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Abstract

The mapping from sound to neural activity that underlies
hearing is highly non-linear. The first few stages of this map-
ping in the cochlea have been modelled successfully, initially
with biophysical models built by hand and, more recently,
with DNN models trained on datasets simulated by these
models. Modelling the auditory brain has been a challenge
because central auditory processing is too complex for mod-
els to be built by hand, and datasets for training DNN models
directly have not been available. Recent work has taken ad-
vantage of large-scale high resolution neural recordings from
the auditory midbrain to build a DNN model of normal hear-
ing with great success. But this model assumes that auditory
processing is the same in all brains, and therefore it cannot
capture the widely varying effects of hearing loss.

We propose a novel variational-conditional model to learn to
encode the space of hearing loss directly from recordings of
neural activity in the auditory midbrain of normal and noise
exposed animals. With hearing loss parametrised by only 6
free parameters per animal, our model accurately predicts
62% of the explainable variance in neural responses from nor-
mal hearing animals and 68% for hearing impaired animals,
comparable to state of the art animal specific models. We
demonstrate that our model can be used to simulate realistic
activity from out of sample animals by fitting only the learned
conditioning parameters with Bayesian optimisation, achiev-
ing crossentropy loss within 2% of the optimum in 15-30 iter-
ations. Including more animals in the training data improved
the performance on unseen animals. This model will enable
future development of parametrised hearing loss compensa-
tion models trained to directly restore normal neural coding
in hearing impaired brains, which can be quickly fitted for a
new user by human in the loop optimisation.

Introduction

Computational models of neural responses to sound are
widely used in the study of hearing and hearing loss (Osses
Vecchi, Alejandro et al. 2022). Many current models fo-
cus on predicting responses in the cochlea and auditory
nerve. These models can be parametrised to simulate dif-
ferent types of hearing loss, drawing on known biophysical
causes of hearing loss such as inner/outer hair cell loss or
cochlear synaptopathy (Verhulst, Altoe, and Vasilkov 2018),
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but with important limitations. The engineered nature of
these models means that they make assumptions about the
effects of hearing loss, and they are slow to compute and
non-differentiable. In recent years deep learning has been
used to approximate the non-linear mapping from sound to
neural activity expressed by these analytically derived mod-
els in a more efficient and differentiable way (Baby, Van
Den Broucke, and Verhulst 2021; Nagathil and Bruce 2023;
Bysted et al. 2022; Drakopoulos and Verhulst 2023). But
these models are trained on data generated by the origi-
nal models, thereby inheriting their biases and assumptions.
Even if these models were to provide perfect predictions of
activity in the healthy and damaged cochlea, there are other
important changes in the central auditory pathway due to
brain plasticity that would not be accounted for (Nelson and
Chen 2004; Auerbach, Rodrigues, and Salvi 2014).

Recently, a unique large-scale dataset of neural activity
in the inferior colliculus (IC) of a large number of normal
hearing (NH) and noise exposed gerbils has been collected
by Sabesan et al. (Sabesan et al. 2023). This has enabled
the development of DNN models trained on real neural ac-
tivity (Sabesan et al. 2023; Drakopoulos et al. 2025). These
models are fast, differentiable and can incorporate all of the
complex, non-linear properties of auditory processing up to
the level of the midbrain. The limitation of this more di-
rect approach is that it can only be used to simulate brain
activity for specific animals from which there are existing
recordings. While the models have been shown to accurately
simulate both hearing impaired (HI) and NH brain activity
(Sabesan et al. 2023), this requires training a new model
from scratch for every brain. Drakopoulos et al. have shown
that multi-branch DNNS trained to predict neural activity in
the IC of multiple NH animals can capture shared dynamics
across different brains (Drakopoulos et al. 2025). However,
while every healthy auditory system can be assumed to ex-
hibit similar patterns of neural activity, each impaired sys-
tem will exhibit unique distortions (Parida and Heinz 2022).

