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S1. NDR mechanism
S1.1 Control devices
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Figure S1: I-V characteristics of control devices. (a) I-V curves in dark and light conditions for a device
without graphene, (b) a device with graphene but without Ti in the metal, and (c) a device with graphene
and Ti/Au metal mesh but thick oxide underneath the metal mesh.



12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

To elucidate the mechanism of NDR, we have performed I-V measurements on three different
control devices: (1) a silicon-Ti/Au grid device without graphene, (2) a silicon-Au grid-graphene
device, and (3) a silicon-Ti/Au grid-graphene device with 200 nm thick PECVD SiO: under the
Ti/Au mesh only. Supplementary Figure S1 shows the I-V curves of these three devices, where we
observe that the NDR behavior is absent for all three. The device without graphene operates only
in the photovoltaic regime, while the device without Ti and the device with thick oxide under metal
do not operate in the photovoltaic regime. These behaviors indicate that photovoltaic regime of
operation is directly coming from the collection of charge carriers by the metal mesh itself and the
Ti/Si Schottky barrier is crucial to the device operation. The graphene generates the NDR, which

is responsible for the decrease in the collected photocurrent as a function of applied bias.
S1.2 NDR Model

Figure S2 shows the schematic for our proposed model for the observed NDR behavior in this
device. Two possible channels can collect the photogenerated electrons: (1) lateral diffusion in the

plane of the silicon surface to reach the Ti/Au contact or (2) collection into graphene through the
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Figure S2: Schematic of the NDR mechanism showing the competing transport channels for
the photogenerated carriers.

thin native oxide barrier. These two collection channels compete with recombination processes at
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the Si/graphene interface and bulk. The Ti/Au contact region collects the majority of electrons at
lower voltages when the native oxide barrier is opaque. When the voltage is increased, the barrier
between the graphene and native oxide barrier becomes less opaque, collecting more
photogenerated electrons in the graphene. However, the surface Fermi level will also move,
modifying the density of unoccupied interface defect states, which modifies the interfacial
recombination rates. Further increasing the voltage causes the native oxide barrier to become
transparent and the defect states to fill. The electrons tunnel into graphene and overall

recombination reduces(photoconductive regime).
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S1.3. Position and temperature dependent measurements
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Figure S3: (a) Optical micrograph of the grid in the device showing direction of position
dependent measurement. (b) Spatial dependence of current for focused beam measurements at
532 nm wavelength at a power of 12.6 mW. (c) I-V curves corresponding to the colormap
produced in (b). (d) I-V curves measured at different optical powers for beam position at the
midpoint of the diagonal. (e) Spatial dependence of peak and valley current and PVCR.

To verify the proposed mechanism, we have performed a position dependent I-V measurement on
the device using a focused laser beam of 532 nm wavelength with a spot size of ~100 um? and
power of 12.6 mW. We have scanned the beam through the diagonal of a single mesh square, as
shown in Supplementary Figure S3a. The device has a square mesh with 20 um width and 1 mm
pitch. The beam was first positioned at one of the intersections of the mesh and then moved through

the diagonal. Since each square has 1 mm sides, the diagonal length is 1.414 mm. As the beam
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moves through the diagonal, it reaches the maximum distance from the metal mesh when it reaches
the midpoint of the square diagonal, i.e., 0.707 mm from the intersection. We observe a change in
I-V characteristics as a function of the distance between the beam and the metal grid. Due to the
square geometry of the mesh, the distance from the contacts is maximum when the beam is at the
midpoint of the diagonal. Supplementary Figure S3b shows a colormap of the current magnitude
in as we sweep the voltage and the distance along the mesh diagonal. For Varsi < 1 V, the current
varies with distance along the diagonal. The I-V curves used to produce this colormap is shown in
supplementary Figure S3c. Supplementary Figure S3d shows the I-V curves measured at the
midpoint of the mesh diagonal for different optical power densities where we can observe a
threshold optical power required to obtain the NDR behavior. Supplementary Figure S3e shows a
line plot of the peak, valley, and peak-to-valley current ratio (PVCR) as a function of the distance
along the mesh diagonal. The peak PVCR occurs when light is incident in the middle of the

diagonal because of the large relative change in valley current.
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Figure S4: Temperature dependent I-V curves in (a) log and (b) linear scale.
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Temperature dependent measurements were performed on the device with a diffused laser beam
of 635 nm wavelength at 40 mW optical power. Temperature of the device was varied from 80K
to 300K. The temperature dependent I-V curves (supplementary Figure S4) show that the NDR

behavior does not have a significant dependence on temperature, consistent with the proposed

model.
S1.4. Capacitance measurements

Capacitance of the device has been measured under both dark and illumination conditions using a
capacitance measurement unit of Keysight B1500a semiconductor parameter analyzer. The
measurements were performed under different optical power densities at 445 nm wavelength and
for different measurement frequencies (1 KHz, 10 KHz, 100 KHz and 1 MHz). Supplementary

