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Supplementary Note 1: Energy consumption estimation

When operating our NVMs to process the data, the energy consumption arises from two main
processes: 1) Programming: gate pulses Vs are applied to program the memory weights; ii)
Data processing: analog source-drain pulses Vg are applied to perform multiply-accumulation
processing of the data.! We now discuss the energy consumption of these two processes:

e Programming
The energy consumption of one single memory weight programming can be estimated by
Eprogramming = Vgs X Igs X toulse-

Using our multi-state pulsed memory weight programming method (Fig. 21 and Fig. S5), the
duration of each pulse is set as 500 ns, the maximum operating voltage Vys is 7.5 V, and the
corresponding gate current g5 is 1.06 x 10° A (read from the transfer characteristics).
Therefore, we estimate the energy consumption for one single weight programming as

Emax programming = 7-5 X 1.06 X 1072 x 500 x 1077 = 3.98 x 10715 ] = 3.98 f].

e Data processing
During data processing, no Vs pulses are applied after the programming, and analog V4 pulses
are applied. To process one single bit of data, the energy consumption can be estimated by
Edata processing — Vds X Ids X tpulse-
In our demonstration (Fig. S6-7), the data processing is at a frequency of 1 MHz, the duration
of one single bit is 1 ps, the on-state conductance of our NVMs is 30.8 uS (read from the
memory weight programming, Fig. 2i), and the corresponding current is 3.08 x 10 A at the
maximum input voltage of 1 V. Therefore, we estimate the energy consumption for processing
one single bit as
Emax,data processing = 1 X 3.08 X 107°x1x107%=3.08%x10711] =30.8p].

Therefore, based on the above estimations, the energy consumption of our NVMs is ~3.98 fJ
for memory weight programming and ~30.8 pJ for data processing.
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54
55  Figure S1. UV-Vis-NIR absorption spectra of the CNT and sorting polymer PCz solutions.
56  The S33 and S22 peaks prove successful sorting of the semiconducting single-walled CNTs by

57  the sorting polymer PCz.?
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Figure S2. NT thin film eposition. (a) CNT film deposition on 4-inch SiO2/Si wafer by dip

coating of the PCz sorted CNT solution. (b) Scanning electron microscopic (SEM) image of

the CNT film on SiO2/Si wafer, showing uniform CNT film with high density. Scale bar — 1

pm.
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Figure S3. Microscopic characterization of the CNT NVMs. (a) Schematic structure of the
CNT NVM devices. (b) Optical microscopic image of a typical NVM device in crossbar array,
and (c) atomic force microscopic (AFM) image of the CNT channel. Scale bars — (b) 100 pm,
(c) 200 nm.
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Figure S4. Long-term memory retention of the CNT NVMs under pulsed gate voltage
signals. Long-term memory retention of a typical NVM device under one single gate pulse Vg