Drawing on conditional and ‘attribute-based’ generative
models (Kawai, Esling, and Harada 2020; Ye et al. 2023;
Kapoor et al. 2024; Azabou et al. 2023), we propose a com-
plete model of healthy and impaired neural coding in the
auditory midbrain parametrised by a small set of parameters
1 which are directly learned from data and which represent
a low dimensional encoding of the full spectrum of hearing



loss. We show that the model learns to simulate neural cod-
ing in a wide variety of hearing impaired and normal hear-
ing brains with accuracy comparable to current state of the
art model ICNet (Drakopoulos et al. 2025), without explicit
assumptions as to the effects of hearing loss. We demon-
strate that the space of conditioning parameters learned by
the model is smooth and that the conditioning parameters
can be optimised independently of the rest of the model
weights to predict neural activity in animals on which it was
not trained. This constitutes the first model of the auditory
midbrain which can simulate both healthy and impaired neu-
ral activity across a wide spectrum of hearing loss.

Related Work

The ICNet model proposed by Drakopoulos et al. has been
shown to accurately simulate neural coding in the IC, in the
form of multi-unit activity (MUA) on each of 512 record-
ing channels in 1.3 ms time bins. ICNet follows an encoder-
decoder structure, where the convolutional encoder is used
to extract salient features from an input sound s which are
then interpreted by a pointwise 1-D convolutional decoder
to predict a five class categorical distribution over the num-
ber of spikes recorded in each time bin. The model then
samples from this distribution to predict the neural activity
R ~ f(s]6), where 0 represents the model weights.

This model architecture has been shown to reproduce the
real MUA recorded from many individual animals with both
normal hearing status and varying degrees of hearing loss
with remarkable accuracy (Sabesan et al. 2023; Drakopoulos
et al. 2025). A multi-branch architecture was shown to better
model the neural responses of up to 9 NH animals, using a
shared sound encoder network with a 64 channel bottleneck
to capture the shared latent dynamics and unique decoders
for each animal (Drakopoulos et al. 2025).

Conditional models

Ye et al. propose a ‘neural data transformer’ architecture
which learns a joint embedding of neural activity in the mo-
tor cortex recorded by brain-computer interfaces in monkeys
and humans (Ye et al. 2023). The model is given condition-
ing variables corresponding to subject and session IDs, and
learns to reconstruct neural activity and predict associated
behaviours. Azabou et al. use a GPT architecture to model
neural activity in motor cortical regions of non-human pri-
mates, and decode behaviours from the neural code (Az-
abou et al. 2023). Kapoor et al. introduce a latent diffu-
sion based model for conditional generation of neural spike
data recorded from the motor cortex of non-human primates
while performing reach gestures, conditioned on the reach
direction or trajectory (Kapoor et al. 2024). All three of these
models take an auto-encoder approach where learned condi-
tional embeddings are used to help reconstruct the neural
activity. We apply a similar concept to individualise the la-
tent feature representations of ICNet, while keeping a simple
shared decoder to ensure that the conditioning mechanism
learns only to encode differences due to hearing loss.
Bysted et al. propose a conditional framework in which
weights for a DNN-based model of the cochlea are gener-
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ated from an audiogram (a standard audiometric measure of
hearing loss) by a weight generating network (Bysted et al.
2022). This approach differs from our work in two impor-
tant ways. First, this model includes only the most peripheral
stages of the auditory system and functional effects of hear-
ing loss on these stages, whereas ours reflects the full com-
plexity of normal and impaired processing that takes place
in the cochlea, brainstem and midbrain. Additionally, our
method learns the underlying structure of the space of hear-
ing loss directly from the distribution of hearing impaired
brains in the training dataset, rather than relying on audio-
metric thresholds. This is advantageous since audiometric
thresholds have been shown to be inadequate descriptors of
hearing loss, as clearly illustrated by the prevalence of ‘hid-
den hearing loss’, a condition in which a patient exhibits
impaired perception of complex sounds despite normal au-
diometric test results (Plack, Barker, and Prendergast 2014).
Any perceptual difficulties which are not reflected in audio-
metric measurements should nonetheless result in distorted
neural activity in the IC (Parida and Heinz 2022).