Figure S5a shows the C-V curves for the device measured at a small signal frequency of 1 kHz
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Figure S5: Capacitance measurements of NDR device. Small signal capacitance-voltage characteristics
of NDR device at different power densities for (a) 1 KHz, (b) 10 KHz, (c) 100 KHz, and (d) 1 MHz. (e)
Small signal capacitance measured at a power density of 57 mW/cm? and (f) dark conditions for different
frequencies
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under uniform optical illumination with varied power densities at 445 nm wavelength. The dark
C-V curve shows an initial increase in capacitance due to formation of a depletion region and then
a decrease in the capacitance as the width of depletion region increases with increasing reverse
bias voltage. The C-V behavior under illumination shows a larger initial capacitance followed by
a sharper decrease in capacitance for lower voltages. The larger capacitance under illumination
can be attributed to the increase in charge in the depletion region due to photogenerated carriers
while the sharp decrease can be attributed to the presence of a recombination process that
annihilates these photogenerated carriers. When the voltage is increased further, we see another
slow increase followed by a slow decrease in capacitance unlike the dark measurements. When we
compare these C-V measurements with the higher frequency C-V measurements (supplementary
Figure S5b-f), we observe that the second increase in the capacitance disappears at the higher
frequencies. This frequency dependent behavior supports the hypothesis that charges responsible
for the second increase in capacitance are due to slow charge trapping centers in the device. These

experimental results agree with the mechanism proposed in supplementary Figure S2.
S1.5. Sentaurus simulations

To further validate the proposed mechanism, we have performed TCAD Sentaurus simulations of
the device. We have simulated the carrier transport characteristics of the device using a drift-
diffusion model in Sentaurus TCAD. For the simulations, we have considered a 2D device with
100 um width instead of the 1 mm width of the real device to save simulation resources.
Supplementary Figure S6a shows a schematic of the simulated device. The device has 100 um
thick 5e15 cm™ boron doped p-Si as substrate and a 3 nm thick layer of SiO2 on top of silicon. We
have used a 1e17 cm™ phosphorous doped n-Si as proxy to the TiOx layer underneath the metal

mesh. Then we have used a 1 nm thick semiconductor with 0.01 eV bandgap and an electron
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Figure S6: Sentaurus simulations of the NDR device. (a) Schematic of the simulated device (b)
Simulations showing the effect of charge traps and (c) carrier lifetime in determining NDR behavior for
a trap density of 10" cm™. (d) Sentaurus simulation showing the increased recombination at the trap
states in the NDR regime for trap density of 10" cm™. (e) Modification of the valley current with barrier
height (f) Position dependent illumination and corresponding I-V sweeps (g) Change in Voc with n-Si
doping (h) Modification of NDR behavior as electron affinity of the graphene layer was changed, (i)
Scalability of the NDR device: I-V curve of a 1 um device showing NDR behavior.

affinity of 4.5 eV as a proxy to graphene layer. We have considered a direct tunneling mechanism
between silicon and graphene with adjustable tunnel barrier height. Supplementary Figure S6b
shows the J-V curves calculated for different electron trap densities under illumination of a power
density of 65 mW/cm? at 445 nm wavelength. Tunnel barrier was fixed at 50 meV for these
calculations. As the trap density is increased, we can see the emergence of NDR behavior which
again vanishes when the trap density becomes too large. Supplementary Figure S6¢c shows the

effect of bulk electron lifetime in silicon on the NDR behavior for a trap density of 10'? cm™.
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When the lifetime is short (10 ns), the bulk recombination dominates over the interfacial
recombination, and therefore no NDR is observed. However, NDR is observed when carriers have
a long lifetime (>100 ps) in the bulk and interfacial recombination becomes more prominent.
Supplementary Figure S6d shows the recombination rate at the electron trap states for a trap
density of 10'? cm™ as well as the J-V curve. We can clearly see increase in recombination rate at
the trap states when the NDR regime starts and then we see a subsequent decrease in recombination

rate as NDR regime ends and current starts to increase.

