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Abstract 

Two-dimensional semiconductors can be used to build integrated circuits for 

running artificial neural networks (ANN) with higher energy efficiency. The 

implementation of an ANN with 2D semiconductors has been held back by the large-

scale and high-quality transistors required for running machine learning algorithms. 

Here we demonstrate the first functional MoS2 analog ANN integrated circuit, including 

memory, multiply-and-accumulate (MAC), activation function, and weight update 

circuits. The ANN integrated circuit is realized through 818 field effect transistors 

(FETs) with wafer-scale and high-homogeneity MoS2 film. The large current on/off 

ratio and output linearity of these MoS2 FETs allow the realization of convolutional and 

activation function circuits with a few number of transistors. This ANN can be used for 

recognizing tactile digit, showing the recognition rate exceeding 97%. Our work 

demonstrates wafer-scale processing of a 2D semiconductor for building integrated 

circuits with the functions of AI computation. 
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Two-dimensional (2D) layered semiconducting transition metal chalcogenides 

(TMDs) have become a promising material family for building circuitry owing to their 

outstanding electronic transport properties, sensing capabilities and mechanical 

compliance. In particular, monolayer MoS2 has been widely investigated as a channel 

material for use in field-effect transistors (FETs) 1-3, mainly because of its 1.8 eV direct 

bandgap that gives rise to reasonably high mobility and large on/off ratio. These 

characteristics make it suitable for logic circuits 4-7, analog circuits 8,9, memories10, and 

photodetectors 11-39. Moreover, the environment-sensitive and flexible 

characteristics40,41 make it a promising material for light 36-39, temperature 42, gas 43-46, 

and pressure sensing 47-49 for flexible electronics, such as wearable devices 50 and 

electronic skins 42,51. Meanwhile, the weak interlayer van der Waals forces allow 

different 2DLM films to be vertically transferred and stacked. Therefore, it is possible 

to fabricate three-dimensional (3D) monolithic integrated circuits by stacking 

multilayer 2DLMs with different functions 42,52,53, which may enable energy efficient 

smart prosthesis (e.g., artificial retina, nose, and skin, as shown in Fig.1a). Unlike 

sensors, the development of such sensing-computing devices is very challenging due to 

the large number of required transistors, accurate models, and various types of circuits54 

needed for signal amplification and data processing. 

Natural sensing-computing is provided by sensing neurons and the neurons located 

next to them. Similarly, integrating preprocessing directly on a sensor integrated circuit 

can significantly improve the speed and efficiency of the irregular signal processing in 

various types of sensors 55. Integrating these functions into a single package also 

ensures power consumption is lower than would be seen in discrete components. Given 

the tremendous success of artificial neural networks (ANN) for image processing and 

pattern recognition 14,22,29,34,56, ANNs are foreseen to be key models used in individual 

sensors and an overall system (Fig. 1b). Compared with digital ANN, analog ANN 

integrated circuits are more suitable for preprocessing tasks due to their lower power 

consumption and higher throughout.  

2D semiconductors are a potential material for building ANNs at the hardware level. 

First, semiconducting TMDs grown on insulating substrates have a similar structure as 

silicon on insulator (SOI), which provides low gate-induced drain leakage (GIDL) and 

substrate leakage current. Thus, for TMDs with a relatively large bandgap like MoS2, a 

device with low leakage current can have a lower data refresh rate, and less energy 



would be required for information storage than in CMOS devices, such as in dynamic 

random-access memory (DRAM). Experimental results also suggest that MoS2 

transistors show less 1/f noise than Si devices fabricated with the CMOS process57-59. 

Under the same signal energy, the signal-to-noise ratio is sufficiently large that analog 

convolution calculations can be performed. Moreover, by choosing different voltage 

ranges, a desirable relationship between the measured current and applied voltage can 

be obtained when implementing analog matrix computation12. Therefore, TMDs are 

ideal transistor candidates for implementing ANNs in application-specific integrated 

circuits60, as they offer an advantageous combination of established sensing capabilities 

and outstanding transistor performance. 

