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Supplementary Text

Supplementary Note 1: Functions of bipolar cells in the human retina and inspiration for artificial
visual system

In the human retina, there are three separate layers: the distal layer of photoreceptors, the middle
layer of interneurons, and the proximal layer of ganglion cells, working together to perform these
pre-process functions (Figure Sla)'. Photoreceptors convert light information into electrical
signals, which are subsequently encoded by bipolar cells into different pathways. These signals
are then integrated by ganglion cells to generate the spikes that are transmitted to the brain through
the optical nerve?. These types of cells form the most direct vertical visual pathway with horizontal
cells and amacrine cells provide some complemented lateral interaction®. A central computational
principle of the retinal circuitry is the antagonistic center—surround organization of receptive fields
(RFs), primarily established by bipolar cell signaling® °. These RFs allow the visual cortical
neurons to extract the basic visual features (such as edges, orientations, etc.) through ganglion cells
and then performing more advanced processing®. Building on this knowledge of human retina and
human visual system, one of the most important image recognition models’, convolutional neural
network (CNN), was developed for machine vision system, inspired by this biological
computational architecture® °. Given this shared foundation of visual information processing, both
machine vision system and bio-integrated artificial vision system would benefit from the
retinomorphic vision sensors with bipolar photoresponse to acquire the structured visual
information through the sensor node (for machine vision system) or retina prosthesis (for bio-
integrated artificial vision system), shown in Figure S1b. Nevertheless, these two technologies are
developed relatively independently, with most reported retinomorphic devices targeting machine
vision applications to reduce the system power consumption and latency. Meanwhile, further
advances in retina prosthesis for vision restoration remain urgently needed. Previously approved
commercial products, Argus II and Alpha-IMS, have been discontinued due to their high cost and
limited imaging quality. To achieve next generation biointegrated artificial vision, bio-inspired
optoelectronic devices should overcome the key challenges including limited resolution,
mechanical and signal mismatch between the optoelectronic devices and the biological visual
neuron system!?.

Supplementary Note 2: Comparison of the optoelectronic devices with bipolar photoresponse

