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A memristor-based hybrid analog-digital computing 
platform for mobile robotics
Buyun Chen1*, Hao Yang1*, Boxiang Song1, Deming Meng1, Xiaodong Yan1, Yuanrui Li1, 
Yunxiang Wang1, Pan Hu1, Tse-Hsien Ou1, Mark Barnell2, Qing Wu2, Han Wang1, Wei Wu1†

Algorithms for mobile robotic systems are generally implemented on purely digital computing platforms. Devel-
oping alternative computational platforms may lead to more energy-efficient and responsive mobile robotics. Here, 
we report a hybrid analog-digital computing platform enabled by memristors on a mobile inverted pendulum 
robot. Our mobile robotic system can tune the conductance states of memristors adaptively using a model-free 
optimization method to achieve optimal control performance. We implement sensor fusion and the motion 
control algorithms on our hybrid analog-digital computing platform and demonstrate more than one order of 
magnitude enhancement of speed and energy efficiency over traditional digital platforms.

INTRODUCTION
Improvements in computing power efficiency are diminishing over 
time as performance gains due to complementary metal-oxide semi-
conductor scaling near their end (1, 2). This issue affects the power 
requirements of large data centers and could limit the performance 
of mobile robotic systems with perception and actuation (2, 3). 
Requirements for computing power increase commensurate with 
the complexity of mobile robotic systems (3). The growing demand 
of the computing power and the saturation of Moore’s law limit 
the development of mobile robotic systems with more functions 
and higher degrees of freedom (DOFs). Therefore, the development 
of an alternative computing platform with higher speed and power 
efficiency for mobile robotics would be ideal.

The control of the human body is enabled by the highly sophis-
ticated, ultralow-power computational capability of the human brain. 
The human brain (4) consists of the cerebrum, the cerebellum, and 
the brainstem. The cerebrum is a major part of the brain in charge 
of vision, hearing, and thinking, whereas the cerebellum plays an 
important role in motion control. Through this cooperation of the 
cerebrum and the cerebellum, the human brain can conduct multi-
ple tasks simultaneously with extremely low power consumption. 
Inspired by this, we developed a hybrid analog-digital computation 
platform, in which the digital component runs the high-level algo-
rithm, whereas the analog component is responsible for sensor 
fusion and motion control. Forty years ago, a similar approach was 
proposed (5, 6). Unfortunately, this approach has never been adopted 
widely, owing to technological limitations [lack of electronically re-
configurable devices and silicon integrated circuits (IC)–compatible 
analog devices to implement such systems efficiently].

With the development of memristors, it is now possible to im-
plement such a system efficiently. The memristor is a two-terminal 
IC-compatible analog device, which can be programmed precisely 
to different conductance states (7–9). The tunable conductance states 
of the memristor enable the computation in-memory architecture, 
which is considered a promising candidate to address the von 

Neumann bottleneck. The memristor is ideal for the analog com-
puting because it offers excellent scalability, a broad range of 
IV linearity, and nonvolatility. In addition, space-saving and cost-
effectiveness make the memristor a greater candidate to develop 
electronically reconfigurable analog circuits than other analog com-
puting devices (10) (see table S1). A mobile robot, as a real-time 
control system, can benefit substantially from the memristor-based 
hybrid computing platform with higher speed and power efficiency. 
Both the sensor fusion algorithm and motion control algorithm can 
be expressed as linear equations, which can be performed by analog 
circuits with memristors. The digital platform, however, consumes 
more time and energy because it needs to store and compute the 
information separately. Moreover, the memristor-based analog com-
ponent can operate independently without using the computing 
resources from the digital component. This parallel computing 
architecture is essential for further increasing the DOFs of mobile 
robotic systems. So far, the memristor-based hybrid computing 
platform has enhanced the computing efficiency in supervised, 
unsupervised, and reinforcement learning (11–15). However, demon-
strations of memristor-based hybrid computing platforms in robotic 
systems are rare.

