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In-sensor computing has emerged as an ultrafast and low-power technique for
next-generation machine vision. However, in situ training of in-sensor computing
systems remains challenging due to the demands for both high-performance
devices and efficient programming schemes. Here, we experimentally demon-
strate the in situ training of an in-sensor artificial neural network (ANN) based on
ferroelectric photosensors (FE-PSs). Our FE-PS exhibits self-powered, fast (<30
ps), and multilevel (>4 bits) photoresponses, as well as long retention (50 days),
high endurance (10°), high write speed (100 ns), and small cycle-to-cycle and
device-to-device variations (-0.66% and ~2.72%, respectively), all of which are
desirable for the in situ training. Additionally, a bi-directional closed-loop pro-
gramming scheme is developed, achieving a precise and efficient weight update
for the FE-PS. Using this programming scheme, an in-sensor ANN based on the
FE-PSs is trained in situ to recognize traffic signs for commanding a prototype
autonomous vehicle. Moreover, this in-sensor ANN operates 50 times faster than
a von Neumann machine vision system. This study paves the way for the
development of in-sensor computing systems with in situ training capability,
which may find applications in new data-streaming machine vision tasks.

Conventional von Neumann machine vision systems, composed of
physically separated image sensing, memory, and processing units, are
becoming time and energy inefficient in time-critical applications like
autonomous driving. A promising solution to this problem is the
recently emerging in-sensor computing technique'”. In this technique,
visual information is directly processed within image sensors, resulting
in significantly reduced latency and energy consumption. So far a
variety of in-sensor computing systems, mimicking both the low-level

(e.g., contrast enhancement and noise suppression)®® and high-level
(e.g., recognition and classification)’? image processing functions of
human visual systems, have been demonstrated. Among them, in-
sensor artificial neural networks (ANNSs), consisting of interconnected
programmable photosensors with tunable photoresponsivities
(weights), are of particular interest because they can realize real-time
image sensing and recognition’ ™%, Such capability is highly
demanded for the time-critical applications.
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Notably, most previous studies implemented the in-sensor ANNs by
using ex situ training” >, where weights are computed by software
models deployed on digital computers and, then, programmed into the
hardware (Fig. 1a). By contrast, in situ training, where weights are
updated directly in the hardware (Fig. 1b), was rarely implemented for
in-sensor ANNs’". In fact, the in situ training is increasingly seen as a
more efficient approach due to its advantages as follows> 7. First, the
in situ training enhances the area and energy efficiencies of the hard-
ware because it avoids the use of additional digital computers. In addi-
tion, the in situ training can tolerate some device non-idealities (e.g.,
stuck fault and device-to-device variation) owing to the self-adaptive
weight adjustment, thus resulting in improved training performance.
Besides, the in situ training empowers the system with an online learning
capability, which is important for handling new data-streaming scenar-
ios like autonomous driving.

Nevertheless, the in situ training places high demands on the
device performance. Specifically, nonvolatile multilevel weights, linear

and symmetric weight update, fast write and read speeds, high
endurance, and small variations are typically required by the in situ
training”. However, the existing programmable photosensors’"
struggle to satisfy all of these performance requirements. In addition,
the in situ training also demands an efficient programming scheme for
weight update”*°. While the programming schemes for in-memory
ANNSs have been extensively studied® >, there is a lack of research on
identifying efficient programming schemes for in-sensor ANNs. The
demands for both high-performance devices and efficient program-
ming schemes pose a significant challenge to the implementation of
in situ training on in-sensor ANNSs.

Here, we experimentally demonstrate the in situ training of an in-
sensor ANN based on ferroelectric photosensors (FE-PSs) using a bi-
directional closed-loop (BD-CL) programming scheme. The FE-PS is a
programmable photosensor which operates through polarization
control of photoresponsivity. It has been recently exploited as a
building block of an in-sensor ANN, referred to as the ferroelectric
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Fig. 1| Concepts of ex situ training and in situ training. Schematics illustrating a ex situ training and b in situ training on in-sensor ANNs. This figure highlights the major
advantages of the in situ training, including avoiding the use of additional digital computers, incorporating self-adaptive weight update, and being able to handle new data.

Nature Communications | (2025)16:421


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-024-55508-z

a

@Pbz  @Ti*/Zr** @0

o
—h

C
TV
200 100l 14v
«— 1.8V
—_ £ 22V
© S 2.4V,
o (@)
(2] 3
s 2
) c
z 5
[0} =
72} ©
@ N
= =
o <
[e]
o
-100

<
-
3

Current (nA)
o

N
o
.

+1V
+1.4 V!

