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Supplementary Figure 1. Structure of the NbOx threshold switching device. (a) SEM image. Scale 

bar, 20 μm. (b) Cross-sectional TEM image of a NbOx device. Scale bar, 50 nm. 

 

 

Supplementary Figure 2. Endurance of Pt/Ti/NbOx/Pt/Ti threshold switching device. (a) I-V 

characteristics of Pt/Ti/NbOx/Pt/Ti device after 1, 104, 106, 107, 108 and 109 switching cycles. (b) The 

firing behavior of Pt/Ti/NbOx/Pt/Ti device after 1, 104, 106, 107, 108 and 109 switching cycles. 
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Supplementary Figure 3. Transient switching response of the NbOx threshold switching device. (a) 

Current waveform (orange curve) of the NbOx device upon application of the voltage waveform (blue 

curve). (b) The switching speed is <50 ns from off- to on-state. (c) The switching speed is <25 ns from 

on- to off-state. 

 

 

Supplementary Figure 4. Cycle-to-cycle variation of the NbOx threshold switching device. (a) I-V 

characteristics of the device in 50 repeated cycles. (b) Cumulative plots of Vth, pos, Vhold, pos, Vth, neg, Vhold, 

neg. (c) Distributions of high and low resistance states of the NbOx device in 50 repeated cycles. 
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Supplementary Figure 5. Device-to-device variation of the NbOx threshold switching device. (a) I-

V characteristics of the device measured in 10 different Pt/Ti/NbOx/Pt/Ti devices. (b) Distributions of Vth, 

pos, Vhold, pos, Vth, neg, Vhold, neg in 10 NbOx devices. (c) Distributions of high and low resistance states in 10 

NbOx devices. 

 

 

Supplementary Figure 6. The input voltage (blue curve), output current (orange curve) and the voltage 

across the threshold switching device (green curve) using the circuit in Fig. 2d. 
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Supplementary Figure 7. A pulse count vs. input frequency plot of the artificial neuron (with RL of 3.6 

kΩ, Cm of 30 pF, pulse width of 1 μs, and pulse amplitude of 1.2 V). 

 

 

Supplementary Figure 8. XOR logic implemented using the NbOx neuron. 0 V is defined as logic 

“0” for the inputs, and the logic “1” for p and q are defined to be 0.9 V and –0.9 V, respectively. Output 

of the neuron when “p = 1, q = 0” (top panel), “p = 0, q = 1” (middle panel), and “p = 1, q = 1” (bottom 

panel) demonstrates a XOR function. 
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Supplementary Figure 9. Electrical characteristics of TaOx synapses. (a) Schematic of the device. 

(b) I-V characteristics of the Pt/Ta/Ta2O5/Pt/Ti device repeated for 100 cycles. (c) Cycle-to-cycle 

variation of the Pt/Ta/Ta2O5/Pt/Ti device. (d) Retention of the Pt/Ta/Ta2O5/Pt/Ti device. 
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Supplementary Figure 10. Fabrication process of the fully memristive neural network. (a) The 

fabrication process of a fully memristive network. (b) Schematic diagram of the fabrication. 
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Supplementary Figure 11. Microstructural and compositional characterization of NbOx device. (a) 

Cross-sectional STEM image and corresponding EDS mapping of O, Ti, Nb and Pt elements in the device. 

(b) EDS elemental line profile in the region of the device shown by the STEM image. 
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Supplementary Figure 12. Microstructural and compositional characterization of TaOx synapses. 