Variational-Conditional Model

We propose an extension of ICNet to account for hearing
loss by assuming that the effects of hearing loss on the neu-
ral code can be parametrised by some small set of param-
eters 1, so that the model should approximate a function
f(s]6,1) where 6 is generic while 1) encodes the individual
effects of hearing loss on the latent features of the sound.
Our objective is to compress the effects of hearing loss into
a latent space 1 with as few dimensions as possible while
maintaining comparable prediction accuracy to ICNet.
Figure 1 shows the architecture of our conditional model.
We use the same sound encoder as ICNet to extract a 64
channel feature map. This shared representation is then in-
dividualised by incorporating a set of learned conditioning
parameters 1) which encode the hearing related differences
between brains. The conditional parameters 1 are the only
part of the model which is learned uniquely for a given ani-
mal —all other parameters in the model are shared between
animals. The means uib are dependent on the measurement
time of the MUA according to the time transfer function de-
scribed below, to account for the non-stationarity of the neu-
ral responses over time (Drakopoulos et al. 2025). Once the
latent feature maps have been conditioned, we pass the in-
dividual representations 7 through a shared decoder which
projects the latent features to an MUA representation.

ABRNet

To test our hypothesis that learning conditioning parame-
ters directly from the data can produce a better conditioning
space than an equivalent approach using audiometric mea-
surements, we implemented a variation of our model archi-
tecture where the learned means (.., of the conditioning vari-
ables are replaced by the auditory brainstem response (ABR)
threshold measurements from each animal in response to
tones at 1, 2, 4, 8, and 16 kHz. These ABR thresholds con-
stitute a description of an animal’s hearing loss profile com-
parable to the audiogram of a human listener, and therefore
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Figure 1: Architecture of ¥-ICNet. An input sound is processed by a convolutional encoder, consisting of a SincNet layer
with 48 filters followed by 5 causal convolutional layers with 246 kernels of size 60 and a final layer with 64 kernels. The
resulting representation 7 encodes latent dynamics shared across animals. The variational conditioning module introduces
animal-specific information in the form of a set of values 1/ as described in figure 2. A three layer convolutional network with
Ny, 2Ny and 3Ny, kernels (where Ny, is the number of 1) parameters) expands 7 into a feature map 7, of size 320 x 3V,
which is concatenated with 7. A further 4 convolutional layers containing progressively fewer kernels of size 16 then combine
the shared and animal-specific features, reducing the dimensionality back to 320 x 64. This produces an individualised repre-
sentation 7;, which is cropped to remove context. The decoder is shared between animals and outputs a categorlcal probability

distribution p R|s 1) over the number of spikes at each channel and timestep, from which we sample to predict R.
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Figure 2: Architecture of the variational conditioning mod-
ule which encodes the effects of hearing loss on the generic
latent representation. pr is a set of learned weights which
form the means of a multivariate Gaussian distribution from
which we sample (using the reparameterisation trick) to pro-
duce values which modify the bottleneck. The means are
modified by the time transfer function which accounts for
the change over time of the state of the animal during record-
ing. A sigmoid function scales the modified weights between
zero and one, and we sample from a normal distribution with
learned covariance matrix Y., which is diagonal.

ABRNet should be able to learn to generate individualised
responses to the extent that the audiogram captures the rele-
vant information. We did not add Gaussian noise to the ABR
thresholds. The model is otherwise identical to )-ICNet.

Modelling changes in neural responses over time

To better model the neural activity over the whole duration
of the recording and to capture elements of the degradation
over time of each animal which mimic an increase in the
severity of hearing loss, we modify the mean of the learned
1) distributions for each animal as shown in figure 2, pro-
portionally to the time elapsed since the beginning of the
recording. We model the degradation of the neural activity
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of a given animal according to the following observations:

* It should be monotonic with respect to time.
* It should be negligible for the first hour of the recording.

* It should either increase quickly and saturate, or increase
slowly and accelerate until the end of the recording.

