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Neurogenesis and synaptogenesis refer to the synthesis of brain matter, which is essential for
information processing, memory, and intelligence. The nerve cells (neurons) and their
interconnections (synapses) not only form during the growth of a fetus but continue to evolve,



modify and reconfigure post-birth well-into the young adult stage as noted across birds,(1,
2) animals(3) and humans(4-6) and is essential for the continuous learning ability of
organisms(6, 7) and repair of neural circuits following brain injury.(8, 9) A principal goal of
neuromorphic (brain-inspired) computing is to emulate features of intelligence found in
nervous systems in electronic hardware.(10-13) Here, we demonstrate artificial
neurogenesis, i.e. on-demand creation of neurons, synapses and memory capacitors within
individual post-fabricated perovskite devices that can be simply reconfigured for a specific
purpose by single-shot electric pulses. This discovery is enabled via a unique combination of
the extreme sensitivity of perovskite nickel oxides to the local distribution of hydrogen ions
as well as a vast array of metastable states available for the protons to reside in the host
lattice. With experimental data from our memory capacitors, simulation results of a brain-
inspired reservoir computing framework show excellent performance comparable to
theoretical reservoirs for diverse tasks such as handwritten, spoken digit recognition, and
classification of electrocardiogram heartbeat activity. By using the experimental results of
our reconfigurable artificial neurons and synapses, we simulate dynamic network grow and
show that they outperform static networks by up to 250% accuracy for incremental learning
scenarios. The ability to fashion the basic building blocks of brain-inspired computers on-
demand opens up the possibility of life-long machine learning.



The brain is a continuously evolving organ that is remarkably plastic. Plasticity in brains
includes the formation of neurons (neurogenesis) as well as synapses (Synaptogenesis) that
interconnect the neurons to form neural circuits. These processes are crucial from the fetus stage
to later developmental stages of the nervous system. Early studies on neurogenesis were focused
on the ability of songbirds to develop seasonal song repertoires.(1, 2) Since then, neurogenesis has
been noted in adult human brains, which has significance in providing cognitive adaptability,(6,
7) improving the performance in behavioral tasks such as pattern recognition,(14) and recovery
from brain injury.(8, 9) Neurogenesis and synaptic rewiring via structural plasticity play a crucial
role in the formation of memory,(15, 16) and a dynamic brain is therefore essential for life-long
learning.

In Al, however, continual learning presents a formidable challenge. Models are generally
trained on stationary data distributions and thus when new data is presented incrementally to a
neural network, it interferes with the previously learned knowledge, resulting in poor performance,
known as catastrophic forgetting,(17, 18) which remains an active field of research.(19-22) One
of the major approaches to tackle this issue is to actively adapt the structure of the network itself
when new data becomes available. Modulating the architecture of the network in response to the
input distribution not only allows the network to manage its resources efficiently but also recent
discoveries suggest that a dynamic network can show better performance compared to a static
network when provided with equal resources.(23, 24) Moreover, as smart edge devices become
more integrated into society, they will require the implementation of sophisticated networks in
hardware constrained by both chip area and power. Having the ability to reallocate network
resources dynamically to perform various tasks in an ever-changing environment will be of
fundamental importance. Up to date, neurogenesis in Al networks has been looked at primarily
from a software point of view.(23, 25) Having these capabilities in hardware can be game-changing
for future computers whose designs are inspired by the intelligence of animal brains.

