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Abstract Imitating the associative intelligence of the biological brain is attractive but is poorly achieved

in hardware because the complex tunable connection in neural networks is difficult to reproduce. We develop

a circuit composed of a three-terminal memristor network to reproduce the biological conditioning process

artificially. The synaptic weight between co-firing neurons is strengthened simultaneously by generating a

feedback signal from the integrate-and-fire neuron to the gate of the synaptic memristor. The network allows

the multi-associative capacity of recalling more than one digit in one circuit. Both single and multi-associative

learning for recalling digital images are achieved. Furthermore, all 10 digital images from “0” to “9” are

successfully recalled in an associative network with such paralleling circuits. Assisted by this associative

layer, a typical classification network effectively improves the recognition rate for fragmentary digital images.

Our work sheds light on brain-inspired artificial associative memory and provides a strategy for applications,

such as object recognition with partial features and similar scenes.

Keywords artificial intelligence, associative learning, memristor, classification network

Citation Ren Y M, Tian B B, Yan M G, et al. Associative learning of a three-terminal memristor network for

digits recognition. Sci China Inf Sci, 2023, 66(2): 122403, https://doi.org/10.1007/s11432-022-3503-4

1 Introduction

Associative memory, which recalls the memorized information from its fragments or recalls another situa-
tion from the current one [1], plays an important role in human intelligence [2]. To realize the function of
associative memory, both hardware and simulations have been extensively explored based on the Hopfield
neural network (HNN) [3–9] or the hetero-associative bidirectional associative memories (BAM) neural
network [10,11]. Recently, Wu et al. [8] from Tsinghua University experimentally demonstrated an HNN
on a 1k memristor array in which whole emotion images can be recalled from partial information. Despite
all the exciting progress, the demonstrated associative memory functions based on HNNs and BAM neu-
ral networks are primitive and less analogous to the biological brain. Especially, the association process
of HNNs costs many iterations, causing high latency and energy consumption.

The conditioning process in the biological system proves that associative learning is mainly constituted
by the synaptic weight enhancement between co-firing neurons. One example is the classical Pavlov’s
dog conditioning process [12]. Before a dog is trained, the neuron representing the sight of bone (labeled
as “bone neuron”) and the neuron representing the sound of a bell (labeled as “bell neuron”) have no
connection. Thus, only a bone stimulus can trigger the salivation of the dog. After repeatedly pairing
the bone and bell stimuli, the bone and bell neurons connect with each other, giving that the conditioned
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bell stimulus triggers the dog’s salivation. This biological associative learning behavior is efficient. Once
the new connection is built, one recalls the other instantly. However, such an efficient associative learning
system is rare due to the challenge of reproducing the complex tunable connection in neural networks.

In hardware, the connection strength (synaptic weight) between neurons is usually emulated by the
conductance of a memristor with tunable analog conductance states [13–17]. Although the biological
synapse is modally a two-terminal device, the release of calcium ions to modulate the synaptic weight
is substantially more favorable in a three-terminal memristor where signals from the gate electrode can
update the channel conductance concurrently [16,18,19]. For example, a ferroelectric synaptic memristor
is reported to be a full-featured and low-power three-terminal synaptic device [20–23], which can mimic the
brain-spired updating rules. Moreover, neuromorphic neural networks based on both two-terminal [24–27]
and three-terminal neuromorphic sensors [28] have successfully implemented fast letter recognition in a
fully analog manner, but associative learning remains undefined.

In the present work, we build a three-terminal memristor network to connect integrate-and-fire (IF)
neurons. Assisted with an experimentally tunable conductance curve from a ferroelectric synaptic mem-
ristor, the simulations show the biological function that the synaptic weight between co-firing neurons
can be strengthened simultaneously. Based on this three-terminal memristor network, associative learn-
ing processes for recalling digits from their fragments are demonstrated. Excitingly, triggering the firing
of co-connected IF neurons with multi-inputting rather than single inputting voltage pulses allows the
multi-associative capacity to recall more than one digit in one circuit. An associative network consisting
of three-terminal memristor networks achieves recalling tasks of all 10 digits from “0” to “9.” Assisted
by this associative layer, a typical classification network effectively improves the recognition rate for
fragmentary digital images.