in (a-c) negative amplitudes and (d-f) positive amplitudes. The gate pulse Vg settings are
shown in (b) and (e). The drain-source pulses Vg4, are set as 0.5 V DC in all the tests. (a, d) The
retention behavior during the initial 0 to 20 s. (c, f) The stabilized retention behavior during the
final 190 to 200 s. The tests prove a long-term memory retention of our CNT NVMs.
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Figure SS. Pulse train of gate voltage signal V¢ to program the memory weight of the
CNT NVMs. (a) Pulse train Vg, and (b) the detailed pulsed signal parameter and the memory
weight read operation. The drain-source pulses Vg4, are set as 0.5 V DC in the tests. The pulse
train Vs enables linearity and symmetry in the potentiation and depression operations of our
CNT NVMs.
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Figure S6. Response of the CNT NVMs. (a) 10-cycle response of a typical NVM device under
drain-source pulses V4 of 0.2 V amplitude at a frequency of 1 MHz, and (b) the detailed rising
edge of the output, showing the response delay and switching time are ~23 ns and ~53 ns,
respectively, proving a high data processing speed of our CNT NVMs. During the test, the
NVM is programmed at the initial memory weight state.
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Figure S7. Endurance test of the CNT NVMs. A train of alternatively switching paired
pulsed source-drain voltage signal Vs of +/- 0.5 V is applied to the drain terminal. The pulsed
signal frequency is 1MHz, corresponding to a data processing speed of 1 Mbit/s. During the
test, the device is programmed at the initial memory weight state. The device undergoes 107
consecutive pulsed cycles. The current outputs I in positive and negative amplitudes to the
paired pulsed V4 signals in each of the cycles are shown as the blue and green dots,
respectively, and the corresponding conductance are shown as the red and orange dots,
respectively. The stable memory (i.e. the conductance) behavior under the alternatively
switching paired positive and negative pulsed V44 signals proves that our CNT NVMs can
undergo stable data processing without shifting the memory weight.
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Figure S8. Experimental inputs and outputs of spatial transformation of the 3D model
shown in Fig. 3c. (a) x-, y-, and z- input signals of a total of 837 coordinates of the 3D model.
(b) Output signals to the coordinates after the identical spatial transformation operation (i.e. 0°
rotation around the x- y- and z-axes). The nearly identical output waveforms with input in (a)
proves successful spatial data processing. (¢) Output signals to the coordinates after 90° rotation
operation around the x-axis. The amplitudes in (a) correspond to the coordinate values of the
model. The amplitudes in (b) and (c) are output voltages corresponding to the coordinate values
after spatial transformation. The output voltages are sampled according to the input frequency
intervals, and are then normalized and reconstructed to output the coordinate values. The gray
regions in (a), (b) and (c) correspond to the regions presented in Fig. 3¢ (1-3), respectively.
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Figure S10. Distribution of pixel intensity in Fig. 4b. The distribution of pixel intensity in
(a) input frame 1 and (b) frame 99, and in the edge detected (c) output frame and (d) frame 99.
The distributions of the input frames in (a) and (b) show broader intensity spectra, with the
intensities distributed relatively evenly. After edge detection, most non-edge areas are assigned
a value of “0”, while a small number of pixels at the edges are assigned “1”, as shown in Fig.
4a. This process compresses the distribution spectra and pushes for stronger pixel intensities,
as shown in (c) and (d). In addition, as demonstrated, the standard deviation of the pixel
intensity decreases significantly, proving the effectiveness of the edge detection using our
tensor core. Note that, due to the design of our back-end circuits, the output readout voltages
are negative and as such, the reconstructed images show inverted intensity: the edges appear
dark and the non-edge regions bright, opposite to the typical algorithm output. This inversion
does not affect the effectiveness of edge detection.

Page 12 of 27



128
129

130
131
132
133
134

135

136
137
138
139

140

141
142
143
144

: 1351-0.32 -0.47|-3.20 =-2.1:F -3.04 (-0.57 -0.68 -0.73 -0.67 -0.64 ? 1701-0.42 -0.46 -0.62 -0.71 -0.76 -0.81 -0.77 -0.70 -0.65 -0.58

-0.35 -0.26(-2.97 E:REN -3.04|-0.35 -0.76 -0.75 -0.70 -0.70 -0.71 -0.70 -0.55 -0.54 -0.61 -0.74 -0.75 -0.74 -0.69 -0.67

-0.38 -0.22(-2.22 & -0.68 -0.66 -0.71 -0.68 -0.71 -0.55 -0.56 -0.53 -0.61 -0.54 -0.46 -0.34 -0.34 -0.35 -0.33

1381-0.33 -0.21|-1.50 1l -1.15 -0.83 -0.80 -0.81 -0.78 1731-0.37 -0.43 -0.41 -0.47 -0.53 -0.50 -0.43 -0.46 -0.47 -0.44

- -0.30 -0.28 -0.95 6 -1.15 -0.90 -0.74 -0.55 -0.56 - -1.35 -1.35 -1.27 -1.15 -1.10 -1.08 -1.15 -1.43 -1.69 -1.83
& &

-0.35 -0.34 -0.62|-2.60 E:kER -2.69-0.20 -0.42 -0.67 -0.65

1411-0.33 -0.36 -0.49|-1.84 -0.71 -0.67 -0.54 176 {-2.35 -2.52 -2.59 -2.69 -2.60 -2.49 -2.36 -2.33 -2.24 -2.05
-0.35 -0.33 -0.48 -1.45} " 23 -1.91/-0.78 -0.39 -0.67 -0.31 -0.26 -0.32 -0.31 -0.37 -0.30 -0.32 -0.36 -0.29 -0.24
-0.40 -0.42 -0.46 -1.09 SVl -2.16 -2.44 -1.53|-0.47 -0.54 -0.53 -0.62 -0.65 -0.62 -0.52 -0.52 -0.40 -0.37 -0.38