Here, we show that perovskite nickelates, a class of quantum materials that undergo room
temperature electronic phase transitions upon hydrogen doping, enable a versatile, reconfigurable
hardware platform for adaptive computing. A single device made from H-doped NdNiOs for
instance, can be electrically reconfigured on-demand to take on either the functionalities of
neurons, synapses, and memory capacitors respectively, as described in Figure 1(a) and (b). Such
versatile tunability is uniquely enabled by the synergistic combination of a vast array of metastable
configurations for protons in the perovskite lattice that can also be voltage controlled. While a
variety of ionic-electronic switches are being actively explored for neuromorphic computing, (26—
35) complete reconfiguration of neuromorphic functions has remained elusive. To demonstrate use
cases in artificial intelligence, we use the experimental data from our memory capacitors in a
Reservoir Computing (RC) framework (Figure 1(c)), a brain-inspired machine learning
architecture, and simulation results demonstrate excellent performance comparable to theoretical
reservoirs. The experimental characteristics of neurons and synapses obtained from the perovskite
nickelate devices and their run-time reconfigurability are leveraged to design self-adaptive
dynamic Grow-When-Required (GWR) networks (Figure 1(d)). Motivated by the cortical data
processing in the brain,(36, 37) GWR networks present an unsupervised approach to lifelong
learning in real-world scenarios with limited availability of training samples which in turn may
have missing or noisy labels. We demonstrate that such networks can exploit the creation and
deletion of network nodes on the fly to offer greater representation power and efficiency in
comparison to static counterparts.



Results and discussion

Perovskite nickelates (chemical formula ReNiOs where Re is a rare-earth ion such as Nd) are
a class of quantum materials whose electronic properties are mediated by strong electron
interactions.(38—40) Pristine NdNiOs is a correlated metal at room temperature. Hydrogen dopants
as an electron donor can lead to several orders of magnitude reduction in electrical conductivity
by modifying the Ni orbital configuration.(41, 42) Gently re-distributing the hydrogen ions
(protons) already doped in the lattice by electric fields can modify the electrical conductivity
systematically to generate a multitude of electronic states. As an example, by annealing NdNiO3
(NNO) devices in hydrogen gas (with catalytic electrodes such as Pd or Pt), hydrogen can be doped
interstitially into the NNO lattice proximal to the electrode. The hydrogens then donate electrons
to the Ni d orbitals, which changes the filling state in the NNO d band and results in a phase
transition with several orders of magnitude change in resistivity.(41) (From here on, the hydrogen-
doped NNO will be referred as H-NNO for simplicity) A vast array of metastable energy states are
available to the protons in the lattice and thus their distribution, local concentration (and thereby
function) can be subsequently modulated via electric fields applied to the electrode. We
hypothesize that the observed various functional states arise from configurational disorder induced
by metastability of H-NNO. To confirm this, we use a reinforcement learning (see Methods and
Supplementary Figure 2) search algorithm interfaced with DFT+U calculations to explore the
various metastable H-NNO states (shown in Figure 2(a)-(d) and Supplementary Figure 3). Their
structural diversity is further evident from the principal component analysis (PCA) representation
of the sampled metastable configurations in the fingerprint space, see Figure 2(e) and
supplementary Figure 4 that describes the PCA analysis for different stoichiometries of H
concentration in H-NNO. These high dimensional representations of the configurations are
rotationally and translationally invariant and allow us to precisely identify the uniqueness of the
sampled configuration. We then sample ~120 low energy metastable H-NNO phases for 1:1 H:Ni
stoichiometry. These metastable states differ primarily by the interstitial locations of H within the
NNO lattice and energetically vary by ~150 meV/atom with respect to the lowest energy
configuration, see Figure 2(f). We next compute the partial density of states (PDOS) of the various
metastable H-NNO configurations. From the PDOS plot, we observe that at 1:1 H:Ni
stoichiometry, the density of states of spin up electrons splits at Fermi level and opens a gap of
~0.4 eV (Figure 2(g)) — the extent of this gap depends on the metastability or the location of the
interstitial H (Supplementary Figure 5). The PBEsol + 2 computed band gaps of all the
metastable configurations of H-NNO are shown in Figure 2(h), and the band gap of H-NNO with
the lowest configurational energy is shown by the green dotted line. The computed band gap of
across all the metastable structures has a mean value of 0.47 eV with a variation of +/- 0.4 eV (min
~0.1 eV and max ~0.9 eV). This suggests that subtle configurational disorder in interstitial H can
introduce significant variations in the resistance states that can in turn be exploited for different
functions.(43) The metastable states and PDOS plots of H-NNO with varying H:Ni ratio are
provided in Supplementary Figure 6.