However, there are still obstacles to overcome before the use of 2DLMs becomes 

practical. (1) Most of the previously demonstrated devices are implemented using 

exfoliated 2DLM sheets with micrometer size, which limits the circuit scale. Therefore, 

reliable wafer-scale material growth is under investigation61. (2) Processing wafer-scale 

2D materials integrated circuits is still in the early stage, especially gate-last technology 

with accurate control over the threshold voltage VT. Additionally, an accurate device 

model for large-scale circuits still requires development. (3) An ANN requires a higher 

noise budget and linearity than in a digital circuit, thus a more accurate device model 

is needed. Analog convolutional neural network (CNN) design also requires additional 

circuits. A complete functional CNN requires various circuits modules, such as circuits 

for activation functions, memory, and the multiply-and-accumulate (MAC) operation 
14,22,34,56,62. 

In this work, we develop a gate-last processing technique for wafer-level MoS2 films 

and build a chip for general ANN processing (Fig. 1c), which can be used for future 

smart sensing applications. The analog MAC can be realized on a dual-gate MoS2 FET. 

A simple charge storage structure is formed by one MoS2 transistor and one capacitor 

(1T-1C), which acts as an analog random-access memory (a-RAM). This chip provides 

all fundamental functions required in AI computation: convolution calculation, memory, 

activation function, and integrated weight updating (Fig. 1d), which are all formed by 

2D MoS2. A trained ANN is was used for tactile letter recognition with the accuracy 

greater than 97%. Thus, a 2DLM-based ANN makes it possible to fabricate a sensing-

computation system beyond silicon. 

 



Circuit Architecture 

An ANN model requires complex peripheral circuits. Previous research into ANNs 

implemented in integrated circuits focused on devices built from memristors or flash 

memories 12,62 that can perform analog MAC operations11,14,22,29. However, most results 

lacked activation function and weight update circuits or were complemented by 

peripheral silicon circuits, without which a neural network is merely a linear regression 

model. In this paper, we show that an ANN system that implements on convolutional 

in a MoS2-FET can also integrate MoS2-a-RAM to implement both activation and 

weight update functions. 

Taking biological neurons as an example, neurons have multiple synapses which 

transmit sensed signals to soma. Each synapse can store and change the corresponding 

weight of the sensed signal, and a multiplication operation between the sensed signal 

and weight can be achieved. A soma then can realize an accumulation of multiplication 

results from all synapses. When the summation is larger than the threshold, the soma 

will be activated and generate an output through an axon. A mathematical model of a 

biological neuron is shown in Fig. 2a, where w0, w1…w10 are synaptic weights, and x0, 

x1 … x10 are bio-electric signals. Σ is the integration operation in the soma and f 

indicates the activation function that gives the output. The corresponding device model 

of one neuron is shown in Fig. 2b. Its input signals come from various sensors, the 

MoS2 FETs perform a MAC operation, whose result is then transmitted into an 

activation function circuit. The weight values are stored in MoS2 a-RAM circuits. A 

complex ANN with multiple neurons is designed as shown in Fig. 2c. The proposed 

MoS2 ANN circuit consists of an input layer with 6 neurons, a fully-connected layer, 

and an output layer with 10 neurons. In each neuron, the MAC result is sent to a 

nonlinear activation function circuit that maps the output results and normalizes them 

to within a specified range (0 to 1). The fully-connected layer connects the input and 

output layers. Finally, an off-chip logical function classifier is used to label sensed 

targets. Weight update and optimization are performed using the back propagation (BP) 

algorithm63 and implemented with a DAC whose digital inputs come from off-chip 

control. The weight update circuits, a-RAM circuits, and activation function circuits are 

integrated into our MoS2 chip. Compared to previously reported RRAM devices, our 

proposed circuit integrates weight storage and update in local memory, which 

significantly simplified the system design for ANN. 



Wafer-scale MoS2 film synthesis and device processing 

Wafer-scale ANN circuits require high-quality 2DLM thin films. While wafer-scale 

2DLM synthesis by CVD has been recently demonstrated 5,6,64, other challenges impede 

practical application, including processing of electrical contacts and dielectric layer 

deposition due to atomic thickness and complex interface conditions. Here, based on 

the high quality continuous MoS2 film we previously reported 65-67 (Fig. 3b, also see 

Fig. S1), a gate-last technology is developed for MoS2 FETs with the manufacturing 

processing flow shown in Fig. 3b. For the subsequent simulations, the device 

parameters were fitted to a Gaussian distribution. The average mobility from 380 MoS2 

TG-FETs was found to be 27.2 cm2·V−1·s−1 with an average threshold voltage of VT = 

1.17 V, as shown in Fig. 3c-d. Compared with the previously reported gate-first 

processing-based MoS2-FETs 68-71, our MoS2 TG-FETs exhibit E-mode characteristics 

and are more compatible with traditional device processing, which facilitates reduction 

in size and integration of the large-scale circuits. 

