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Cochleas are the basis for biology to process and recognize speech information, emulating which with electronic devices helps us construct high-efficient intelligent voice systems. Memristor provides novel physics for performing neuromorphic engineering beyond complementary metal-oxide-semiconductor technology. This work presents an artificial cochlea based on the shallen-key filter model configured with memristors, in which one filter emulates one channel. We first fabricate a memristor with the TiN/HfOx/TaOx/TiN structure to implement such a cochlea and demonstrate the non-volatile multilevel states through electrical operations. Then, we build the shallen-key filter circuit and experimentally demonstrate the frequency-selection function of cochlea’s five channels, whose central frequency is determined by the memristor’s resistance. To further demonstrate the feasibility of the cochlea for system applications, we use it to extract the speech signal features and then combine it with a convolutional neural network to recognize the Free Spoken Digit Dataset. The recognition accuracy reaches 92% with 64 channels, compatible with the traditional 64 Fourier transform transformation points of mel-frequency cepstral coefficients method with 95% recognition accuracy. This work provides a novel strategy for building cochleas, which has a great potential to conduct configurable, high-parallel, and high-efficient auditory systems for neuromorphic robots.
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Introduction

Speech, as one of the most important sensory information, plays a critical role in human activities, such as communication, interaction, danger warnings et al. The cochlea is the core element of receiving and preprocessing the voice signal, which generates sparse voice spikes and transmits them to the auditory cortex for further recognition. In cochlea, the vibration of sound causes the hair cells to bend, which in turn causes the graded receptor potential on the hair cells (Nelken, 2020; Caprara and Peng, 2022). The hair cells on the basilar membrane with different locations have their specific response behavior, endowing them with band-pass filtering capability and generating specific electrical signals. The electrical signals will be transmitted to the lower ventral cochlear nucleus in parallel through multiple auditory fiber channels, finishing the first step of speech signal feature extraction (Pyott and von Gersdorff, 2020; Marin et al., 2022), as shown in Figure 1A. Benefit from the multi-channel parallel processing feature, the organisms could process and perceive complex audio signals with high efficiency (Luo, 2021). Inspired by the biological cochlea, artificial cochleas have been widely used in mobile devices (Geronazzo et al., 2020; Zheng et al., 2021), smart homes (Mondal and Barman, 2022; Priya et al., 2022), biomedical healthcare system (Islam et al., 2022; Wang et al., 2022), and other voice interaction interfaces to perform assigned tasks (Eichenauer et al., 2021; Ghosh et al., 2022). However, the artificial cochlear system based on complementary metal-oxide-semiconductor (CMOS) technology, with the advent of the post-Moore era, presents challenges on system complexity, energy consumption, scalability and configurability (Xu et al., 2018; Wang et al., 2021; Ding et al., 2022). Therefore, developing novel devices or circuits with new principle to build artificial cochlea deserves more attention and is becoming a hot topic in this field.
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FIGURE 1
Biological vs. bioinspired cochlear auditory recognition system. (A) Schematic of speech recognition in the biological cochlea system. (B) Speech signal recognition system using the memristor-based artificial cochleas.