Optoelectronic devices with bipolar photoresponse behavior have been reported in different
systems. In general, bipolar photoresponse with opponent polarity can be triggered by
multidimensional light information (intensity, wavelength, etc.), or the applied electrical signal.
The former trigger method is suitable for constructing all-optical computing architecture, where
performing logic operation by changing the input light parameters, including light wavelength,
intensity or polarization. The later trigger method is suitable for building the reconfigurable vision
sensor where the pixel level photoresponsivity can be actively modulated by the applied electrical
signals, so that enables them to perform the retinomorphic in-sensor edge enhancement via
programming constracting the appropriate kernel. Category of the reported bipolar
photoconductive devices according to the trigger mechanism and the corresponding application is
summarized in Table S1. We further made a detailed comparison with other reported bipolar
photoconductive devices with electrically tunable negative/positive photoresponsivity in Table S2
below. The current primary device configurations are shown in Figure S2, including photogating-
based phototransistor, ferroelectric photodiode and spilt-gate modulated photodiode. A radar-chart
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comparison of representative devices from these categories is presented in Figure S3, evaluating
key performance metrics including the device compactness (represented by 1/T, T: device
terminal), fabrication simplicity, array fill factor, operation voltage (represented by 1/|Vmax|), and
photoresponsivity range (represented by |Rpositive-Rnegative|). Compared with previously
reported device types, the proposed device exhibits relatively lower photoresponsivity, but offers
advantages in device compactness, fabrication simplicity, array fill factor and low-operation
voltage. To further advance the proposed device toward practical image-sensing applications,
several potential approaches could be applied: (1) Like the cornea and crystalline lens of the human
eye'!, almost all modern image sensors are coated with an array of micro-lenses (shown in Figure
S4a of the Supporting Information) to gather the inside light and focus it on the active pixel, thus
improve the effective photosensitive!> !*. Similarly, by integrating the microlens and amplifier
circuit through system-level design, the photoresponsivity of the image system-based on the
proposed device could be improved higher than current reported value. (2) From the device design
perspective, Fig. 3A in the manuscript shows that the photocurrent could be modulated by the
doping level of the active layer. With decreased doping level, the device exhibits an narrowed
bipolar photoresponse range but high photocurrent. The reported photoresponsivity is calculated
from the device based on the pristine as-cast n-PBDF thin film. By carefully modulating the doping
level of the active layer to balance the bipolar photoresponse range and photocurrent amplitude,
the photoresponsive could be improved. (3) The reported photoresponsivity is measured under
visible light (532 nm) stimulation, in practical weak-light condition such as night vision, the active
near-infrared (NIR) illumination could be employed as a supplementary. The proposed device
exhibits its functionality in the NIR wavelength range of 808 nm and 905 nm (Supplementary Fig.
S11), which is advantageous for night-time or low-light sensing applications!#16, Realizing visual
information preprocessing such as edge enhancement through bipolar photoconductive pixels with
tailored receptive fields is a bio-inspired strategy that mimics neurobiological architecture. Such
biomimetic imaging systems offer a promising solution to the current challenge of high
computational demand'’, as demonstrated both in previous bipolar optoelectronic devices and in
this work. As we discussed previously, as a biomimic visual perception strategy, such devices are
not only promising for the machine vision system but also for retina prosthesis to provide
retinomorphic light encoding methods which can be compatible with the peripheral neuronal
circuits. This is particularly important since previously approved commercial retinal implants have
been discontinued, underscoring the need for new technologies. In this context, our work provides
advantages from the following perspectives: 1) Materials perspective. While the conventional
photodetectors based on crystalline Group IV or III-V semiconductors'® give unipolar
photoresponse, the bipolar photoconductive optoelectronics are usually based on emerging
semiconducting materials, such as two-dimensional semiconductors, halide perovskites, or organic
semiconductors. Among them, organic polymers enable biocompatibility, flexibility and light
weight, which are desired for implant retina prosthesis as materials fail is one of the main reasons
for previous prosthesis failure. Specially, n-PBDF, which the main device based on, has been
proved to work well in the biological system in a separate system. 2) Device architecture. The
vertical photodiode architecture offers potential of high integration and fill factor compared to
lateral structure in phototransistor'®, while the high resolution is a highly problematic obstacle in
current retina prosthesis, so photodiode is a desirable architecture in in such application. 3) Simply
and cost-effective fabrication benefits both the material and device architecture. The single active
layer is solution processible without high temperature growth while its spectrum of the active
material could be easily tuned, etc.
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Compared to three- or four-terminal gate architecture, the two-terminal device could suffer from
the crosstalk and poor selectivity issues for individual programming. However, programmable
two-terminal electronic devices are widely used or explored in many fields” 2>%, including the
image system, where most used modern camera has a two-terminal photodiode as its photodetector
and connect transistors in each pixel for selection and amplification. The most recognized solution
to mitigate the crosstalk issue of two-terminal electronics is to apply one-transistor-one-resistor
architecture (1T1R) one selector-one-memristor (1S1R) structure, which has been used in other
two-terminal electronic device systems such as memristor’ 2 and display®. Although additional
transistor is needed to achieve precisely pixel control, vertical two-terminal device could still
achieve high spatial resolution since the photosensitive pixel array can be connected to the control
circuit by several metallization layers so that the photo-sensing layer on the top exposure to the
light while the additional control transistor on the separate layer and did not actually limit the
sensing resolution (Figure S4a, b)'*>. However, the state-of-art three-terminal phototransistors or
four- terminal lateral photodiode have the lateral active channel for light exposure!”-26-3° (Figure
S4c). From this perspective, the vertical two-terminal bipolar photodetector holds promising
application in scalability even if precise pixel-level control needs additional transistor/selector.
Overall, the lateral arranged sub-pixel structures would decrease spatial resolution, while the
vertical two-terminal structure could enhance it. By integrating with advanced thin-film transistor
(TFT) technology, improved control of the proposed two-terminal bipolar photodetector can be
achieved, similar to that in other two-terminal electronic components (e.g., display pixel®,
memristor?®, etc.). In addition, the photolithography compatible fabrication process would enable
the integration. Therefore, we envision that the proposed device could be attributed to the high
resolution bipolar photoconductive devices for retinomorphic vision sensors.

Supplementary Note 3: Device with symmetric electrode

It is noticed that symmetric Au and Ag electrode devices have NPC and symmetric ITO electrode
has PPC (Figures S14 and S15). NPC is not a common optoelectronic phenomenon compared to
the PPC in the conventional photodetectors®. In three-terminal devices, NPC can be achieved by
the photogating effect’’. However, some materials are reported to exhibit NPC properties itself*
40, especially in highly doped materials with a high concentration of carriers*® °. Therefore, this
NPC is less observed in organic materials due to its relatively low carriers compared to inorganic
materials. The highly conductive polymer n-PBDF with carrier concentration estimated to be 10%
cm *42made NPC happen in device with as-cast polymer without further processing. Dedoping
the active layer of n-PBDF could make the photoconductive of Au/n-PBDF/Au change from
unipolar NPC to unipolar PPC (Figure S16a). So, we hypothesize that the ITO surface captures
part of the excess electrons (due to the rough surface or oxygen vacancy), to cause the main PPC
in the device. We first tested the ITO/n-PBDF/ITO which shows a PPC. Then, we treated the device
with Trimethylhydroquinone (TMHQ) to increase its doping level, and the photoconductance of
the device changed to NPC (Figure S16b). Figure S17 shows the X-ray photoelectron spectroscopy
(XPS) of the ITO surface. The peak related to the oxygen vacancy**** is considerable. Therefore,
it is reasonable to attribute the main PPC phenomena of ITO-related electrodes to the oxygen
vacancy of ITO surface. Regardless of the main photoconductance of NPC or PPC, the symmetric
electrode devices show unipolar photoconductance while the asymmetric electrodes show bipolar.

