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Fig. S1. Photograph of the flexible IGZNO synapse transistor array based on PET 
substrates with high transparency, indicating great conformability to a human brain 
model.



Fig. S2. Schematic illustrations of hysteresis caused by electric double layer (EDL) in 
the anticlockwise direction (a,b) and by interface trap in the clockwise direction (c,d).
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Fig. S3. The transfer characteristics and leakage current of the device were measured 
while sweeping the gate voltage from ±3 V to ±6 V.
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Fig. S4. Measured atomic ratio of IGZNO film under different nitrogen gas streams.
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Fig. S5. EPSC peaks triggered by two successive positive spikes with increasing Δt.



Fig. S6. 64 hexagrams in I-Ching realized by the FIST.



Fig. S7. (a) SNDP index (An/A1) versus spike number. (b) SRDP index versus spike 
frequency.



Fig. S8. (a) Variation of EPSCs and energy consumption with different spike fruqeuncy 
at VDS =10-7 V. (b) Comparison of the energy consumption of this work and the 
previously published artificial synapses. (c) EPSC in response to five presynaptic spike 
trains with different frequencies at VDS =0 V.1–18



Table S1 Comparison of the parameters between different IGZO based EDL-synaptic 
transistors.
Electrolyte VDS (V) Energy consumption [J] Year Ref.

Ph3C+BF4
−/PEO 10-7 2.78 ×10-18 2023 This work

Water-in-basalt 0.1 2 × 10-10 2022 19

[EMIM][TFSI] 3 7.5×10-8 2021 20

H-SiO2 0.003 2.69×10-15 2021 21

[EMIM][TFSI] 0.5 4×10-8 2021 22

[EMIM][TFSI] 0.5 2.25×10-7 2020 23

Na-Al2O3 1 ~10-7 2019 24

[EMIM][TFSI] 0.1 1.6 × 10-10 2018 25

Amylose 0.2 2×10-7 2017 26

KCl/H2O 0.2 1.94 ×10-10 2016 27

H-SiO2 0.5 7.5 × 10-11 2016 28

P-SiO2 0.05 2.3 × 10-13 2015 29



Fig. S9. (a) Schematic diagram of ion distribution in ionic liquid when VDS=1 V. (b) 
Schematic diagram of carrier distribution within the device when a pulse is applied to 
the VGS after the drain voltage is withdrawn. (c) Comparison of EPSCs in response to 
stimulation with and without pre-application of the drain voltage.

Before the “ultra-low power consumption” test, a positive voltage of 1 V is first 
applied to the drain electrodes for 30 s. As shown in the Fig. S8a, the cations and anions 
will gather around the source and drain electrode, respectively, to form lateral electric 
double layer (EDL) in the ionic liquid. After removing the voltage (i.e., VDS=0 V), the 
residual lateral electric field still remained. Thus, the electron/hole will be induced at 
the surface of IGZNO to form another lateral electric field (Fig. S8b). When a voltage 
pulse is applied at the VGS terminal of the IGZNO channel, it induces the generation of 
carriers. These generated carriers subsequently flow, driven by the internal built-in 
electric field within the IGZNO region. This process ultimately leads to the generation 
of a current. In this context, it should be noted that the internally built-in electric field 
within the IGZNO region is the key driving force for the directional carrier movement 
and current generation. In this context, the ion gel can be considered as an 
electrochemical capacitor that requires pre-charging to create the necessary driving 
force for the transport of channel carriers.
Furthermore, we performed a negative control experiment where no drain bias was 
applied before the " ultra-low power consumption" test. In this case, no pulse response 
was detected, as illustrated in Fig. S8c (black line).



Fig. S10. The EPSC behaviors under spike stimulation with different (a) voltages, (b) 
durations, and (c) numbers at VDS = 10-7 V.



Fig. S11. The characterization of the FIST after 5-month exposure in ambient 
environment. (a) The EPSC behaviors under spike stimulation with different (a) 
durations, (b) voltages, (c) numbers, and (d) frequencies.



Fig. S12. (A) A dorsal view of Aplysia showing the gill, the animal’s respiratory organ. 
A light touch on the siphon with a fine probe causes the siphon to contract and the gill 
to withdraw. Here, the mantle shelf is retracted for a better view of the gill. Sensitization 
of the gill-withdrawal reflex, by applying a noxious stimulus to another part of the body, 
such as the tail, enhances the withdrawal reflex of both the siphon and the gill. (b) The 
neural circuit of the Aplysia gill withdrawal reflex.
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Fig. S13. The original image (a), Fourier transformed result (b), and filtered results of 
the Covid-19 chest CT.

This protocol implements a frequency domain filtering method using Fourier 
transform to enhance the edges and details in grayscale images. The input image is first 
transformed into the frequency domain using fft2 from numpy, producing a complex 
matrix fft. The function fftshift is then applied to the matrix to centralize the low-
frequency signals, while moving high-frequency signals to the periphery. The Fourier 
transformed result (Fig. R1b) shows the frequency spectrum of the image.
A Gaussian low-pass filter H is then constructed to remove high-frequency components 
and smooth out the image. The strength of each pixel in H is determined based on the 
distance to the central pixel, which is calculated using a Gaussian function. The size of 
H is equal to the size of the input image.