Polarization (uC/cm?)
o

—+1.8V

0 1 2 3

-100} 422V — 424V —+26V
— 429V —+32V —+35V
Dipole® | /0% | &
Voltage (V) PZT 1
e
AV 14V —-18V]
100 22V —-24V —-26V!
& —-29V
5 32V
5 90f—-3sv 15
= —
5 of----fN> -
B¥ : g0
T - ' =
E 50 i S
-100 State I } -15
-3 -2 -1 0 -0.5 0.0 05
Voltage (V)

Fig. 2 | Tunable polarization and photoresponse in FE-PS. a Schematic of the
device structure of the Pt/PZT/SRO FE-PS. b PFM phase image after writing a box-in-
box pattern (outer: +5V; inner: -5 V) on the bare PZT film. V,,-dependent ¢ bipolar,
d positive monopolar, and e negative monopolar P-V hysteresis loops for the
device. f Top and bottom panels: illuminated /-V curves measured after applying
positive and negative pulses with different V,,, respectively. Middle panel:
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schematics of the different polarization states corresponding to the different V,,
which produce photocurrents with different magnitudes and directions. These
schematics are drawn based on the results in (d, e). In (d-f) and anywhere else, the
States I to IV refer to the full P, half P, near-zero-polarization, half Pyqyn, and full
Pgown States, respectively.

photosensor network (FE-PS-NET), which demonstrates capability to
implement real-time image sensing and recognition'®*°. However, the
in situ training of the FE-PS-NET remains unexplored hitherto, leaving
uncertainty about whether the performance of the FE-PS is sufficient
for the in situ training. We first show that the FE-PS with a device
structure of Pt/Pb(Zrg,Tio.g)O5 (PZT)/SrRuO3 (SRO) exhibits symme-
trically switchable photovoltaic responses as controlled by the rema-
nent polarization. Besides, the FE-PS displays outstanding
performance critical for in situ training, including self-powered, fast
(<30 ps), and multilevel (>4 bits) photoresponses, as well as long
retention (50 days), high endurance (10°), high write speed (100 ns),
and small cycle-to-cycle (C2C) and device-to-device (D2D) variations
(-0.66% and -2.72%, respectively). Then, a BD-CL programming
scheme is developed, achieving a precise and efficient weight update
for the FE-PS. Based on the high-performance FE-PSs and the BD-CL
programming scheme, we demonstrate that the FE-PS-NET is capable
of being trained in situ to recognize traffic signs for commanding a
prototype autonomous vehicle. Besides, the trained FE-PS-NET also
exhibits high reliability (retaining 100% recognition accuracy for up to
50 days), high inference speed (50 times faster than a von Neumann

machine vision system), and zero energy consumption for inference
(excluding contributions from peripheries). These results, therefore,
showcase that the FE-PS-NET is a promising candidate for the devel-
opment of in-sensor ANNs with in situ training capability.

Results

High-performance ferroelectric photosensors

Figure 2a schematically illustrates the device structure of our FE-PS,
consisting of an epitaxial ferroelectric PZT film sandwiched between
top Pt and bottom SRO electrodes. The detailed fabrication processes
of the Pt/PZT/SRO FE-PS are presented in the “Methods” section. The
Pt electrodes are ~10 nm thick and ~200 pm in diameter. The PZT and
SRO layers (thicknesses: ~120 and ~40 nm, respectively) are epitaxially
grown on the STO substrate. The high epitaxial quality of the PZT/SRO
film is revealed by the X-ray diffraction (XRD) results (Supplementary
Fig. S1) and transmission electron microscopy (TEM) images (Supple-
mentary Fig. S2). The atomic force microscopy (AFM) image (Supple-
mentary Fig. S3a) shows a smooth surface of the PZT film with a small
root-mean-square roughness of ~440 pm, further confirming the good
film quality. The piezoresponse force microscopy (PFM) imaging
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(Fig. 2b) and hysteresis loops (Supplementary Fig. S3b) demonstrate
the ferroelectricity of the PZT film. The high-quality ferroelectric PZT
film provides a prerequisite for the manipulation of polarization and
photoresponsivity in the Pt/PZT/SRO FE-PS.

The polarization switching behavior in the Pt/PZT/SRO FE-PS is
characterized by measuring bipolar and monopolar polarization-
voltage (P-V) hysteresis loops. In these measurements, the voltage is
applied to the top Pt electrode while the bottom SRO electrode is
grounded. The applied voltage pulses have a fixed width (0.15 ms) and
varied amplitudes (V},). The measured V,,-dependent bipolar P-V loops
are shown in Fig. 2c. The loop begins to open when V, reaches 2.2V. As
V,, continues to increase, the loop grows larger, eventually becoming
nearly saturated at V,=2.9V. The saturated P-V loop displays a
remanent polarization (P;) as large as ~80 pC/cm?, consistent with the
P; values of high-quality epitaxial PZT films**. In addition, the satu-
rated P-V loop exhibits almost no voltage offset, suggesting that
imprint field in our device is negligible. Because the imprint field is
often defect-induced® >, its absence in turn implies the high quality of
the PZT film.

