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Abstract



Time and space constitute fundamental dimensions of physical reality, making their integrated
processing crucial for advanced vision perception systems. Current visual information processing
faces dual limitations: von Neumann architecture-induced data transfer bottlenecks and spatial
feature processing often disregard temporal dynamics, while temporal analyzers oversimplify
spatial complexity. Here we propose an artificial vision hardware enabling intrinsic temporal-
spatial fusion through voltage-tunable temporal differentiation with microsecond-scale resolution
and photoresponse-weighted spatial compression via pixel binning. The architecture achieves
millisecond-level latency from sensing to decision in autonomous driving scenarios through in-
sensor spatiotemporal fusion, eliminating external computing dependencies. Experimental
validation demonstrates 95 % recognition accuracy in human actions database while the operation
counts required is only 1/10 of conventional convolutional processing. This work facilitates
physical-level spatiotemporal fusion through the co-optimization of photodetector arrays and
weighted control circuits, which could fundamentally reshape machine vision architectures with

potential extensions to real-time decision systems.
Introduction

Temporal-spatial integration constitutes the fundamental framework of physical reality,
wherein temporal progression and spatial architecture form an inseparable continuum governing
real-world dynamics. Biological visual systems achieve sophisticated environmental perception
through intrinsic spatiotemporal fusion mechanisms.}? This bioinspired framework finds
technological resonance in artificial perception systems, where spatiotemporal integration
becomes a computational imperative rather than merely biological phenomenon. Recent
breakthroughs in autonomous driving technologies, exemplified by the BEVFormer (Bird's Eye
View Transformer) algorithm®, demonstrate the transformative potential of artificial
spatiotemporal fusion through temporal and spatial attention mechanisms. This approach generates
compact BEV feature maps that simultaneously encode multidimensional spatiotemporal

information, thereby enabling computationally efficient target detection critical for vision-based



autonomous systems like Tesla's. Current vision systems, reliant on the von Neumann architecture
and backend algorithmic processing for spatiotemporal fusion perception, suffer from excessive
energy consumption and latency due to the transmission and processing of massive raw,
unprocessed data. Hence, co-innovation must begin at the sensory hardware level, bridging

spatiotemporal fusion principles with novel detector architectures.

The emerging in-sensor computing paradigm presents a promising solution through in-situ
computation within photodetectors, effectively bypassing redundant data conversion and
transmission.* However, current in-sensor computing vision strategies only process information
from either the temporal or spatial dimension, failing to capture integrated spatiotemporal
dynamics. The processing of spatial information is primarily inspired by the structure of receptive
fields in the human eye, similar to the mechanisms of artificial neural networks, where the core
operation involves the weighted summation of light intensity. One approach is to make the
responsivity of the device itself adjustable.>® By assembling multiple devices with tunable
photoresponse into an array, optical information can be processed. Alternatively, photodetectors
can be connected with devices that have adjustable weights.”® However, this functionality only
allows for the spatial weighted summation of light intensity, without considering the temporal
distribution characteristics of the light intensity. For the extraction of temporal information features,
most methods rely on the device's ability to store photogenerated carriers through trap or floating

gate structures, effectively integrating light intensity over time to process event information.

In recent years, reservoir computing based on this principle has demonstrated exceptional
advantages in handling temporal information.® ! However, the accumulated (reservoir computing-
processed) images still require additional computational units to process spatial characteristics.
Thus, it is evident that in practical implementations, designers face a dichotomy: either perform
frame-by-frame spatial analysis followed by temporal sequencing, or integrate multiple temporal
frames before extracting spatial features. Both approaches introduce inherent latency and

computational overhead, particularly problematic for high-speed object detection. This



fundamental trade-off underscores the need for true co-processing of spatiotemporal information
at the sensory level. Although recent computational event-driven vision sensors demonstrate
motion recognition capability, their dependence on the fact that each pixel requires two devices to
be integrated in order to realize the function of information processing fundamentally conflicts

with miniaturization requirements.*?