144 {-0.43 -0.38 -0.41 -0.86|-3.02 =¢ -2.99|-0.23 -0.55 -0.36 1791-0.31 -0.26 -0.25 -0.25 -0.23 -0.22 -0.25 -0.19 -0.21 -0.22
389 392 395 398 360 363 366 369

Pixel Pixel

Figure S11. Experimental edge detection output heatmaps of frame 99 shown in Fig. 4c.
An area of 10 x 10 pixels is used to evaluate the (a) vertical and (b) horizontal edge detection
from 11 x 11 pixels input using our analog tensor core. The values presented in the heatmaps
are the output voltages (V,,;) from the tensor core, and the edges detected are enclosed by the
red outlines. To evaluate the detection performance quantitatively, we estimate the signal-to-
noise ratio (SNR) using

SNR (dB) — 20l0g10(MEdge_#baCkground)’

Obackground
where fleqge 18 the averaged Vo, in the edge region, while fiy,crground 18 the averaged Vi in
the non-edge region, and 0y, crground 18 the standard deviation (s. d.) of the Vj, in the non-
edge region. The SNR is estimated as 22.69 dB for region (a) and 22.64 dB for region (b),

respectively. In addition, dynamic range is also used to evaluate the edge detection,
VmaX)

Dynamic range (dB) = 20log;,(

Vmin

where V.« 1s the maximum V,,, in the whole region, while V,y,;, is the minimum V. The
dynamic range is estimated as 30.13 dB for (a) and 27.85 dB for (b), respectively. The SNR
and dynamic range, approaching the industrial application standard, prove the ability of our
analog tensor core in performing efficient, low-pression edge detection scenarios at edge.
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Figure S12. Experimental input and output comparison in edge detection of frame 99
shown in Fig. 4c¢. (a-b) The input frame. (c-d) The output frame after the edge detection
operation using our analog tensor core. An area of 11 x 11 pixels of the input frame is used for
the comparison, and the corresponding output frame is presented in 10 % 10 pixels. The values

presented are the grayscale values of each pixel, i.e. pixel intensity, I,,. The red lines in (c-d)
enclose the vertical and horizontal edges detected in the output frame, respectively, and those
in (a-b) mark the corresponding edges in the vertical and horizontal direction the input frame,
respectively. Mean contrast in pixel intensity is introduced to evaluate the edge detection,

Contrast = %Zﬁ=1(1n’left — I rignt) for vertical edge detection,

or alternatively, Contrast = %Zﬁﬂ(ln,up — I} pottom) for horizontal edge detection,