Figure 2c also demonstrates that multiple intermediate polariza-
tion states can be accessed by applying V,, in the range of 1.8-2.9 V. To
further verify the accessibility of intermediate polarization states,
monopolar P-V loops are measured. Before measuring each mono-
polar P-V loop, a full polarization up (Pp) or down (Pgown) State is
preset by applying a -3.5V or +3.5V pulse, respectively. As shown in
Fig. 2d, the device remains in the full P, state (~~80 pC/cm?) when
applying positive pulses with V, <+1.8 V. By increasing V,,, the device
enters into 3 distinct intermediate states: half P, (-—40 uC/cm?), near-
zero-polarization, and half Pyown (-+40 pC/cm?), at Vj, =+2.2, +2.4, and
+2.6 V, respectively. Further enhancing V;, to +2.9 V and above results
in the full Pyown State (-+80 pC/cm?). Conversely, applying negative
pulses with increasing V}, can switch the device from the full Pgown State
to the full P, state gradually (Fig. 2e). Notably, the up-to-down and
down-to-up polarization switching processes are rather symmetric,
benefiting from the aforementioned absence of imprint field. In addi-
tion, the loops in Fig. 2d, e feature relatively flat tops and bottoms,
respectively, suggesting that the polarizations are nonvolatile when
external voltages return to zero. The polarization nonvolatility is fur-
ther verified by the retention test, where a long retention time of at
least 24 h is observed (Supplementary Fig. S4).

The outstanding polarization switching characteristics exhibited
by the Pt/PZT/SRO FE-PS, including large P,, symmetric switching,
multi-states, and nonvolatility, make it a promising candidate for
investigating the polarization-modulated photovoltaic behavior. We
first write the device into a specific polarization state by applying a
-3.5V (+3.5V) preset pulse followed by a positive (negative) pulse V,
(the protocol is the same as that used in Fig. 2d,e). In each polarization
state, the current-voltage (/-V) characteristics are measured under
365 nm ultraviolet (UV) illumination. Note that this light wavelength
agrees well with the bandgap of PZT (-3.6 eV)**%*. Hereafter unless
otherwise specified, the applied light intensity and corresponding
optical power (i.e., light intensity times electrode area) are -85 mW/cm?
and ~26.7 uW, respectively. As shown in the top panel of Fig. 2f, the
device exhibits switchable photovoltaic responses apparently. More
specifically, in the —3.5 V-written state, the illuminated /-V curve mainly
locates in the second quadrant, displaying a short-circuit current (/sc)
of -15 nA and an open-circuit voltage (Voc) of ~~0.6 V. This Isc is 3 orders
of magnitude higher than the dark current (-0.015nA @ -0.6V; see
Supplementary Fig. S5). The illuminated /-V curve shows little change
after applying positive pulses with V, < +1.8 V. This is in accordance with
the unchanged full P, state at V, <+L.8V (Fig. 2d). As V,, increases to
+2.2, +2.4, +2.6, and +2.9V, the illuminated /-V curve shifts from the
second quadrant to the fourth quadrant. This is reminiscent of the
polarization state evolution as shown in Fig. 2d. Further increasing V, to
+3.2V and above causes almost no shift of the illuminated /-V curve.

This agrees with the saturation of the full Pgown state at such large V,
(Fig. 2d). One can therefore establish a one-to-one correlation between
the photoresponsivity states and the polarization states (see the top
and middle panels of Fig. 2f).

In addition, applying negative pulses can switch the photo-
responsivity states reversely (see the bottom panel of Fig. 2f), which
correspond one-to-one to the polarization states from the full Pyown
state to the full P, state (Fig. 2e). These results demonstrate that the
photoresponse in our FE-PS is well controlled by the remanent polar-
ization. The detailed mechanism underlying the polarization control of
photoresponse is described in Supplementary Fig. S6. Notably, using
the remanent polarization as the control knob of the photoresponse,
the FE-PS is essentially a self-powered photosensor consuming zero
energy for photosensing.

Another important feature of the FE-PS is the symmetric switching
of photoresponse. As shown in Fig. 2f, the /Is¢ (or Vo) values in a pair of
opposite polarization states have almost the same magnitude but
opposite signs. For example, the /sc value in the full P, state is ~15 nA,
which is just opposite to that in the full P4o., State, i.e., ~—15 nA. Such
symmetry is attributed to the fact that the control knob of the pho-
toresponse, i.e., the polarization, exhibits symmetric switching owing
to the absence of imprint field (Fig. 2c). Note that the symmetric
switching of photoresponse is particularly useful, because it enables a
single FE-PS to represent both positive and negative weights. Conse-
quently, there is no need to use a pair of devices to represent a signed
weight, greatly reducing the hardware overhead for network
construction.

Next, the performance of the FE-PS as a programmable photo-
sensor for in situ training is comprehensively investigated. In the in situ
training, the FE-PS is mainly used for inference and weight update. We
first focus on the performance metrics related to the inference. The
inference accuracy is largely determined by the linearity of photo-
current versus light intensity. Figure 3a illustrates the measured rela-
tionships between photocurrent and light intensity for the 5
representative states, all of which can be well represented by linear fits
(average coefficient of determination: 0.9997). This linear dependency
of photocurrent on light intensity has been validated across different
devices (Supplementary Fig. S7), allowing for precise multiplication
between photoresponsivity and optical power. A high inference
accuracy also requires a long retention of photoresponsivity. As shown
in Fig. 3b, the photocurrents in different states are rather stable and
can be retrieved after 24 h. Moreover, the photocurrent responses are
highly reproducible in the cyclic test (Supplementary Fig. S8), and the
photoresponsivity retention time can even be extended to 50 days
(Supplementary Fig. S9). These results demonstrate the nonvolatility
of the programmed photoresponsivities, which is well attributed to the
polarization nonvolatility (Supplementary Fig. S4).