In this work, we present a temporal-spatial fusion artificial vision hardware (TSF-AVH)
achieving native temporal-spatial co-processing through two mechanisms: (1) electrically tunable
temporal differentiation with microsecond-scale resolution; (2) pixel binning executing spatial
compression through photoresponse-weighted summation (Figure 1). The temporal information
processing based on differentiation exhibits higher temporal resolution compared to conventional
integration-based. Integration-based methods necessitate the collection of light intensity over a
short period, resulting in delays when recognizing high-speed moving objects. By employing
voltage adjustments to modulate the responsivity of photodetectors and concurrently binning
pixels with varying light responses through specific components, fundamental recognition can be
directly accomplished at the detector end. This temporal-spatial fusion operation facilitates in-
sensor feature extraction, thereby reducing backend computation compared to traditional systems.
To experimentally verify the functionality of our vision hardware, a spatial light modulator (SLM)
is employed to provide rich spatiotemporal visual elements. For autonomous driving, the system
directly recognizes changes in signal lights, achieving a decision delay benefit of 1 ms from the
detection end to the control end, which satisfies the time delay requirements for autonomous
driving. In the complex scenario of human action recognition, this system directly implements
feature extraction by temporal and spatial fusion, requiring only 10 % of the operation counts of
convolutional neural networks to achieve a recognition accuracy rate exceeding 95 %. This system

is anticipated to advance the development of the next generation of artificial vision systems.

Results



Design and characteristics of the devices

Figure 2a delineates the hierarchical architecture of the TSF-AVH. The device stack
integrates five functional layers (top to bottom): (i) Au top electrodes arrays (70 nm, e-beam
evaporated) interfacing with weighting circuits, (i1) graphene electrodes (bilayer, CVD-grown)
offering both conductivity and light transmission, (ii1) SiO2 dielectric spacer (300 nm) for DC
signal isolation, (iv) intrinsic Si absorption layer (500 pm), and (v) Au bottom electrodes connected
to transimpedance amplifiers (TIA, gain: 107 V/A). The material characterization is shown in
Supplementary Figure 1. The morphology of the TSF-AVH is as shown in Figure 2b. The
temporal processing capability originates from the device's differential photoresponse mechanism.
As demonstrated in Figure 2¢, under rectangular optical pulses (A=605 nm, rise time <1 ps), the
detector generates bipolar current spikes, precisely matching the temporal derivative of optical
power (dP/dt).®® The magnified view of the time - differential pulse signal in Figures 2d-e shows
that the bipolar current spikes duration is less than 1 millisecond. Time-resolved measurements
using a high-speed oscilloscope (20 GHz bandwidth) revealed sub-millisecond transient responses,
as quantitatively demonstrated in Figures 2f and g. The response time (t), defined as the interval
between 10 % and 90 % of peak signal amplitude, was measured at 100 ps. This corresponds to a
-3dB bandwidth of ~3.5 kHz, calculated as the reciprocal of the response time. This temporal
resolution corresponds to equivalent frame rates exceeding 3500 fps (frames per second) in
conventional imaging systems, demonstrating capability for high-speed motion tracking

applications.

Electrically tunable differential response, a key enabler for neuromorphic computing, is
quantified in Figure 2h. Sweeping top electrode from -1 V to +5 V modulates photoresponse
amplitude at fixed illumination. This characteristic distinguishes our device from standard silicon
photodiode arrays (as shown in the Supplementary Figure 2), which lack obvious voltage-tunable
photoresponse. The mechanism of electrical tunable time-differential photoresponse is shown in

Supplementary Note 1.24° Figure 2i systematically maps the voltage-dependent output signals



across three decades of optical power (10-1000 pW), demonstrating stable operation over the full
dynamic range. The inherent built-in potential, arising from Fermi-level mismatch between Au and
graphene, induces asymmetric voltage modulation characteristics about 0 V, requiring threshold
voltages to overcome interfacial band bending.'® The photoresponsivity was calculated from the
measured voltage signal through a transimpedance amplifier (TIA) and oscilloscope. The max
photoresponsivity reaches the order of mA/W (typically R=49 mA-W! at Piign=10 uW, Vinod= 6
V), depending on the incident light intensity and applied modulation voltage. Although slightly
lower, the photoresponsivity remains within a comparable range to that of state-of-the-art

commercially available silicon PIN photodiodes (S1223).