Shintaku et al. (2010) developed an artificial basilar membrane with a flexible PVDF thin film acoustic sensor that was configured with multiple electrodes. The constructed sensor features a frequency-selection response due to the piezoelectric effect, and the frequency response of 3.64, 2.32, and 1.88 kHz channels are experimentally demonstrated. Also, Jang et al. (2015) developed a piezoelectric artificial basement membrane (ABM) to imitate signal handling in cochlea and achieved sound response varying from 2.92 to 12.6 kHz. However, the dimension of novel devices is on a scale of mm or cm. These sensors’ sound response frequency range is narrow and the number of achieved channels is relatively limited, making them difficult to accomplish the preprocessing process of complex sound signals. The filter bank is one of the most common strategies to emulate the basement membrane’s (BM) characteristics in the biological auditory systems, in which each band-pass filter has its specific central frequency. In hardware implementations, the potentiometer is generally used to serve as a variable resistor in band-pass filter, which faces the problem of limited programmability (Hill et al., 1968; Gao et al., 2020) or complicated circuits that consumes much area and power (Xu et al., 2018; Farhadi et al., 2020; Wang et al., 2021). Memristor [or resistive random access memory (RRAM)], as an emerging non-volatile memory, possess high reconfigurability, low power consumption, and high-density characteristics. These features make it provide a novel physical basis for constructing artificial auditory systems (Gao et al., 2022; Zhong et al., 2022). Although memristor-based Sallen-Key circuit with tunable gain-bandwidth and center frequency characteristics have been proposed for emulating the cochlea, it still lack experimental demonstration based on memristors’ multi-levels (Li et al., 2020; Barraj et al., 2021; Onyejegbu et al., 2022). In addition, Wu et al. (2021) used the stochastic gradient descent-supervised learning rule to train the preprocessed audio features. The weights were mapped into W/MgO/SiO2/Mo memristor arrays to complete the speech classification tasks. Gao et al. (2022) transformed the binaural soundwaves to Fourier domain at first and then experimentally verified in situ learning of the sound localization function in 1K HfOx memristor array. However, they emphasize the emulation of the auditory cortex’s function, ignoring the implementation of the cochlea’s filtering function.

In this work, we propose an artificial cochlea based on shallen-key filter model configured with memristors. The memristor has the structure of TiN/HfOx/TaOx/TiN and features a multilevel analog resistive state, making it suitable for serving as the configurable potentiometer. Combining the memristor, we build a shallen-key filter circuit to implement the cochlea function, as shown in Figure 1B. By programming the memristor into different resistance value, the artificial cochlea could output signals with specific frequencies and gains. Using such a cochlea circuit, we experimentally demonstrated the filtering behavior of 5 channels with different central frequencies. Finally, we connect the circuits with a convolutional neural network (CNN) to recognize 10 class digital radio in the Free Spoken Digit Dataset, achieving 92% accuracy under the case of 64 cochlea’s channels. The results show that the proposed cochlea system could compete with the mel-frequency cepstral coefficients (MFCC) method of extracting the speech features, illustrating the feasibility of constructing high-efficient artificial cochlea systems based on memristors.



Materials and methods


Device fabrication

The detailed fabrication processes of the memristors are as follows. First, the 30 nm TiN bottom electrode is deposited with physical vapor deposition. After that, HfOx and TaOx is stacked up by atomic layer deposition method, in which the thickness of HfOx is 8 nm, and TaOx is 45 nm. Then, the top electrode TiN is grown by the physical vapor deposition to 30 nm. The transistor in the 1T1R structure is used to obtain expected memristor conductance states through limiting the current by adjusting gate voltage (Lu et al., 2020). The transistor is built on a standard 0.18 μm CMOS foundry process technology node by the Semiconductor Manufacturing International Corporation (SMIC).



Measurement methods

After FIB etching technique (FEI Helios Nanolab 450s, UK) for thinning the samples, the TEM images and EDS line scan/mapping composition analyse were operated by JEOL ARM 200F cold field emission gun TEM/STEM with cs-corrector under 200 kV voltage. The electrical characteristics of the 1T1R were obtained from Agilent B1500A Semiconductor Device Analyzer using DC sweep module or waveform generator/fast measurement unit module (WGFUM) at room temperature. The memristor-based cochlea circuit was constructed on a printed circuit board (PCB). During the circuit test, a Keysight 81160A pulse generator was served as the power source, and a Keysight Infinii Vision MSO-X 3104T oscilloscope was chosen to monitor output signals. The neural network simulation in speech recognition task was implemented in the Python platform.