Besides the inference accuracy, the inference speed and energy
consumption are also important concerns. A high inference speed
demands a short photoresponse time. As seen from Fig. 3c, the average
10-90% photocurrent generation and decay times are both ~30 ps. In
fact, these times are limited by the amplifying circuit used for mea-
surement (Supplementary Fig. S10). Also considering that previous
studies observed an ultrashort photoresponse time of <lns in FE-
PS***, We therefore infer that the photoresponse time of our FE-PS
may be far below 30 ps, thus allowing a fast inference speed. In addi-
tion, as mentioned earlier, our FE-PS works in the self-powered pho-
tovoltaic mode without external biases. Consequently, zero energy is
consumed at the device level for the inference.

Then, we investigate the performance metrics related to the
weight update. During the in situ training, the weight, i.e., photo-
responsivity, needs to be frequently updated. Endurance is thus our
first concern. The endurance test for the FE-PS is performed by
applying cyclic £3.5V/0.5 ps pulses. As displayed in Fig. 3d and Sup-
plementary Figs. S11 and SI12, both the photoresponsivity and
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polarization show little changes after 10° cycles. This is, to the best of
knowledge, the highest endurance among the reported values for
programmable photosensors'®**, Besides, the FE-PS also demonstrates
a high speed for weight update (i.e., write speed), which is conducive
to accelerating the training process. As illustrated in Fig. 3e, the pho-
toresponsivity of the FE-PS can be tuned by +10 V pulses with widths
as short as 100 ns. This write speed is at least one order of magnitude
faster than those of other programmable photosensors ™2,
However, the energy consumption for weight update (i.e., write
energy) of our FE-PS is relatively high, reaching ~1.77 nJ per operation
(Supplementary Fig. S13). The relatively high write energy is main-
ly attributed to the large area of the present FE-PS (3.14 x 10* pm?).
To address this issue, device downscaling is a viable solution. For
example, by scaling down the FE-PS to ~lpum’ as demonstrated
previously*, its write energy could be reduced to -56 f] per operation,
a sufficiently low value compared with those of other programmable
photosensors™ 7%,

When performing the weight update in an open-loop manner,
linear and symmetric modulation of multilevel photoresponsivities is
preferred. To investigate it, long-term potentiation and depression
(LTP and LTD, respectively) characteristics of the FE-PS are measured
by employing an amplitude-increasing pulse scheme. Specifically, 21
positive pulses (amplitude: from 1.1 to 2.1V in increments of 0.05V;
width: 3 ms) and 21 negative pulses (amplitude: from -1.1 to -2.1V in
decrements of —0.05 V; width: 3 ms) are applied successively to mod-
ulate the photoresponsivity. The use of a relatively large pulse width is
due to the limitation of the pulse generator used in this measurement
(see “Methods”). At this pulse width, the applied pulse voltages are
around the coercive voltages (Supplementary Fig. S14), enabling them
to switch the polarization and associated photoresponsivity. As shown
in Fig. 3f, the photoresponsivity reduces from 0.56 to -0.56 mA/W with
the positive pulses, and then increases back to 0.56 mA/W with the
negative pulses. Such LTD and LTP processes are repeatable. Each LTP
or LTD process contains 21 distinct photoresponsivity states,
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confirming the FE-PS’s capability to store multi-bit weights (>4 bits). In
fact, such a weight number is relatively moderate when compared to
those reported previously'*'”?%. To increase the weight number, a
viable solution is to design a pulse scheme that enables a more gradual
modulation of photoresponsivity, which warrants further investiga-
tion. In addition, the modulation of photoresponsivity is observed to
be symmetric yet nonlinear, which is well associated with the sym-
metric, nonlinear polarization switching (Fig. 2c). The nonlinearity in
photoresponsivity modulation can deviate a weight from its target
value when updating the weight in an open-loop manner. To address
this issue, one approach is to enhance the linearity of polarization
switching through domain engineering*, a topic that warrants further
exploration. Alternatively, a closed-loop programming scheme®**” can
also be employed as a solution, as demonstrated later in this study.
Besides, this scheme can also alleviate the adverse impacts of C2C and
D2D variations on the precision of weight update, although the C2C
and D2D variations of the FE-PS are quite small (only -0.66% and
~2.72%, respectively; see Supplementary Fig. S15).