We use a piecewise transfer function which modifies each
1 parameter according to the time ¢ (in hours divided by 10)
elapsed since the beginning of the recording as follows:

Ty(i,1) = {1"’

if ¢ S Ot
otherwise
M
where © denotes an element-wise product, s; is a set of
trainable parameters determining the maximum extent of the
time degradation, W, determines the slope of the degra-
dation, and 0; is the ‘onset’ which determines when the
time degradation begins. o is the sigmoid function o(z) =
1-&-%‘ I = §;®0(—6) is the ‘intercept” which must be sub-
tracted to avoid a discontinuity at ¢ = o; —the fixed bias of
-6 ensures the rate of increase is close to zero when t = oy.
Values of 5; are constrained between 0 and 20, keeping
the scale of the time effects equal to the original range of 1
(between -10 and 10). Values of Wt are constrained between
between 0 and 50, and 0; is constrained between 0.05 and
0.5 —i.e. between 30 minutes and 5 hours into the recording.

Y+ 5 ©o(Wit —dy) —6) — I,

Loss function and hyperparameters
We trained each model with a loss function specified by:

L=Lcp(R,p(R) + axrDkr, + aaprlasr, ()

Lok is the crossentropy loss between the model output
p(R) and a one-hot representation of the target MUA R,



Dgr, is the KL divergence K L(N (uf,, ¥y)|[IN (1, X¥))
between the ¢ distributions and a target distribution with

covariance matrix X* = N%; - T where N4 is the number

of animals, and ok, is a weighting coefficient set to 1073,

To further encourage clustering of animals with similar
hearing loss in the @ space, we applied a small penalty
L apr in the first 10 epochs for encoding animals with dis-
similar ABR thresholds close together, given by

d;j

LaBr = ZAije(_loTJ); 3)
i#]

where di; = L3 | |fypik — Mo, jil is the mean abso-

lute difference between learned means for animals ¢ and j

and A;; LS 1 (Tir — Tyi)? is the RMSE between

ABR thresholds 7" of animals ¢ and j, where m is the num-
ber of frequencies at which ABR thresholds were measured.

We scale the distances by d = /% — 1=, which gives the
expected distance between two random points in a unit hy-

percube of dimension n, to ensure that the penalty is applied
consistently for different sizes of 1. We used a weighting of
aapr = 0.02 for the first 10 epochs and 0 afterwards.

We trained each model using the Adam optimiser
(Kingma and Ba 2015) for up to 120 epochs, stopping early
if validation loss did not improve for 10 successive epochs.
We set the learning rate « to 4e—4 and reduced it by half if
the validation loss did not improve for 4 successive epochs.
The encoders for all models were initialised with weights
from an ICNet model trained on 12 NH animals.

Performance metrics

To assess how well our models capture the repeatable signal
in the noisy recorded data we take two recordings R; and Ro
of MUA produced from identical sounds, we predict two re-

sponses Ry and R to the same sound, and compute the frac-
tion of explainable variance explained (FEVE), weighted by
the cross-trial covariance of each channel, given by:

] & L (C(RL RY + O (RS, BY) ) - o?
F“’:‘47§:1W l=— ; : 2 )
M — s(Var(RY) + Var(R})) — o;

. @
where C(X,Y) = L3> (X; — Ec[Y3])? and w; =
=1

Cov(Ri, RY) is the cross-trial covariance of channel i, E¢
is the expectation over spike counts of the model output
—p(R|s,1)) for Y-ICNet, 07 = IVar(Ri — R}) is a mea-
sure of the noise floor in the MUA for channel i, and M and
T are the size of the channel and time dimension.

We also computed the covariance weighted KL diver-
gence between the normalised spike count histograms H of
the true and predicted MUA, given by:

M
KLy =Y w3 (KLUE{|H]) + KLUB||H)) , ©)
=1

[N
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where H Jl is computed over all timesteps in recording j for
channel i and H is the histogram of predicted spikes.