2 Single associative learning

Human brains can easily recognize the fragmentary license plate that is shaded by sludge due to the as-
sociative ability to recall whole digital images from their fragments (Figure 1(a)). The associative ability
is believed to be derived from the neural network structure in the brain. Figure 1(b) shows a neural
network, in which the connection strength between input and output neurons can be tuned to realize the
mapping between inputs of a partial digital image and outputs of the whole digital image. Thus, the
associative learning process in this type of hardware would be the updating process in these connection
strengths (synaptic weight) between input and output neurons. A three-terminal memristor network with
channel conductance as synaptic weight is designed to realize hardware associative learning. Figure 1(c)
shows the hardware circuit in which ferroelectric synaptic memristors and IF neurons are involved. In a
three-terminal ferroelectric memristor, the channel conductance is modified by the polarization state of
the ferroelectric gate, which could be explicitly controlled by the amplitude/duration/frequency/numbers
of applied voltage pulses on the basis of ferroelectric dynamics [20,21]. Illustratively, the channel conduc-
tance (synaptic weight) in the ferroelectric memristor is plastically tunable by gate electric field pulses,
and a higher electric field gives steeper modulation (Figure 1(d)).

In such a circuit, the transmission of electrical signals simulates the transmission of neural signals, the
conductance of ferroelectric synaptic memristors simulates synaptic weight, and IF neurons are used to
recall target images. The source electrode of the ferroelectric synaptic memristor is connected to the
input node, the drain electrode is connected to the IF neuron, and the gate electrode receives feedback
voltage pulses from the IF neuron. Notably, the neural network is a square matrix to ensure the mapping
between inputting signals of an image and IF neurons recalling the same image.

Figure 2 shows the associative learning process performance of the circuit. The image content is
represented by electrical voltage signals, wherein each black and white pixel is encoded by a voltage pulse
and zero voltage, respectively. Image pixels are then lined up row by row and transformed into electrical
signals sequence so that the sequence of the electrical signals can be input and outputted through network
nodes. Before the associative learning process (Figure 2(a)), only diagonal conductance is at a high level,
and off-diagonal conductance is negligible in the memristor matrix (Figure 2(b)), corresponding with
the one-to-one connection between input signals and output neurons. In this case, one input signal only
triggers the firing of its partner output IF neuron. If a partial digital image is input to the circuit, only
their partner neurons fire and these firing neurons recall the same partial digital image.

During the associative learning process (Figure 2(c)), off-diagonal conductance, which connects active
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Figure 1 (Color online) Design of a three-terminal memristor network for associative learning. (a) The diagrammatic drawing

wherein human brains can recall whole digits from their fragments. (b) Mapping between partial inputs of a digital image to whole

outputs of the digital image through a neural network. (c) The hardware circuit of the three-terminal memristor network with

ferroelectric synaptic memristors for associative learning. After associative learning, a mapping between inputs and outputs as

in (b) can be constituted. The inset shows the connection of a ferroelectric synaptic memristor with the input signal and output

Integrate-and fire (IF) neuron. (d) Evolution of channel conductance as a function of voltage pulse sequences with equal width and

interval time of 10 ms and amplitude of 80, 85, 90, 95, 100, and 105 MV/m from the gate electrode. The inset sketch shows an

evolution of domain structures with the voltage pulse sequences.

inputting signals and firing output neurons, is gradually enhanced (Figure 2(d)). Switching memristors
controlled by IF neurons are used in circuits to ensure that feedback voltage pulses from IF neurons
stimulate only the gate electrode of devices between active inputting signals and firing neurons. If a
whole digital image is repeatedly input to the circuit, accompanied by neurons that recall the whole
digital image firing, synaptic weight between active inputting signals and firing neurons (i.e., off-diagonal
conductance) can be strengthened by the accumulated voltage pulses generated by fired neurons, which
is applied to the gate of the off-diagonal ferroelectric transistor to increase the channel conductance
following the rule in Figure 1(d) (Figure 2(d)). Finally, even when a previously trained partial digital
image is input into the circuit, all firing neurons that recall its whole digital image (Figure 2(e)) will fire,
because the sufficiently enhanced off-diagonal conductance renders an active inputting signal triggering
the firing of other neurons (Figure 2(f)).