Then we have fixed the electron trap density at 10> cm™ and varied the tunnel barrier height as
shown in supplementary Figure S6e. We can clearly observe the increasing sharpness of the I-V
curves as the tunnel barrier is increased. Then we have simulated for position dependent
illumination with 10 um spot width (supplementary Figure S6f). When the light is shined on the
n-Si region (0-10 um), we cannot observe any NDR behavior. This is consistent with what we
observe experimentally where we also do not observe NDR when light is shined very close to the
metal mesh. As we move further from the n-Si region, we see a decrease in the current which is
also consistent with experimental observations. Since n-Si is used as a proxy to the TiOx layer, we
have varied the doping in n-Si to investigate how that affects the behavior of the device as shown
in supplementary Figure S6g. When the doping is increased, there is an increased electric field at
the junction which causes more electrons to be collected and increases the open circuit voltage of
the device. We have also varied the electron affinity of the graphene layer to see how it affects the
NDR behavior as shown in supplementary Figure S6h. An increasing electron affinity causes an
increased electric field at the depletion region at the silicon/native oxide/graphene interface due to
larger difference in electron affinity of silicon and graphene. As a result, the collection of electrons

at the depletion region improves and current increases in photovoltaic regime. However, when the
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depletion region has a strong electric field, there is a strong pull on the electrons toward the n-Si
region which causes the NDR regime to occur at even higher voltages. In order to investigate the
scalability of the device, we have performed simulation on a device with 1 um width as well. As
shown in supplementary Figure S6i, the 1 um device also shows NDR behavior when illuminated
with 65 mW/cm? optical power density at 445 nm wavelength. However, it will be impractical to
scale the devices below 1 um because of diffraction. While our experimental results show that the
charge trapping states at the silicon/oxide interface are responsible for the NDR behavior, the

TCAD simulations help us quantitatively verify the validity of the proposed mechanism.

S1.6. Responsivity measurements
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Figure S7: Wavelength dependent responsivity measurements



130  S2. Functions implemented by a single ORN
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Figure S8: (a) Schematic of a single ORN (b) Power generated by ORN (c) Normalized fundamental
frequency of oscillation as a function of normalized optical power and applied voltage (d) Normalized
fundamental frequency and amplitude at Vppiica = OV () Oscillation V-t and (f) FFT curves for different
values of normalized optical power. (g) ORN voltage filtered at 28 KHz with different bandwidth and
(h) filtered at different center frequencies with a bandwidth of 200 Hz as a function of incident optical
power. (i) Analytical approximation of simulated behavior.

131  Supplementary Figure S8a shows the schematic of an ORN circuit. The inductor and the intrinsic

132 capacitance of the photodetector creates an LC tank circuit that can be forced into relaxation
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oscillation by the NDR characteristic of the photodetector. The following differential equation

governs the oscillation behavior of the circuit.

szosc AVosc | Vosc Vapplied

dz%sc P L dVosc Vosc V lied
VIC +— |=G(Vpse, P, + = 2rC
dtz PO C ( osc 0) dt [—LC (—LC

Here, G(V,s., P) is the negative differential conductance (NDC) of the photodetector which is

nonlinear to Vosc and can be approximated linear to P via this relation, G(V,,.,P) =

Pi \/% G (Vysc, Pp)- This linear dependence on P holds as long as P > PNpRr, min Where PNDR, min 18 the
0

smallest optical power that allows the device to exhibit NDR behavior. It is noteworthy that choice
of Py is arbitrary since it does not affect the absolute value of G (V,,., P). The equation resembles
that of a generalized Van der Pol relaxation oscillator. Such a nonlinear differential equation does
not have any analytical solution. For an SGM photodetector, G (V, ., Py) and C are both known
quantities as obtained from experimental measurements. An external inductor (L), the incident

optical power (P), and the applied voltage (Vappiied) then determine the oscillation behavior.
Supplementary Figure S8b shows the colormap of power generated (Pye,, = % ) OT Vappliealrdt) at

the voltage source, Vapplied, due to the photovoltaic regime of operation as a function of Vapplied and
P (assuming C = 1 nF and L = 100 mH). Since the photodetector shows NDR behavior only within
-100 mV and 80 mV, the circuit does not show any oscillation at Vapplied < -100 mV and Vapplied >
80 mV. There is a net generation of electrical power (Pgen > 0) at -100 mV < Vapplied < 0 mV and a

net consumption (Pgen < 0) at 0 mV < Vapplied < 80 mV. This is a unique characteristic of SGM
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photodetector which separates it from other photoactivated NDR devices where absence of the

open circuit voltage prevents any electrical power generation from optical power.