Computational resources

Each training run of the multi-animal models described in
this paper required around 10-20 GPU hours of training
time, while the single animal models required 3-5 GPU
hours to train. All experiments were performed locally on a
GPU server with 4 RTX 4090 GPUs with 24GB VRAM and
256GB of system memory. In total, experiments reported in
this paper used around 300-500 GPU hours of compute. We
estimate that the research so far has consumed several thou-
sand GPU hours including preliminary work and other ex-
periments whose results are not reported in this paper.

Dataset Collection and Preparation

We trained our models on MUA recorded from 9 gerbils,
3 of which had normal hearing and 6 of which were noise
exposed with symmetric hearing impairment —determined
by comparing ABR thresholds across ears, according to the
procedure outlined in (Sabesan et al. 2023). The dataset for
each animal consists of 512 channel MUA, where each chan-
nel represents the spiking activity of a small group of neu-
rons in the IC. Audio was presented at a sampling frequency
of 24414.06 Hz. MUA was extracted from neural activity
recorded at 20 KHz and resampled to 762.94 Hz (temporal
precision of 1.3 ms). To prepare the data, we segmented the
audio and MUA into frames of 8192 samples (0.33 seconds).
We included context of 2048 samples (0.08 seconds) at the
beginning of each frame of audio, which was cropped from
the latent representation as shown in figure 1.

The training dataset contained 7.8hrs of data, consisting
of a mixture of speech, processed speech, speech in noise,
music and dynamic ripples (Drakopoulos et al. 2025), split
90:10 between training and validation. We tested the models
using a variety of 30s segments of sounds from the same
classes but from different sources (e.g. speech corpora).

Alignment between brains

Even two animals with normal hearing will produce subtly
different neural responses, due to differences in the spatial
organisation of information in the IC. To ensure that the pa-
rameter space learned by our model primarily encodes dif-
ferences related to hearing loss, we must remove this source
of variability from the dataset before training the model.
It is critical that any alignment method retains differences
between animals which are due to hearing loss (including
differences of scale), while minimising differences due to
spatial organisation. This makes most common methods of
aligning neural activity between brains unsuitable.

To accomplish this, we used optimal transport to find a
permutation of the channels of each brain recording that
minimised the Wasserstein distance to a common NH ref-
erence animal. This ensures that no scale information is lost
after alignment by only allowing shuffling of channel order.
Alternative methods suitable for this problem include spatial
transforms (including Procrustes analysis (Goodall 1991)
and spatial transformer networks (Jaderberg et al. 2015)) and



Model FEVE KL/1073
NH HI NH HI
ICNet 67+14 71411 8.4+2 10.4+4
ABRNet —56f4 —-37X£10 -036EX3 —-035L6
YNet-3 —72+45 —-35+10 —-098+3 —1.0+4
¢YNet-6 —53+5 —21+7 —1.14+3 —13+4

Table 1: Median pairwise difference and median absolute
deviation between the single branch model and -ICNets, in
terms of weighted FEVE and KL divergence. Each metric is
computed over all sounds, split between NH and HI animals.

maximum covariance analysis. We have not observed signif-
icant differences between these approaches.

Comparison Against ICNet

We trained 1-ICNet, ABRNet and individual ICNets on 9
animals (3 NH and 6 HI) according to the protocol de-
scribed above, and evaluated their performance on our test-
ing dataset of two-trial sounds. For ¥-ICNet we trained
models with 3 and 6 i parameters. Increasing the number
of parameters did not improve performance but did result in
models which took significantly longer to fit to unseen ani-
mals (not reported).

Results

Table 1 reports the median FEVE and KL divergence of the
single branch ICNets on the test set, and the median pair-
wise difference to this score & the median absolute deviation
(MAD) over all sounds for the other models. We used the
median and MAD since there were several outliers, mainly
from the speech in noise and ripples sounds. The single
branch model for a given animal generally achieves the best
FEVE, but the 6 parameter ¥-ICNet comes very close for
HI animals, and matches or outperforms the single branch
model in terms of KL divergence. ABRNet performs worse
than all other models for HI animals and worse than the 6 pa-
rameter @ model for NH animals. Figure 3 provides visual
examples of the responses predicted by the ¥-ICNet model
compared to the true responses and the predictions of the
single branch models.
outloo