where the differences in I, of each pixel on both sides of the edges are averaged and evaluated.
A larger mean contrast means that the edges are more determined from the neighboring pixels.
As estimated, the mean contrast of the input frame is 81.27 for (a) and 55.18 for (b), while the
mean contrast of the corresponding output frame is 116.17 for (c) and 80.95 for (d). The
substantial increments in the mean contrast of (c-d) indicate that the edges are well detected by
our analog tensor core.
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163
164  Figure S13. Visualized experimental edge detection of the video flow shown in Fig. 4e. (a)
165  Input and (b) the reconstructed edge detection output of the video flow frame 86 to 135. The
166  edges are clearly detected when the object passes during frame 105 to 109. See Movie S2 for
167  the edge detection.
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Figure S14. Experimental real-time edge detection output heatmaps of frame 105 (a) and
frame 108 (b) shown in Fig. 4e. An area of 9 x 9 pixels is used to evaluate the real-time edge
detection from 10 x 10 pixels input using our analog tensor core. The values presented in the
heatmaps are the output voltages (V,,;) from the tensor core, and the edges detected are
enclosed by the red outlines. The SNR is estimated as 10.76 dB for frame 105 (a) and 13.55
dB for frame 108 (b), respectively. The dynamic range is estimated as 22.78 dB for frame 105
(a) and 22.47 dB for frame 108 (b), respectively. This proves the ability of our analog tensor
core in performing efficient, low-pression real-time edge detection scenarios at edge.
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Figure S15. Experimental input and output comparison in real-time edge detection of
frame 105 and frame 108 shown in Fig. 4e. (a-b) The input frames. (c-d) The output frames
after real-time edge detection operation using our analog tensor core. An area of 10 x 10 pixels
of the input frames is used for the comparison, and the corresponding output frames are
presented in 9 x 9 pixels. The values presented are the grayscale values of each pixel, i.e. pixel
intensity, I,,. The red lines in (c-d) enclose the edges detected in the output frames, respectively,
and those in (a-b) mark the corresponding edges in the input frames, respectively. As estimated,
the mean contrast of the input frames is 86.5 for frame 105 (a) and 69.6 for frame 108 (b),
while the mean contrast of the corresponding output frame is 149.56 for frame 105 (c¢) and
160.44 for frame 108 (d). The substantial increments in the mean contrast of (c-d) indicate that
the edges are well detected by our analog tensor core in real-time.
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Figure S16. Experimental edge detection outputs of 9 selected pixels in the video flow
shown in Fig. 4f. The peaks represent the detected edges of the corresponding pixels in the
video flow. The coordinates represent the selected pixels. The results here show the first 50
frames of the video flow. Each frame is processed in a time scale of 0.1 ms. The output voltages
are sampled according to the input frequency intervals, and are then normalized and
reconstructed to output the pixel intensity values. The gray region corresponds to the regions
presented in Fig. 4f.
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Figure S17. Visualized k-matrix (i.e. matrix of the spatial operators) of the viewfield
distortion correction task shown in Fig. 5a. (a) Mapping of the scale values of the A-matrix
across the viewfield. (b) The general formular of the k-matrix, where the scale value variates
at the specific pixel across the viewfield, and the Cy and C, are the constants corresponding to
the fisheye lens configuration. Across the k-matrix, the scale value is solved by the distortion
correction arithmetic as reported in ref. 3. €, and Cj, are 4 and -3, respectively, according to the
configuration of the fisheye lens. (¢) Four specific A~~-matrix units (i.e. spatial operators) at four
specific locations across the viewfield. The four locations are shown in (a).
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Figure S18. Tensor processing workflow using our CNT tensor core. The input image as
shown in (a) is processed in (b) parallel tensor processing to perform the distortion and edge
detection tasks. The images after the parallel distortion and edge detection operations are then
combined to render the viewfield-corrected edge detection image shown in (c¢). The combined
result is cropped at the edges for the convenience of viewfield-correction representation.
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Figure S19. Distribution of pixel intensity in Fig. Sb. The distribution of pixel intensity in
(a) the fisheye capture input and (b) the edge detected output. The standard deviation of the
pixel intensity decreases significantly from 65.32 to 45.68, proving the effectiveness of the
edge detection using our tensor core.
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Figure S20. Selected areas for quantifying the parallel tensor processing shown in Fig. Se
and f. The 36 areas of the (a) fisheye capture are marked with yellow lines for quantifying the
(b) distortion correction and (c) edge detection, respectively. The corresponding results are
marked with red lines for distortion correction in (b), and grayscale lines for edge detection in
(d). To quantify the distortion correction, we select the regions that are expected to be straight
lines in the real world. For each region, we apply the least squares method to fit the set of points
before and after correction, and then measure its deviation from the ideal straight line. The
deviation is quantified as the mean absolute error (MAE), defined as the mean of the
perpendicular distances from each point to the fitted line:

_ |kxi—yi+b|

T VkZ41

MAE = -3, d;,

d;