As expected, the circuit can recall digital images successfully. The digital image of all 10 license
numbers from “0” to “9” can be trained and recalled from their fragmentary inputs (Figure 3). The
final normalized conductance distribution matrices after learning each digit of “0” to “9” are shown in
Figure 3(a). After training the associative network, all ten digits from “0” to “9” (Figure 3(d)) are
recalled from their partial digital images (Figure 3(b)), while the outputs from the fresh network are the
same as these fragmentary inputs (Figure 3(c)).

3 Multi-associative learning

In the human brain, one can recall a piece of data from its fragmentary information; if the given data
are different, then one can recall another piece of data. Owing to the threshold effect of IF neurons,
wherein only sufficient currents or charges can trigger the firing, multi-inputting voltage pulses other
than single inputting voltage pulse, multiplying off-diagonal intermediate conductance, trigger the firing
of the co-connected IF neuron. Thus, more than one digital image can be trained and recalled in the
circuit of this work. Digital images of numbers “0”, “1”, “2”, and “3” are repeatedly input into the same
three-terminal memristor network (Figure 4(a)). Figure 4(b) shows the conductivity distribution matrix
after the training. A partial digital image of a number randomly selected from “0”, “1”, “2”, and “3”
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Figure 2 (Color online) Associative learning process of the three-terminal memristor network. (a) Before the associative learning

process, only diagonal conductance is at a high level and off-diagonal conductance is negligible in the memristor matrix, corre-

sponding with the one-to-one connection between input signals and output neurons. In this case, one input signal only triggers the

firing of its partner output neuron. (b) Conductance distribution matrices corresponding to (a). (c) During the associative learn-

ing process, off-diagonal conductance, which connects active inputting signals and firing output neurons, is gradually enhanced.

(d) Conductance distribution matrices corresponding to (c). (e) After the associative learning process, the input signal can also

trigger the firing of other output neurons due to the new strengthened connection during the associative learning process. Insets

elucidate the biological associative learning processes. (f) Conductance distribution matrices corresponding to (e).
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Figure 3 (Color online) Associative learning for digits. (a) Normalized conductance distribution matrices after learning digits of

“0” to “9”; (b) fragmentary digital image inputs; the outputs before (c) and after (d) the associative learning of digital images.

is then input into the circuit to test the recalling results of IF neurons. As expected, the circuit can
recall multi-images successfully. Figure 4(c) illustrates the input partial digital images of numbers from
“0” to “3” (top panels) and their respective whole digital images (bottom panels) recalled by IF neurons
from the same three-terminal memristor network. Notably, some error gray pixels appear in the recalling
digital images, which is the failure reason for unlimited contents of the multi-associative learning.
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Figure 4 (Color online) Multi-associative learning for digits recognition. (a) Sketch of digital image training for numbers “0”,

“1”, “2”, and “3”. During the training phase, digital images of numbers “0”, “1”, “2”, and “3” are repeatedly input into the same

three-terminal memristor network. During the query phase, a partial digital image of a number randomly selected from “0”, “1”,

“2”, and “3” is input into the circuit to test the recalling results of IF neurons. (b) Conductivity distribution matrix after the

training. (c) Input partial digital images (top panels), and their respective whole digital images (bottom panels) recalled by output

neurons from the trained three-terminal memristor network.

4 A system for recalling “0” to “9” digital images

The recognition of license numbers involving digital images of “0” to “9” plays an important role in daily
life. A system comprising 10 parallel three-terminal memristor networks, wherein each three-terminal
memristor network is trained by only one number, is proposed.

The first concern is the cross-issue that the training process for a number may induce the recalling of
other numbers. Figures 5(a) and (b) show that when the whole digital image of number “3” is input
into the three-terminal memristor network that is overtrained by number “4”, the information of “3”
and “4” is recalled, and the vestige of “4” is error pixels in this case (Figure 5(a)). These vestige errors
can be eliminated by reducing the allowed maximal conductance of off-diagonal devices (Figure 5(b)).
As demonstrated in Figure 5(c), when partial digital images of numbers from “0” to “9” are input into
the three-terminal memristor network that is trained by an example of the number “4”, only inputting
of partial “4” can trigger whole “4” while other partial inputting recalls the same partial inputting
information.