Supplementary Note 4: Metal-Semiconductor-Metal photodiode

The existence and formation of the Schottky junction-based built-in field due to the work function
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difference in the metal-semiconductor-metal (MSM) photodiode structure has been well
recognized and is a crucial component in optoelectronic devices***’. In MSM structure,
asymmetric electrodes naturally lead to asymmetric junctions and an asymmetric photoresponse,
which can give rise to bipolar photoresponse when the photodiode operates in the photoconductive
mode*®. However, although such behavior is generally expected, the anticipated impact on the
optoelectronic properties may not always manifest in practical devices due to the non-ideal
interface formation as reported in [46]. In our results, employing asymmetric electrodes and neutral
state P3HT, BBL and PProDOT polymers did not show obvious bipolar photoresponse although
they have asymmetric junctions too. A pronounced bipolar photoresponse emerges once they are
doped (Figure S13). Therefore, we propose that the highly doped active polymer caused narrow
but strong built-in fields at the interfaces, enhancing such effect and enabling a significant bipolar
photoresponse in the photoconductive mode. The detection limit of this Schottky junction-based
photodiode is analyzed. With the time-dependent photoresponse measurement, the detection limit
of the proposed device with pristine n-PBDF as the active layer is estimated to be approximately
120 uW, whose signal-to-noise ratio (SNR) is greater than 3 as shown in Figure S18 To further
quantify the detection limit, we analyzed the noise current of the device, which primarily includes
shot noise, Johnson noise and flicker noise. The shot noise from the dark current is given by
Linotnoise = v/ 2€lgark = 10712 (e is the absolute value of electron charge 1.6 x10™' Coulombs
and 1,4,k 1s the dark current). According to the measured total noise current spectrum shown in
Figure S19, the frequency dependent flicker noise dominates at low frequency, while the noise
current approaches the shot noise limit at higher frequency. Based on the measured total noise
current (i,) and photoresponsivity (R) under the same bias condition (Fig. 2B), the Noise

Equivalent Power (NEP) is estimated using NEP = i,(1Hz)/R ~ 107°W //Hz. This result
indicates a higher minimum detectable optical power and weaker low-light detection capability
than the optimized conventional photodiodes. The detectivity of the photodetector could be limited
by the three main noise, i.e., shot noise from dark current, Johnson noise and flicker noise*® #°.
The flicker noise is considered originates from carrier mobility fluctuations from Hooge model or
carrier number fluctuations from the McWhorter model, and high carrier scattering could induce
the high flicker noise®® >!. In addition, the relatively higher dark current of the Schottky junction-
based single-layer photodiode typically has lower detectivity than conventional photodiode based
on p-n junction®> >3, Therefore, the present device is not optimized for its high detectivity and ultra-
low light detection capability. The detectivity could be further improved by suppressing the noise
current such as reducing the dark current and carrier scattering centers or improving the
responsivity such as optimizing the materials doping status. A tradeoff comparison between
conventional photodiode and the proposed single layer photodetector is summarized in Table S3.
Although the proposed device has lower detectivity, but it has tunable positive and negative
photoresponsivity enabling high-efficient neuromorphic vision sensing system.

Supplementary Note 5: Process of implementing convolutional neural network in the proposed
device
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The flow chart for the implementation of the neural network on the proposed device is shown in
Figure S39a, where we use hybrid training and transfer the weight to our device for forward
computation. For hardware implemented neural network, ex-situ or hybrid training is generally
adopted for convolutional neural network (CNN) training due to the highly complex operation on
hardware’. In the simpler artificial neural network (ANN), the implementation on the
optoelectronic device have certain steps such as the loss calculation performed with software!”.
The proposed array performs convolution by treating light power (P) as the input and responsivity
(R) as the weight, where the photocurrent is given by L,, = P * R, the multiplication and
accumulation required for convolution are naturally achieved through Kirchhoff’s law (Figure
S39b). In this case, the ability of the device memory for previous configuration is the retention of
the device to keep its photoresponsivity under the same applied bias, which can be verified from
the time-resolved photocurrent measurement!’. Figure S39c exhibits that our device could
maintain its photoresponse after at least 1200s with electricity disconnected. Another important
property for the proposed device to perform the convolution computing is its photoresponsivity
can be linearly modulated from -0.87 mA/W to 6.1 mA/W (Figure S39d), which facilitates the ex-
situ training and weight transfer. While the results on in-sensor fingerprint minutiae extraction is
simulated, we also demonstrated a prototype 3 X 3 array system to perform the in-sensor
classification of two characters based on these properties.