Figure 3g summarizes the performance of our FE-PS in comparison
to other programmable photosensors for in-sensor computing, with a
more detailed summary presented in Supplementary Table SI. It is
shown that our FE-PS is one of the few self-powered devices showing
simultaneously linear J,n-ign: relationship and fast photoresponse. Fur-
thermore, our FE-PS exhibits significantly longer retention, higher
endurance, faster write speed, and smaller C2C and D2D variations
compared to other programmable photosensors, particularly those
used for in situ training””. Such superior performance of our FE-PS
can mainly be attributed to its distinctive operation mechanism
and high-quality epitaxial PZT film. While other programmable
photosensors mainly rely on a volatile gating effect®>* or a kinetically
slow defect migration effect™* to tune photoresponsivity, our FE-PS
operates through the polarization control of photoresponsivity. The
photo-excited charge carriers in the FE-PS are separated by a
polarization-induced asymmetric potential that is electrically switch-
able. This intrinsic process, without involving defect-mediated effects
such as charge trapping/detrapping, allows a fast and self-powered
photoresponse as well as a linear /pnligne relationship. In addition,
the high-quality epitaxial PZT film offers large nonvolatile polarization
and excellent polarization switching properties for the FE-PS. As the
polarization is the control knob of the photoresponsivity, our FE-PS
could thus exhibit exceptionally long retention, high endurance, and
fast write speed. These results demonstrate that our FE-PS is a compe-
titive candidate for constructing an in-sensor ANN with in situ training
capability.

Programming schemes for weight update

Besides the performance of FE-PS, the programming scheme is also
important for the implementation of in situ training. In the previous
studies reporting the in situ training of in-sensor ANNs’", only an open-
loop (OL) programming scheme was used for weight update. In con-
trast, this study aims to explore the optimal programming scheme, and
hence 3 different programming schemes: OL, uni-directional closed-
loop (UD-CL), and BD-CL, are comparatively investigated. Figure 4a
shows the schematic of the OL scheme, where write pulses are applied
to the device without verifying its photoresponsivity. However, both the
BD-CL and UD-CL schemes apply a read operation after each write pulse
to verify the device’s photoresponsivity (see Fig. 4b, ¢, respectively). The
main difference between the BD-CL and UD-CL schemes is the polarity
of write pulses. In the UD-CL scheme, write pulses with the same polarity
are applied to the device until its photoresponsivity reaches the target
value within a certain margin of error. If the photoresponsivity exceeds
the target value, known as being over-written, a refresh pulse is applied
to re-initialize the photoresponsivity, followed by the repetition of uni-
polar write pulses (Fig. 4c). By contrast, in the BD-CL scheme, write

pulses with an opposite polarity are applied to correct any over-written
photoresponsivity and bring it back towards the target value (Fig. 4b).
The detailed flows of these programming schemes and their imple-
mentation platform are shown in Supplementary Figs. S16 and S17,
respectively.

The above 3 programming schemes are compared in terms of
programming precision and pulse consumption. A high programming
precision is beneficial for achieving training convergence, while a low
pulse consumption can help to save the time and energy costs in the
training. For a fair comparison, the FE-PS is initialized at the same
photoresponsivity of 0.56 mA/W. After the initialization, the device is
programmed into 3 target photoresponsivities: 0.267, 0, and
-0.267 mA/W, by using the 3 programming schemes. For each pro-
gramming scheme, the initialization and programming are repeated
for 20 times. Figure 4d shows that the UD-CL and BD-CL schemes
achieve much lower discrepancies between actual and target photo-
responsivities, i.e., higher programming precisions, compared to the
OL scheme. This improvement is attributed to the use of verification
with a small standard deviation margin (2.5%) in the CL schemes, which
is absent in the OL scheme. This in turn confirms that the CL schemes
can well address the nonlinearity in photoresponsivity modulation as
well as C2C and D2D variations. On the other hand, as depicted in
Fig. 4e, the pulse number increases as the programming scheme varies
from OL to BD-CL and UD-CL. The lowest pulse consumption in the OL
scheme is due to the absence of verification, and the combined use of
verification and refresh causes the highest pulse consumption in the
UD-CL scheme. These results demonstrate that the BD-CL scheme
achieves the best tradeoff between programming precision and pulse
consumption. In other words, the BD-CL scheme can realize a precise
and efficient weight update for the FE-PS, and hence it is used hereafter
for further study.

19 photoresponsivity states in the range of -0.48 to 0.48 mA/W
are repeatedly written for 20 times by using the BD-CL programming
scheme. A standard deviation margin of 2.5% is used for the photo-
responsivity verification. Figure 4f presents the distribution histogram
of the 19 photoresponsivity states, which are well separated from each
other without any overlap. In addition, these photoresponsivity states
are demonstrated to be nonvolatile (Fig. 4g). These results further
showcase the efficacy of the BD-CL programming scheme in attaining
multi-bit weights in the FE-PS.

In situ training of ferroelectric photosensor network

The availability of both the high-performance FE-PSs and the BD-CL
programming scheme allows the construction of an FE-PS-NET with
in situ training capability. To experimentally demonstrate it, 4 indivi-
dual FE-PSs are connected in parallel to form a 4 x1 FE-PS-NET, which
acts as a “visual system” of a prototype autonomous vehicle, as shown
in Fig. 5a. The photographs of the FE-PS-NET and its peripheries in the
vehicle are shown in Supplementary Fig. S18. The FE-PS-NET is trained
in situ to learn the real-time recognition of traffic signs. The recogni-
tion result produced by the FE-PS-NET is directly sent to the motor
system of the vehicle to control its movement. 4 traffic signs (2 x2
pixels) are used for training, which represent the 4 commands: “go”,
“stop”, “turn left”, and “turn right”, respectively (Fig. 5b). These traffic
signs are temporarily implemented by a 2 x 2 array of UV light-emitting
diodes (LEDs), with one LED (i.e., one pixel) focusing on one FE-PS. The
pixel values of “1” and “0” correspond to the optical powers of 50 and
0 mW/cn?, respectively.