Results


Memristive device

The structure of the fabricated memristor is shown in Figure 2A, configured with TiN/HfOx/TaOx/TiN. The inset depicts the stacked thin films by the high-resolution TEM (HRTEM) images. When different voltage stimuli is applied to the memristor during the set/reset process, the HfOx layer serves as the functional layer because of the changing morphology of the conductive filament (Zhang et al., 2021). The TaOx layer works as a built-in compliance layer, stabilizing the injected current in both forming and programming operation, leading to a uniform LRS distribution (Lin et al., 2021). The flexible and configurable characteristics of memristors are the basis of building an artificial cochlea system. To better understand the composition of the memristor, the lateral composition distribution of the designed TiN/HfOx/TaOx/TiN is analyzed, as shown in Figure 2B. The atomic percentages of the main element in each position confirm the concentration and distribution of ingredients, consolidating the reprocess of the same migration species in conductive filaments (Chang et al., 2018). We then perform the typical DC sweep to verify the analog switching behavior. Initially, the device is in a high-resistance state (HRS). Before presenting a normal switching behavior, a forming operation is conducted with a gate voltage of 1.2 V and a scanning voltage from 0 to 4 V (see Supplementary Figure 1). Figure 2C shows 100 continuous switching cycles, observing that the device has good resistance state uniformity.
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FIGURE 2
Device structure and electrical properties. (A) Film-stacked structure of 1T1R, consisting of a transistor and TiN/HfOx/TaOx/TiN with a TEM image. (B) Low panel quantifies the atomic profile of primary elements across the memristor from the EDS line scan upper panel. (C) The I-V characteristics of the 1T1R in 100 repeated DC sweeps during the set/reset processes. For the set process, the scan voltage of 0–1.7 V is applied to the TE with the voltage of 1.5 V applied to the gate; for the reset process, the scan voltage of 0–2.2 V is applied to the SE with the voltage of 4 V applied to the gate. (D) The I-V electrical characteristics of the device under pulsed scanning with set/reset process. During the set process, a pulse (2.2 V, 100 ns) is applied to TE terminal with Vg = 4 V; during the reset process, a pulse (4 V,100 ns) is applied to SE terminal with Vg = 4 V. Endurance results show the reliable HRS and LRS up to 5 × 105 cycles. (E) Multilevel resistance programming characteristic of the device under DC sweep. Vg increases from 1 to 2.5 V with a 0.05 V step. The inset shows the good linearity of the memristor under 0–0.1 V sweeping on TE. (F) Multi-resistance stability retention characteristics of the device.


To further demonstrate the switching speed of the memristor, we conducted the pulse measurement on the device, as shown in Figure 2D. Before performing the testing, the device is set to an HRS. Then, a SET pulse (tw = 100 ns, Vte = 2.2 V) is applied to the TE terminal to conduct the SET operation with Vg = 1.5 V on the gate terminal of the 1T1R. During carrying out the reset operation, a RESET pulse (tw = 7.5 us, Vs = 4 V) is applied on the SE terminal with Vg = 4 V. To monitor the resistance state, a read pulse (tw = 7.5 us, Vte = 0.2 V) is applied on the TE terminal with Vg = 1.5 V. It can be seen that the device is successfully switched between HRS and low resistance state (LRS) with a switching time of less than 100ns. And the device works well after 5 × 104 cycles. Then, to prove the programmable capability of the memristor, we test the multilevel resistance characteristics under different Vg voltages during the set process, as shown in Figure 2E. With increasing of the Vg, the compliance current increases, which induces a lower resistance value of the memristor. The sweeping voltage in reset process increases when the memristor is programmed into a lower LRS, as shown in Supplementary Figure 2. Besides, the multilevel resistance characteristics can also be obtained by increasing the sweeping voltage on SE during the reset process, as shown in Supplementary Figure 3. The results show that the fabricated memristor features excellent multilevel resistance characteristics. Finally, to investigate the stability of memristor’s multilevel behaviors, we test the retention performance of multilevel resistance obtained under different compliance currents, as shown in Figure 2F. The results show that the device maintains stable resistance states over 103s, proving the feasibility of the memristor as a configurable potentiometer in the filter circuit.