Supplementary Note 6: Simulation of in-sensor fingerprint minutiae discrimination

For the simulation Dataset containing 622 fingerprint images was constructed for the in-sensor
discrimination. A in-sensor discrimination neural network was trained to differentiate the images
with “Ending” or “Bifurcation” features. We constructed a network containing a convolution layer
and a fully connected layer. Without pooling layer, batch normalization or activation function, the
network could be simplified to a linear mathematic model as follows:

Input image could be defined as:

X € p13x13

If we applied 8 convolution kernels with different weight distribution:
W, e R¥?3(i=1,..,8)

and corresponding bi. To avoid the overlap during the convolution, we set the stride as 3 and
padding to be 1, the output size would be:
Y € RBXSXS

Then the output feature after each kernel could be expressed as:
2 2

Y;(p,q) = zz W,(u,v)XB3p+u—1,3g+v—1)+b,; forp,q €{0,1,2,3,4}

u=0v=0

Then all the output would be flattened to input to fully connected layer, the flattened array is

defined as Zipa
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Zipg =Yi(p,q) fori=1,...8andp,q €{0,1,2,3,4}

Then ﬁnal output Y decides the image to be “Ending” or “Bifurcation” could be expressed as:

y= 2 WipqZipq T C

u=1p=0g=0

Where Vipa represent the weights of the fully connected layer and is the bias. We can obtain a

mathematical model for the complete model as:

y = Z ZZW(uv)X(3p+u—13q+v—1)+b)}ZIpq

u=1p=0g=0 wu=0v=

Therefore, the relationship between the final output and each single input of image could help us
to decide the real weight for each pixel on sensor to be:

Sigp+u-13q+v—1 = Wi(W,v)Z; 4 forp,q €{0,1,2,34}

To improve the training efficiency, we assign the same network on computer to simulate the weight

S; . . ..
L3ptu=13a+v-1yndate after each epoch. After we find the best weight after the simulated training,

we can locally assign them on our retinomorphic vision sensor implement the in-sensor fingerprint
minutiae discrimination. As the classification result could be directly represented by the output
photocurrent, we could achieve an analog-based CNN to perform the classification work without
any assistance from the computer. With similar ideas, in the hybrid keypoint extraction mode, the
retinomorphic vision sensor combining the sensing unit and the first convolution layer. Then the
output would be input to computer for further processing, and more information containing the
keypoint for minutiae could be provided. The hybrid keypoint extraction mode was trained with
the same dataset for the in-sensor minutiae. The whole process is also illustrated in Figure S41.

Supplementary Note 7: Analysis of power consumption of the proposed device and corresponding
visual system

By utilizing the bipolar photoconductive optoelectronic devices as the image sensor to perform in-
sensor convolutional computation, a more efficient visual perception system could be built by
filtering out the redundant data and accelerating the post-processing (Figure S46). Considering on
MXN sensor array, a conventional visual perception architecture employs a conventional image
sensor that generates M XN data for capturing the information from each single pixel. These
unstructured raw data are sequentially transferred to the memory unit for storage, and then
transferred to the processing unit for image recognition, etc. In contrast, in the visual perception
architecture based on image sensor with in-sensor processing capability, enabled by the bias
modulated bipolar photoconductive, the designed convolutional kernel could be implemented on
the sensor itself, thereby realizing in-sensor processing. In this scheme, the data can be read out
line by line without requiring the data from each single pixel, substantially reducing the volume
of data collected at the sensor node. The reduced data volume could further lower both energy
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consumption and memory consumption during data transfer and storage. Moreover, the structured
data after convoluted would then facilitate the downstream image recognition, leading to improved
computational efficiency compared with the unstructured raw data®*. For example, fewer epochs
are required to achieve the same recognition accuracy, as demonstrated by the experiment results
in this work. From both data-reduction and computational-efficiency perspectives, the bipolar
photoconductive image sensor could help reduce the overall power consumption at the system-
level. For the device proposed in this work, as the device operates without the previous
programming process, the device could operate in the voltage range within 0.2V. As an active
sensing electronic, scaling the voltage is an effective way to decrease the energy power
consumption of image system, since the total power consumption could be calculated as P =
Paynamic + Pstatic = aC V2f + IV (where a is the switching factor, C is the total capacitance load,
V is the voltage, f is the operation frequency)> °°. Dynamic power consumption is highly
dependent on circuit activity, and the low operation voltage of the device could effectively decrease
dynamic power consumption Pgynamic = aC V2f. As a reference, a typical CMOS image sensor
(PYTHON300/500/1300) has a voltage and current of the pixel power rail with 3.3 V and 5 mA®’.
At system level, total energy consumption includes multiple components, such as sensing, data
storage, data transferring, processing and interfacing with execution motors. The device proposed
in this work could principally improve the visual perception efficiency by shifting part of the
processing load to the sensing node similar to the human visual system, however, the practical
power consumption and efficiency also rely on the co-design of the sensing, memory and
processing units.
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Figure S1. Illustration of the biological visual system and processing pathway (a), and electronic vision system and
processing pathway (b). ': As important interneuron type, there are different types of bipolar cells, including chromatic
preference, polarity and kinetics. Here we discussed is the polarity bipolar cells.?: Here only illustrate the main vertical
visual pathway. There are horizontal cells between photoreceptor and the bipolar cells, and amacrine cells between
bipolar cells and ganglion cells to provide lateral modulation.’: Visual perception involves complex spatial and
temporal signal processing, here only illustrate one basic spatial related processing.*: IT: Inferotemporal Cortex.>:
CNN: Convolutional Neural Network.
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Figure S2. Typical device configuration of electric field modulated bipolar photoconductive device for reconfigurable
vision sensor. a, Phototransistor based on photogating effect. b, Ferroelectric photodiode. ¢, Spilt gate modulated
photodiode. d, This work.
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Figure S3. Radar chart to compare the key performance merits of the WSe2/hBN phototransistor (a) 3,
Pb(Zr¢2Tios)O3-based ferroelectric photodiode (b) 3, WSe2-based lateral photodiode (c) !7 and this work. Device
compactness is represented by 1/T, where T is the number of terminals of the device; photoresponsivity range is
represented by [Rpositive-Rnegative|, Where Rpositive ad Ruegative are the maximum positive and negative photoresponsivity,
respectively; low operation voltage is represented by 1/|Vmax|, Where Vmax is the maximum voltage needed; array fill
factor is extracted from the device image with scale bar; fabrication simplicity is ranked according to the requrement
1: Atomic layer deposition and mechanical exfoliation, 2: pulsed laser deposition (PLD), 3: solution processible spin-
coating. All the performance merits are then normalized with x /x4, to plot the radar chart.
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a Architecture of two-terminal photodiodes b Architecture of programmable two-terminal