The system consisting of 10 parallel three-terminal memristor networks where each three-terminal
memristor network is trained by only one number is built (Figure 6(a)). Owing to the parallel structure in
the ten three-terminal memristor networks that are trained by respective numbers (Figure 6(b)), all digital
images from “0” to “9” can be successfully recalled from their fragmentary information (Figure 6(c)).

The performance of a single classification network and a combined network of an associative layer
and a classification network is compared to further test the effectiveness of the associative network. A
backpropagation (BP) neural network for classifying digits was built [29]. This BP classification network
comprises 784 input nodes, 10 hidden nodes in the hidden layer, and 10 output nodes in the output layer
(Figure 7(a)). One hundred groups of 0–9 standard digital images are used to train this BP network.
The testing image library is produced by randomly deleting a certain number of pixel blocks on the basis
of standard digital images (Figures 7(c) and (d)). A total of 25 testing groups where 1 to 25-pixel blocks
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Figure 5 (Color online) Cross-issue for recalling different numbers. (a) When the whole digital image of number “3” is input

into the three-terminal memristor network that is overtrained by number “4”, “3” and “4” are both recalled. (b) When the whole

digital image of number “3” is input into the three-terminal memristor network that is appropriately trained by number “4”, only

“3” is recalled. (c) When partial digital images of numbers from “0” to “9” are input into the three-terminal memristor network

that is trained by an example of the number “4”, only inputting of partial “4” can trigger whole “4”, while other partial inputting

recalls the same partial information.

are randomly deleted are available, and each testing group has 1000 pictures.
These testing digital images are recognized in a single classification network (Figure 7(a)) and a com-

bined network of an associative layer and a classification network (Figure 7(b)). In the combined network,
the testing images are input into the associative neural network, and then the recalled whole images are
transmitted into the following classification network for recognition (Figure 7(b)). The recognition rates
for numbers “0” and “6” are presented in Figures 7(e) and (f), respectively. This phenomenon reveals
that the associative neural network effectively improves the recognition rate for these fragmentary images.

5 Experimental section

Device fabrication and electrical measurements. The ferroelectric synaptic memristor with zinc oxide
(ZnO) channel and P(VDF-TrFE) gate layer is fabricated. ZnO semiconductor channel and Pt electrodes
as source and drain, respectively, are deposited using the magnetic sputtering method on a Si substrate
covered by a 300 nm thick SiO2 layer. A normal photolithography technique is used to form the 500 µm
(width) × 130 µm (length) ZnO channel. The P(VDF-TrFE) gate layer with a thickness of 200 nm is
deposited by spin-coating method, followed by evaporating aluminum (Al) gate electrode using a metal
mask-assisted thermal evaporation method. The electrical measurements were performed using a Keithley
4200A-SCS parameter analyzer with a DC bias (0.5 V) between the source and drain electrodes.

Device model in the simulation. Three-terminal memristors simulated in this work are based on
ferroelectric synaptic memristors with tunable conductance by gate polarization (Figure 1(d)). The
model (Eq. (1)) of conductance regulation is obtained from [21].

y = 230.608− 237.063× exp(−x/609.483). (1)

Based on (1), the function of conductance in the Python software is derived as follows:

b = −609.483× ln [− (183.36× x− 230.608)/237.063] , (2)

b = b+ α, (3)
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(a)
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Figure 6 (Color online) System with multi three-terminal memristor networks for recalling digital images from “0” to “9”.

(a) The structure of the system for recalling digital images from “0” to “9”. (b) The conductance distribution matrices of ten

networks for recalling digital images from “0” to “9”. (c) The partial inputs of digital images (top panels) and their respective

whole digital images (bottom panels) recalled by output neurons from the system.

y =

[

−237.063× exp

(

−

b

609.483

)

+ 230.608

]

/

183.36, (4)

where the input parameter x and output parameter y represent conductance before and after regulation,
respectively. The parameter α represents the learning rate, also known as step size.