In this study, we demonstrate a one-DOF low-latency self-adaptive 
mobile robotic system using our proposed memristor-based hybrid 
analog-digital computing platform. The sensor fusion algorithm 
(a single Kalman filter) and the motion control algorithm, a single 
proportional-derivative (PD) controller, are implemented using a 
customized analog circuit with two memristors to control the 
motion of the robot. The reconfigurability of the memristor is used 
to enable the robot to adapt to a changing environment. Because the 
computation speed of the analog component is much faster than that 
of the digital component, the latency of Kalman filter and motion 
control in the robot is substantially reduced. The computation cycle 
time of the hybrid platform is minimized to 6 s, which includes the 
time to read the processed analog signal (4 s) and the time to transfer 
the data to the digital motor driver (2 s). Also, because the Kalman 
filter and motion control are both implemented on the analog com-
ponent, the signal can be directly read and processed from sensors 
to motion controller without quantization error. There is no need 
for analog-to-digital converters (ADCs) and digital-to-analog con-
verters (DACs), thus substantially reducing the power, space, and 
cost while improving its performance. In addition, the Kalman filter 
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algorithm and the motion control algorithm are separated from 
the high-level algorithms in the hybrid platform, thus reducing the 
computation load of the digital component. We show that the 
mobile robotic system using hybrid computing platform with higher 
speed-energy efficiency performs better (shorter settling time, faster 
response, and better stability) than the same robot with the tradi-
tional digital platform (see note S1 for details).

RESULTS
Analog-digital hybrid platform enabled by memristor
A mobile inverted pendulum (16) was chosen to demonstrate our 
memristor-based analog-digital hybrid platform. It is a mobile 
robotic system with many applications (17). However, the high 
latency and large power consumption in the conventional digital 
platform limit the performance of the mobile inverted pendulum 
(18). Our proposed hybrid analog-digital computing platform can 
address the above challenges.

Figure 1 (A and B) shows our proposed hybrid analog-digital 
computing platform. The digital component implements high-level 
algorithms (e.g., perception algorithm and decision-making algo-
rithm), which serves as the “cerebrum” of the robot brain. Mean-
while, memristor-based analog components implement sensing and 
motion control algorithm, which act as the “cerebellum” of the 
robot brain. More specifically, a continuous-time Kalman filter 
using a memristor-based analog component was implemented, and 
it is responsible for the sensor fusion (Fig. 1A). The motion control 
function (Fig. 1A) is realized by a PD controller (16) using the 
memristor-based analog component.

Pt/Al2O3/Ta/Pt memristors were used for our proposed hybrid 
analog-digital computing platform (19). The typical IV curve (Fig. 2A) 
of our memristor demonstrates an excellent IV linearity, which is 
ideal for the analog computing. The inset of Fig. 2A shows the 
four-layer structure of the Pt/Al2O3/Ta/Pt memristor. The device 
can be tuned to multiple conductance states using both DC voltage 
sweep (Fig. 2B) and voltage pulses (Fig. 2C) with different compli-
ance current. The compliance current is controlled using the serial 
transistor (R6015KNX, Rohm Semiconductor) with different volt-
ages applied (Fig. 2, D to F). The difference of the device response 
between the potentiation and the depression is caused by different 
tuning protocols (see fig. S1 for details). Using a feedback detection 
method, the Pt/Al2O3/Ta/Pt memristor can be precisely tuned with 
an SD of 9 s (fig. S2). As a result, the Pt/Al2O3/Ta/Pt memristor 
can provide 141 (more than 7 bits) conductance states ranging from 
450 to 3000 s. Moreover, small device-to-device variation (fig. S3, 
A and B), high endurance (fig. S3C), and long retention time 
(fig. S3D) are demonstrated in Pt/Al2O3/Ta/Pt memristors. These 
characteristics guarantee the reliability of the device, thus the hybrid 
analog-digital platform. Figure 1 (C to E) shows the home-built 
mobile inverted pendulum, the memristor packaged on the chip 
carrier, and the optical microscope image of the Pt/Al2O3/Ta/Pt 
cross-point memristor, respectively. Details are introduced in the 
following sections.