The scalability from single-pixel devices to a 6x6 array necessitated systematic uniformity
evaluation. As depicted in Figure 3a, uniformity estimation was performed using a collimated
light spot (A=685 nm, spot diameter 200 um) to sequentially illuminate individual pixels under
four gate biases (-1 V, 1 V, 3V, 5 V). Figure 3b shows the highly consistent photoresponse
characteristics for all 36 pixels. Statistical analysis of response amplitude distributions (Figure 3c)
reveals voltage-dependent separation while maintaining intra-group uniformity.'® The observed
minor non-uniformities prove inconsequential for neuromorphic computing implementations, as
artificial neural networks inherently tolerate parameter variations through distributed information
encoding. Information is encoded holistically in the entirety of network weights through
distributed representations, as opposed to localized exact storage in traditional computing. Neural
architectures process signals via population coding rather than precise analog computations?’,
where collective responses from multiple neurons (analogous to array pixels) compensate for
individual deviations. The spatial consistency satisfies the tolerance threshold for neuromorphic
array operations, confirming feasibility for large-area image processing applications. Furthermore,
the noise characteristics and the quantitative definition of computing accuracy is explored in
Supplementary Note 2. Theoretically, this analog in-sensor spatiotemporal scheme may include

stably set 32767 distinguishable weight states with an effective bit resolution of approximately 15



bits at the output.
Mechanism for Spatial Information Processing

TSF-AVH enables spatial information processing through bio-inspired spatially distributed
optoelectronic weighting, as schematically illustrated in Figure 4a. A biological neuron processes
information by receiving multiple input signals through synaptic structures, integrating them, and
transmitting the result through dendrites to the next neuron, thereby completing the information
processing.'®%° This process can be simplified as a weighted summation operation, where multiple
inputs are multiplied by weights and then summed to produce an output signal.?® The weighted
summation operation is the central computational operation in fully connected artificial neural
networks, and artificial neural networks based on this operation can be trained using gradient
descent algorithm. The fully connected artificial neural network achieves the classification of the
image by weighting and summing the grey values of the pixels at different locations of the pattern
as indicated in the left panel of Figure 4b. A pattern undergoes weighted summation operations
with four different weight matrices, resulting in four corresponding output values.?* Classification
is achieved by comparing the magnitudes of these four outputs. For this TSF-AVH array, voltage
can be used as a weight to control the photoresponse of each pixel, with light intensity serving as
the input signal. By connecting multiple photodetectors in parallel and using Kirchhoff's current
law to output the total current, a neuron-like information processing capability is achieved. On the
device, the pattern is projected onto four positions on the array: upper left, upper right, lower left,
and lower right as indicated in the right panel of Figure 4b. The pixels at each position can be
voltage-modulated to control their responsivity, and by connecting the pixels in parallel, a
weighted summation of the optical signals similar to a full connected neural network is achieved.
During the training of the artificial neural network, one-hot encoding is used for four different
letters. The classification result is determined by comparing the final output voltage values. The
accuracy of the classification is dependent on the values of the weight matrices, which are obtained

through extensive data-driven learning and training. When an unknown image is projected onto



the visual system, the channel number corresponding to the maximum output represents the
recognized result. Since the position of each pixel determines the spatial distribution of the

collected light intensity, spatial optical information processing is accomplished.