Moreover, the implementation of high-performance analog circuits requires device 

modeling with higher accuracy 72-74. For our MoS2 FETs, we established a device model 

with analytic equations and a level-62 SPICE model, whose results are consistent with 

the experimental results (also see SI). HSPICE software can be used to simulate and 

optimize the analog circuits in ANNs, which reduces the excessive burden of repeated 

tests and tape-outs, as illustrated in Fig. 3g. In the following section in this paper, we 

show how MoS2 can be used to build complex digital and analog circuits for AI 

computation, which is a major step forward beyond laboratory-level 2DLM devices 
1,72,73. 

MoS2 Dendrite and Synapse Structure for ANN Computing 

Here, we examine how a MAC operation is implemented in MoS2 circuits. As 

shown in Fig. 4a, a single-branch structure consisting of a dual-gate transistor acts as a 

multiplication module, which can be used for multiplication operations between the 

weight w and an input signal x on dendrite j. The input data is connected to TG1 and 

the synapse weight is transmitted to TG2. Such a dual-gate circuit is widely used for 

mixer or multiplier circuits 75. In our circuit, the channel under G1 works as a source-

follower FET, and the G2 drain voltage is Vd-G2 = VG1-Vth-G1, where Vth-G1 is the threshold 

voltage of gate G1. G2 works in the linear region because both VG1 and VG2 of T2 can be 

independently adjusted to modify output current Id. Multiplier between VG1 and VG2 can 



be performed with only one MoS2 FET, i.e., Id ∝ wij
(l) xj

(l) (see SI for more details). To 

better express the multiplication operation, Fig. 4b shows a 3-D plot of the measured 

current Id as a function of VG1 and VG2. The section cut above the gray plane corresponds 

to the more linear region (relatively large VG1 and VG2 values), which is apparently 

similar to the simulation results for an ideal multiplication operation between VG1 and 

VG2, as shown in the inset. Fig. 4c outlines a multi-branch parallel MoS2 device and its 

corresponding circuit structure. In such a structure, multiple MoS2 FET branches are 

connected in parallel by connecting all the drains together, which is similar to a synapse-

neuron structure. Therefore, the result of an accumulation operation corresponds to the 

total output current, expressed Iout = Σ Id. Fig. 4d shows how the total current is a linear 

function of branch number at different values of VG1 and VG2. The complete matrix 

computation process is shown in Fig. 4e. G1 and G2 are connected to an input sensor 

signal xj and weight signal wij, where i is the neuron, and j corresponds to the synapse 

in neuron i. Thus, the total output current from the neuron i is proportional to hi = Σ wij 

xj. 

After the MAC operation is implemented, as expressed by hi = Σ wij xj, the result is 

input to the activation function. It is noteworthy that our proposed circuit unit is now 

ready to perform convolution operations, which can be implemented by multiple MAC 

operations depending on the size of the input matrix. Out MoS2 chip shown in Fig. 

1cconnect 10 input signals for convolution operations. Furthermore, compared with a 

digital MAC operation, which requires many more transistors and multiple types of 

blocks, our analog convolution transistor network requires much lower computation 

time and chip area. 

Peripheral circuits: a-RAM, activation function and digital-to-analog converter 

(DAC) 

In addition to performing a MAC operation, the weight update function is also key 

for training an ANN, and dynamic weight writing and holding can be implemented by 

connecting the circuit in Fig. 4a with our a-RAM circuit, whose schematic diagram and 

electrical connections are shown in Fig. 5a. This consists of a MoS2 FET T1 with a high 

on/off ratio for switching and a capacitor C, which is able to store the weight value of 

dendrite j. During training, the control voltage VC on the transistor is at a high level, 

and T1 is turned on as a low-impedance path. We then test its memory functions. During 

a write operation, the drain voltage on T1 acts as a bit line (BL) and is raised from 0 to 



1 V. Vg-T1 acts as a word line (WL) and is raised from −3 to 3 V, as shown in Fig. 5b. 

Measured results are plotted as shown in the red curve, whose first positive current 

pulse (in red) indicates the capacitor has been recharged. During the hold state, T1 is 

turned off to provide a high-impedance path with low current leakage for long-term 

retention. During a read operation, the BL increases from 0 to 0.5 V and the WL shifts 

from −3 to 3 V. The negative measured current indicates charge remains stored after the 

hold time. 