While the equation can be solved for individual values of P, L, and C, it is of great benefit to find

a normalized solution to the equation in order to better understand the oscillation behavior of the

ORN circuit. A normalized quantity Pi \/% absorbs the change in P, L, C and therefore leads to a
0

normalized solution. Supplementary Figure S8c shows the colormap of fundamental oscillation

. P L .
frequency (fpeak.1) as a function of Vapplied and o \E where we have considered Po = 1 mW. For
0

Vapplied = OV, Supplementary Figure S8d shows the change in fpeak,1 and oscillation amplitude as a

. P L . . . P L . . .o .
function of > \/; With increasing . \/;, we observe a decrease in fpeak,1 from its pristine harmonic
0 0

1 . .
=. This decrease can approximately be modeled as fpeqx,1 =

oscillation frequency of f; . = P

P

fic <1 —y \/%) = f.c(1 — xP). For Pi \/% ~ 400 £, there is a drastic increase in oscillation
0 0

amplitude marking the onset of the relaxation oscillation. This normalized threshold for oscillation
helps us predict the oscillation behavior for extreme scaling of device area or optical power. When
the device is scaled down to a smaller area, there is a decrease in both P and C for the same optical
intensity. Such a change can be compensated directly by increasing L if P > PNDR, min. Similarly,
when a device operates at a smaller optical intensity and hence a smaller P (> PnpRr, min) for the
same device area, L. can be increased accordingly to ascertain oscillation from the circuit. It is also
important to note that these equations do not consider the effect of parasitic series resistance in the
circuit. When P increases significantly so that the series resistance is smaller compared to the
resistance of the photodetector, the resistive losses in the circuit may prevent the oscillation from

starting. Therefore, the dynamic range for an ORN is determined by the lowest power at which we
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observe NDR (Pnpr, min) and the highest power at which the losses from the series resistance

become too large.

The origin of these results can be understood through analytical modeling of the oscillation
frequency spectra of an ORN. As observed from supplementary Figure S8f, frequency spectrum
of a single ORN can be expressed as a sum of all the frequency peaks, including the fundamental

and the harmonics. We can model these peaks as Lorentzian peaks centered at fpeqx; and of width

Af,.

~ B
VOSC(P’ f) - Zi (f - fpeak,i)z + (Afl')z

A bandpass filtering operation at center frequency f with bandwidth BW gives us the integrated

amplitude contribution.

F+BW /2
~ Bi
Vosc (P, f, BW) = f Zi f = fpear)* + (Af)? Y
f-BW/2
F+BW/2
~ Bi
V:)sc(Prf' BW) = Zi ] (f — fpeak,i)z + (Afl)z @
f-BW/2

Vosc(P, f,BW) = ZiAi}(tan_l (f + BWZQ— fpeak,i> —tan™?! (f - BWZQ— fpeak,i>>

Vosc (P, f, BW) = ,f—}mn‘l(

BW.Af, )
(Bf)? + (f — fpear)* + (BW)?/4

For small arguments of arctan function,

BW.B;
i (Af)? + (f — fpear)* + (BW)?/4

Vosc (P, f,BW) = )
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Here, y; =

BW.B;
i (Af)* + (f — i fic(1 —xP))? + (BW)? /4

Vosc (P, f,BW) = >

BW.B;
Vose (P, f,BW) = > P
l —_
(Af)? + (i.x. fic)? (P — (lLfc—f>> + (BW)?/4
. . LC
Vosc(P, f, BW) =z Vi
i (AP)? + (P — P))?
2
BW.B; o2+ B  fief . .
T AP; = TR and P; = TR The final equation shows that the

amplitude contribution at each center frequency is also a sum of Lorentzian peaks. In addition,

increasing filter bandwidth causes an increase in the peak width (AP;) and increasing the center

frequency causes a shift in these peaks (P;) towards smaller optical powers.

