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Modern digital hearing aids [1] require and offer a great level of personalization. Today, this Paradigm & Likelihood
personalization is not performed based directly on what the user actually perceives. Instead,
HAs are currently personalized manually by a hearing-care professional (HCP) based on the
HCP’s interpretation of what the user explains about what he perceives.

Pairwise comparison between input instance, u; and wug, with
indication of the degree to which one is preferred over the other [2].

p(yr|fr, 0c) = Beta (yr; v((fr,0), v(1 — ((fx,0))),

where ((fy,0) = @ (f(x”’“\)/_ﬁi(xu’f)) and 8, = {o, v}
where f;, = [f(x4,),f(%,,)]" and f : RP? — R,x — f(x). The
combined set of inputs and observations: X = {x; € R"|i =1,...,n}
and Y = {yr; ur, vr|k = 1, ..., m}, where up, # v and x,,, ,x,, € X.

It is hypothesized that hearing aid (HA) users will benefit greatly if the HAs are
adjusted and personalized more intelligently based directly on how the HA

processed sound is perceived; not on an oral translation thereof.

An interactive personalization system based on Gaussian process regression and active
learning is proposed, which personalize HAs based directly on what the user perceives.
Preliminary results demonstrate a significant difference between a truly personalized setting Bayesian Regression Framework
obtained with the proposed system compared to current practice. T ol 00 )p(F1 2. 0c)
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Interactive Personalization

where f = [f(x1), ..., f(x,,)] " and f(x) ~ GP (0, k(x, -)e.) [3].

Procedure
1) A new optimal setting, %*, < 7 }A{-ma% (2) The covariance function, k(x, -)g., is chosen as a squared exponential
1s determined based on the with ARD. The posterior, p(f‘y , X, 9) .0 = {9@, 6 L} . and subsequent
current model estimate of A joint predictions p(f*|x},...,x>.) = N(f*|u*,X*), are estimated
the user’s objective func- A Y\ based on a MAP-II approach and the Laplace approximation.
tion. ‘ / ' | . . .
2) The user assesses the degree r ;’ o Sequentlal Experlmgntal Design
of preference between the cur- . | A bivariate extension to standard EI [4] is proposed.
rent optimal setting, Xmax, " A | =
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Experimental Results

Subject2: py < 0.001 Subject3: py < 0.001 5
..... )
q%gﬁl:l: :f:':'fffiffifffffffff :
=30 O A \ g QB O z
mégﬁ :fﬁfffffffﬁﬁﬁff """" 3
< B v SUER ¢ 12 [ERTER R 5
57381fi:_fffiljffffffiff.ﬂff :ffffffffffifff:ff:ff j:i f
Subject4: py < 0.00 Subject7: py'< 0.51 = TN g T S
Or """""""""""" N 1 [ """"" R\ Iterations
q%gago 0@8 (a)
=X A B AW
M 50) - ------- -------- N o - 8 ------ -------- o 0 = Subject 9 Subiject 7
'U%ZDZ Y] 90" "—Test | —Test 2 —Prescription « HTL | 90/ " —Test 1 — Test 2 — Prescription « HTL
80t & SERNEEE RN R0 I U SETINN SINNEN SRR % ' : * '
glbjectﬁ): po < 0.001 Subject10: py < 0.00 EYQM
o R R o . |
,q%8Zff;fffffgﬁffﬁﬁf;fffﬁfﬁ;ff: | | wjg *
=0 N o S
A 301 8 """""" @ ] . v, 125 250 500 1k 2k 4k 8k 125 250 500 1k 2k 4k 8k
o 98 _____ /TN | | - Frequency |[Hz] Frequency [Hz|
S0t Sublectlil: on < 04 - Subject 12 Subiject 2
| J y pO' 90t —Test 1 =< Test 2 —Prescription « HTL | : 90 -—Test, 1 —Test 2 — Prescription HTL
RO : < o] e :
| SR A g;joM
| | | | 60 ]
aa 318---6 5 5 ; ; 5 5 ; =550 e : %
@60 """ S S ] ﬁ ﬁ 401 2 401 °
57382ff5ff:ffgffff:;fff:fﬁ;iff 30t | | | \ | | 30 | | | \ | | |
Sl'lbjeCt'13Z Do '< 0.001 250 6581(:1 encl; [Hz]2k w8k 2 0 e58ﬁ1 en(:l;r( [Hz]2k K8
o S ok i 2 : | | Subject 14 Subject 11
— 20 A A A L] | A - | i S 1 —Toit 9 —P otion . ‘ ] I w_ Tk 9 —D! TN !
m 28 P 4 U N - Test 1 < Test 2 rescription HTL ] 90/ Test 1 —Test 2 rescription HTL
N
93§§: _________ o
8oL SERTENNS O O - *
S500Hz 1kHz 2kHz 4KkHz :
30" . | | = | | | \ | | |
Fig. 1: Personalized settings in two consecytive tests, T?st 1(—) qnd R 653?1 encl; [Hz]2k Mo B (b) S 53?1 encl; [Hz]2k e Bk
Test 2 (—), of four HA parameters effectively controlling the gain
around four frequencies. The prescribed setting for each of subject is Fig. 2: (a) Convergence plots for individual subjects in terms of average Expected Improvement (EI).
indicated by (—). po indicates the significance level of the subject (b) Long-term power spectra of the measured sound pressure level at the eardrum of a KEMAR (in a
preferring the obtained setting marked with { over the prescription {. GRAS IEC711 coupler). Each subject’s hearing threshold levels (HTL) at the four distinct basis
frequencies are marked with black dots.
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feedback, such as rankings or absolute scores.