Due to ultralow current leakage through monolayer MoS2, the charge saved in the 

capacitor may persist in the neuronal layer over many processing cycles. Consequently, 

Fig. 5c shows that different output current levels can be maintained on the order of 10 

s, which is sufficiently long for successive computation cycles in the convolutional 

layer. It also confirms that the input signal Vin is successfully stored in the capacitor, 

and thus it can provide a high-resolution analog voltage control signal for VG1-T2, unlike 

an SRAM structure that can only maintain binary 0 and 1 levels. 

In the von-Neumann architecture, the computing and memory units are separate. 

The computing unit needs to read and write memory at high frequency, and memory 

speed is a computing bottleneck. Based on the aforementioned electrical characteristics, 

it is noticed that in our MoS2 circuit the a-RAM storage units and computing (MAC) 

modules are located close to each other (as shown in Fig. 5d); thus, a computation-in-

memory structure can be implemented in our proposed ANN network. 

Besides the a-RAM module, activation function circuits were also designed and 

fabricated on our MoS2 chip. The activation function circuit is used to process the 

convolutional output, which simply consists of two MoS2 FETs M1 and M2. The 

corresponding measurement results are shown in Fig. 5e, where the gate of M2 is kept 

at a constant voltage and M2 can be treated as a resistance RM2. RM2 changes accordingly 

to different control voltages Vc. The output voltage Vout is: 

𝑉𝑜𝑢𝑡(𝑉𝑖𝑛) = 𝑅𝑀1(𝑉𝑖𝑛)𝑅𝑀1(𝑉𝑖𝑛) + 𝑅𝑀2 𝑉𝐷𝐷 (4) 

When the input voltage Vin is small, we have Vout ~ VDD. By increasing Vin, 𝑅𝑀1 

approaches an appropriate range for Eq. (4) to act as an activation function whose 

gradient is 𝑔𝑚1𝑅𝑀2 , where gm1 is the transconductance of M1. When Vin continues 

increasing, Vout approaches 0, which provides the required capability of an activation 

function. 



During implementation of the ANN algorithm, it is necessary to efficiently update 

and store weight signals in a-RAM for recognizing samples. To achieve this, a weight 

update circuit is also designed and fabricated from MoS2. The specific implementation 

is shown in Fig. 5e, in which Mb0 is the bias current source, Mcal1 and Mcal2 are the 

calibration transistors. Eight different MoS2 FETs M1-M8 act as current sources to form 

an 8-bit digital-to-analog converter (DAC) with W/L = 1, 2, 4... 128. VDD1 is a 4 V power 

source that outputs a fixed current I0. When I0 is constant, Vgs = Vds for Mb0 also remains 

constant. Then, the Vgs values for Mb0, M1, M2 … M8 are all equal. The according current 

values are then proportional to W/L for Mn, and each current source can be switched on 

and off individually based on the digital codes set for switches S1-S8 (i.e. 8-bit) 76,77. 

Therefore, due to the current-mirror function, the total output current IOUT can be 

expressed as follows: 

𝐼𝑜𝑢𝑡 = ∑ 𝐼𝑛 = ∑ 𝐼𝑛𝑠 × 𝑆𝑛8
𝑛=1

8
𝑛=1  

where Sn is the state of the switch, which can be 0 or 1 based on whether the switch is 

off or on. There are 256 combinations that correspond to output states with 256 DAC 

steps, and the total output current Iout ranges from 0-255 I0. Iout flows through resistor 

R1 and the output voltage Vout = VDD - R1 × Iout, thus the corresponding Vout value also 

has 256 levels. The experimental results show that Mcal1 and Mcal2 can be tuned for 

mismatch calibration of output levels (details see SI). Fig. 5f-g show the measured 

output current with 256 levels. Due to various mismatches in the circuit, the output 

current becomes less linear, which is primarily characterized by differential nonlinearity 

(DNL) and integral nonlinearity (INL). Upon turning on the calibration by tuning Mcal1 

and Mcal2, such DNL and INL can be significantly lowered (details see SI). 