(a) Cross-sectional STEM image and corresponding EDS mapping of O, Si, Ti, Ta and Pt elements in 

the TaOx device. (b) EDS elemental line profile in the region of the device shown by the STEM image. 
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Supplementary Figure 13. Supervised learning in fully memristive neural networks. (a) Flow chart 

of the training process. (b) Stepped pulses used to modify the synaptic weights during training. (c) 

Evolution of the neuron firing rate with the number of training cycle. The firing rate of the neuron after 

the 6th epoch exceeds the pre-determined threshold for ending the training. 
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Supplementary Figure 14. Simulation of large-scale fully memristive spiking neural networks. (a) 

Continuous conductance tuning of the TaOx synapses using a pulse train during potentiation (1.1 V, 1 μs) 

and depression (-0.95 V, 1 μs). (b) Neuron firing pulse count as a function of input pulse amplitude (1 μs 

in width, 0.1 μs in interval with 10 pulse cycles). Neuron is in series with RL of 2.2 kΩ. (c) Evolution of 

the training accuracy with training epoch. The line with orange circles is the training accuracy of 

simulated SNN, which reaches 81.45% after 100 epochs. The line with blue squares is the accuracy of 

software network trained with the same conditions. 

 

 

Supplementary Figure 15. Simulation of coincidence detection. (a) The time (δt) to obtain each spike 

firing under different input voltages (orange data point) and the fitting curve (blue curve). (b) The firing 

frequency of neurons under input voltages (orange data point) and the fitting curve (blue curve). 
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Figure No. R1 R2 Cm 

Fig. 3c – 3d 3 kΩ 3 kΩ 30 pF 

Fig. 3g – 3h 3 kΩ 3 kΩ 30 pF 

Fig. 3k – 3l 2.2 kΩ 10 kΩ 30 pF 

Fig. 4c – 4d 2.2 kΩ 2.2 kΩ 30 pF 

Supplementary Table 1. Circuit parameters for implementing artificial neurons. 

 

Material Speed Power consumption 

Ag/Ag:SiOxNy, 
Ag/HfO2, Ag/SiO2 

diffusive memristors 
<500 ns[1-4] 1.2–480 μW[5-7] 

NbOx <10 ns[8-11] 10–1600 μW[12-14] 

VOx <700 ps[15-18] 23.75–2400 μW[19-21] 

Ge2Sb2Te5 <20 ns[22-24] ~4.3 μW[24] 

NbOx (This work) < 50/25 ns ~392 μW 

Supplementary Table 2. Comparison of switching speed and power consumption 

for artificial neurons based on different materials and approaches. 
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Supplementary Note 1: Structural and electrical characterization of NbOx devices 

To characterize the NbOx device, scanning electron microscopy (SEM) 

characterization and transmission electron microscopy (TEM) have been carried out 

and the results are shown in Supplementary Figure 1. It can be seen from 

Supplementary Figure 1a that the typical dimension of the device is ~5×5 μm2. 

Supplementary Figure 1b further shows a HRTEM image, where the stacking structure 

can be clearly observed. 

We have performed experiments to measure the endurance of the device, and the 

results show that the device can still function correctly after >109 switching cycles, as 

shown in Supplementary Figure 2. Supplementary Figure 3a shows the transient 

switching response of the NbOx threshold switching device. It can be found that the 

switching speed of NbOx threshold switching device in the present work is <50 ns from 

off- to on-state (Supplementary Figure 3b) and <25 ns from on- to off-state 

(Supplementary Figure 3c). 

We also examined the cycle-to-cycle and device-to-device variation of the devices. 

Supplementary Figure 4a shows the I-V characteristics of the NbOx device in 50 

repeated cycles, showing excellent cycle-to-cycle uniformity. The cycle-to-cycle 

fluctuations in Vth, pos, Vhold, pos, Vth, neg, Vhold, neg as well as high and low resistance states 

are further plotted in Supplementary Figure 4b,c, which once again demonstrates very 

low cycle-to-cycle variation. 

Supplementary Figure 5a–c exhibits I-V characteristics measured in 10 different 
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Pt/Ti/NbOx/Pt/Ti devices and the device-to-device distributions of Vth, pos, Vhold, pos, Vth, 

neg, Vhold, neg as well as high and low resistance states, showing relatively low device-to-

device variations. These results in Supplementary Figures 4 and 5 demonstrate that the 

Pt/Ti/NbOx/Pt/Ti devices have acceptable cycle-to-cycle and device-to-device 

variations, making them qualified for building artificial neurons. 