Hardware acceleration of Kalman filter
Precisely detecting the angle of the system is necessary for con-
trolling a mobile inverted pendulum successfully. In the mobile 
inverted pendulum (Fig. 1C), an accelerometer and a gyroscope are 
typically used to detect the angle and angular velocity signals of the 
mobile inverted pendulum, respectively. The accelerometer measures 
the angle of the system by measuring the acceleration along the ver-
tical axis. However, the white noise in the sensor measured signal is 
inevitable, which causes instability in the mobile inverted pendulum.

The Kalman filter (20–23) is the most commonly used method 
to perform signal preprocessing and to filter the white noise. Tradi-
tionally, the analog signal is detected by the sensor, converted to the 
digital signal via ADCs, and then transported to the digital processor 
through a communication bus. After that, the signal is processed 
using a discrete-time Kalman filter on the digital platform. All the 
above procedures consume a substantial amount of power and cause 
high latency (24). To solve this problem, a memristor-based analog 
circuit is prototyped to realize the continuous-time Kalman filter, as 
shown in Fig. 3 (A and B). In the continuous-time analog Kalman 
filter, the measured signal is processed physically without conver-
sion to the digital domain, thereby minimizing both the latency and 
the quantization error. Therefore, the Kalman filter can be acceler-
ated notably using hardware.

In the continuous-time Kalman filter (20, 25), the system model 
and measure model of the angle measurement can be defined as

	​ [​ 
​ ̇ ​(t)

​ 
​bias ˙ ​ (t)

​ ] = [​0​  − 1​ 0​  0  ​ ] [​  (t)​ 
bias(t)

​ ] + [​1​ 0​ ] ​​ mea​​(t ) + w(t) ​	 (1)

	​​ ​ mea​​(t ) = [1 0 ] [​  (t)​ 
bias(t)

​ ] + v(t)​	 (2)

where (t) is the ideal angle of the system, bias(t) is the bias error 
of the angular velocity, mea(t) is the measurement of the angular 

Fig. 1. The memristor-based hybrid analog-digital computing platform. (A) Sche-
matic illustration of hybrid analog-digital computing platform. (B) Schematic 
representation of the biological inspiration from the brain structure. In the hybrid 
analog-digital computing platform, the analog component acts as the cerebellum 
that controls the motion of the robot, whereas the digital component acts as 
the cerebrum running the high-level algorithms. (C) Image of the mobile robotic 
system (i.e., the mobile inverted pendulum) in this work. (D) Image of the memristors 
packaged on the chip carrier. (E) Optical microscope image of the fabricated Pt/
Al2O3/Ta/Pt cross-point memristor; scale bar, 100 m.
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velocity, w(t) is the white noise of the system model, mea(t) is 
the measurement signal of the accelerometer, and v(t) is the white 
noise of the measure model. In addition, w(t) and v(t) are mutually 
uncorrelated.

Using Eqs. 1 and 2, the estimate update equation can be ex-
pressed as

	 ​[​ 
​​ ̇ ​​ est​​(t)

​ 
​​bias ˙ ​​  est​​(t)

​ ] = [​0​  − 1​ 
0

​ 
0

  ​ ] [​ 
​​ est​​(t)

​ 
​bias​ est​​(t)

​ ] + [​1​ 
0

​ ] ​​ mea​​(t ) + [​
​K​ 1​​

​ 
​K​ 2​​

​ ] [​​ mea​​(t ) − ​​ est​​(t ) ] ​	

(3)

where the vector ​​[​​K​ 1​​​  ​K​ 2​​​]​​ T​​ is the Kalman gain (20) of the estimate 
update equation. Equation 3 can be simplified further. On the basis 
of the readout signal of the sensor where the white noise is negligible, 
it is reasonable to assume that the bias error from the gyroscope is a 
constant, and thus the Kalman gain K2 of the estimate bias is expected 
to be 0. In addition, the biasest(t) can be measured directly from the 
voltage output of the gyroscope and then the angular velocity can be 
reconstructed, as shown in Eq. 4

	​​ ​ est​​(t ) = ​​ mea​​(t ) − ​bias​ est​​(t) ​	 (4)

After the above simplifications, Eq. 3 can be expressed as

	​​ ​ ̇ ​​ est​​(t ) = ​​ est​​(t ) + ​K​ 1​​ [ ​​ mea​​(t ) − ​​ est​​(t ) ]​	 (5)