Generating Data From Unseen Animals

We used a simple Bayesian optimisation routine to search
over the conditional parameters ¢ (leaving 6 fixed) of the
trained models to find the optimal values ¥* for four ani-
mals (of which two were included in the training set, and
two were not). We initialised the Gaussian process with 4, 8
or 16 evenly spaced random samples drawn from a Sobol se-
quence. At each step we evaluated the model’s performance
on a 30 minute subset of the training data consisting of 15
seconds from each sound in the training data which was col-
lected in the first 2 hours of the recording, so as to keep the
effects of time degradation to a minimum. The Bayesian op-
timisation routine was stopped when it found a candidate for
1* which produced a loss within 2% of the target loss. The
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target loss was taken as the value of the loss achieved using
the learned means of the v distributions.

While we found that these models could converge quickly
to a close-to-optimal v for both in-sample and unseen ani-
mals, actual performance is significantly worse on unseen
animals. This may simply be due to the low number of ani-
mals included in the space, so we also trained the 6 param-
eter model on data from 10 NH and 10 symmetric HI ani-
mals. We used the same hyperparameters except for the ini-
tial learning rate, which we set lower at 1 x 10~4, We tested
the 9 animal and 20 animal versions on 4 held out animals
which were not seen by either model, and 4 in-sample ani-
mals which were included in training data for both models.
We used a subset of the test data which was recorded in the
first few hours of the recording for evaluation, including one
30 second sound from each sound class.

Results

For the 3 parameter model, Bayesian optimisation gener-
ally converged to a ¢)* which achieved the target loss for
in-sample animals within 10-20 iterations. The 6 parameter
model required 15-35 iterations, shown in figures 4a and 4b.

Figures 4c to j show the results of our Bayesian optimi-
sation over the conditioning parameters 1. The optimal ¢*
values found by Bayesian optimisation (the black crosses)
are clustered around the learned value of v for each animal
(the red stars), even for the severely hearing impaired animal
in figure 4e for which only a small area of the 1 space pro-
duces a good loss. The 3 parameter model learns ) param-
eters with a smoothly varying loss surface for both HI and
NH animals, in and out of sample. In particular, figures 4c
and 4d, representing in/out of sample NH animals, have very
similar loss surfaces. There is also a clear contrast between
these normal hearing loss surfaces and the loss surfaces for
the HI animals shown in figures 4e and 4f. Figures 4g to j
suggest that the same holds even for models with six 1 pa-
rameters, although the results are harder to interpret since
we have projected six dimensions on to two.

Finally, figure 4k shows real and simulated MUA for 4
unseen animals with varying hearing status generated by
the trained model using ¢/* found by Bayesian optimisation.
From figures 41 to o, we see that training the 6 parameter
model with more animals improved the median FEVE to
26.9% from 7.8% on unseen animals, while degrading the
median FEVE on in-sample animals from 55.6% to 50.7%.

Discussion and Limitations

Although we demonstrated that we are able to learn a small
set of control parameters which lead to a smoothly varying
expression of hearing loss over a range of animals, the single
branch ICNet architecture is still slightly better at predicting
the MUA of a specific animal, in terms of FEVE, over most
sounds. When fitting the ¢ parameters to unseen animals,
performance is worse than an animal specific model trained
from scratch. This is likely in part due to unseen animals
being disproportionately affected by residual misalignment,
which can be fixed to some degree by the conditioning pa-
rameters but which does not generalise to unseen animals.
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Figure 3: Comparison of ¢-ICNet to single branch ICNet. a and b show examples of real and predicted MUA in response to
clean speech and music respectively. The left column shows real MUA recorded from three animals —one NH, one mild HI
and one severe HI. The centre and right columns show MUA predicted by the single branch models and )-ICNet respectively.