Filter circuit based on memristor

To further emulate the filter function of the cochlea based on the constructed memristors, we introduce a shallen-key circuit that consists of an op-amp, two capacitors, two resistors, and a memristor, as shown in Figure 3A. First, we developed a circuit model to illustrate the effect of the memristor’s resistance state on the circuit’s amplitude-frequency response. According to the Kirchhoff’s law, the transfer function can be obtained as follows (Kugelstadt, 2009):
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Where φ = w/w0,w is the angular frequency of the input signal and w0 = 2πf0 is the center angular frequency. Besides, the transfer function [image: image] is related to Am, Q and the frequency of the input signal, which represents the response feature between output signals and input signals of the filter circuit.
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FIGURE 3
Bioinspired cochlea filter circuit and experimental results. (A) Circuit structure of bioinspired cochlea filter circuit based on memristor, where R1 = 1 MΩ, R2 = 100 MΩ, C1 = C2 = 40 pF. (B) The output response characteristics when the sinusoidal signal (0.2 V, 1,500 Hz) input to the circuit with the 44 kΩ memristor’s resistance. (C) Output signals when the input sinusoidal signal’s frequency increases from 1,000 to 3,400 Hz. (D) The amplitude-frequency characteristic curve of the memristor-based circuit when the memristor is programmed to 44 kΩ. (E) Multiple amplitude-frequency characteristic curves of the memristor-based filter circuit when the memristor is programmed to 86, 70, 44, 32, 26.7 kΩ, respectively. (F) Comparison diagram of the relationship between f0 and [image: image] extracted from experimental and simulation results.


A_m represents the amplitude ratio of output and input signals, which is formulated as:

[image: image]

The latter part of the Formula 1 in the transfer function represents the phase relationship between the output signal and the input signal. In which Q is the quality factor that characterizes the ability to distinguish adjacent frequency components in the signal. The higher Q means the stronger filter ability to distinguish signal frequency. The expression of Q is as follows:

[image: image]

The circuit has maximum output amplitude when the input signal’s frequency is f0, which called center frequency and f0is derived as follows:

[image: image]

where C1 = C2 = C.

According to the Formula 4, we can obtain that as the resistance state of the memristor decreases, the center frequency f0increases, which enables the memristor-based filter with different center frequency f0 when the memristor’s resistance state changes. This behavior is just like the filtering characteristics of the basilar membrane at different positions (Areias et al., 2021; Yao et al., 2022). The trendency can be explained by the fact that the current flowing through the R1 is divided into the current flowing through C1, C2 and the memristor. When the resistance state of the memristor decreases, the current flowing through both C1 and C2 decreases, which results in lower output amplitude. Since the equivalent impedance of the capacitor is inversely proportional to signal frequency, the center frequency f0increases when RMemristor is adjusted to a lower value. Hence, there is a specific center frequency f0 corresponding to different memristor resistance state. This is essential working principle for the realization of the memristor-based configurable artificial cochlea.

To confirm the filtering properties of memristor-based cochlea circuit, the output response is tested with memristor programmed to 44 kΩ. When a sinusoidal signal (0.2 V, 1,500 Hz) is applied to the circuit, the output signal’s amplitude is 2 V, as shown in Figure 3B. The result shows that the cochlea circuit has amplification function when input signal’s frequency is 1,500 Hz. To elaborately investigate the amplitude-frequency characteristics of the circuit, the sinusoidal signal with identical amplitude but different frequencies is applied to the circuit in turn, and the results are shown in Figure 3C. Obviously, with increasing of the frequency, the output voltage amplitude increases at first, then decreases. There is a maximum value when the input frequency is 1,700 Hz, which is the so-called central frequency. To more intuitively obtain the response curve of the cochlea under different input frequency, the gain value (ratio of output amplitude to input amplitude) extracted from Figure 3C is shown in Figure 3D. We clearly observe that the gain value increase firstly then decreases with the increasing of input’s frequency, demonstrating that the cochlea circuit possess good frequency-selection characteristic. Besides, we illustrate that the cochlea has different amplitude-frequency characteristics when memristor programmed to different resistance states, as depicted in Figure 3E. As memristor’s resistance value decreases, the circuit’s center frequency f0 increases. Therefore, we can configure the frequency-selection characteristic (f0) of the cochlea circuit by programming the memristor with different resistance values.

We further replot the relationship curve between f0 and[image: image], which is extracted from Figure 3E, as shown in Figure 3F. The center frequency f0 follows the sub-linear function of [image: image], which is consistent with the relationship derived from Formula 4. What’s more, the experimental f0-[image: image] curve is slightly lower than the ideal simulation results. This is because of the non-linear I-V characteristics of the memristor device. The higher the resistance, the higher the non-linearity, which results in higher deviations. What’s more, the wiring connection may introduce parasitic capacitance during the experimental test. These two reasons make the center frequency in the experimental result smaller than the simulated result.