used in modern CMOS image sensor memristor
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Figure S4. Typical architecture of realizing in-pixel control of two-terminal photodiodes (a) and memristor (b). ¢,
Comparison in the effective photo-sensing area of vertical two-terminal photodetector and phototransistor with lateral
sensing channel.
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Characterization and working principle of the proposed device
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Figure SS5. a, IV curve of the ITO/n-PBDF/Au device in room light condition. The inset is the IV curve scanning
within £ 5 mV. b, IV curve of the device with and without light stimuli (532 nm).
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Figure S6. PPC/NPC is programmed by the electric field direction but not the light source direction.
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Figure S7. Electrical bias modulated photocurrent of the ITO/n-PBDF/Au device within different voltage scanning
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Figure S9. Voltage bias modulated photoresponsivity within £200 mV under 532nm, 18.98 mW light power.
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Figure S10. Time-dependent photoresponse switching between PPC and NPC triggered by electrical bias switching

between -5 and +5 mV.
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Figure S11. ITO/n-PBDF/Au showing bias-modulated bipolar photoresponse
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Figure S12. UV-Vis of the samples in Fig. 3A.
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Figure S13. Conductivity (Top) and photoresponse (Bottom) of pristine and chemically doped organic polymers of
PEDOT:PSS (a), P3HT (b), PProDOT (c) and BBL (d) as the active layer sandwiched between ITO and Au electrodes.
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Figure S14. Photoconductivity of symmetric ITO and Au electrode.
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Figure S15. Photoresponse of the device with symmetric electrode of Ag.
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Figure S16. Photoresponses of the symmetric Au (a) and ITO (b) electrode with different doping levels.
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Figure S17. X-ray photoelectron spectroscopy (XPS) of used ITO.
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Figure S18. Voltage-modulated bipolar photoresponse of ITO/n-PBDF/Au device under light stimuli of 760 (a) and
120 (b) uW respectively. Light spot area: 0.15 mm?.
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Figure S19. Measurement of noise current of ITO/n-PBDF/Au device
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Figure S20. Secondary electron cut-off (SECO) region for the UPS measurement spectrums of Au, Au/PFDT, Au/HDT,
and ITO. The WF is calculated as WF = hv — SECO, where hv is 10.2 eV and the SECO is determined by the

intersection of the linear fit of the SECO onset with the background. PFDT: 1H,1H,2H,2H-perfluorodecanethiol. HDT:

1-Hexanethiol.
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Figure S21. IV curves of (a) Symmetric Au electrode without modification. SAM modified electrodes (b) Au/HDT
and (c¢) Au/PFDT.
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dependent response of the SAM modified Au electrodes at the applied voltages of + SmV.