Figure 5c depicts the flowchart of the in situ training, which mainly
involves two processes: inference and weight update. In the inference
process, a traffic sign is projected onto the FE-PS-NET. Each FE-PS in a
pixel produces a photocurrent (or zero photocurrent) by multiplying
its photoresponsivity by the optical power in this pixel, as shown in
Fig. 5a. Simultaneously, the photocurrents of all the FE-PSs are
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indicate standard deviations. f Distribution histogram of 19 photoresponsivity
states statistically obtained by repeatedly writing the device for 20 times (20 data
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g Retention behavior of the 19 photoresponsivity states in (f).

summed based on the Kirchhoff's law. The output current /o is
therefore given by

N
low= Y _RuPn )
n=1

where R, is the weight (i.e., photoresponsivity) at the n-th pixel, P, is
the input optical power at the n-th pixel, and N is the number of pixels.
Equation (1) indicates that the FE-PS-NET can implement an in-sensor
multiply-accumulate (MAC) operation, which is the basis for the real-
time image sensing and recognition. The /,, is subsequently sent to a
neuron unit comprising an amplifying circuit and a comparison circuit,
as shown in Fig. 5a. The neuron unit converts the /,,, to a voltage signal
Vour Which is further represented by one of 4 levels: -0.75, -0.25,
+0.25, and +0.75 V through voltage comparison. These 4 voltage levels

” o« ” o«

represent the recognition results of “turn right”, “stop”,
left”, respectively.

The goal of the training is to minimize the discrepancy between
the recognition results and the true labels of the traffic signs, which is
measured by a mean square error (MSE) cost function implemented in

software:

go”, and “turn

M
L= 1\1720’[ -3’ @)
i=1
where y; is the output after feeding the dimensionless value of the V,,,
for the i-th input image to a tanh activation function, y; is the true label
of the i-th input image, and M is the number of input images. To
minimize the cost function, the weights need to be updated to their
optimal values. We use the gradient descent algorithm to guide the
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Fig. 5| In situ training of an FE-PS-NET which acts as a “visual system” of a
prototype autonomous vehicle. a Photography of the vehicle, along with sche-
matic circuit diagrams. The output current of the FE-PS-NET is fed to the neuron
unit, and then sent to the motor system of the vehicle. b Four traffic signs used for
training and test. ¢ Flowchart of the in situ training of the FE-PS-NET. The operations

in the light blue boxes are implemented in hardware, while those in the orange
boxes are temporarily implemented in software on a PC and can be implemented
by on-chip integrated circuits in the future. Evolutions of d MSE, e weights, and

f normalized /,s for different input traffic signs with the training epoch.

weight update. In this algorithm, the target weights are calculated in
software based on the gradients of the cost function:

oL
Rﬂ . _er - aﬁ

3
where the sign “:=” denotes assigning the value on the right side to the
left side and « is learning rate. Next, the photoresponsivity of each FE-
PS is experimentally adjusted to its corresponding target weight by
using the BD-CL programming scheme. At this stage, one epoch of
training is completed. With the platform shown in Supplementary
Fig. S17, the training can proceed automatically for multiple epochs
until the network converges.

Figure 5d shows the evolution of the MSE during the in situ
training of the FE-PS-NET. It is seen that the MSE decreases with the
training epoch and becomes minimized after 10 epochs. The decrease
in MSE is attributed to the smooth convergence of the weights,
as presented in Fig. Se. Notably, the training convergence behavior
exhibited by the FE-PS-NET is well consistent with that of a software-
based ANN (see comparison between the solid and dotted lines

in Fig. 5d, e), confirming the capability of the FE-PS-NET to implement
the in situ training. Figure 5f displays the output currents of the
FE-PS-NET for the 4 traffic signs at different training epochs. At Epoch
#0, all the output currents fall into the range corresponding to
the “stop” sign, indicating that the FE-PS-NET can only recognize
the “stop” sign. As the training proceeds, more traffic signs are
correctly recognized. The 100% recognition accuracy is achieved at
Epoch #10.

The trained FE-PS-NET is then used for the test with the 4 traffic
signs same as those used in the training. Figure 6a shows the navigation
of the vehicle based on the real-time recognition results from the
trained FE-PS-NET. The vehicle takes correct actions in response to all
the traffic signs, well attributed to the accurate recognition provided by
the trained FE-PS-NET. The behavior of the vehicle at the different
training levels of the FE-PS-NET can be found in Supplementary Movie 1.