 

Supplementary Note 2: spike count vs. input conditions in spiking neuron 

Supplementary Figure 6 shows the input voltage, current response and the voltage 

across the threshold switching device as functions of time, which illustrate the dynamics 

during threshold switching of NbOx.  

Supplementary Figure 7 exhibits a plot of spike count vs. input frequency (with 

RL of 3.6 kΩ, Cm of 30 pF, pulse width of 1 μs, and pulse amplitude of 1.2 V), where 

the pulse count increases as the input frequency increases. The plot is qualitatively 

consistent with the case without modulatory input (m = 0) in Fig. 4d.  

 

Supplementary Note 3: The 3D surface equation of Fig. 3d, h 

We have fitted the experimental results in Fig. 3d, h and found the data can be 

approximated by the following empirical equations. 

For Fig. 3d: 

1 1 2 2( 0.6) ( 0.6)
1 2 1 2 3 1 2 4( , ) ( 0.6)( 0.6)V Vf V V b e b e b V V bβ β− −= + + − − +   (1) 

where 1 37.7b = , 2 47.41b = , 3 221.3b = − , 4 85.11b = − , 1 1.335β = , 2 1.09β =  
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and for Fig. 3h: 

1 1 2 2
1 2 1 2 3 1 2 4( , ) t tf t t c e c e c t t cλ λ− ∆ − ∆∆ ∆ = + + ∆ ∆ +   (2) 

where 1 15.11c = , 2 10.47c = , 3 45.74c = , 4 10.58c = − , 1 1.694λ = , 2 1.737λ =  

 

Supplementary Note 4: Electrical characterization of the TaOx synapse device 

Supplementary Figure 9a schematically illustrates the crossbar structure of 

Pt/Ta/Ta2O5/Pt/Ti synapse devices fabricated on SiO2/Si substrates. Supplementary 

Figure 9b shows typical resistive switching characteristics of a Pt/Ta/Ta2O5/Pt/Ti device 

with a current compliance of 1mA. Reproducible resistive switching can be achieved 

by applying a set voltage of >1.5 V and a reset voltage of < –2.5 V with 100 cycles, 

showing typical bipolar resistive switching. Supplementary Figure 9c further shows 

that the distributions of HRS and LRS within different I-V cycles, where cycle-to-cycle 

variation mainly exists in off state. Meanwhile, Supplementary Figure 9d shows that 

the HRS and LRS of the Pt/Ta/Ta2O5/Pt/Ti device remain stable for >2000 s without 

noticeable degradation, indicating a nonvolatile nature. 
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Supplementary Note 5: Fabrication of the fully memristive neural networks 

The fabrication process of the fully memristive neural network is schematically 

shown in Supplementary Figure 10a, which was fabricated on SiO2/Si substrates. First, 

30 nm thick Pt film with 5 nm thick Ti adhesion layer of 2 μm width was deposited by 

e-beam evaporation, where the patterning of the bottom electrodes was done by photo 

lithography and lift-off processes. Afterwards, photo lithography was used to form the 

patterns of the switching layer, followed by RF sputtering and lift-off processes. The 

switching layer of synaptic devices in this study was Ta2O5 (30 nm). Subsequently, a Ta 

(10 nm)/Pt (30 nm) of 2 μm width as a middle electrode (ME) was formed to cover the 

BE vertically, where the patterning of the middle electrodes was done by photo 

lithography and lift-off processes, which resulted in Pt/Ta/Ta2O5/Pt/Ti synaptic devices. 

