:

::(I)_l(l — 6/2)0\/((:)(n)5](n)(:)T(n)> (.5)
where @(.) :=c.d.f of N(0,1).
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Attention Decoding
Amplitude Modulations

Constant-attention: Listeners attended to a target speaker during 60 s trials.

M50 : Not significantly
modulated by attention

M100,4,: Strongly modulated
by attention
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Attention-switch: Listeners switched their attention from one speaker
to the other, after 30 s.
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Auditory attention tracked via comparing M 100trr amplitudes, estimated from
the attended and unattended speech signals.
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