S3. ORN kernel experimental V-t curves for different intensities
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Representative oscillation time series and corresponding frequency spectra for 1x2 ORN



50% intensity, pixel value =1 corresponds to 2.75 mW

7.1 KHz, BW =100 Hz (b) 7.3 KHz, BW =100 Hz (C) 7.5 KHz, BW = 100 Hz (d) 7.7 KHz, BW = 100 Hz

100% intensity, pixel value =1 corresponds to 5. 5 mW

(E) 2.4 KHz, BW = 100 Hz (f) 2.6 KHz, BW = 100 Hz (g) 2.8 KHz, BW = 100 Hz

Figure S10: Experimental results for images processed at different frequencies by the cascaded circuit
when pixel value = 1 corresponds to an optical power of (a-d) 2.75 mW and (e-h) 5.5 mW.

197  S4. Processed images for a 10x10 kernel with nearest neighbor coupling

(a) (b) (c) (d)
28KHz, BW=200Hz ~ 20KHz,BW=200Hz 56 KHz, BW=200Hz 58 KHz, BW = 200 Hz

Figure S11: Simulation results for a 10x10 kernel where only nearest neighbor oscillators are coupled
by an inductance of SH
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SS. Functions implemented by 3x3 ORN kernel

Since the 3x3 ORN kernel takes 9 optical powers (P1, P2, ..., Po) as inputs, it has a 9D input space.
For any image, a pixel intensity range of 0 to 1 can be mapped to an optical power range of 0 to
Pmax. If this range is divided into N linearly spaced points, the total number of input combinations
become N°. For 1x2 kernel case, we considered N = 50 and therefore simulated for 50> = 2500
different combinations of P1 and P>. However, if we were to do the same for 9 oscillators, the
number of combinations become 50° = 2x10'*> which would require an impractically large amount
of time and data storage. As a result, we have adopted a different approach to understanding the
mathematical functions implemented by the circuit at different frequencies. Rather than simulating
over the whole possible input space, we only look at the outputs returned by the input combinations
encountered for the original cat image. Since 9D inputs cannot be visualized the same way as 2D
inputs, we plot the output as colormaps for all 2D combinations of Pi and Pj where 1 < i,j < 9 for
a frequency band centered at 4 KHz with a bandwidth of 100 Hz as shown in supplementary
Figures S12a-i. All the colormaps show output voltage this frequency band within a range of 0 to

0.2V. According to these results, when Pi and Pj average to a value of ~2.5 mW, we see a peak

Pi+Pj

output voltage for the given band. If it were a linear average, i.e., P,,, = , we would observe

this peak surface as a straight line. However, we see a considerable curvature more similar to that

of a circle. As shown in supplementary Figure S13a (lower panel), when we plot the output voltage

. 1
as a function of the root mean square of all Pi (Pgys = /52?=1Pi2), we see a peak around Prms =

2.5 mW with a peak width of ~1 mW. It is important to note that the choice of RMS average stems
from the graphical observation of circular peak surface shape and it is an approximation. This

function essentially causes a subspace of all possible inputs, inputs that average to ~2.5 mW optical
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power, to return higher voltages while returning lower voltages for all other combinations.
Supplementary Figure S13a (upper panel) shows the corresponding processed image due to this

function. This image predominantly detects the edges of the cat. Supplementary Figure S13b

(upper panel) shows the output voltage as a function of Pyirr rys(= \/gE?ﬂ(Pi — P5)?). When

Paiterms 1s small, the pixels that return high voltage are not true edges of the image. On the other
hand, we get the true edges when Puitr.rvs is large. As a result, the processed image is essentially
a combination of both of a background (small Puitrrms) and the edges (large Paitt.rMs) as shown in
supplementary Figure S13b (lower panel). For this frequency band at 4 KHz (200 Hz bandwidth),
the average optical power for peak voltage falls at the 2.5 mW range where the background pixels
are less prominent for this cat image. At different frequency bands, the ORN kernel therefore will
detect edges of different ranges which will come with their own “background.” However, for any
given image, there will be a certain range where such backgrounds are considerably small and we
will be able to get a good edge detection. Such an edge detection method is not universally
applicable since different input images will show better edge detection at different frequency bands

due to the differences in input pixel intensity ranges. On the other hand, a convolution based edge



236  detection operator, such as Sobel operator, will detect edges at all intensity ranges and such a

237  background will not be present there. While this lack of background is advantageous for Sobel
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Figure S12: Output voltage colormaps for different combinations of Py, P»,..., Py for the input image.
operator, it will also return many insignificant edges which then need to be filtered out. It is
difficult to comment on which method is better since definition of edges depends heavily on
application. While more detailed edge detection may be preferred in one application, edges

outlining the object may be more important to another application.
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Figure S13: Output voltage as a function of (a) RMS optical power of all pixels and (b) RMS optical
power difference with the central pixel and corresponding processed images.
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Figure S14: Output voltage as a function of Prys for (a) different center frequencies and (b) bandwidths.