Next, photo lithography was performed to define the switching layer of the artificial 

neurons, and NbOx film (30 nm) was deposited as the switching layer by DC reactive 

sputtering using Ar and O2 mixture gases (Ar: 10 mTorr, O2: 70 mTorr). Finally, 10 nm 

thick Ti was deposited as the top electrode and capped by 30 nm thick Pt protection 

layer by DC sputtering, where the patterning of the top electrodes was done by photo 

lithography and lift-off processes. A schematic configuration of the cell structure is 

depicted in Supplementary Figure 10b. Supplementary Figure 11a shows energy 

dispersive spectrometer (EDS) elemental mapping of O, Ti, Nb and Pt of a NbOx device, 

and Supplementary Figure 11b further shows the line-scan results. The results of EDS 

mapping and line-scan of the TaOx devices are shown in Supplementary Figure 12a and 

Supplementary Figure 12b. 
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Supplementary Note 6: Supervised learning in fully memristive neural networks 

Supplementary Figure 13a shows the training process flow chart of achieving 

supervised learning in fully memristive neural networks. We used a simplified δ-rule 

rule to modify the synaptic weights. The role of artificial neurons is to produce an output 

(y) for an input vector 1 2( , , )nx x x x= ⋅⋅⋅⋅ ⋅ ⋅  . In order for the neuron to achieve the 

desired output, we need to train it. The training samples are a series of known x  and

y
∧

, where y
∧

 represents the expected correct output. The following equation is used to 

describe the error between the actual output and the expected correct output: 

21 ( )
2

E y y
∧

= −   (3) 

In order to achieve desired output of the neuron, every time when the weight 𝑤𝑤𝑖𝑖 is 

modified, the following update value applies i
i

Ew
w

α ∂
∆ = −

∂
, where α is a factor that 

indicates how fast the learning speed is, usually called the learning rate. 

( ) ( ) i
i

E y y s x
w

σ
∧∂ ′= − × ×

∂
  (4) 

The value of 
i

E
w
∂
∂

is defined in Eq. (4). Since ( )sσ ′ >0 it does not affect the direction 

of the weight correction, so it can be ignored, so ( )i iw y y xα
∧

∆ = − × , which is the δ-

rule. 

In our experiment, we simplified the δ-rule by defining y = 1 when the firing 

frequency of the neuron is >1.5 MHz, y is the actual neuron output. If neuron firing 

frequency is < 1.5 MHz, y = 0. During training, set/reset pulses were applied to modify 
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the weight by judging whether iw∆ >0. 

The network structure is shown in Fig. 5h. Initially, the synapses S2 and S3 were in 

the high conductance state, while the S1 and S4 were in low conductance state, that is 

“0110”. Meanwhile, the input is “1010”, that is a train of rectangular spikes were 

applied to the first and third row of synapses, the second and fourth row was kept at 

zero bias, i.e. 1 2 3 4( 1, 0, 1, 0)x x x x= = = = . The input image pattern “1010” is 1 V in 

amplitude, 1 μs in width, 0.1 μs in interval and repeated for 10 cycles at the beginning 

of each training cycle. When the input pattern “1010” was applied, we monitore the 

neuron current to determine if the neuron fires. If the firing frequency of neuron is > 

1.5 MHz, the learning is ended, since the neural network recognizes “1010” by training. 

If the firing frequency of neuron is <1.5 MHz, we will judge whether iw∆ >0. If iw∆ >0, 

set pulse will be applied to the synapses. The specific pulse voltage applied to change 

the synaptic weight is shown in Supplementary Figure 13b. If 0iw∆ ≤ , reset pulses 

will be applied to the synapses. The specific pulse voltage applied to change the 

synaptic weight is shown in Supplementary Figure 13b. By applying a stepped voltage, 

the network will learn the desired image gradually. Supplementary Figure 13c shows 

the results of the neuron firing for every training cycle. The firing frequency of neuron 

after the 6th epoch exceeds the pre-determined value. 
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Supplementary Note 7: Simulation of large-scale fully memristive spiking neural 

networks 

A 3-layer spiking neural network (SNN) was built in Python based on experimental 

results. The simulated SNN was composed of 784 input neurons, 100 hidden neurons 

and 10 output neurons, where the 784 inputs and 10 outputs corresponded to a MNIST 

data size of 28×28 and 10 possible classes (from 0 to 9), respectively. To model the 

modulation of conductance of TaOx synapse under pulse train condition, the increase 

and decrease of conductance during set operation (1.1 V, 1 μs) and reset operation (–