To control the weight of each pixel, this work designed a weight control circuit centered
around a multi-channel Digital-to-Analog Converter (DAC), using an FPGA to control the voltage
output at each DAC terminal, thereby adjusting the weight of each photodetector, as shown in
Figure 4c. The DAC chip is the core of the circuit, featuring multiple functional pins: SCK (Serial
Clock) for synchronizing serial data transmission; SDI (Serial Data Input) for data input; and
LD/CS (Load/Chip Select) for selecting the chip and controlling data loading. The weight matrix
(o0 (1,1) ... (6,6)) is input via a touchpad, and the FPGA controls the DAC to apply the
corresponding voltage (V (1,1) ... V (6,6)) to each pixel. The long-term stability of the bias
voltages supplied by the weighting control circuit is demonstrated in the Supplementary Figure
6. The currents from all detectors are aggregated through an amplifier to an oscilloscope for testing.
The physical diagram of the weight control system is shown in Figure 4d. The complete equipment
setup is shown in Supplementary Figure 7. The optical information input end consists of a laser
paired with a reflective spatial light modulator, capable of projecting any spatial distribution
pattern onto the photodetector array. The schematic of the laser and spatial light modulator
connection is shown in Figure 4e. Figure 4f displays four different letter patterns projected onto
the photodetector array, with noise signals superimposed on the original letters to increase pattern

diversity.

Figures 4g-h show the weight distribution of the neural network before and after training and
the corresponding voltage values applied to the artificial visual system. During network training,
experimentally characterized photoresponse curves were incorporated into the forward model,
while weight ranges were constrained to match the achievable voltage-tuning range of the
hardware. This enables direct mapping of trained algorithmic parameters to executable hardware

configurations, ensuring compatibility between computational models and physical



implementation. The detail of training of artificial neural networks is shown in Supplementary
Note 3. Figure 4i illustrates the change curves of accuracy and loss function during the training
cycles of the neural network, achieving 100 % accuracy after 20 cycles. Figure 4j displays the
output values of each channel when different patterns are projected onto the device. When the
input is C, i.e., the first column, Outputl produces the highest pulse signal, so the neural network
decision result is C, matching the output pattern. When the input is L, Output2 is the highest, so
the neural network decision result is L. Figure 4k presents the data of the highest pulse amplitude
for the four channels under different pattern projections. Experimental results show that by simply
setting a certain threshold, the incident pattern can be directly classified, completely independent
of external computational support. Thus, the system completes the processing of spatial
information. The subsequent work will integrate the temporal characteristics of differential
response with the spatial characteristics of weighted summation to realize an artificial visual

system based on spatiotemporal fusion.
Spatiotemporally fused information processing

With the increasing adoption of vision-based solutions in autonomous driving, photodetectors
capable of processing visual information are expected to play a significant role in this field.?? By
integrating voltage-tunable temporal differentiation at the pixel level with neural-inspired spatial
Information compression at the array level, our architecture achieves hardware-level

spatiotemporal fusion (More details are shown in Supplementary Note 1).

Figure 5a illustrates a typical autonomous driving scenario where a vehicle is waiting for a

nmn

traffic light change. The traffic light has three different directions: "go straight," "turn left," and

"turn right." Initially, the traffic light can be in one of three states and may change to one of the
other two states at any given moment. As shown in Figure Sb, there are six different event states
in total. These correspond to six different steering wheel decision states: "rotate the steering wheel

nn

90 degrees counterclockwise from the go-straight state," "rotate 90 degrees clockwise from the go-



nn nn

straight state," "rotate 90 degrees clockwise from the left-turn state," "rotate 180 degrees clockwise

nn

from the left-turn state," "rotate 90 degrees counterclockwise from the right-turn state," and "rotate
180 degrees counterclockwise from the right-turn state." In order to complete the decision making
for this scenario, the orientation of the traffic light, i.e. the spatial information of the light intensity,
and the change of the traffic light, 1.e. the temporal information of the light intensity, need to be
analyzed. Traditional vision solutions involve recognizing arrows pointing in three different
directions and analyzing the results before and after a change to command the steering wheel
accordingly. This approach is sensitive to delays, which are critical in the high-speed information
processing required for autonomous driving. The separation of perception and computation
necessitates data conversion and transfer, leading to delays. In contrast, temporal differential
sensing can quickly detect changes in light intensity and use appropriate weights to recognize
changes in image states. By employing a similar artificial neural network training process as
described in the previous section, the optimal weight distribution for this scenario can be obtained.
The motion scene is then projected onto a photodetector array with six different weight
distributions. By comparing the signal magnitudes from six different output ports, steering wheel
decisions can be made in real-time without the need for data conversion and transfer. As shown in
Figure 5c, when the traffic light changes from "turn right" to "go straight," the fifth channel shows
a higher signal value, leading to the decision to "rotate the steering wheel 90 degrees
counterclockwise from the right-turn state." In practical experiments, due to the limitations of array
size, simultaneous output from six channels is not feasible. Therefore, a time-division multiplexing
method is used, where the same scene is projected onto the detector array under different weight

voltage controls to obtain six channel outputs.