Braille character recognition with a MoS2 ANN classifier 

The required synapse weights in the device are not known, so they must be 

determined by training the network. Starting from small random weights, the network 

is fed with an input matrix I composed of sensed signals for ANN training, whose 

output matrix T is known. According to the current weights, the network computes an 

output O that we want to be as close as possible to T. Our proposed multilayer ANN 

takes inputs with 10 features and classifies its output into 10 categories (Fig. 6a). 

Therefore, for any given training example S, IS, TS, and OS are of size 10×1. During 

training, it is common to create batches of training examples, where each feature is a 



column and each line is a training example. Taking m as the number of training 

examples, I, T, and O are matrices of size 10×m. We define the following loss function 

E to minimize the distance between O and T for all training examples: 

𝐸(𝒘(1), 𝒘(2)) = 12𝑚 ∑ ∑(𝑇𝑖𝑆 − 𝑂𝑖𝑆)210
𝑖=1

𝑚
𝑆=1 , (5) 

where w(1)and w(2) are the synapse weights between the input and hidden layer, and 

between the hidden and output layers, respectively. The synapse weights are then 

optimized using gradient descent starting from small random values. Similar to most 

machine learning applications, the weight optimization in our chip is realized off-chip 

(on a separate computer) using BP (details see SI). 

To conclude, the above illustrated proof-of-concept ANN system integrates the 

essential functions required for practical ANN-preprocessing applications, and 

definitely has room for further optimization since this is only an early stage exploration. 

In addition, due to the atomically thin and air stable nature of 2DLMs, our MoS2-based 

ANNs can be fabricated on flexible substrates for biocompatible and implantable 

application, such as perception and processing functions of biological nerves combined 

with energy-efficient sensing. 

Finally, we demonstrate a tactile Braille classifier algorithm that combines all the 

ANN-MoS2 circuits described above. The tactile sensation of skin is an important part 

of human perception, including perception of temperature, pain, vibration, and shapes 

by receptor neurons. The skin receptors can also be divided into slow and fast adaptive 

types, mainly depending on the location and distribution of the receptor in the skin (Fig. 

5b, also see SI more details). The skin perceives the shape of an object because the 

generated pressure is similar to the shape of the object, which is how blind individuals 

can read Braille. 

The chip shown in Fig 1a takes a 3 × 3 array input representing tactile sensation 

of touching a Braille character. The value of each tactile pixel is discretized into 256 

pressure levels. Although the pressure sensing function is not included in this work, it 

can be easily realized by taking advantage of the piezoelectric properties of MoS2, 

which converts pressure into an electric signal and mimics skin receptors. The inputs 

(I1, I2…I9) into the ANN correspond to 9 voltage values in the flattened input array, and 

I10 is the bias current (see Fig. 6a). Therefore, the signals can be displayed as a voltage 

intensity mapping graph. Typical current distributions for letters ‘N’, ‘V’, and ‘Z’ with 



different pressure levels are shown in Fig. 6c. In this work, we generate pressure 

distribution data by adding noise to ideal samples, and three different distribution sets 

are designed for each letter, and each set has 50 samples for further ANN testing (Fig. 

6c). In our system, the input voltage range is 0 to 3 V, while the bias input V10 is fixed 

based on the algorithm. After optimizing the weights for 23 training epochs, the final 

weights of the input and output layers are shown in Fig. 6d. These weights are 

subsequently updated by the DAC in the ANN chip, ultimately yielding a classification 

accuracy of 97%, as shown in Fig. 6e-f. 

In this paper, we used high-quality uniform MoS2 thin films to produce the first 

analog-ANN circuit based on MoS2. These analog circuits were designed and optimized 

using high-fidelity Level-62 SPICE models for MoS2 FET transistors. The chip 

includes 16 artificial neurons organized in two layers. Each artificial neuron combines 

MAC units acting as soma, an A-RAM memory to store the synapse weights, a DAC 

to update weights, and a nonlinear activation circuit. After optimizing the weights off-

chip, the device provides a Braille letter recognition rate above 97%, which provides a 

way for smarter and flexible artificial sensing tissues. 

Methods 

A continuous MoS2 monolayer film is grown on a 2-inch sapphire substrate. 