The resulting H is multiplied with the complex matrix fft to attenuate the low-
frequency signals. After applying ifftshift and ifft2 to the resulting matrix, the 
frequency domain filtering is completed and the filtered image is obtained. The filtered 
result (Fig. R1c) shows the enhanced image in which the edges and details are 
emphasized while low-frequency signals are suppressed. Note that the np.abs function 
is used to take the absolute values of the result from ifft2, resulting in intensity values 
between 0 and 255.

Overall, this protocol can be used to effectively enhance the edges and details in 
grayscale images by suppressing low-frequency signals and emphasizing high-
frequency details.



Fig. S14. The resnet-34 CNN were used to identify COVID-19 through chest CT. The 
resnet-34 consisted of one standalone convolution layer and 16 residual bocks followed 
by one FC layer. This network mainly overcame the degradation problem by 
introducing residual connections.



Fig. S15. Confusion matrices and corresponding accuracy plots for the resnet-34 CNN 
models. The COVID19-CT dataset were processed with edge detection technology at 
the Θm of 5, 20, and 28 Hz, respectively.



Fig. S16. LTP/D displaying 100 distinct conductance states over the operating range. 
The inset was a zoomed-in view to show individual states.



Fig. S17. (a) Nonlinearity analysis on the switching characteristics of FIST yields the 
maximum value of nonlinearity factors of NLP= 1.01 and NLD= 1.74 for G increasing 
and decreasing, respectively. (b) Stepwise increase in device conductance upon a series 
of 30 consecutive pulses. The inset shows the state density distribution of 20 states, 
which do not overlap, indicating extremely low read noise at 0.132% of the dynamic 
range.
The NL value of the LTP/D curve was calculated using the following equations:

               (1)𝐺𝐿𝑇𝑃 = 𝐵·(1 ‒ 𝑒𝑥𝑝( ‒ 𝑃/𝐴𝑃)) + 𝐺𝑚𝑖𝑛

              (2)𝐺𝐿𝑇𝑃 =‒ 𝐵·(1 ‒ 𝑒𝑥𝑝( ‒ 𝑃/𝐴𝐷)) + 𝐺𝑚𝑎𝑥

          (3) 𝐵 = (𝐺𝑚𝑎𝑥 ‒ 𝐺𝑚𝑖𝑛)/(1 ‒ 𝑒𝑥𝑝( ‒ 𝑃𝑚𝑎𝑥/𝐴𝑃,𝐷))

where GLTP and GLTD are the conductance values of the LTP and LTD regions, 
respectively; P is the number of applied pulses; A is a parameter representing NL; and 
B is a fitting constant used to normalize the conductance range. The A value was 
extracted from the experimental data using the MATLAB code provided as an open 
source30, and the corresponding NL values were derived from tables provided by the 
same source.
Read noise is calculated by first grouping all sampled data by conductance level and
calculating the standard deviation as follows:

                           (4)

𝜎𝑙𝑒𝑣𝑒𝑙 = (
𝑁

∑
𝑛 = 1

(|𝑥 ‒ �̅�)

𝑁 )



where x is a conductance sample,  is the mean of the samples, and  is the number �̅� 𝑁

of samples.
The average read noise across the dynamic range of the device is then calculated:

                        (5)
𝜎𝑙𝑒𝑣𝑒𝑙 =

𝑚𝑒𝑎𝑛(𝜎𝑙𝑒𝑣𝑒𝑙)

𝐺𝑚𝑎𝑥 ‒ 𝐺𝑚𝑖𝑛



Table S2. Parameters of the FIST in comparison with other EDL or flexible artificial 
synapses.
Device structure: 

materials/substrate
Energy 

consumption [J]
Nonlinearity: 

potentiation/depression
Read 
noise

Ref.

Ionic gel/IGZNO/PI 2.78 ×10-18 1.01/1.74 0.132%
This 
work

Ionic gel/VO2/Mica 8.8 × 10-13 0.026/0.045 - 31

LixSiO2/α-Nb2O5/SiO2 2 × 10-12 1.04/2.35 2.5% 6

Ionic gel/GDY/MoS2 5 × 10-15 2.1/1.9 1.3% 32

Ionic gel/LiCoO2 10 × 10-18 - 11% 33

Ionic gel/α-MoO3/SiO2 6.16 × 10-12 0.156/0.324 6.5% 34

Ionic gel/LixTiO/PEO 3 × 10-11 - 1% 35

Ionic gel/IGZO 1.6 × 10-10 1.75/4.5 - 25

Ionic gel/SIZO/PI - 1.83/ 6.61 - 36

Ionic gel/P3HT/SiO2 1.7 × 10-10 1.25/5.72 0.5% 37

CsPbBr3 QD/DPP-
DTT/CNN

4 × 10-13 1.5/2.5 - 38

Ionic gel/ZnO/SiO2 - 3.07/2.09 - 39

Nafion/graphene/PMMA 1.86 × 10-15 0.89/0.76 0.029% 40



Fig. S18. (a) Schematic of ANN consisted of 784 input neurons (The input image can 
be divided into 28 ×28 input information for input neurons, and 10 output neurons from 
0 to 9) (b) Corresponding hardware design.



Fig. S19. EEG dataset filtered by a threshold filter (θm=5 Hz) to suppress noise.
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