Based on the above, it is evident that compared to traditional vision solutions, the TSF-AVH
developed in this study is inherently well-suited for adapting to changes in light intensity. By
adjusting the weight voltages, it can directly distinguish events related to varying light intensities.?®

This approach overcomes the delays associated with traditional frame-based methods and avoids



the need for data conversion and transmission inherent in conventional von Neumann
architectures.?® It enables direct decision-making from the detector to the control end, with the
device's response speed equating to the decision speed. According to previous characterizations of
the photodetector's response speed, the pulse photodetector responds in less than 100 us, which

meets the millisecond-level decision-making requirements of autonomous driving.?®

Using voltage as a weight to simulate the behavior of artificial neural networks allows for
rapid target recognition. However, the photodetection process is unidirectional, unlike the
bidirectional processing of electrical signals, which can be repeated. As a result, neural networks
based on detector responsivity control can only implement single-layer networks. This
characteristic limit the chip's ability to recognize more complex scenarios. In contrast to fully
connected neural networks, convolutional neural networks (CNNs) are also an efficient type of
artificial neural network for image recognition. CNNs are characterized by their ability to extract
image features through convolution operations with kernels and reduce data size while preserving
features through pooling layers. The convolution operation involves multiplying and summing the
grayscale values of an image with the corresponding values in the convolution kernel.?®?” Suppose
the  pixel values of an image region are represented by = matrix

i1 Q12 Qg3
[a21 az2 a23] (D

asz; dszz; dsz

, and the convolution kernel by matrix
kix  kiz ki3
ka1 kaz ka3 (2)
k31 k3p ka3

; then the convolved pixel value is

b = ay1ky1 + agnkyp + ai3kiz + azikaq + azakon + azskas + aziksg + azzks; + azskss (3)

. This convolution operation is similar to the weighted summation described in the previous

section. Therefore, matrix a can be considered as a light intensity matrix, and matrix k as a detector



matrix controlled by voltage. Measuring the output electrical signal yields the result of feature
extraction of the light intensity signal under the convolution kernel. By leveraging the time-
differential photoresponse characteristics of the detectors, direct feature extraction and recognition
of moving targets can be achieved. Figure 5d illustrates two different feature extraction methods
for Weizmann human actions database.?® The TSF-AVH can directly recognize moving scenes. In
contrast, traditional detectors require algorithms to first extract moving targets, such as using frame
difference methods to perform differential operations on image sequences, followed by feature
extraction using convolution kernels. This traditional method inevitably involves data transfer and
handling. The TSF-AVH does not rely on additional computational units, achieving both spatial
feature extraction of images and temporal motion feature extraction of moving targets. By
combining these two aspects of feature extraction, the system retains motion characteristics while
reducing data size, significantly enhancing the efficiency of subsequent recognition by fully
connected neural networks. Figure Se compares the training epochs and accuracy rates during the
recognition training process of the artificial vision system based on traditional detectors and
spatiotemporal fusion. It is evident that images captured by TSF-AVH significantly enhance
subsequent recognition efficiency. The improvement in accuracy can be attributed to two main
factors. First, the static background and dynamic targets exhibit different temporal characteristics,
which are extracted by the photodetector's inherent differential photoresponse.?® Second, by
adjusting the responsivity of the photodetector through voltage control, the spatial features of
moving targets are further processed. This enables the photodetector to perform temporal-spatial
fusion of visual information, allowing the subsequent recognition network to distinguish these
features with minimal computation. Figure 5f compares several common vision strategies using
accuracy and computation as metrics. The experimental results demonstrate that this approach
maintains high recognition accuracy up to 95 % while requiring very low computational operation
counts, which is about 10 % compared with that by CNNs. For specific methods of computational

