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Implementation of effective brain or neural stimulation protocols for restoration of complex sensory percep-
tion, e.g., in the visual domain, is an unresolved challenge. By leveraging the capacity of deep learning to
model the brain’s visual system, optic nerve stimulation patterns could be derived that are predictive of neu-
ral responses of higher-level cortical visual areas in silico. This novel approach could be generalized to opti-
mize different types of neuroprosthetics or bidirectional brain-computer interfaces (BCls).

While neuroprosthetics for restoration of
movement have substantially advanced
over the last years, implementing effective
sensory neuroprosthetics proved very
challenging because effective brain/neu-
ral stimulation protocols were lacking. In
this issue of Patterns, Romeni et al. pro-
pose a method to optimize optic nerve
stimulation parameters for vision restora-
tion using an artificial brain network." By
performing in silico experiments, they
found that their stimulation framework
achieves results comparable to natural
vision. Such work highlights the potential
of neurotechnology informed by artificial
models of the brain and suggests that
artificial neural networks may substan-
tially aid the development of bidirec-
tional brain-computer interfaces (BCls)
restoring both perception and action.
Neuroprosthetics, i.e., systems that
substitute for motor, sensory, or cognitive
functions, require neural interfaces that
can interact with the brain. Such interac-
tion builds on brain/neural signal decod-
ing, e.g., to restore motor function in pa-
ralysis,” and stimulation of neural tissue
or nerves, e.g., for restoration of sensory
function. Based on operant conditioning
of neural cell assemblies and machine
learning, motor and cognitive neuropros-
thetics have achieved remarkable versa-
tility, e.g., continuous control of individual
finger, wrist, and hand movements using
surface or implanted functional electric
stimulation (FES).>* Recently, such a sys-
tem was successfully enhanced by so-
matosensory cortex stimulation that sub-
stantially improved prosthetic hand and
arm control by evoking tactile sensa-
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tions.® In another study, an implantable
cortical interface was employed for high-
performance brain-to-text communica-
tion via imagined handwriting long after
motor function was lost.® Besides restora-
tion of motor and cognitive functions,
neuroprosthetics have also successfully
restored sensory function, e.g., in the
auditory domain using cochlear im-
plants.” Similarly, simple vision could be
restored using retinal implants, but resto-
ration of more detailed visual perception
was challenging due to the intricate
spatiotemporal patterns of retinal or optic
nerve activity that encode such percep-
tion. Building on the postulate that “every
good regulator of a system must be a
model of that system”,9 Romeni et al.
(2021)1 created an artificial model of the
visual system by capitalizing on a remark-
able property of convolutional neural net-
works (CNNs). When such artificial brain
networks are trained to classify images,
the resulting model turns out to be highly
predictive of neural responses of mid-
level visual areas (e.g., V4) of the brain’s
ventral stream.'® Importantly, this type of
model can be pre-trained. Then, using
the resulting rich artificial neuronal model
of the visual system, inputs to the network
could be optimized, representing electri-
cal stimulation of the optic nerve that
best activated an abstract cortical layer
coding for the object whose sensory input
was to be enhanced. Psychophysical
data exhibiting large inter-subject and
within-subject variabilities were obtained
with healthy human volunteers. Here, the
authors showed that the performance of
their proposed framework was in general

comparable to the healthy volunteers’
performance and even exceeded it in
easy visual classification tasks.

While the approach is promising, a few
key issues remain to be resolved. The pre-
sented technique must be subject to
in vivo validation. Furthermore, optimiza-
tion of stimulation parameters is currently
performed on an image-by-image basis
and thus cannot be performed in real
time. In the future, a continuous mapping
from video recordings to optic nerve stim-
ulation parameters will be necessary for
restoration of dynamic vision.

Regardless of these obstacles, it is
conceivable that neuroprosthetics of the
future will broadly use artificial brain net-
works to increase the scope of interaction
with the human brain. In this context,
however, implementation of bidirectional
BCls or neuroprosthetics that merge an
artificial and biological cognitive system
in a hybrid mind raises a number of neuro-
ethical questions—some of which are still
not fully charted."’
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