To demonstrate reproducible electrical reconfiguration in H-NNO, NNO films were
deposited by different methods, i.e. sputtering and atomic layer deposition (ALD), as well as on
different substrates, i.e. LaAlOs and SiO/Si, see Supplementary Figure 7 for structural
characterization of pristine NNO films and Supplementary Figure 8 for device details. First, we
describe the capacitive behavior (charge storage) in our devices. Capacitors not only are useful for
storing charge in the conventional sense, but are also central for numerous brain-inspired



computing architectures. Evolution of memcapacitive loop states in the perovskite nickelate device
as a function of hydrogen doping is shown in Supplementary Figure 9. With increasing hydrogen
doping, the H-NNOfilm resistance increased and then eventually saturated at ~10% Q, see
Supplementary Figure 9(a). To explore the capacitive behaviors of the H-NNO device at
different hydrogen doping states, cyclic voltage sweeps were performed, see Supplementary
Figure 9(b-h). Pristine and weakly doped perovskite NNO shows linear resistor behavior. At
intermediate doping state, capacitive behavior appears. Electrical reconfiguration of the H-NNO
device is summarized in Figure 2(i)-(n). By applying positive and negative electric pulses, the
resistance state of the device can be modulated carefully, and the programmed resistance states are
non-volatile as shown in Supplementary Figure 10. The energy barriers associated with proton
migration in the NNO lattice has been discussed in Supplementary Note 1. At the electronic state
(1), cyclic voltage sweep measurements of the nickelate device were performed and linear resistor
behavior was observed as shown in Figure 2(i). The electronic state (i) was then switched to
electronic state (ii) by applying a single voltage pulse, where an 1-V loop appeared, indicating
stored energy in the device, as shown in Figure 2(j). Memristive and memcapacitive behaviors
were also demonstrated at state (ii), as detailed in Supplementary Note 2.

Next, we show the creation of artificial neurons and synapses (that are responsible for
information transfer and memory in the brain) from the same device. Spiking neuronal behavior
in the H-NNO device was studied at the electronic state (iii) as shown in Figure 2(k). Consecutive
electric stimuli were applied to the device and once a critical level was reached, abrupt changes in
the device resistance were observed. The non-volatile neuronal response of the nickelate device to
electric stimulus depends on both pulse voltage and pulse width as described in Supplementary
Figures 11-12. A typical spiking probability plot is shown in Figure 2(l), which can be directly
implemented in neural networks. We then demonstrate synaptic behavior at electronic state (iv) in
the nickelate device by continuous voltage sweeps as shown in Figure 2(m). In Supplementary
Figure 13, threshold pulse fields were investigated for both high resistance state (HRS, state iii)
and low resistance state (LRS, state iv). At LRS, smaller threshold pulse field (V) is sufficient to
modulate the device resistance, which is suitable for analog behavior with gradual resistance
changes. However, this analog update of device resistance prohibits the sudden jump in resistance
necessary for spiking. At HRS, a much higher Vw is required to change the resistance, and it is
beneficial for spiking neuronal behavior. Detailed characterization of representative H-NNO
devices are presented in Supplementary Figure 14-18. Finally, the linear resistor state (v) in
Figure 2 (n) can be restored by applying a single electric pulse. To demonstrate versatility of the
device platform, electrical reconfiguration at different resistance states of H-NNO device is shown
in Supplementary Figure 19. To summarize, a single device can be reconfigured as resistor,
memcapacitor, neuron or synapse by electric pulses.

Nickelate devices with 100 nm gap size were also fabricated to demonstrate scalability,
endurance, reproducibility and ultra-low energy consumption as shown in Supplementary
Figures 20-23. In scaled devices, electrical reconfiguration can be realized with < 10ns electric
pulses. The energy cost for a single synaptic update is ~2 fJ, which is comparable with that in the
brain (1~100fJ).(44, 45) To demonstrate compatibility with CMOS technology, nickelate devices
were fabricated on SiO»/Si substrates by both sputtering and atomic layer deposition (industrial
technique used to grow high quality metal-oxide films for state-of-the-art electronics)(46) and data
are shown in Supplementary Figures 24 and 25.