It has been proved that the Kalman gain will converge to a 
constant after several iterations (20). Because the Kalman gain is 
implemented using a memristor, the memristor only needs to be 
programmed once when environment changes dramatically. The 
nonvolatile nature of memristor ensures that the Kalman gain K1 

Fig. 2. Schematic and 
electrical characteristics 
of the Pt/Al2O3/Ta/Pt 
memristor. (A) I-V char-
acteristics of the Pt/Al2O3/
Ta/Pt memristor (plot in 
linear scale) from 5 m 
by 5 m Pt/Al2O3/Ta/Pt 
cross-point memristors. 
This memristor has excel-
lent I-V linearity and large 
on/off ratio. The inset of 
Fig. 1A shows the struc-
ture of the Pt/Al2O3/Ta/Pt 
cross-point memristor. 
Twenty-nanometer Pt was 
deposited as top and bot-
tom electrode. Eight-
nanometer Ta and 8-nm 
Al2O3 work as active layer 
and switching layer, re-
spectively. (B) The memristor can be precisely set to different conductance states using DC sweep voltages with different compliance currents. The I-V characteristics for 
a Pt/Al2O3/Ta/Pt memristor with different conductance states are shown. (C) The conductance state response under potentiating pulses (red) and depressing pulses 
(blue). (D) Circuit schematic diagram for pulse tuning. The bottom electrode of the memristor is connected to the drain of the transistor to build a one transistor and one 
resistor structure. Different voltage pulses applied on the pulse tuning circuit are Vapply, Vgate, and Vreset. The voltage on the top electrode of the memristor (Vapply) and the 
reset voltage (Vreset) are used to control the set or the reset process of the memristor, and the compliance current is controlled by the gate voltage (Vgate). Waveforms of 
potentiating pulses (E) and depressing pulses (F). During the potentiating process, the memristor is only programmed by set pulses (Vset). Both reset pulses (Vreset) and set 
pulses (Vset) are used in the depressing process. The conductance state of the memristor is measured without being changed via reading pulses (Vread). Details including 
pulse width and amplitudes are given in the Supplementary Materials (fig. S1).

Fig. 3. Hardware acceleration of continuous-time analog Kalman filter. (A) Block 
diagram of angle signal estimation with continuous-time analog Kalman filter. The 
estimated angle signal [est(s)] can be obtained after the Kalman filter with input 
signals from both the gyroscope [est(s)] and the accelerometer [mea(s)]. The com-
plex frequency in Laplace transform is denoted S. (B) Circuit schematic diagram of 
the hardware implementation of the continuous-time analog Kalman filter, where 
the Kalman gain (K1) is implemented using a memristor. The 5-V voltage is denoted 
VCC. (C) Measured raw data of the angle signal (black curve) and the filtered data 
(red curve) by the continuous-time analog Kalman filter. The test was performed 
on a rotating robotic arm (fig. S5). (D) Estimated angle signals with different Kalman 
gains (different conductance states of memristor). An overlarge conductance state 
causes overshoot response (blue curve), whereas an insufficient conductance state 
causes overdamped response (black curve). The optimized conductance state of 
the memristor (red curve) was chosen for the continuous-time analog Kalman filter 
using the binary search method.
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is still reserved even though the mobile robotic system is shut off. 
The transfer function block diagram (Fig. 3A) shows Eq. 5 in the 
frequency domain. Figure 3B shows the circuit schematic diagram 
of the continuous-time analog Kalman filter. The details of the param-
eters are given in the Supplementary Materials (fig. S4, A and B).

To test and optimize the continuous-time analog Kalman filter, 
we built a robotic arm, which can swing between 45° and 135° hor-
izontally (fig. S5). The sensor was mounted on the robotic arm to 
measure various angles. The black curve in Fig. 3C shows that the 
raw measured angle signal is very noisy. Because the noise can cause 
instability in the mobile inverted pendulum, the raw measured sig-
nal cannot be directly used to compute the motion control signal. 
For comparison, the signal filtered by our continuous-time analog 
Kalman filter (Fig. 3C, red curve) eliminates the noise and recon-
structs the ideal signal, which demonstrates the feasibility of our 
proposed analog Kalman filter.