Supplementary Figure S14 shows the output voltages as a function of Prms for different frequency
bands for different bandwidths. Similar to the single oscillator case, a larger bandwidth widens the
peak. Therefore, a frequency band with a larger bandwidth will return higher voltages for more
combinations of input optical powers, allowing a broader range of optical powers to be grouped
together. When a number of continuous pixels are within a similar intensity range, they all return

similar output as if they form the same object, leading to an object segmentation operation. This
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is similar to Otsu’s thresholding approach for object segmentation where the pixel intensities are

thresholded at different intensity ranges to identify the objects within a picture.
S6. Readout layer:

A three-layer simple neural network is constructed for the training and testing. The input layer
contains 49xk neurons where k is the number of frequency samples considered. The hidden layer
consists of 100 neurons with ReLLU activation function and output layer consists of 10 neurons,
each of which indicates the possibility of corresponding classes. The three layers here are fully
connected, suggesting 49000xk synapses or weight values w need to be trained for good
classification. In each training epoch, 8571 input images are used as training images, the other

1429 are used as test images. In the supervised training process, one-hot encoding and the softmax

activation function : ¢,,(I) = € fmé /Z M pE Are used, here ¢ is a scaling factor. And the loss

(or cost) that need to be minimized is calculated by the cross-entropy function: Loss =
—%Z%zl Ymlog [¢,, (I)], where y,, is the label of the input image, M = 10 is the number of

classes. The values of the weight are initially randomly generated from a Gaussian distribution,

dLoss

then updated by gradient descent and backpropagation: w = w — 7 , here the learning rate

n = 0.2. In images testing, the most activated neuron (with the highest output value) is compared
with the label, and the accuracy is calculated by dividing the matched images number with the

testing image number.

S7. LSM details

S7.1 LSM experiments and data handling:
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These experiments use an inductively cascaded array of 9 ORNSs as the liquid layer. An MNIST
image is typically 28x28 pixels. We truncate the image to 21x21 pixels and then divide it into a
7x7 cell matrix of 3x3 pixels. This is similar to sweeping the image with a 3x3 convolutional
kernel with a stride of 3. Then each of these 3x3 pixels cell is physically projected onto the liquid
layer. Oscillation V-t time series is then collected from one of the pixels (7th oscillator of the array
in these experiments) using an oscilloscope. The acquired time series is then transformed to a
frequency spectrum via FFT. The FFT operation is equivalent to performing a bandpass filtering
operation at different frequencies. For these measurements, we chose 1 KHz bandwidth for the
bandpass filter and performed this operation for 100 different frequency bands up to 100 KHz.
Therefore, we get a 7x7 data for every frequency sample, a 7x7x100 data per image, and a total
dataset of size 7x7x100x10000. Then 6/7 part (~86%) of the data was separated as the training
dataset (7x7x100x8571) and the rest 1/7 part (~14%) was separated as the testing dataset
(7x7x100x1429). We have then trained the readout network using 100 different 7x7x8571

datasets and tested them with the corresponding testing datasets.
S7.2 Simulation of the LSM:

Simulation of the LSM requires us to solve the equations governing the dynamics of all oscillators
in the ORN kernel simultaneously. Let V, be the instantaneous voltage across the k™ SGM

photodetector device. Then V}, is updated at each time step using the following equations:
dv,
Ve (t + At) = Vi (t) + d—tk(t) x At

diy g
dt

it +At) = ip,(t) + (t) x At
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avy icr(t)

dr () = C.
dip Vi) = Vi1 (6)
dt © = Ly

L) +igp(t) +ipp(t) =ipp41(0)
lax(t) = 1(Vi ()

Here, iy x , icj , g are the currents through the k'™ inductor, capacitor, and photodetector. iy j is
obtained from a lookup table containing the experimental I-V data for our devices. In addition,
Vi (0) = 0V and i, (0) = 0A for allk, and V(t) = OV and i} 14(t) = 0A for all t. In order to make
sure that the solution is not diverging, we need to consider small enough At appropriate for the
problem at hand. Supplementary Figure S15 shows the circuit schematic for this kernel. Every
time a new 3 X 3 pattern is introduced to the kernel, this system of equations is solved

simultaneously, and the corresponding time series and frequency spectrum is stored.
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Figure S15: (a)Circuit schematic of ORN kernel and (b) current and voltage components