Detailed synthesis of wafer-scale MoS2 and the corresponding device fabrication 

processes are described in the supplementary information. For the convenience of a 

circuit-level electrical test, most of the circuits in the work were fabricated on a 1×1 

cm2 wafer cut from the 2-inch MoS2 wafer. In Fig. 3d, 380 MoS2 TG-FETs are 

fabricated and measured on such 1×1 cm2 wafer to test the device performance 

uniformity, and all TFTs had the same channel size. Agilent b1500a with 6 SMU 

channels is used to measure simple circuits such as logic invertor. For a more complex 

circuitry, the wafer is mounted and wire-bonded to a custom designed PCB board for 

electrical measurement. 
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Figure 1. (a) Schematic diagram showing applications based on sensors, computing, and memory 

modules fabricated from flexible 2DLMs. Different modules can be stacked vertically. (b) Schematic 

algorithm of the ANN module and a photograph of the integrated circuit. (c) A false-color optical 

microscopic image of an as-fabricated ANN integrated circuit. (d) Schematic circuit architecture of 

our 2DLM based ANN. 

  



 

Fig. 2 (a) A computational model of a CNN neuron. (b) An MoS2-based artificial neuron cell including 

soma (MAC operation), dendrite (data input from sensor), and synapse (the a-RAM is to store the 

weight value). (c) Schematic diagram of the proposed ANN, which consists of an activation function, 

MAC, a-RAM, and timing control circuits. 

  



  

Fig 3. (a) Schematic diagram of the material synthesis setup. The right photograph shows two 2 in. 
diameter sapphire wafers. The dark yellow wafer is uniformly covered with MoS2 grown via CVD, 
and the other wafer is a bare sapphire wafer. (b) Schematic of a MoS2 TG-FET structure. (c) 
Histogram of the threshold voltage and mobility analyzed after measuring the transfer curves of more 
than 20 MoS2 TG-FETs on a 1 × 1 cm2 wafer. (d-e) Transfer characteristics of 20 FETs located at the 
center region of a wafer in linear and logarithmic scale, respectively. The red curves show simulation 
results. The insert shows a photograph of the MoS2 TG-FET arrays, in which the scale bar is 150 μm. 
(f) A flow diagram of the integrated circuit design process and customized design process for 
fabricating 2DLMs. 
 

  



 

Fig 4. (a) Schematic diagram of the multiplier unit (one branch) consisting of a MoS2 FET with dual 
top gate TG1 and TG2. (b) 3-D plot showing measured ID data as a function of VG1 and VG2 from the 
multiplier unit. At a relatively large voltage (the region cut above the gray plane), the result is close 
to the ideal multiplication correlation between VG1 and VG2, and the inset shows simulation results for 
a∙b as a function of a and b. (c) The upper graph shows results for a parallel MoS2 device with multi-
branch dual-gate FETs, and the lower graph shows the corresponding schematic. (d) Total current as 
a function of the number of multiplier branches, where the result shows a summation operation. 
  



  

Fig 5. Peripheral circuits used to implement ANN calculations. (a) Schematic MoS2 circuit diagram 
resembling a neuron with one synapse, where the left a-RAM circuit is used to store and update the 
weight. (b) Vout vs. Vin in different control voltages Vc. (c) Measured ID value in T2 controlled by the 
voltage stored in the capacitor during one test cycle (10 s). Different values of Vin is used to charge 
the capacitance before turning off T1. (d) An optical microscopic image of a multi-branch MoS2 MAC 
circuit with each branch connected an a-RAM. (e) Measured Vout vs. Vin for the activation function 
circuit with different VDD values (upper graph) and control voltages Vc (lower graph). The inset shows 
a schematic circuit model. (f) Schematic diagram of the DAC converter used for weight update. The 
upper right optical image shows the layout of the proposed DAC. (g) Measured current output from 
the DAC with 256 levels. Different colors correspond to different bias currents. The top and bottom 
graphs correspond to calibration off and on, respectively. (h) DNL and INL as a function of 256 levels. 
The step error can be minimized when the calibration circuits are turned on. 