As mentioned above, the Kalman gain is determined by the con-
ductance of the memristor. Therefore, the dynamic response of the 
Kalman filter circuit depends on the memristor conductance state. 
An excessively large conductance can cause overshoot in the filter 
response, whereas a small conductance can lead to overdamping. 
The response of the Kalman filter circuit is also affected by sensors 
and environment. For example, even with the same model (see 
Methods for details) and the same Kalman gain, different gyro-
scopes may cause different filter responses (fig. S6A). Overshoot 
and overdamping can also occur when the temperature changes 
(fig. S6B). Therefore, to achieve the best performance of the Kalman 
filter, the conductance of the memristor needs to be optimized be-
fore using it in the robot. A binary search method is adopted in this 
process. In the first step, this method chooses two conductance val-
ues (a high value and a low value) in the memristor to generate both 
the overshoot and overdamped responses, respectively. Then, the 
conductance value will be reprogrammed to a new value between 
the two initial values. If there is an overdamped initial response in 
the circuit, the search interval for the subsequent conductance value 
can be narrowed down to the upper half of the range between the 
initial values; otherwise, it can be narrowed to the lower half of this 
range. The performance of the Kalman filter can be optimized within 
eight iterations using this method because the total number of states 
of the memristor is around 7 bits. Once the optimal conductance 
state (Fig. 3D, red curve) of the memristor is chosen, there should 
be no overshoot (Fig. 3D, blue curve) or overdamped (Fig. 3D, black 
curve) response in the filtered signal. Compared with the discrete-time 
Kalman filter implemented on the digital platform, the continuous-
time analog Kalman filter substantially accelerates the sensor fusion 
process and reduces the computing load of the digital component. 
The details can be found in note S1.

Hardware acceleration of adaptive PD controller
Except for filtering the measured angle signal, the controller is also 
important toward successfully balancing the mobile inverted pen-
dulum. Controlling a mobile inverted pendulum is not an easy task, 
because the nonlinearity of the dynamical system is inevitable and 
difficult to analyze. Generally, this nonlinearity of the mobile inverted 
pendulum mainly comes from the high latency due to the long cycle 
time of the computation. Many nonlinear controllers have been 
proposed to mitigate the nonlinear effect, such as neural network 
controllers and fuzzy logic controllers (26–28). However, these 
controllers have not reduced the cycle time. The nonlinearity of 

the system still exists, thus limiting the upper bound of the robotic 
system performance. In this study, we proposed and demonstrated 
an adaptive PD controller using a memristor-based hybrid analog-
digital computing platform, which notably reduces the computation 
cycle time, thus fundamentally solving the nonlinearity problem.

The dynamic model of an ideal mobile inverted pendulum is 
very similar to the cart-pole scenario (29). The body of the inverted 
pendulum is free to rotate because of the gravitational force. To bal-
ance the body of the inverted pendulum, the inertial force generated 
by the acceleration of the inverted pendulum needs to be equal to 
the force because of the gravity. The linear dynamic model can be 
roughly defined as

	​ L ​ ​d​​ 2​ (t) ─ 
​dt​​ 2​

  ​  =  g(t ) − u(t ) + Lw(t)​	 (6)

where u(t) is the acceleration of the motion, w(t) is the disturbance 
of the environment, and L is the length of the robot. Because the 
time constant of the motor is much larger than the cycle time, the 
torque of the motor (i.e., acceleration of motion) can be considered 
as being proportional to the voltage applied on the motor. There-
fore, the function of the controller is to create proper movement of 
the robot to balance itself. According to previous research (16, 30), 
u(t) is defined as

	​ u(t ) = ​K​ p​​ (t ) + ​K​ d​​ ​ d(t) ─ dt  ​​	 (7)

where Kp is the proportional term and Kd is the derivative term of 
the controller. By combining Eqs. 6 and 7, the mobile inverted pen-
dulum can be considered as a damped harmonic oscillator, and it 
can be modeled as