We further investigate the reliability of the trained FE-PS-NET.
Figure 6b demonstrates that the trained FE-PS-NET retains 100%
recognition accuracy after 50 days. Introducing noises into the test
traffic signs (Supplementary Fig. S19) results in lower accuracies for the
trained FE-PS-NET (Fig. 6c). However, it is worth noting that the
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Fig. 6 | Performance of the trained FE-PS-NET. a Photographs of the vehicle when
executing different motions (top) along with the corresponding /s of the FE-PS-
NET (bottom). b Long-term stability of the /s of the FE-PS-NET. ¢ Recognition

accuracies of the FE-PS-NET at different noise levels (noise level refers to the

standard deviation of the Gaussian noise). d Schematic architecture of the FE-PS-
NET (left) and its inference speed (right). e Schematic architecture of a von Neu-
mann machine vision system (left) and its inference speed (right).

accuracy at each noise level remains close to its corresponding theo-
retical upper limit (see comparison between the solid and dotted lines
in Fig. 6¢). These results underscore the high reliability of the trained
FE-PS-NET, which is well attributed to the nonvolatility of the pro-

grammed weights.

The weight nonvolatility also allows the FE-PS-NET to store the
weights locally without the need for an external memory. Conse-
quently, the FE-PS-NET can essentially integrate the sensing, memory,
and processing functions. More importantly, it can function as an in-
sensor ANN capable of performing high-level image processing with
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boosted speed and energy efficiency. The inference speed of the FE-PS-
NET is expected to be high as the image sensing and processing occurs
simultaneously in the FE-PS-NET. Figure 6d shows the rising and falling
delay times of the output current of the FE-PS-NET, both of which are
as short as 12 ps. The rising (falling) delay time is defined as the time lag
between the 50% points of the rising (falling) edges of the input voltage
(applied to the LED) and the output current. It should be noted that the
measured delay times are indeed limited by the amplifying circuit used
for measurement, similar to the issue encountered when measuring
the photoresponse time of a single FE-PS. Nevertheless, the inference
speed of the FE-PS-NET is still 50 times faster than that of a von Neu-
mann machine vision system consisting of grayscale sensors and a
microcontroller unit (MCU) (see comparison between Fig. 6d, e).
Besides the high inference speed, the FE-PS-NET (excluding periph-
eries like the neuron unit) also exhibits zero energy consumption for
inference because its constituent FE-PSs operate in the self-powered
photovoltaic mode.

The speed and energy consumption of the FE-PS-NET for training
are currently limited by the minimum pulse width (i.e., 3 ms) available
in the in situ training experiment (see “Methods”). However, in the
specific write speed and energy tests, the FE-PS demonstrates a fast
write speed (100 ns; see Fig. 3e) and a potentially low write energy (-56
f] per operation assuming device downscaling; see Supplementary
Fig. S13), suggesting that the FE-PS-NET has the potential for achieving
high training speed and energy efficiency. In addition, using on-chip
integrated circuits to implement the operations which are temporarily
realized by software in the in situ training process (Fig. 5¢) could fur-
ther boost the training speed and energy efficiency.

Although the FE-PS-NET demonstrated here is a small-scale net-
work, it has the potential to be scaled up due to several factors. First, it
has been demonstrated that the FE-PS could exhibit tunable photo-
responsivity when downscaled to -1 um?**. Further downscaling the
FE-PS is viable because the commercial ferroelectric capacitor with the
same device structure has been fabricated using the standard 130-nm
complementary metal-oxide semiconductor (CMOS) process™. In
addition, other merits of the FE-PS-NET, such as the local weight sto-
rage and the representation of both positive and negative weights in a
single device, can substantially reduce the hardware overhead when
scaling up the network. Therefore, the construction of a large-scale FE-
PS-NET with a high area efficiency appears to be technologically fea-
sible. Note that the large-scale FE-PS-NET empowered by the in situ
training capability is competent for handling complicated machine
vision tasks (see Supplementary Fig. S20 for demonstration). Besides
the large-scale network construction, both the flexible design®™ of the
FE-PS-NET and its integration with memristor-based neurons®’ are
topics of great interest for future research.

Discussion

In summary, we have experimentally demonstrated the in situ training
of the FE-PS-NET using the BD-CL programming scheme. It is first
shown that the building block of the FE-PS-NET, i.e., the Pt/PZT/SRO
FE-PS, exhibits symmetrically switchable photovoltaic responses as
controlled by the remanent polarization. Then, several key perfor-
mance metrics related to both the inference and weight update in the
in situ training are investigated for the FE-PS. In particular, the FE-PS
displays self-powered, fast (<30 ps) and multilevel (>4 bits) photo-
responses, as well as linear dependency of photocurrent on light
intensity, long retention (50 days), high endurance (10°), high write
speed (100 ns), and small C2C and D2D variations (-0.66% and ~2.72%,
respectively). Next, several programming schemes are designed to
implement the weight update in the FE-PS. Among them, the BD-CL
programming scheme achieves the best tradeoff between program-
ming precision and pulse consumption. Thanks to the high-
performance FE-PSs and the BD-CL programming scheme, the in situ
training of the FE-PS-NET to recognize traffic signs for commanding a

prototype autonomous vehicle is successfully implemented. Besides,
the trained FE-PS-NET also shows high reliability (retaining 100%
recognition accuracy for up to 50 days), high inference speed
(50 times faster than a von Neumann machine vision system), and zero
energy consumption for inference (excluding contributions from
peripheries). Our study marks a significant advancement in the
development of in-sensor computing systems with in situ training
capability, which may be particularly useful for handling new data-
streaming machine vision tasks.