Figure S22. Time-
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Figure S23. Bipolar photoconductive device with n-PBDF (a) and EG-doped PEDOT: PSS (b) and various
asymmetric electrodes of Au, Pt, Ag, FTO and ITO.
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Figure S24. UPS measurement spectrums of n-PBDF with different thickness on ITO substrate (a) and thermally
deposited Au with different thickness (b). The thickness measurement on ITO is limited by the roughness of ITO
surface and profilometer detectability.
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Constructing artificial receptive fields for in-sensor image processing

Figure S25. The individual photoresponse to obtain Fig. 4 B, C.

920¢ 42q0j00 82 U0 Jasn AINN INAHNd A9 /L00 1S~ 2€€2009uu/pd/661L0ZSAuUBWalddns-ajone/coeouE/BI0 sOE SGNd Wy papeojumoq



Time (s)

Time (s} Time (s}

a ol = 2omv
. 10mv
ol 4 20mv
H
Eosf
a
F o2l
B
"
E oo
3 laea
= =i
02| s * .
04 )
00 02 04 06 08 10
Normalized light intensity
10 10 10
-20 mv o 0 o \
0.6 0.6
3 E
go04 go4
02 , 02 02 f
0o M a0 1~ 00 w
) 20 40 60 @ 100 ' v : v v ; . . . . . . -
Time (s) o 20 b/ o0 &0 oo [ 20 a0 60 80 100 o 20 80 100
Time (s) Time () Time (s)
& . 0.0 00 00
-0.2 -0.2 02
10 mv 5 -04 5 -04 5 -0a
g & =
-0.6 061 -06
—08 0.8 -08
-10 10l . . . - -10 -
) 20 40 e @0 100 [ 20 40 60 80 100 120 [} 20 40 6 80 100 [ 20 40 60 80 160
Time {s) Time (s) Time (s) Time (s)
W 0ol W .
-0.2 0.2
20 mv L
5 -04
=
3
0.6
-081{ _08
-10 - -~ — -~ - —
0 20 40 60 8 100 120 o 20 40 60 80 100 a 20 a0 60 80 100 “Lony 20 40 60 80 100

Time (s)

—
Light intensity

Figure S26. Relationship between light intensity and photocurrent under different bias.

920¢ 42q0j00 82 U0 Jasn AINN INAHNd A9 /L00 1S~ 2€€2009uu/pd/661L0ZSAuUBWalddns-ajone/coeouE/BI0 sOE SGNd Wy papeojumoq



N~
~,___~:\
==
Qt:
]
§§
N ~
.
~=|
~

Original Vertical edge Horizontal edge All directional edge

Figure S27. Simulations of different image processing functions with hardware kernels by applying different voltages.
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Sensor array and fingerprint minutiae extraction with in-sensor processing

(1) Patterned ITO (2) Spin-coat (3) Photoresistor (PR, (4) Dry etch to (5) PR pattern,
bottom electrode nPBDF AZ1518) pattern separate nPBDF thermal deposit
on the glass active layer and lift-off for top
Au electrode

Figure S28. Fabrication process of the array on glass substrate.
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Figure S29. Device array with pitch size of 10 um. a, Optical image. b, Bipolar photoresponse of the pixel. Average
form eight different pixels.
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Figure S30. a, Comparison of bipolar photoresponse of the device of the top Au electrode patterned via
photolithography method and metal shadow mask. b, Effect of the active area on the photocurrent of the device.
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a Experimental setup b Image of laser spot focused on the device
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Figure S31. Crosstalk measurement with and without the active layer of n-PBDF patterned. a, Experiment setup. b,
Microscopic image of laser spot on the array pixel. Photoresponse of the active pixel and four adjacent pixels in the
device with n-PBDF active layer patterned (¢) and non-patterned (d).
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Figure S32. Data used for obtaining the in-sensor edge enhancement fingerprint image. The device output under
different stimulation light powers (a, b, ¢) (Top: Relationship of the output photocurrent and the applied bias, Bottom:
Threshold voltage of the photocurrent transits from NPC to PPC; Inset: A typical I,,-V relationship of the pixel under
certain light illumination condition.) d, Top: The distribution of the four different stimulation light power on each
pixel in the 13X 13 images. Bottom: Output image with the in-sensor convolution computation result. e, The applied
bias of each pixel to obtain the output current. (Left: Laplacian kernel for in-sensor edge enhancement. Right: Average
kernel without in-sensor edge enhancement). Light stimulation: Level 0: Dark, 53 pixels; Level 1: 12.5mW, 87 pixels;
Level 2: 18.98mW, 20 pixels; Level 3: 23.95mW, 9 pixels.
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Figure S33. Fingerprint minutiae recognition with the input image sensing with and without edge enhancement
kernels.
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Figure S34. The detailed per-pixel recognition accuracy for bifurcation, ridge ending, and non-minutiae classes in
the output image.
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Figure S35. Process simulation to the whole fingerprint image via the cropped image. Step 1: Image inversion and
scaling. Step 2: Segmentation into 13 x 13 sub-images. Step 3: Convolution with three predefined kernels. Step 4:
Pre-trained CNN-based minutiae prediction. Step 5: Stitching of predicted minutiae.
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Figure S36. Fingerprint minutiae extraction efficiency using different input images with different kernels.
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Figure S37. Effect of in-sensor Laplacian kernel on Kylberg texture dataset.
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Flexible device fabrication and its functionality
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Figure S38. Fabrication process and functionality of flexible sensor with parylene-C substrate. a, Mainstream
semiconductor processing compatible fabrication process consists of spin-coating, photolithography,
sputtering/thermal deposition and dry-etching. b, Image of the devices on 4in wafer. ¢, Device bias-modulated bipolar
photoconductive functionality before and after bending.
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Hardware neural network on crossbar for in-sensor discrimination
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Figure S39. a, Flow chart of implementing in-sensor image recognition. b, Time-resolved measured photocurrent
with combination of different voltage modulated photoresponse on different pixels obeying kirchhoff's law. ¢,
photoresponsivity retention of the proposed device. d, Bias-modulated photoresponsivity.
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a Experimental setup