Increasing the number of animals in the training dataset know that the real effects of hearing loss are more complex
improved the performance of the model on unseen ani- than loss of sensitivity to certain frequencies and shifted dy-
mals, but degraded the performance on in-sample animals, namic range (Lesica 2018; Parida and Heinz 2022). Amplifi-
as shown in figures 41 and n. This could indicate that the cation may restore audibility in situations where relevant au-
model is under-parametrised to fully capture hearing loss, or dio stimuli are too quiet to hear, but it cannot restore lost in-
that the model is learning to correct less non-hearing-related telligibility caused by more complex distortions of the neu-
idiosyncrasies (i.e. alignment), leading to a convergence be- ral code. One approach to developing hearing aids beyond
tween the performance on seen and unseen animals. the current state of the art is to use auditory models of NH

and HI brains to develop sound processing algorithms which
Conclusion directly correct the distorted neural code (Bondy et al. 2004).

We have described a novel variational-conditional model of
neural activity in the auditory midbrain which models hear-
ing loss by learning variational conditioning parameters di-
rectly from the data. We have shown that this model per-
forms comparably to existing DNN models trained from
scratch on specific brains with varying hearing ability, and
that by learning conditioning parameters directly from the
data we achieve better performance than an equivalent ar-
chitecture conditioned on audiometric thresholds.

We also demonstrated that we can quickly (within 15-30
iterations) optimise the model for a new brain, fitting only
the conditioning parameters 1) with Bayesian optimisation,
and that the space of ¢ parameters encodes a smoothly vary-
ing spectrum of hearing loss. We showed that by fitting the
parameters we can generate MUA for unseen animals which
qualitatively resembles real recorded MUA, and which ac-
curately predicts 25+% of the explainable variance in the
neural responses. Although this is far off the performance
on in-sample animals, we also showed that performance in-
creases as we add more animals to the training dataset.

Recent work has explored training DNN-based hearing
compensation strategies on the outputs of DNN-based mod-
els of the NH and HI auditory system (Drakopoulos and Ver-
hulst 2023; Leer et al. 2025). This has recently led to the first
subjective evaluations of deep-learning based hearing com-
pensation in listening tests with hearing impaired listeners
(Leer et al. 2025), in which DNN-based hearing compensa-
tion outperforms state of the art hearing aids.

Our model is uniquely well suited for this application
since we simulate activity in the midbrain rather than the
ear, and we train directly on recorded data. A parametrised
hearing compensation model could be trained to correct dis-
tortions in the neural code for a wide spectrum of hearing
loss by sampling from the learned space to generate realis-
tic activity. This would allow development of a hearing aid
with a small set of control parameters directly learned from
the effects of hearing loss on the neural code, which could be
quickly fitted to a new listener by human in the loop optimi-

Future Work and Applications sation. The success of our model in generating neural activ-
Core sound processing in current hearing aids is limited to ity for brains with unseen hearing loss profiles by searching
frequency dependent amplification and compression, but we over the 1 space gives us confidence in this approach.
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Figure 4: a and b show the number of iterations required to converge to the target loss when starting with 4, 8, or 16 random
samples. ¢ to f show the loss surface over a 2D projection of 1000 evenly spaced points in the 1) space for 4 animals —two NH
and two HI, two in-sample and two out of sample —for the 3 parameter ¢)-ICNet. The colour of each point represents the loss
obtained by generating MUA from the trained model with ¢ fixed to the given values. The black crosses represent the values
of ¢¥* found by Bayesian optimisation over repeated runs, and the red star shows the 1) value learned during training (or the
best point found in a grid search for unseen animals). g to j show the same plots for the 6 parameter model, for which 4096
points in the i) space were evaluated in the grid search. k shows real (left) and simulated (right) MUA in response to a segment
of speech for a model trained on 20 animals, 10 NH and 10 HI, when fitted to 4 different unseen animals. The hearing status
of the animal is indicated on the right of the row. 1 and m show the relative FEVE of the 9 animal vs the 20 animal model for
in-sample and out of sample animals, with NH animals highlighted in orange and HI animals in blue. n and o show the relative
KL divergence. Different markers represent different sound classes. Key: R = ripples, SN = speech in noise, S = clean speech,
M = music, I = single instruments.
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