	​​  ​d​​ 2​ (t) ─ 
​dt​​ 2​

  ​ + ​ ​K​ d​​ ─ L ​ ​ d(t) ─ dt  ​ + ​ 
​K​ p​​ − g

 ─ L  ​ (t ) = w(t)​	 (8)

The schematic representation and the block diagram of the mo-
bile inverted pendulum with the PD controller are shown in Fig. 4 
(A and B, respectively). In the PD controller, Kp and Kd can be con-
sidered as the spring constant of an elastic spring and the damping 
coefficient of a damper, respectively. In the experiment, a single 
memristor is used to implement the damping ratio Kd/Kp of the 
controller. The schematic diagram of the circuit is shown in Fig. 4C. 
The damping ratio is determined by the conductance state of the 
memristor. The details of the parameters of the circuit are given in 
the Supplementary Materials (fig. S4, C and D). Figure 4D pro-
vides an overview of the hardware structure of the control system of 
the mobile inverted pendulum. The impulse responses (Fig. 4E) of the 
mobile inverted pendulum are measured in the experiment. The 
result indicates that as the conductance value of the memristor 
(damping ratio) increases, the oscillation of the mobile inverted 
pendulum decreases as expected.

The conductance states of memristors need to be optimized for 
the mobile inverted pendulum in different scenarios. In other words, 
the mobile inverted pendulum is expected to work in different 
unknown situations, where the motion acceleration u(t), depending 
on both the interaction with the environment and the load on the 
robot, will be unpredictable. Therefore, the parameters must be op-
timized in different cases. The random search algorithm is adopted 
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in the robot (31). This is a model-free method, which can optimize 
the parameters of the system without knowing the exact physical 
model of the robot. This optimization problem can be expressed as

	​ minimize ​E​ ​e​ t​​,​​ [ ​Σ​t=1​ T  ​ ​C​ t​​(​x​ t​​, ​u​ t​​ ) ]​	 (9)

	 s. t.   xt + 1 = ft(xt, ut, et) and ut = (t; K + )

where the cost function used to describe the system vibration can be 
written as

	​ C(K ) = ​Σ​t=0​ n  ​ ​(​​ K​​(t ) − ​​ 0​​)​​ 2​​	 (10)

where 0 is 0 in the system. However, it is impossible to get all the 
physical parameters accurately in reality; thus, the traditional opti-
mization method using gradient descent cannot be applied. To 

know the tuning direction of parameters, the gradient G(, K) of 
the cost function C(K) is tested from the system.

	​ G(, K ) = ​ 1 ─ m ​ ​Σ​i=1​ m  ​ ​ C(K + ​​ i​​ ) − C(K − ​​ i​​)  ──────────────  2  ​ ​​ i​​​	 (11)

The flowchart in Fig. 5A schematically illustrates the adaptive 
learning process. During each learning epoch, the control perform
ances of the certain memristor conductance value both with and 
without introducing a small perturbation (adding a 200-ohm resis-
stor in serial) are tested. Then, the cost function can be calculated 
and thus determines the direction of optimization. Both the simu-
lated and experimental data (Fig. 5B) show that the cost function 
converges after 15 learning epochs. This indicates the feasibility of 
our optimization method. Here, the Runge-Kutta method (32) is used 
to simulate the dynamic model of the mobile inverted pendulum with 
nonlinearity, including both the latency and the finite acceleration 
effect. The details of the experimental data can be found in the 
Supplementary Materials (fig. S7).

The memristor-based hybrid platform yields much better perform
ance in speed and energy efficiency compared with the traditional 
digital platforms (see note S1). Therefore, the control performance 
of the mobile inverted pendulum is substantially improved using 
the hybrid platform with much lower latency (see fig. S8 for details). 
As indicated in Fig. 5C, the settling time of the mobile inverted pen-
dulum with our hybrid analog-digital computing platform is about 
1 s. Using the traditional digital platform (see fig. S9 for details), the 
mobile inverted pendulum is still not perfectly stabilized even after 
more than 3 s. In addition, the mobile inverted pendulum using our 
hybrid platform has a much faster response (Fig. 5D) than the one 
using a traditional digital platform. The comparison of the impulse 
responses of the mobile inverted pendulum using different plat-
forms can be found in the Supplementary Materials (movie S1). The 
cycle time of the mobile inverted pendulum using our hybrid 
analog-digital computing platform (6 s) is notably smaller than 
the one with a traditional digital platform (3034 s), so the mobile 
inverted pendulum using hybrid computing platform can achieve 
much better control performance.