S8. Energy calculation for peripheral circuit

An ORN array requires peripheral circuitry to read the oscillating voltage signals and filter
them into different frequency bands. Power (voltage) in each frequency band mapped across the
ORN array then represents a single feature of the image. There are 3 key components to the
peripheral circuit: (1) amplifiers to isolate the oscillators from the readout circuit and provide
necessary electrical energy to sampler (2) sample and hold circuit consisting of sampling switches
and capacitors and (3) a DFT (discrete Fourier transform) processor that filters the input signal
into frequency bands. An on-chip analog DFT processor can be designed using the radix-2
decimation in time (DIT) FFT algorithm. The radix-2 algorithm can be implemented in voltage,
current or charge domain. However, the charge domain approach has been the most promising one
in terms of energy efficiency of FFT operation. There has been a demonstration of an analog FFT
processor fabricated with CMOS 65 nm technology using charge domain approach that can

perform a 16 point FFT with an energy cost of 12.2 pJ at a sampling speed of 5 GHz'. We can
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scale this approach for 128-point FFT so that the ORN array oscillating signals can be filtered into

64 unique frequency bands and therefore generates 64 different features per oscillator.

A k-point implementation of radix-2 algorithm has %klogzk butterfly operations and each

butterfly operation requires 10 scalar operations. Therefore, the total number of operations in a k-
point FFT is 5klog, k. Scaling a 16-point FFT architecture to a 128-point architecture therefore
increases the scalar operations by 14x. If we use the same design architecture as Ref X, the number
of transistor switches and total switching energy consumption in the processor would then increase
by 14x. On the other hand, the total number of sampling capacitors increases linearly from 256 to
2048. It is noteworthy that the destructive nature of passive computing requires multiple copies of
the same sample. This implementation requires 2 copies per butterfly, 2 copies for complex math,
2 copies for differential input, and 2 copies for quadrature (I/Q) input which makes the total
number of capacitors 2x2x2x2=16 times larger than the FFT points. However, since our signals
are real valued, we can multiplex signals from two oscillators into the same FFT architecture which
effectively reduces the number of sampling capacitors and switches by 2x per oscillator. In
addition, since the quadrature inputs are not available for our signals, we can reduce the number
of sampling capacitors and switches by another 2x per oscillator. However, this also reduces the
number of useful frequency bins by 2x. Therefore, the 128-point FFT would have 512 sampling
capacitors and have a 3.5x larger energy consumption compared to 16 point FFT and bin the signal

to 64 frequency bands.

The choice of sampling capacitor directly depends on the maximum SNR we expect at full scale

(VEs). Our ORN arrays typically have a maximum rms voltage of 0.3V (= Vrs) and the output

. o . . . KT .
reflected noise power contribution for this FFT architecture is ~0.26 v where C is the value of the
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sampling capacitance. In order to compare our results to that of a digital processor, we choose an

SNR-1.76

SNR of 49.92 dB which is equivalent to the SNR of an 8 bit ADC (b = 02

). Then the
sampling capacitance C is given by

SNR 0.26KkT . kgT
C=1010 x ——— = 03976 x 4” x & = 1.2 fF
Vs Vs

Since the energy consumption of 16 point FFT processor is 12.2 pJ/FFT, the total capacitance of

2x12.2x10712

the switching transistors is 17

= 17 pF where Vpbp = 1.2V is the supply voltage for the
transistors. The number of transistors for 16 point FFT is ~5120 and therefore the gate capacitance
of each transistor is 3.31 fF. However, the on resistance of the transistors is given by

w
HUn Cox(f) Ves—Ven)
7.824C

1
UnCox (%) Ves—Vin)

and therefore the maximum switching frequency is

Numerical calculations (supplementary Figure S16) show that the capacitor voltage can settle to
2% of the final voltage within the half cycle of 1 GHz clock for a V5 — V;;, = 0.16V even for the
worst case scenario where the voltage rises from OV to Vrs = 0.3V. Since Vi = 0.3V for NMOS
switches, we can choose a reduced Vpbp = 0.46V with a switching transistor gate capacitance of
Csw = CoxA=0.05 {F for W = L = 65 nm. Here, we will work out the energy consumption for an

example of 128-point FFT processor. For 128-point FFT, the number of transistors would be
3.5%5120 = 17920 and the total switching energy consumption will be 17920 X % X 5x 10717 x

0.46% J=47.171J.