To showcase applications of the adaptive nickelate hardware, we apply the experimental
memristive and memcapacitive behaviors in Reservoir Computing (RC), a brain-inspired machine
learning architecture that addresses the issue of training complexity and parameter explosion
commonly observed in traditional Recurrent Neural Networks (RNNSs) by only adapting a simple
output layer. RC explains higher-order cognitive functions and the interaction of short-term
memory with other cognitive processes.(47) Details can be found in Supplementary Note 2. To
have a baseline comparison, we evaluated the performance of our H-NNO device in comparison
to theoretical models(48, 49) for three different tasks: MNIST, isolated spoken digit recognition,
and ventricular heartbeat classification on an electrocardiogram (ECG) dataset. In Figure 3(a), the
simulation results show that the H-NNO-based reservoirs achieved better or comparable
performances on all three tasks when compared to the two theoretical reservoirs, see Figure 3(b)-
(d). For example, when classifying ventricular ectopic heartbeats from the ECG dataset, the H-
NNO reservoir improved the simulation time in the training phase. The H-NNO reservoir achieved
its final classification much faster at 20,000 training heartbeats, ~80% faster compared to the
reservoirs in both theoretical models, see Figure 3(d). Our results illustrate that neuromorphic H-
NNO reservoirs can solve complex tasks and match or even outperform theoretical models and
elaborated upon in Supplementary Note 2.

Having the neuronal and synaptic functionality in a single type of device can enable compact
and energy efficient neuromorphic system designs. Discussion on deep neural networks using such
perovskite networks is given in Supplementary Note 3. Furthermore, the ability to reconfigure
devices for multiple neuromorphic functions opens up their innovative use in next generation Al,
namely in the emerging domain of dynamic neural networks. The Grow-When-Required (GWR)
network is one such example, that creates new nodes and their interconnections according to
competitive Hebbian learning. The GWR networks expand on the concept of self-organizing
neural networks by adding or removing network nodes in an unsupervised manner to approximate
the input space accurately and at times more parsimoniously compared to a static self-organizing
map.(50) We can compare the dynamic GWR with a static self-organizing network that uses the
same Hebbian learning scheme but has a fixed number of nodes, initialized randomly in the
beginning. We trained our network on two archetypal datasets used to evaluate performance in
literature — MNIST(51) and a subset of CUB-200(52) to simulate how such a network will perform
on-the-fly. For discussion on the datasets and details of the simulation refer to Methods and
Supplementary Notes 4. The GWR network’s ability to dynamically respond to changes in the
input distribution is visualized in Figure 4(a) for MNIST.

For both the datasets and networks, we conducted two sets of simulations using the
experimental data from our H-NNO devices— 1) incremental learning — where the network is
shown newer classes of data over time and 2) assessing the effect of growing/shrinking compared
to static networks— i.e., how efficiently can the GWR represent the input space. Figure 4(b)-(e)
shows the network’s test accuracy and the number of nodes as each new class is trained for both
the datasets in the incremental learning scenario. We observe that the dynamic network is able to
retain its learned representations much better than the static network, with the final test accuracy
being 212% better for MNIST and 250% for CUB-200. By growing its size, the network avoids
suffering from catastrophic forgetting and shows only a smooth degradation in performance as the
number of classes is increased. Note, the size of the static network was chosen to be equal to the
maximum number of nodes that the GWR network required. This ensured that the difference we



observe is not due to the size difference of the two networks but rather because of the dynamic
network’s ability to grow and learn.