Speech recognition with bionic cochlear system

In biology, the electrical signals generated at the basement membrane will be projected to the cortex layer for advanced cognitive analysis (Elgoyhen, 2020; Nelken, 2020). In the neuromorphic system, neural networks are usually used to emulate the cortex for performing intelligent tasks (Zhang et al., 2020; Zhu et al., 2022). To verify the speech processing ability of the artificial cochlea system, a CNN is introduced to complete the following recognition tasks. In the artificial cochlea auditory recognition system, the audio voltage signal is input into the cochlea multiple memristor-based filter circuits for preprocessing, and the feature extraction result is input to CNN for recognition, as shown in Figure 4A. By modulating the memristors’ states in 64 filter channels into different resistance values, we obtain 64 central frequencies that corresponds to 64 Fourier transform transformation points in the conventional methods. Because of the reconfigurability of the memristor, the constructed filters consumes less hardware overhead than the conventional methods that use the complex potentiometers (Adesina et al., 2021; Wang et al., 2021).
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FIGURE 4
Zero to nine digital audio recognition realized in the artificial cochlear system based on CNN neural network. (A) Illustration of the artificial cochlea speech recognition system. (B) Energy spectrum of digital 0 speech signal after feature extraction by 64-channel parallel filter circuits. (C) Schematic diagram of CNN speech signal recognition. (D) Network simulation flow chart. (E) Experimental and simulated recognition accuracy of 10 digital speech audio recognition under 32 and 64 channels.


Take the digital 0 audio signal as an example, the signal processing flow is illustrated as follows: (1) The audio signal voltage is input into the 64-channel bioinspired cochlea memristor filter circuits in parallel, then the filtered signals with different frequency features are obtained; (2) Divide the output signals into overlapping 15 frames and compress signals in each frame. The obtained energy spectrum is shown in Figure 4B, which will be further processed by a Mel non-linear processing unit. (3) The energy spectrum is input to the CNN network for classification.

The used CNN consists of an input layer, three convolutional layers, one fully connected layer, and one output layer, as shown in Figure 4C. The 500 audios from the Free Spoken Digit Dataset are used to verify digital speech recognition’s ability of the bioinspired cochlea system. Four hundred and fifty audios are used for network training to extract model parameters, and the remaining 50 audios are used for testing. Figure 4D presents the training and testing processes of the CNN. The simulated and experimental results with 32 and 64 channels are shown in Figure 4E. After 200 iterations, the recognition accuracy of the 64-channel artificial cochlea system is 92%, which is compatible with 95% accuracy that utilizes the MFCC scheme with traditional 64 fourier transform transformation points. The former method for processing speech signals with analog filter circuit is proved to be more energy efficient (Giraldo et al., 2020; Wang et al., 2021).

We also found that accuracy of the 64-channel artificial cochlea system is higher than that in an artificial cochlea system with 32-channels (84%). It can be explained that a larger number of channels extract more frequency features, which is beneficial to enhance the network performance. The results demonstrate that the proposed artificial cochlea in this work offers a potential strategy to construct intelligent audio systems and conduct speech tasks.




Discussion

In summary, we built an artificial cochlea based on TiN/HfOx/TaOx/TiN memristors and shallen-key filter model to implement the processing procedure of speech information in the mammalian cochlea. Because of the programmable non-volatile multilevel resistances of the memristor, the constructed artificial cochlea is configurable and flexible. Depending on the resistance state of the memristor, each channel of the cochlea possessed its own central frequency, which was successfully demonstrated in the experiment. To present the practical applications of the artificial cochlea system, we further combine it with a CNN to identify 10 classes of audio signals in the Free Spoken Digit Dataset. The results show that the recognition accuracy reaches 92% when the cochlea has 64 memristor-based filtering channels. This work presents a promising way of building configurable artificial cochlea with memristors and has a great potential for robotic sensing applications.
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