0.95 V, 1 μs) were measured (shown in Supplementary Figure 14a) and used for the 

simulation. During the simulation, we tuned the device conductance by write-and-

verify strategy, and conductance discreteness and noise were taken in to consideration. 

Both in the forward and backward passes, the device conductance was clamped within 

the range of (–300 μS, 300 μS) and quantized to 7 bit. 

The NbOx device was used as LIF neuron (as shown in Fig. 2), where the parameters 

were extracted from experimental data (as shown in Fig. 2b, 2e, 2f). The main 

parameters of the LIF neuron used in the simulation are high resistance state (5 kΩ), 

series resistance (10 Ω), parallel capacitance (3 μF) and state update time step (1 μs). 

The neural network was trained online with Backpropagation (BP) algorithm. The 

images were first converted into Poisson spike trains and input to the memristor array, 

and then the NbOx neurons in the hidden layer propagate the spikes to the next array, at 

last the output neurons spikes and the index of the most frequently spiking neuron was 

taken as prediction result. In the backward process, since the input-output function of a 
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LIF neuron is step function, which has infinite gradient, we replaced it with a soft spike 

function such as sigmoid function to get the gradient. 

 

Supplementary Note 8: Simulation of large-scale coincidence detection 

In order to realize the task of coincidence detection, a simulation was performed 

based on Brian2 simulator. The parameters of the neuron were extracted from electrical 

experiments, as shown in Supplementary Figure 15. We used the following neuron 

model, where the membrane potential V(t) is governed by: 

0
( ) ( ( ) )m

dV t V t V
dt

τ = − −    (5) 

Furthermore, according to the experimental data in Supplementary Figure 15b, the time 

(δt) for each spike firing is obtained, and integration of Eq. (5) can lead to δt–V equation, 

which is described as: 

0

ln( )m
Vt

V V
δ τ= ⋅

−
  (6) 

where τm = 0.461 μs, V0 = 0.95 V, as shown in Supplementary Figure 15a. τm and V0 can 

be further introduced into Eq. (5) to get the firing curve of the neuron (Supplementary 

Figure 15b). 
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Supplementary Note 9: Comparison of artificial neurons based on different 

materials and approaches 

We have compared the speed and power consumption of existing approaches for 

implementing artificial neurons, including neurons based on diffusive memristors, 

threshold switching devices including NbOx and VOx, as well as phase change materials 

like Ge2Sb2Te5, along with our NbOx devices in the present work (Supplementary Table 

2). Here, the power consumption refers to the peak power consumed by the threshold 

switching (or resistive switching) device when the neuron fires. It can be found that the 

switching speed of NbOx threshold switching device in the present work is faster than 

50 ns from off- to on-state and faster than 25 ns from on- to off-state (Supplementary 

Figure 3). The intrinsic switching speed of NbOx was reported to be <10 ns, so the 

switching speed of NbOx based devices is very fast and promising. Previously reported 

results on the power consumption of NbOx based neurons have shown significant 

variation, ranging from 10–1600 μW. It is worthwhile noting that latest studies on NbOx 

revealed that the threshold switching effects in NbOx can be achieved by a trap-assisted 

conduction mechanism similar to Poole-Frenkel model with moderate Joule heating25,26, 

which therefore suggests much lower switching temperature than insulator-metal 

transition. This actually implies large potential in further optimizing the power 

consumption of NbOx based neurons. 
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