efficiency evaluation, please see the Supplementary Note 4. In addition, the potential comparison



against conventional vision systems on key metrics such as accuracy, latency, and energy
efficiency is evaluated in the Supplementary Table 1. Due to its robust structural design (More
detail see Supplementary Note 5), this architecture supports scaling to larger arrays for more
complex functions. However, some extreme flickering environments can still lead to erroneous
output results (Supplementary Figure 10), necessitating further optimization in algorithm design.
Furthermore, established circuit solutions like active-matrix addressing provide manageable
pathways for control expansion in scaled arrays, ensuring the architecture's scalability without
compromising performance. Furthermore, scaling up the detector array further can substantially
lessen reliance on external computation, enabling a more efficient artificial vision system.
Additionally, TSF-AVH exhibits excellent stability as shown in Supplementary Note 6.
Experimental results demonstrate a 10 % decay over 15 months, with no significant reduction in
light response after ten minutes of cyclic light stimulation. It maintains good stability even under

high-temperature and high-humidity conditions.

Discussion

This study demonstrates a temporal-spatial fusion artificial vision system with in-sensor
computing capabilities to overcome the von Neumann bottleneck in visual data processing. By
integrating a 6 x 6 differential photodetector arrays with bias-tunable photoresponsivity and a
multi-channel DAC/FPGA control system, we enable direct temporal-spatial vision feature
processing through optical intensity differentiation and voltage-programmable convolutional
operations. The proposed temporal-spatial fusion vision processor demonstrates exceptional
performance in dynamic feature extraction, achieving sensor-to-control decision latency <1 ms in
autonomous driving scenarios. For complex human action recognition tasks, the system
attains >95 % accuracy with merely 10 % computational overhead compared to conventional CNN.

This work has accomplished board-level functional verification based on the array chip. By



leveraging the current mature integrated circuit fabrication process, we are poised to achieve an
artificial vision system that matches the pixel scale of contemporary CMOS image sensors while
incorporating temporal-spatial fusion capabilities for visual information processing. These
advancements validate the device's capability in efficient temporal-spatial information processing,
combining in-sensor optical differentiation with hardware-accelerated convolutional operations,

establishing a new paradigm for real-time edge computing in intelligent perception systems.

The TSF-AVH architecture demonstrates broader importance through its CMOS-compatible,
scalable design that transcends its initial autonomous driving application. Its in-sensor computing
paradigm fundamentally addresses the data bottleneck of conventional systems by transforming
pixel scaling into parallel analog computing resource expansion, maintaining ultra-low latency and
power efficiency even at increased resolutions. While the current 3.5 kHz bandwidth and
predefined weight configuration present certain constraints for extreme high-speed scenarios and
dynamic class adaptation, the 90 dB dynamic range and neuromorphic population coding of the
system provide inherent robustness in noisy environments. Future development paths, including
3D integration, adaptive voltage regulation, and memristor-based weight updates, are expected to
improve low-light performance and enable real-time learning. A comparative analysis of TSF-
AVH against recent hardware technologies is listed in Supplementary Table 2. These
characteristics make TSF-AVH a foundational technology for various applications such as
industrial automation, robot vision, and extended reality systems, and its hardware-level
spatiotemporal processing capabilities provide a new reference for efficient and rapid-response

machine perception.

Methods
Fabrication of the devices

The intrinsic silicon substrates and CVD graphene were purchased from Nanjing MKNANO Tech.



Co., Ltd. (www.mukenano.com). The silicon wafers were sequentially cleaned in acetone,
isopropyl alcohol, and deionized water. A wet etching process was employed to transfer CVD-
grown graphene onto silicon substrates. The graphene patterns were defined through
photolithography followed by oxygen plasma etching. Ti/Au contact layers (10 nm/70 nm) were
deposited using UV lithography (SUSS MJB4 mask aligner) and electron beam evaporation (HHV
FL400 system). The final device structure was completed using a lift-off process. The electrode-
patterned silicon chip was electrically connected to a custom PCB daughterboard through a
custom-built silver wire bonding system. The daughterboard was linked to a mainboard integrating
a 16-bit DAC (LTC2688) and support electronics via board-to-board connectors. Dynamic voltage
patterning was executed by an FPGA (Xilinx Zyng-7010), commanding the DAC to achieve pixel-

specific responsivity weighting through bias modulation.
Characterization of the devices