DISCUSSION
A mobile inverted pendulum robot with a hybrid analog-digital 
computing platform using memristors is successfully demonstrated 
in this work. All the circuit components were built using conven-
tional electronics devices except for the memristors. The reconfigu-
rability of the memristors enabled the mobile robot to adapt to the 
environment through analog computing. The memristor-based 
analog components were designed as a bio-inspired implementation 
of the cerebellum in the robot brain, whereas the digital component 
implementing high-level algorithms served as the cerebrum of the 
robot brain. The memristor-based analog component can operate 
independently without consuming the computing power from the 
digital component. Through this cooperation of the cerebrum and 
the cerebellum, the robot can conduct multiple tasks simultaneous-
ly with a much shorter latency and lower power consumption. In 
addition, the power consumption of the hybrid computing platform 
can be further reduced by integrating all the circuit components 
on a single chip (33). A further potential benefit of applying the 
memristor-based hybrid platform in the robotics application is the 

Fig. 4. Hardware acceleration of the analog PD controller. (A) Schematic of 
the mobile inverted pendulum with the PD controller, which can be considered a 
simple damped harmonic oscillator. (B) Block diagram of the transfer function of 
the mobile inverted pendulum with a PD controller, where (t) is the angle of 
the mobile inverted pendulum, u(s) is the acceleration of the motion, W(s) is the 
disturbance of the environment, L is the length of the robot, and g is the gravity of 
Earth. The complex frequency in Laplace transform is denoted S. (C) Circuit sche-
matic diagram of the hardware implementation of the analog PD controller, where 
the damping ratio (Kd/Kp) was implemented using a memristor. The acceleration 
of the motion [u(t)] was directly obtained from the analog PD controller given the 
estimated angle [est(t)] and angular velocity signals [est(t)]. The 5-V voltage is 
denoted VCC. (D) Hardware structure of the control system of the mobile inverted 
pendulum. (E) Experimental data of several impulse responses of the mobile in-
verted pendulum at different conductance states of the memristor. The red arrow 
indicates the disturbance.
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prevention of the aging effect of memristors (34). The memristor in 
the Kalman filter does not require frequent calibration, and the 
memristor in the PD controller only needs to be initialized when 
the environment changes dramatically. Because the memristors are 
not frequently reprogrammed, the lifetime of the memristor in the 
robotic application will be longer than that of the memristor used in 
other applications, which require constant reprograming (34).

In conclusion, this work proposes and demonstrates a one-DOF 
mobile robot using a hybrid analog-digital computing platform based 
on memristors, with an equivalent 141-level precision and excellent 
I-V linearity. Both the Kalman filter algorithm and the control algo-
rithm, the two main functions of the cerebellum, were implemented 
and accelerated using this hybrid platform. We leveraged the recon-
figurability of memristors to demonstrate an adaptive learning ap-
proach for the robot. Compared with the mobile inverted pendulum 
using conventional digital computing platform, the robot with hybrid 
computing platform not only achieved better stability and faster 
response but also yielded one order of magnitude of enhancement 
in speed and energy efficiency (see note S1). With the enhancement 
in performance, our hybrid computing platform has the potential to 
improve the robustness and the performance of the mobile robotic 
systems with higher DOFs. We also anticipate that the memristor-
based hybrid analog-digital computing platform can be used for a 
broad spectrum of applications in the future, such as Internet of 
Things and edge computing applications.