b Testing process
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Figure S40. Experimental set up (a) and testing process (b) of in-sensor pattern recognition.

d/661.0z5Auswa|ddns-sjonJe/goeoue/Bb10°soe sqnd woly papeojumoq

0 1S 2€EL009uU/p

9202 4890300 8z U0 Jasn AINN INA¥Nd A4 /10



Input image Sensor voltage-programmed Output photocurrent ()

weight map
P x R, element-wis€
multiplication Cocally accumulated
Example [ LT NI T T TTTTTTTT photocurrent I,
convolution L
window (3 x 3, ]
stride = 3) = = i L
:_—:_~|\|\||\||\||||
—*:—_: Lacally
— 1 +— Project 1 | 1 accumulated Flatten
— 7__77__ —_—
=L L4 Fully connected
= A layer
| O=THT
zero padding (adding zeros around the _:—_:
image boundary to complete the =
convolution operation) L
8 weight map, 13x13 each The output 8 matrices, 5x5 each
13x13 input image (derived from 8 different 3x3 convolutional (flattened into the fully connected
(with zero padding of 1) kernels, each kernel convolves the input layer of 8x5x5 for final
image with a stride of 3 and resulting into classification)
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Figure S41. Schematic illustration of the in-sensor convolution operation by implementing neural network on the
two-terminal crossbar.
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Figure S42. Voltage values to construct the eight different convoluted kernels
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Figure S43. Weight of eight different kernels determined by the applied voltages.
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a Original recognition accuracy
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Figure S44. Analysis of the recognition accuracy of hardware neural network. Recognition accuracy of the original
dataset consists of 622 images with a convolutional and a fully connection layer (a), enlarged dataset of 1083 images
(b) and adding a ReLU and max pooling layer (¢) to the neutral network architecture. ReLu and max pooling layer
could be realized by adding additional diodes and comparators, respectively, to the hardware architecture.
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Figure S45. Results of in-sensor classification accuracy based on bipolar photoconductive effect and unipolar
photoreconductive effect with standard MNIST dataset.
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Figure S46. a, Schematic illustration of signal acquisition with in-sensor convoluted. b, Data flow diagram from
sensor node to processing unit. * Assum a 3x3 kernel is applied.

920¢ 42q0j00 82 U0 Jasn AINN INAHNd A9 /L00 1S~ 2€€2009uu/pd/661L0ZSAuUBWalddns-ajone/coeouE/BI0 sOE SGNd Wy papeojumoq



Table S1. Category of bipolar photoconductive devices with trigger mechanisms

Optoelectronic devices with bipolar photoresponse behavior

Triggering mechanism

Multidimensional
control

light feature

*  Wavelength®-¢!

 Intensity®

Electrically modulated

negative/positive
photoresponsivity

*  Qate voltage

*  Pre-polarized voltage

Promising applications

All optical controlled logic gate

* All optical computing and
all optical network with high
speed, wide bandwidth, etc.