 

Fig 6. Summary of chip evaluation and modeling. (a) A schematic structure of the proposed CNN, 

which includes the input layer, fully-connected layer, and output neurons. I1-I9 correspond to the input 

signals from the sensor. (b) Schematic showing three types of sensors in different locations on human 

skin corresponding to three different vibration modes. The bottom graph shows generated current 

pulses with small and large pressures. (c) Current distribution for letters ‘N’, ‘V’, and ‘Z’ with 

different pressure levels and classification results after successive training epochs. (d) The upper 

graph shows the mean squared error of the ANN network as a function of training epochs. The lower 

graph shows the gradient of weight convergence as a function of the number of training epochs. 
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Figure 1

(a) Schematic diagram showing applications based on sensors, computing, and memory modules
fabricated from �exible 2DLMs. Different modules can be stacked vertically. (b) Schematic algorithm of
the ANN module and a photograph of the integrated circuit. (c) A false-color optical microscopic image of
an as-fabricated ANN integrated circuit. (d) Schematic circuit architecture of our 2DLM based ANN.



Figure 2

(a) A computational model of a CNN neuron. (b) An MoS2-based arti�cial neuron cell including soma
(MAC operation), dendrite (data input from sensor), and synapse (the a-RAM is to store the weight value).
(c) Schematic diagram of the proposed ANN, which consists of an activation function, MAC, a-RAM, and
timing control circuits.



Figure 3

(a) Schematic diagram of the material synthesis setup. The right photograph shows two 2 in. diameter
sapphire wafers. The dark yellow wafer is uniformly covered with MoS2 grown via CVD, and the other
wafer is a bare sapphire wafer. (b) Schematic of a MoS2 TG-FET structure. (c) Histogram of the threshold
voltage and mobility analyzed after measuring the transfer curves of more than 20 MoS2 TG-FETs on a 1
× 1 cm2 wafer. (d-e) Transfer characteristics of 20 FETs located at the center region of a wafer in linear
and logarithmic scale, respectively. The red curves show simulation results. The insert shows a
photograph of the MoS2 TG-FET arrays, in which the scale bar is 150 μm. (f) A �ow diagram of the
integrated circuit design process and customized design process for fabricating 2DLMs.



Figure 4

(a) Schematic diagram of the multiplier unit (one branch) consisting of a MoS2 FET with dual top gate
TG1 and TG2. (b) 3-D plot showing measured ID data as a function of VG1 and VG2 from the multiplier
unit. At a relatively large voltage (the region cut above the gray plane), the result is close to the ideal
multiplication correlation between VG1 and VG2, and the inset shows simulation results for ab as a
function of a and b. (c) The upper graph shows results for a parallel MoS2 device with multi-branch dual-
gate FETs, and the lower graph shows the corresponding schematic. (d) Total current as a function of the
number of multiplier branches, where the result shows a summation operation.



Figure 5

Peripheral circuits used to implement ANN calculations. (a) Schematic MoS2 circuit diagram resembling
a neuron with one synapse, where the left a-RAM circuit is used to store and update the weight. (b) Vout
vs. Vin in different control voltages Vc. (c) Measured ID value in T2 controlled by the voltage stored in the
capacitor during one test cycle (10 s). Different values of Vin is used to charge the capacitance before
turning off T1. (d) An optical microscopic image of a multi-branch MoS2 MAC circuit with each branch
connected an a-RAM. (e) Measured Vout vs. Vin for the activation function circuit with different VDD
values (upper graph) and control voltages Vc (lower graph). The inset shows a schematic circuit model.
(f) Schematic diagram of the DAC converter used for weight update. The upper right optical image shows
the layout of the proposed DAC. (g) Measured current output from the DAC with 256 levels. Different
colors correspond to different bias currents. The top and bottom graphs correspond to calibration off and
on, respectively. (h) DNL and INL as a function of 256 levels. The step error can be minimized when the
calibration circuits are turned on.



Figure 6

Summary of chip evaluation and modeling. (a) A schematic structure of the proposed CNN, which
includes the input layer, fully-connected layer, and output neurons. I1-I9 correspond to the input signals
from the sensor. (b) Schematic showing three types of sensors in different locations on human skin
corresponding to three different vibration modes. The bottom graph shows generated current pulses with
small and large pressures. (c) Current distribution for letters ‘N’, ‘V’, and ‘Z’ with different pressure levels
and classi�cation results after successive training epochs. (d) The upper graph shows the mean squared
error of the ANN network as a function of training epochs. The lower graph shows the gradient of weight
convergence as a function of the number of training epochs.
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