We then studied the ability of the GWR network to dynamically change its size to adapt to
the input space. Firstly, we assess the networks’ ability to grow as the number of classes in the
network is increased abruptly (Figure 4(f) and (g)). Initially, we present the networks with the first
half of the total number classes in the datasets and see the GWR grows and saturates in size.
Afterwards, when the networks are presented with the entire dataset, the GWR rapidly grows its
size to accommodate the change. The static network is not able to do so and thus fails to learn the
new data while also suffering degradation in performance in the initial classes. (See
Supplementary Note 4 and Supplementary Figures 26 and 27 for detailed accuracy results).
Overall, the dynamic networks achieve significantly better accuracy on the test set in comparison
to the static network, 210% for MNIST and 170% for CUB-200. Next, we demonstrate that the
GWR s able to efficiently allocate its resources compared to a large static network. We present
the network with all the classes of the dataset at the beginning. After learning has occurred, we
remove half the categories and let the GWR network reduce its size and reach an equilibrium
number of nodes (Figure 4(h) and (i)). We find that the GWR is able to retain a similar level of
the performance to the large static network (accuracy difference 2-3%) on the subset of interest,
and demonstrate higher efficiency through shrinking its size by ~47% for MNIST and ~27% for
CUB-200. (See Supplementary Note 4 and Supplementary Figures 28 and 29 for detailed
accuracy results.)