Reconfigurable vision sensor

e Ultrafast machine vi-
sion with in-sensor im-
age processing mimic
neuro-biological archi-
tectures

* Retina prosthesis with
retinomorphic light en-
coding

Table S2. Comparison with other reported bipolar photoconductive optoelectronic devices with electrically tunable
negative/positive photoresponsivity
Stability
Active . Trigger a Fabrication Operation Incident G Array Device e Fill
materials Mechanism methods Structure technique condition light Responsivity size reproducibility Cycling Environ Application factor”
b mental
Stability (o ility
o Spit-gate — ALD, = 9 Encoder
WSe2 "f:.‘r“" e modulated SFf";ﬁ‘f“ 4T mechanically — 0.25V~+0.25V, 650nm 60 ’“’X%v -60 3x3 27 N/P N/P and
1 junction PN or NP voltage exfoliated Vis=0V. m classifier
0.18
WSey/h- . _ 9 Encoder
BN/ALOs hetero  Photogating  Gate voltage 3T Mechanical - Va=0V/-9, 405 and NP 13 5 NP NP and NP
2 exfoliation Vps=10mV 650 nm .
structure’ classifier
BP/AI203/WSe ALD and VemtSV/6Y 450, 520,
2/h-BN Photogating Gate voltage 3T mechanical Viloov and 637 N/P 3x3 9 NP 9 days Encoder 0.16
heterostructure’’ exfoliation Dy nm
PdSe2/MoTe2 Mechanical Ve =10V 365 nm, 100 mA/W~- Encoder
heterostructures’ Photogating Gate voltage 3T A ¢ ’ 532 nm, 300mA/W N/P 3 N/P N/P and N/P
s exfoliation V=0V .
980 nm (532nm) classifier
) 457 nm
Perovskite- MOCVD, . g .
Gated Photogating  Gate voltage 3T ALD, spin- x“";f‘llv'bv' ::dz - 2 (;Sgnﬁf ;"’ NP NP 30 NP Encoder NP
AlGaN/GaN* coat P om -
ReS2/h- ) _ 520,637,
BN/MoS2 vdW  Photogating Gate voltage 3T Mechanical Vo=£30V, 830, and N/P N/P N/P N/P N/P N/P N/P
30 exfoliation Vps=0.1V
heterostructure 1310 nm
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Graphene/organi

c . . Wet transfer, Ve=+5V/-20V. 450~1064 2.86 % 106 A
' 3 G , " )
heterostructure( Photogating Gate voltage 3T spin coating Vo=0.1V am W1 N/P 8 N/P N/P Encoder N/P
PM6:Y6)"!
ALD and Motion
WSe2/Al203/Hf . . ! Vo=t 6V, 450 nm, 50 mA/W~-60 n
DAL Photogating Gate voltage 41 mechanical Vot IV €60 AW 3x3 18 NP NP recognitio
exfoliation n
0.19
Mechanical _ r
WSe2-hBN" Photogating  Gate voliage 3T exfoliation, YO 2V 532 nm 450mA/W-- NP 3 NP NP Encoder 0.18
VD Vos=£1V 450mA/W
Exfoliated, Vemi3 V 405, 520, Motion
MoS2/st-SiNx*  Photogating Gate voltage 3T low-pressure Voc02-08V 638 and NP 18x18 64 50 NP recognitio 0.013
CVD P 940 nm n
Epitaxial Ferroelectri ) Preprogrammin Encoder
PbZr02TI0.8)0 ¢ Preprogrammi o1 PLD growth o V= 365 nm Oozizlf::}v“\;/ - fig and 1 10° NP and NP
3% polarization e 1.94V~+1.89V - classifier
. Preprogrammin
Ferroelectri . - Encoder
P(VDF- ¢ Preprogrammi 2T ALD, drop g V=ESVIIOV, 365 nm N/P N/P 9 100 N/P and N/P
TrFE)/HfO2 A ng casting Operation V=- -
polarization 011V classifier
ALD, _ In-sensor
Se/SWCNT® Photogating  Gate voltage 3T immerse Vo283 V, 375, 405, NP 1010 1000 NP NS recognitio  0.0089
o Vos=0.1~1V 532 nm
deposition n
Carrier 1.05 mA/W Optical
a-Sb,05/a- trapping at Bias and e > 287 and (303nm), - ¥ . .
Ga,0,% heterojuncti wavelength 2T Sputtering V=0-1v 303 nm 0.71 mA/V NP 12 40 NP communic NP
. . = ation
on interface (287nm)
Light- 405,532,
I oo 20%20 Encoder 0.69
-] Y ~—
n-PBDF (This modulated Bias 2T Spin-coating  V<0.2V 650, 808, 6.ImA/W-~— and 87 10° 78 days and and
work) Schottky and 905 0.87 mA/W .
barrier am 62X52 classifier 0.81

a: 2T: Two terminal, 3T: Three terminal, 4T: Four terminal.
b Extracted from the device image with scale bar.

Table S3. Tradeoff comparison between conventional photodiode and the proposed device in this work

Metric Conventional photodiode Proposed device
Detectivity High Relatively low
Structure PN or PiN junctions Schottky junction
Operation mode Photoconductive or photovoltaic Photoconductive

Conducting polymer (e.g., n-

Materials Mainly Silicon-based PBDF)
Thickness Micrometers Nanometers
Tunable positive/negative

photoresponsivity No Yes

In-sensor image
processing function

No

Yes

Flexibility

Limited

Good

Integration

Conventional sensing system

Neuromorphic sensing system
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