The maximum off-diagonal conductance should not exceed a certain value to realize the target recalling.
The off-diagonal conductance is not updated unless the input parameter x is smaller than parameter β,
which stands for the ratio between off-diagonal maximum conductance and diagonal conductance.

Simulation model. The numerical calculation simulation is performed by using Python software with
the help of the NumPy library and Matplotlib library. Matrix and vectors, in which the numerical values
respectively represent the parameters and states of devices of circuits, are built in the simulation. A class
called ASNN (associative spiking neural network) is defined with many built-in matrices and functions.
ASNN represents the structure of the associative spiking neural network (three-terminal memristor net-
work in this work). The built-in matrices denote the conductance states of three-terminal memristors.
Built-in functions accelerate the vector-matrix multiply (VMM) and other matrix operations. Other ma-
trix functions also help judge states of other physical parameters of devices. All the operations are based
on realistic circuit actions in ideality. The multiple iterative operations simulate the training process of
neural networks.

To handle information of digital images with 28 pixels × 28 pixels, the neural network has 784 input
nodes for receiving signals, 784 output nodes delivering signals to respective IF neurons, and 784 synapses
× 784 synapses connecting input nodes and output neurons. The input images are converted into voltage
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Figure 7 (Color online) Effectiveness of the associative neural network. (a) Testing digital images are recognized in a single

classification network. (b) Testing digital images are recognized in a combined network of an associative layer and a classification

network. Testing images produced by randomly deleting 0, 10, 15, 20, and 25 pixel blocks based on standard digital images of

numbers “0” (c) and “6” (d). Recognition rate for classifying numbers “0” (e) and “6” (f).

signals. The gray level information of 784 pixels is transmitted to 784 inputs. Black pixels mean high level
signal represented by ten voltage pulses inputting and white pixels mean minimum level signal represented
by no voltage pulses inputting. Meanwhile, other intermediate gray levels are represented by voltage pulse
numbers from 9 to 1 as they evolve from black to white color. Similarly, output node signals are encoded
as the gray level information of corresponding pixels for recalling and multi-associative learning processes
of handwritten digital images. The output signals are simply encoded as black and white colors for the
single associate learning and recalling process, respectively. All parameters are normalized during the
VMM operation in the simulation; the diagonal conductance is normalized as the unit conductance, and
the amplitude of the accumulated current through the diagonal conductance by a high potential electrical
signal is normalized as the unit current.

6 Conclusion

Inspired by the conditioning process in biological systems with the appearance of a new connection
or enhancement of the connection strength between co-firing neurons, we develop a ferroelectric three-
terminal ferroelectric memristor network connecting IF neurons to simulate the biological conditioning
process. A ferroelectric synaptic memristor whose conductance is tunable by gate voltage pulses simulates
the synapses, and IF neurons are used to recall target images. The synaptic weight between co-firing
neurons can be strengthened simultaneously by generating a feedback signal from the output IF neuron to
the gate of the synaptic memristor. Both single and multi-associative learning for recalling digital images
are achieved in the designed circuit. An associative network of such circuits in parallel successfully recalls
all ten digital images from “0” to “9” with partial information. Assisted by this associative layer, a
typical classification network effectively improves the recognition rate for fragmentary digital images.
Considering that the proposed simulation is based on tunable multiple states and is not limited to the
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ferroelectric mechanism, we believe that other three-terminal synaptic transistors with a sufficient number
of tunable multiple states, such as ionic or charge trapping synaptic transistors [30–32], can also be used
for the proposed associative neural network.

The associative learning occurs spontaneously when whole data are input into our proposed circuit,
rendering pre-prepared operations or peripheral computing unnecessary. Furthermore, once new connec-
tions are built after the learning process, the whole data can be recalled instantly from their fragments.
This is in contrast to the previous HNNs, where the target data need to be prewritten as one of the
minimum states of the network, and the subsequent multi-iteration recalling process causes high latency
and energy consumption. The efficient associative learning circuit in this work provides a strategy for
optimizing the recognition of license numbers and other similar scenes. In addition, the degree of as-
sociation between different aspects based on the proposed strategy may be extended to the hardware
simulation of other abstract concepts.
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