MATERIALS AND METHODS
Device fabrication
The devices are Pt/Al2O3/Ta/Pt memristors. First, SiO2 film (150 nm) 
was grown on a Si wafer via thermal oxidation using furnace (Thermco 
Products Corporation, MB71). Then, a lift-off layer (Shipley Micro-
posit LOL 2000) and a photoresist layer (AZ MiR 701) were spin-
coated onto the substrate. Photolithography (54.3 mJ/cm2) was 
performed with a customized photomask. After postbake (110°C 
for 1 min) procedure and development (AZ 300 MIF Developer), an 
adhesion layer (2-nm Ti) and bottom electrode (20-nm Pt) were 
deposited onto the substrate using e-beam evaporation (Temescal 
BJD 1800 E-Beam Evaporator). The liftoff process was then con-
ducted using the acetone solution with ultrasound vibration. After 
that, an 8-nm Al2O3 blanket layer was deposited using a plasma en-
hanced atomic layer deposition (ALD) process (Oxford PlasmaPro 
100). Last, an active layer (8-nm Ta) and top electrode (20-nm Pt) 
were defined using a second photolithography, e-beam evapora-
tion, and lift-off process using the same recipes above.

Device characterization
Both DC electrical characterizations and multilevel conductance 
states measurement were carried out with a Keithley 4200 semi-
conductor characterization system. The system can be programmed 
to meet the requirements of different experiments. During the mea-
surement, the top and bottom electrodes were directly connected to 
the probes. A microscope can help correctly align the device to a 
certain position. The voltage sweep mode has multiple sweeping 
functions with high-precision measurement, which offers accurate 
measurement of the electrical property of the device. In addition, 
the module can be programmed to measure multiple times auto-
matically. By controlling the compliance currents from 20 to 200 A, 
the memristor can be set precisely to the target state.

Robotic system setup
The mobile inverted pendulum was built on the custom-designed 
mechanical platforms. For the mobile inverted pendulum using our 
memristor-based hybrid analog-digital computing platform, an 
accelerometer (model: NXP MMA7361) and a gyroscope (model: 
SMAKN ENC-03RC) were used to detect the angle and angular 
velocity signals of the robot. Then, the signals were processed 
physically using memristor-based analog circuits (the details of the 
circuits are discussed in the previous sections). The main board and 
the motor control module were also custom-designed on two printed 
circuit boards, respectively. Both the circuit layout and the printed 
circuit boards are shown in the Supplementary Materials. The firm-
ware that supports the mobile robotic system is available at https://
github.com/buyunchen/mobile-inverted-pendulum.

SUPPLEMENTARY MATERIALS
robotics.sciencemag.org/cgi/content/full/5/47/eabb6938/DC1
Fig. S1. Waveforms of potentiating pulses and depressing pulses.
Fig. S2. The precise tuning ability of the memristor.
Fig. S3. Device electrical characterization.
Fig. S4. The detail parameters of the analog Kalman filter and analog controller.
Fig. S5. The robotic arm for testing the Kalman filter.
Fig. S6. Performances of the analog Kalman filter under different cases.
Fig. S7. The experimental data during the self-learning process.
Fig. S8. Hardware design for the hybrid robotic system.
Fig. S9. Hardware design for the digital robotic system.
Table S1. The comparison of different electronically reconfigurable analog circuits.
Table S2. The comparison of speed and power efficiency on different platforms.

Fig. 5. The adaptive learning process on the hybrid computing platform and 
the optimal control performance. (A) Flowchart of the random search optimiza-
tion algorithm implementation on the memristor-based hybrid analog-digital 
computing platform. During each learning epoch, the control performances of 
certain memristor conductance states with and without small perturbation (add-
ing a 200-ohm resistor) were tested. Then, the cost function and its gradient were 
calculated from the angle signal data accordingly. After that, the weight of the 
memristor was updated toward minimizing the cost function. (B) Simulated (black 
curve) and experimental (red curve) data of the adaptive learning process. (C) The 
settling time of the mobile inverted pendulum with the hybrid platform (~1 s) is 
much shorter than the one with the digital platform (more than 3 s). The red arrow 
indicates the disturbance. (D) The difference of the slope (blue dashed line) of 
the angle signal shows that the mobile robotic system using the hybrid platform 
has a faster response than the one using the digital platform. The red arrow indi-
cates the disturbance.
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Note S1. Performance analysis of the memristor-based hybrid analog-digital computing 
platform in comparison with the conventional digital computing platform.
File S1. Circuit diagram of the hybrid robotic system.
File S2. Circuit diagram of the digital robotic system.
Movie S1. The comparison of control performance on different platforms.
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