Methods

Device fabrication

Approximately 120 nm PZT thin films together with ~40 nm SRO bot-
tom electrodes were epitaxially grown on STO (001) substrates by
pulsed laser deposition (PLD). The PLD system mainly comprised a KrF
excimer laser source (1=248 nm) (Coherent COMPexPro 205) and a
customized chamber. Different laser energy fluences of 0.90 J/cm? and
0.97)/cm?* were used for the deposition of PZT and SRO films,
respectively, while the repetition rates were kept the same at 5 Hz. The
SRO films were first deposited at a substrate temperature of 680 °C
under an oxygen pressure of 15 Pa, followed by the deposition of PZT
films at a lower substrate temperature of 620°C under the same
oxygen pressure. Subsequently, the PZT/SRO films were cooled to
room temperature at a 10 °C/min cooling rate under 1000 Pa oxygen
pressure. Then, Pt top electrodes (thickness: ~10 nm; diameter:
~200 um) were ex situ deposited on the PZT/SRO films through a
shadow mask by sputtering at room temperature and under vacuum.
The resulting Pt/PZT/SRO capacitor-like heterostructures are the
desired FE-PSs. To construct a FE-PS-NET, multiple FE-PSs were con-
nected to a test board containing pre-fabricated interconnections
between different cells (Supplementary Fig. S17).

Characterizations

The phases and crystalline structures of the fabricated films were char-
acterized by XRD (“X” Pert PRO, PANalytical). The microstructures were
further investigated using TEM (Tecnai G2-F20). AFM and PFM studies
were carried out on an integrated scanning probe microscope (Asylum
Research MFP-3D) with Pt-coated silicon tips (Nanoworld EFM Arrow).
The PFM images and hysteresis loops were measured by using an AC
driving voltage of 0.8 V in the dual a.c. resonance tracking (DART) mode.

Electrical measurements

Ferroelectric P-V hysteresis loops were recorded using a ferroelectric
workstation (Radiant Precision Multiferroic). DC /-V characteristics
and low-speed photoresponses were measured with a Keithley 6430
SourceMeter. High-speed photoresponses were measured by using a
combination of an amplifying circuit and an oscilloscope (LeCory 64Xi-
A). In all the photoresponse measurements, optical inputs were sup-
plied by 365 nm UV LEDs with tunable light intensities. Voltage pulses
were applied to tune the polarization and associated photo-
responsivity; however, different pulse generators were used in differ-
ent experiments. When performing the LTP/LTD measurement and
implementing various programming schemes, the pulses (minimum
width: 3ms) were provided by 12-bit digital-to-analog converters
(DACs) as controlled by an STM32 MCU. In the measurements of
endurance and write speed, a function generator (Agilent 33250 A) was
used to generate the pulses (minimum width: 10 ns). In the rest cases,
the ferroelectric workstation was used as the pulse generator.

The setup for the in situ training of the FE-PS-NET is shown in
Supplementary Fig. S17. It mainly included a test board carrying the FE-
PS-NET, an amplifying circuit, an STM32 MCU, a 8-channel 16-bit
analog-to-digital converter (ADC), 12-bit DACs, and a personal com-
puter (PC). When performing the training, as shown in Fig. 5c, the FE-
PS-NET produced a photocurrent upon the application of illumination.
Subsequently, the current signal was sent to the amplifying circuit for
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current-voltage conversion and amplification. The resulting voltage
signal was further directed to the ADC, the MCU, and ultimately the PC.
The PC implemented the gradient descent algorithm, and relayed the
result back to the MCU. Communication between the PC and MCU was
conducted via a universal asynchronous receiver/transmitter (UART).
The MCU then instructed the DACs to apply pulses to the FE-PS-NET to
update the weights. To realize a precise weight update, closed-loop
programming schemes were executed (Supplementary Fig. S16). The
training proceeded automatically for multiple epochs until the net-
work became converged.

The FE-PS-NET trained at different levels was used to perform the
real-time image recognition for a prototype autonomous vehicle.
Besides the FE-PS-NET, the vehicle also comprised a motor system, a
STM32 MCU, 2 batteries, and a vehicle body (Supplementary Fig. S18).
The real-time recognition result of the FE-PS-NET was directly sent to
the motor system of the vehicle to control its movements, while the
MCU was used only for controlling LEDs.

Data availability

The data that support the findings of this study are available in the
article and the Supplementary Information. Additional data related to
this study can be requested from the corresponding authors. Source
data are provided with this paper.

Code availability
All the codes that support the findings of this study are available from
the corresponding authors upon request.
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