Conclusions

In conclusion, we have demonstrated artificial neurogenesis, i.e., creation of essential
hardware building blocks for brain-inspired computers on-demand within a single device platform.
Dynamic deep learning networks simulated with the experimentally measured characteristics of
the nickelate devices consistently outperform static counterparts. The results showcase the
potential of reconfigurable perovskite quantum electronic devices for emerging computing
paradigms and Al machines. Additionally, semiconductor technology compatible atomic layer
deposition on silicon platforms and room temperature operation of test chips can further enable
widespread adoption of perovskite quantum materials into mainstream integrated circuit
manufacturing.
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Figure 1. Biological vs Electronic neurogenesis. (a) Schematic of biological neurogenesis,
generation/modification of neurons (neurogenesis) and synapses (synaptogenesis), and their
connections in neural circuits at various stages of life is essential for the life-long learning ability
of organisms and recovery from brain injury. This serves as an inspiration for neuromorphic
computers. (b) Schematic of hydrogen-doped perovskite nickelate as a versatile reconfigurable
platform that can be electrically transformed between neurons, synapses, and memory capacitors
to enable adaptive neuromorphic computing. By applying electric pulses, the hydrogen ions in the
nickelate lattice can occupy metastable states and enable distinct functionalities. (c) Schematic of
a generic Reservoir Computing (RC) framework. An input layer distributes the signals into the
reservoir, which projects the inputs into a high-dimensional space. This is commonly done by
relying on non-linear reservoir dynamics. Here, the reservoir is built randomly from programmable
devices with memory. No training happens in the reservoir, only the linear readout layer is trained
by a simple gradient descent algorithm. The role of the readout layer is to map the high-
dimensional dynamics of the reservoir to the output states. (d) Schematic of Grow When Required
(GWR) Networks. As the network is shown various classes of data it maps high dimensional data
to a low dimensional map field to perform clustering on the classes. When a new class is added to
the input stream, the network can detect the novel input and grow in size by adding network nodes
to accommodate it. Such incremental learning is not possible for traditional neural networks, which
suffer from catastrophic forgetting. Additionally, if any of the classes do not appear in the input
stream for a long time, the corresponding nodes become inactive thereby saving resources.
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Figure 2. A single perovskite device can be electrically reconfigured to perform essential
functions in a neuromorphic computer. (a)-(d) Representative metastable structures showing
various H configurations in NNO lattice. Blue solid balls represent various metastable interstitial
positions of H within the NNO lattice. Red and grey solid balls represent for O and Ni atoms,
respectively. For clarity, Nd atoms are not shown. (e) A principal component analysis (PCA)
representation of configurational diversity in the sampled phases as represented in the SOAP
fingerprint space. Representative metastable H-NNO structures in (a)-(d) are marked as 1-4. Color
bar shows the energy variation with respect to the energetically lowest (E,,;,) configuration
sampled by the RL algorithm. Each point in the PCA plot represents a principal component of
1160 dimensional representation of each metastable phases computed using the SOAP
fingerprinting technique. (f) Energy distribution of the sampled metastable states determined via
RL search algorithm. (g) Calculated DOS of 1:1 H doped NNO showing gap opening. The PDOS
of pristine and H-NNO at different H stoichiometries are provided in Supplementary Information.
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(h) Estimated band gap distribution across the various metastable configurations. The green dash
line in the band gap distribution plot is the band gap of lowest energy H doped NNO structure. A
variation of ~0.9 eV in the band gap is observed for H-NNO depending on the metastable
configuration. (i) Nickelate device as a linear resistor under cyclic voltage sweep. (j) Nickelate
device as a capacitor under cyclic voltage sweep, the appearance of I-V loop indicates stored
energy in the device. 1-V loops of different sizes can be generated by applying pulse fields (ii).
Complete details can be found in Supplementary Note 2. (k) Nickelate device as a spiking neuron
(iii). Resistance changes of the nickelate device were monitored in response to consecutive electric
pulses (-0.45 VV/um for 1 ps). After the spike fires, the resistance of the device was restored to the
original state by applying reset voltage pulse (+0.45 V/um for 1 ps). (I) Spiking probability of
nickelate device as a function of pulse field, showing stochastic behavior. (m) Nickelate device as
a synapse. |-V curves of nickelate devices were measured under continuous voltage sweeps. The
resistance of the device increases continuously, showing analog synaptic updates. (n) Resetting
nickelate device back to initial linear resistor state.
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Figure 3. Reservoir computing with experimental data measured from nickelate devices. (a)
The simulation results of reservoirs with H-NNO devices, compared to theoretical models of
reservoirs, demonstrate that a large and random network of H-NNO devices can function as a
hardware platform for neuromorphic computing in solving complex tasks. The results were the
average of simulating a sample size of 100 reservoirs with similar hyperparameters for each
reservoir type. (b)-(d) In training for a simple task (MNIST) (b), the H-NNO reservoir improved
its training classification with an increasing number of images, similar to its theoretical
counterparts. However, in training for more complex tasks, such as recognizing spoken digits (c),
the classification of the H-NNO reservoirs converged faster. Particularly in training for classifying
ventricular ectopic heartbeats in ECG (d), the H-NNO reservoir achieved its final classification
with 80% fewer training heartbeats, compared to the theoretical reservoirs.
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Figure 4. Dynamic grow-when-required computing with experimental characteristics
measured from nickelate devices. (a) Visualization of grow-when-required (GWR) network’s
ability to dynamically respond to changes in the input distribution over time for the MNIST dataset.
Firstly, we showed the network 10,000 input samples from the first five classes (‘0°- ‘4”) of MNIST
dataset. The network can grow and learn the representation as seen in (i). Next, the network is
trained on 20,000 samples from all the 10 classes of MNIST. Due to the addition of new classes
the network grows in size and accommodates them as seen in (ii). The accuracy over all the classes
is shown in the bar chart in the top right corner. Finally, we again change the input class distribution
by only showing the network the classes ‘0’- “4’. We observe that the network can gradually shrink
its size as nodes associated with the last five classes slowly become inactive and are removed from
the network as seen in (iii). Here the digits are the learnt representations of the nodes whereas each
unit of the black region indicates an unused/inactive node in the network. (b)-(e) Network
performance for incremental learning of classes. (b) Test accuracy for MNIST as the number of
classes is incrementally increased from 1 to 10, (c) Number of nodes as the number of classes is
increased for MNIST. (d) Test accuracy for the 50 classes of CUB-200 as the number of classes is
incrementally increased from 1 to 50. () number of nodes as the number of classes is increased
for CUB-200. (f-i) Assessing the effect of dynamically changing size of GWR compared to static
network with fixed number of nodes. (f, g) The GWRs achieve 51.6% better accuracy on MNIST
and 41.3% better accuracy on CUB-200 compared to static networks that were not allowed to grow
beyond the size of the dynamic network prior to learning the new classes. (h, i) We observe similar
performance on the classes that are available in both the networks, however, the dynamic network
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achieves this with almost half (~47.3%) the number of resources/nodes for MNIST and ~27%
fewer nodes for the 50 classes of CUB-200 compared to the static networks.
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