where (x;, y;) represents the coordinates of each point, and k and b are the slope and intercept
of the fitted line, respectively. By comparing the MAE values before and after correction, we
can quantitatively assess the improvement in the straightness and thus, the effectiveness of the
distortion correction. The mean MAE of the 36 areas decreases from 2.84 to 0.45 (Fig. 5g),
proving an efficient distortion correction. To quantify the edge detection, we select the regions
with edges, and calculate the mean contrast via the method described in Fig. S12. Note that, to
minimize the impact of the inaccurate manual line placement and complex surrounding edges
on the accuracy of the quantitative results, we calculate the edge strength as the mean intensity
across a three-pixel-wide line centered on the selected edge segment (i.e., averaging one pixel
on each side of the edge). For the non-edge regions, we average the intensities of five pixels
on each side of the edge segment. This approach enables a more accurate measurement of mean
contrast across the edge. The effectiveness of edge detection can then be quantitatively assessed
by the observed increase in contrast (from 32.67 to 66.22) after edge detection.
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Figure S21. Large-scale image processing in autonomous driving using our CNT analog
tensor core via simulation. (a) Schematic omnidirectional perception in autonomous driving.
The front, left, back, and right sides of visual information are captured from the corresponding
fisheye cameras. (b) Omnidirectional visual information perception, accomplishing parallel
distortion correction and edge detection tasks using our analog tensor core. The outputs from
distortion correction and edge detection are subsequently combined to output the viewfield-
corrected edge detection images. Note that, as the parameters of the fisheye cameras are
different in the front, left, back, and right four sides, the k-matrixes in each sides are adjusted
accordingly in the distortion correction task.*
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Figure S22. Object recognition after the large-scale tensor processing using our CNT
analog tensor core. The object recognition results in the (a) front, (b) left, (c) back, and (d)
right view of the street after the distortion correction and edge detection tensor processing. The
cars and bicycles are accurately recognized with high confidence, proving the effectiveness of
performing tensor processing using our analog tensor core.
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Table S1. Error evaluation of spatial transformation in Fig. 3b-c, (2). To quantitively
evaluate the identical spatial transformation (i.e. 0° rotation around the x- y- and z-axes) of the
5 selected points in Fig. 3b-c, (2), we present in the table the coordinates of the inputs and
outputs, respectively, and the estimated percentage error (PE) and relative Euclidean error
(REE). PE is estimated by PE = |cOutput - cinput| / |cinput| X 100%, where c represents the
coordinates of the inputs and outputs along the x- y- and z-axes. RPE is estimated by REE =
D /Ainput X 100%, where A ¢ 1s the magnitude of the coordinate vector, and D is the

Euclidean distance, D= \[(xoutput - xinput)z + (YOutput - yinput)z'l'(zoutput - Zinput)z .
PE evaluates the spatial transformation error at an individual coordinate along the x- y- and z-
axes, and REE evaluates the overall error of the spatial transformation. As estimated, PE is
<0.73% and REE is <1.12% for the 5 selected points. PE and REE for the 867 coordinates of
the 3D model are <1.47% and <2.81%, respectively, proving the high accuracy spatial
transformation performed using our CNT tensor core.

Input Output PE REE
Points
X y z X’ y’ z X-axis y-axis z-axis —
1 0.160 0.700 0.715 | 0.163 0.696 0.713 | 0.42% 0.42% 0.15% | 0.61%
2 0.097 0.786 0.181 | 0.096 0.781 0.188 | 0.04% 0.55% 0.73% | 1.12%
3 0.198 0.948 0.442 | 0.200 0.944 0.442 | 0.14% 0.40% 0.00% | 0.40%
4 0.440 0.284 0.627 | 0.437 0.278 0.623 | 0.23% 0.52% 0.41% | 0.87%
5 0.182 0.195 0324 | 0.183 0.197 0.322 | 0.13% 0.14% 0.21% | 0.67%
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Table S2. Error evaluation of spatial transformation in Fig. 3b-c, (3). To quantitively
evaluate the 90° rotation around the x-axis of the 5 selected points in Fig. 3b-c, (3), we present
1) the calculated (cal.) values for the expected coordinates of x-axis 90° rotation, ii) the output
values for the remapped coordinates from the experimental results, and iii) the estimated PE
and REE in the table. As estimated, PE is <0.68% and REE is <1.06% for the 5 selected points.
PE and REE for the 867 coordinates of the 3D model are <1.48% and <2.39%, respectively,
proving the high accuracy spatial transformation performed using our CNT tensor core.

Cal. x-axis 90° Output x-axis 90°
PE REE
Points rotation rotation
X y z X’ y’ VA X-axis y-axis z-axis —

0.160 0.285 0.700 | 0.161 0.287 0.693 | 0.07% 0.20% 0.68% | 0.92%
0.097 0.819 0.786 | 0.094 0.814 0.784 | 0.29% 0.57% 0.28% | 0.61%
0.198 0.558 0.948 | 0.197 0.557 0.946 | 0.17% 0.16% 0.24% | 0.30%
0.440 0.373 0.284 | 0.435 0.376 0.279 | 0.44% 0.26% 0.45% | 1.06%
0.182 0.676 0.195| 0.180 0.678 0.194 | 0.19% 0.15% 0.09% | 0.36%
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