On the other hand, each signal needs to be sampled 128 times using a pseudo-differential sampler

that has 4 transistors. For the same Csw, the switching energy for the sampler is

4 %128 x%x 5% 10-17 x 0.462 ) =27 fJ.
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The sampling capacitors in the FFT processor have to be charged by the oscillator output and this
charging costs an energy of 4 X 128 X % X 1.2 X 10715 x 0.152 J = 6.9 f. Since the oscillators

can have any instantaneous voltage between 0 and 0.3V, an averaged 0.15V was considered for

this calculation.

This brings the total energy consumption of the peripheral circuit to 56.8 fJ. Since the FFT
processor generates 64 outputs and each convolution operation for a 3x3 kernel is equivalent to 17
operations, the energy cost becomes 56.8/(64x17) fJ/OP= 0.0522 {J/OP and the processor
performance is 1/0.0522 Ops/J = 19159 TOPS/W. Supplementary Figure S16 shows the processor
performance and switching speed as a function of Vpp in the switching MOSFETs. At a reduced

operation frequency of 1 MHz, the projected performance increases to 42211 TOPS/W.
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Figure S16: Performance and maximum switching speed as a function of MOSFET Vpp.

365 Extended Table S1 shows the performance comparison between different NPUs and general

366  purpose neural engines.

367

Normalized

applfilc)g:ion Type Comment bits l;g}?;;‘ég TOIl;iSt/s\)V @8
VMM? Digital NN accelerator 8 1.7 1.7
MAC macro® Digital Mobile SoC 8 11.5 11.5
VMM* Analog RRAM 6 9 5.06
VMM?® Digital 3D-RRAM 8 8.32 8.32
VMM® Digital RRAM 4 36.61 9.15

; Magnetic
VMM Analog RRAM 1 405 6.33
Logic gate® Digital 2D neuristor 1 622.35 9.72
Analog to

information Analog In-sensor NN 8 43.5 43.5

conversion’



VMM !0
VMM!!
MAC macro'?
VMM
VMM 4
ReRAM
write"

VMM!®

Arithmetic
logic!’
VMM

VMM

VMM

VMM?'!
VMM?*

SNN%

Combinatorial
problem
solving?*

MAC macro®

MAC macro®

MAC macro?’
MAC macro?®
Image
denoising %
Image
filtering®®
MAC macro®!
Data
buffering
macro>?
MAC macro®?

VMM

General
purpose

Digital
Analog
Analog
Digital
Digital

Analog
Digital
Digital

Mixed

Analog

Digital

Digital
Digital

Mixed
Analog

Digital
Analog

Analog
Digital

Digital

Digital
Digital

Digital
Digital

Analog

Digital

SRAM
RRAM
DRAM
SRAM
BNN accelerator

RRAM

DNN learning
processor
Superconducting
logic devices
NN accelerator
Si-
CMOS/CAAC-
1GZO based
memory
Stochastic NN
accelerator
BNN accelerator
BNN accelerator
Mixed mode
spiking neuron

Binary RRAM

SRAM
SONOS
memory

SRAM

SRAM+DRAM

SRAM

SRAM
SRAM

SRAM

SRAM
Ferroelectric
tunnel junction
memristors

NVIDIA A100

—_— N =N

351
78.4
217
885.86
223

66.5

146.52

120

161.6

210

75

617
198.9

124.2

2000

63
100

177
1220

513

389
30.3

43

20943

100

4.992

87.75
1.23
54.25
13.84
3.48

16.63

146.52

120

40.4

118.13

75

9.64
12.43

31.05

31.25

63
100

44.25
19.06

0.8

6.08
30.3

10.75

327.23

25

4.992



368

369

370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397

General

Digital Google TPUv4 1.432 1.432
purpose
General Digital Apple al6 2.67 2.67
purpose Bionic
General Huawei Da
Digital Vinci Ascend 2 2
purpose
310
General . . Qualcomm
purpose Digital Snapdragon 865 4.5 4.5
Nonlinear
convolution
(3x3 kernel) Analog ORN 50-67000 50-67000
(This work)
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