The material characterizations of Raman were carried out by a confocal Raman spectroscopy
system (WITec Alpha 300R) with 532 nm laser excitation (100 uW, room temperature). Fs-Pro
semiconductor parameter instrument was used to measure the electrical properties of the devices.
The electrical characterizations were performed in ambient air with a transimpedance amplifier

and oscilloscope.

Data Availability

The data that support the findings of this study are presented in the paper and the Supplementary

Information. Source data are provided with this paper.
Code availability

The codes that support the findings of this study are available from the corresponding authors on

request.
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“ A bird taking off ”

Temporal feature extraction
—> Spatial feature extraction
— Our work: Temporal-Spatial Fusion

Figure 1. Schematic diagram of temporal-spatial fusion artificial vision system for vision
information processing. In the same pixel, temporal information processing is achieved by
photodetectors sensitive only to changes in light intensity over time., while spatial information
processing is realized by voltage-modulated photoresponse, thereby accomplishing temporal-
spatial fusion visual information processing. Traditional methods, instead, require the sequential

processing of temporal and spatial information.
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Figure 2. The temporal information processing characteristics of TSF-AVH. a) Schematic of
TSF-AVH. b) Photograph of the assembled TSF-AVH, and magnified image of the pixels array.
Scale bar: Smm (top-right), 500um (bottom-right). ¢) The time differential photoresponse
characteristics of TSF-AVH. The photoresponse of the TSF-AVH is matched to the differential of
the light intensity against time, so the processing of the temporal features of the light intensity can
be directly implemented based on this property. d-e) Magnified view of the time - differential pulse
signal. f-g) Time - resolved measurement characterizes the response speed of the TSF-AVH. h)
Voltage-tunable differential photoresponse. 1) Mapping of the voltage-dependent responsivity

across three decades of optical power.
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Figure 3. The variability of the TSF-AVH array. a) Image of the laser spot illuminating on one
of the pixels of the TSF-AVH. b) Photoresponse characteristics for all 36 pixels. ¢) The statistical
analysis graph of the photoresponse amplitude distribution indicates a voltage-dependent

separation, with the intra-group consistency retained.
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Figure 4. The spatial information processing characteristics of TSF-AVH. a) Schematic

diagram of the analogy among biological neurons, mathematical models and device designs. b)

Schematic diagram of the mechanism of spatial information processing. ¢) Schematic diagram of

the weight control circuit. d) The image of the weight control circuit. €) Schematic diagram of the

spatial light modulator. f) Image of four different letter patterns projected onto the photodetector



array. g-h) the weight distribution of the neural network before and after training and the
corresponding voltage. 1) Accuracy and loss during the training cycles. j-k) The output values of

each channel when different patterns are projected onto the device.
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Figure 5. Temporal-spatial feature fusion for dynamic scene perception. (a) In a typical
autonomous driving scenario, the vehicle passes through a signalized intersection and steers the
steering wheel according to the indicator lights, (b) The pattern actually illuminated on the device

and the corresponding steering wheel operation. c¢) For a certain scene, the photoelectric signals



output by 6 channels, by comparing the magnitude of the peak, the decision result can be obtained.
All six output panels share the same y-axis label. d) Comparison of feature extraction methods
between the Spatiotemporal Fusion Vision System and the Traditional Detector Vision System
Strategies. €) Comparison of training epochs and accuracy rates during the recognition training
process between the camera only and the spatiotemporal - fusion - based artificial vision system.
f) Comparison of recognition accuracy and computing power among several different visual

strategies.



Editor’s summary:

Current artificial vision systems suffer from high energy consumption and latency due to the von Neumann bottleneck
and separated spatiotemporal processing. Wu et al. propose a vision system achieving native spatiotemporal co-

processing with millisecond latency and 95% action recognition accuracy at low computational cost.
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