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Supplementary Figure 1 

a) Schematic of the neural encoder with the top-gate as the stochastic sampling terminal and the 

back-gate as the presynaptic voltage terminal. b) Corresponding transfer function i.e. IPSC versus 

VPSV measured at a drain bias, VDS = 1 V, for different top gate voltages (VTG). c) Schematic of 

the neural encoder with the back-gate as the stochastic sampling terminal and the top-gate as the 

presynaptic voltage terminal. d) Corresponding transfer function i.e. IPSC versus VPSV measured at 

a drain bias, VDS = 1 V, for different back-gate voltages (VTG). Note that the dual-gated MoS2 field 

effect transistor (FET) allows interchangeable presynaptic terminal and encoding terminal based 

on the application requirements. For example, different analog inputs can be encoded 

simultaneously if the top-gate is used as the presynaptic terminal in a chip containing multiple 

neural encoders with the global back-gate acting as the common stochastic sampling terminal. 

Similarly, the same analog input applied to the presynaptic back-gate terminal can be encoded into 

different spike trains by adjusting the transfer function of individual neural encoders through the 

top-gate sampling terminal.  

 

 



Supplementary Note 1 

Note that the on-off current ratio can be orders of magnitude lower for the top-gate voltage sweep 

(𝑉𝑉TG) compared to the back-gate voltage sweep (𝑉𝑉BG) as seen in Supplementary Figure 1b and 

1d. In fact, the on-off ratio for 𝑉𝑉TG sweep depends on 𝑉𝑉BG. This is because of the fact that in a top-

gated geometry, MoS2 channel underneath the contacts cannot be gated by the top-gate, whereas 

the global back-gate can control the entire MoS2 channel including the extension regions 

underneath the contacts [1, 2]. As such, the top-gate characteristics can be severely limited by the 

channel resistance underneath the contacts. For instance, as the 𝑉𝑉BG becomes more negative both 

the channel and the channel underneath the contacts are biased in the subthreshold regime, where 

the resistance of MoS2 increases exponentially. While the channel can be switched to the on-state 

by applying positive 𝑉𝑉TG values, the extensions underneath the contacts remain unaltered adding 

extra resistance that dominates the overall current transport. Since this extension resistance due to 

the MoS2 channel underneath the contacts depend on 𝑉𝑉BG so is the on-off ratio obtained during the 

𝑉𝑉TG sweep. Note that this phenomenon is a direct consequence of the fact that unlike Si, MoS2 

FETs lack degenerate doping underneath the contacts. Several doping strategies are being 

developed to circumvent these challenges, which are beyond the scope of discussion in the context 

of the present work [3].  

 

Supplementary Figure 2 

Complete neuromorphic circuit used to obtain neural encoding for different LED illumination 

levels. 

 
 

 



Supplementary Figure 3 

Distribution (i.e. number of occurrences) of interspike interval corresponding to different 

presynaptic voltages (VPSV) for rate-based encoding using our biomimetic encoder, when the 

magnitude of VTG pulses are randomly sampled from a Gaussian distribution with mean, µTG = -

2.5 V, and standard deviation σTG = 0.8 V.  

 
 

Supplementary Figure 4 

Total spike counts corresponding to different presynaptic voltages (VPSV) and for different σTG for 

spike count-based encoding.  

 



Supplementary Figure 5 

Distribution (i.e. number of occurrences) for the spike timing corresponding to different 

presynaptic voltages (VPSV) for σTG = 0.1 V across 16 trials for spike timing-based encoding.  

 

 

 

 

Supplementary Note 2 

Benchmarking of our neural encoder with other types of spike encoders 

Reference Technology Hardware 
Encoding 

Spike Encoding Type Energy per synaptic 
event Rate Count Temporal 

[4] Memristor     25 pJ 
[5] CMOS 180nm     225 fJ 
[6] CMOS 65nm     40 fJ 
[7] MTJ     48 fJ 
[8] PCM     - 
[9] FPGA     21 nJ 
[10] CBRAM     - 

This work 2D FET     < 3 pJ 
 

 

 



Supplementary Figure 6 

Time evolution of correlation coefficient (CC) between the original and the encoded Cameraman 

image using various neural encoding algorithms. 

 
 

 

Supplementary Figure 7 

Dual sweep a) back-gate and b) top-gate transfer characteristics of dual-gated multilayer MoS2 

FET.  
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