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7  Abstract

8  The number of nodes in sensory network is rapidly growing, and generates a huge

9 amount of redundant data, which forces frequent data exchange in sensory terminals
10 and computing units, occupies large computation, memory and communication
11 resources, and consumes substantial energy during data transfer. To efficiently process
12 massive data and decrease power consumption, it is quite necessary to develop new
13 computing paradigms that are close to or inside sensory networks, and can reduce the
14  redundant data movement between sensing and processing units for enhancing speed,
15  power efficiency and integration density. Here we propose near-sensor and in-sensor
16  computing paradigms for moving part of computation tasks to sensory terminals. We
17  classify their functions into low-level and high-level processing, and discuss the
18  implementation of near/in-sensor computing for different physical sensing systems. We
19 also analyse the existing challenges and provide possible solutions for hardware
20 implementation of integrated sensing and processing units using advanced

21  manufacturing technologies.
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The ever-increasing and ubiquitous sensor nodes distributed in the Internet of Things
generate large volume of data, which are continuously growing at a rapid pace. The
number of sensory nodes is predicted to reach 75 billion by 2025 and surge to 125
billion by 2030." In these sensory nodes, a large portion of generated raw data are
unstructured and redundant. In typical designs, the sensory systems are physically
separated from computing units because of different requirements and manufacturing
technologies of sensing and computation units, where sensing functions are realized in
noisy analogue domain, and computing is usually executed in digital format with von
Neumann architecture. As a result, voluminous quantities of raw data are locally
acquired from sensor terminals, and transferred between sensing and computation units
or cloud computing, which poses significant challenges for energy consumption,

response time, data storage, communication bandwidth, and security.

The data proliferation from ubiquitously distributed sensors gives rise to massive
increases in information processing demands, especially for the sensor-rich platforms
(e.g., intelligent vehicles, autonomous and micro robots, mobile medical, wearable
electronics) and the applications with strict delay requirements (e.g., real-time video
analysis, cooperative autonomous driving), and makes the computing architecture more
data-centric instead of computation-centric. This data-centric computing paradigm has
a number of new characteristics that are dramatically different from conventional
computing, and thus demands new computational paradigms, which in turn require new
hardware platforms to match such characteristics for achieving high performance and
energy efficiency. To process information more efficiently using the same or less power,
we need to develop new computing paradigms to shift some of the computational tasks
close to the sensory devices, which reduces redundant data movement, and generates,

collects and consumes the data locally. 2
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Near-sensor and in-sensor computing paradigms emerge as effective alternatives for
efficient sensory data processing by residing computing units at sensor endpoint or
equipping sensors with computing capabilities to reduce or eliminate data transfer and
conversion at the sensor/processor interface. Fig. 1 illustrates the comparison of
conventional sensory, near-sensor and in-sensor computing architectures. In
conventional architecture, the analogue sensory data are firstly converted to digital
signal through analogue-to-digital conversion (ADC), temporally stored in a memory
unit, and then fetched from memory to processing units, in which the data transmission
and conversion result in inefficient power use and high latency. In the near-sensor
computing architecture, the processing units or the accelerators locate beside sensors
to execute specific computational tasks at the sensor endpoints, which can resolve the
bottlenecks between sensors and processors by optimizing sensor/processor interface,
minimizing data transfer and conversion, and reducing redundant data. In the in-sensor
computing architecture, individual self-adaptive sensor or multiple connected sensors
can directly process sensory information, which further eliminates the sensor/processor

interface and combines sensing and computing functions.

In this perspective, we will illustrate the functions of near/in-sensor computing
paradigms, introduce their design strategies, architectures, and representative examples,
and identify key challenges and future research directions. We will also provide
possible ways for the hardware deployment of the near/in-sensor computing

architectures.

Near/in-sensor computing for low-level sensory processing
Integrated sensory/computing systems are featured with hierarchical and
feedforward nature, ranging from low-level sensory information to high-level abstract

representation. Low-level information processing involves selectively encoding
3
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spatiotemporal features from unstructured sensory signals and provides essential
information to complicated circuits for high-level processing. At this stage, the outputs
of low-level processing are still the representations of the sensory signals. The low-
level processing can preliminarily and selectively extract useful data from large volume
of raw data by suppressing unwanted noise or distortion, or enhance the feature for
further processing, which are important processing steps in data-intensive applications.
The low-level sensory processing, such as noise suppression (filtering), background
extraction, feature enhancement, motion extraction, efc., can effectively reduce the
computational load and improve the efficiencies for high-level processing tasks, and
can serve as the interface between sensing and other high-level processing units,
enabling parallel and real-time processing for delay-sensitive applications. Low-level
sensory processing units typically include sensor arrays, readout circuits, ADCs and
processing units. The sensor arrays are usually connected with clock multiplexed
circuits, and one processor handles all the sensory data in series. Fig. 2 schematically
illustrates low-level processing for visual, auditory, and olfactory signals before and
after processing.

Among various sensors, image sensors can be fabricated with CMOS-compatible
process over a large scale. With the increase of image pixel and frame rate, the image
processing has become a typical data-intensive computing. Low-level image processing
involves edge and contrast enhancement, noise reduction (Fig. 2a). The image
processing with pulse-domain based algorithms only requires simple logic operation
and circuit implementation.>* A vision chip by planar system-on-chip (SoC) integration
consists of photodiode arrays, pulse frequency modulation circuits, and simple 1-bit
ADC. Compared with conventional spatial filtering algorithms, e.g.,

Gradient/Laplacian methods or Gaussian filtering (for edge enhancement) and



98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

histogram processing methods (for contrast enhancement) that require complex circuits
with adders and multipliers,>® the pulse domain algorithm eliminates the use of adders

or multipliers, thus reducing circuitry complexity and improving the fill factor.

Compared with digital processing, analogue computing can directly process analogue
signals without ADC. Conventional sensors usually compute a linear function of signal
intensity, while analogue processing circuits connected with the sensors can perform
nonlinear mapping functions, spatiotemporal filtering, and adaption. For example,
adaptive image sensors can employ logarithmic output respect to light illumination,
making the image contrast independent on background change. Additionally, they can
serve as filters to output a low gain for static and low-frequency stimuli, and a high gain

for transient and high-frequency stimuli. "

Emerging sensors can be used for low-level image processing with in-sensor
configuration. Different from near-sensor approach that alters the output using external
circuits, the sensors in-situ respond to external stimuli and output different
characteristics. We designed and demonstrated an optoelectronic memory for
neuromorphic vision sensor with both light-intensity-dependent and time-dependent
plasticity, which allows to directly perform low-level processing for analogue sensing
data. We utilize self-adaptive characteristics of the sensor, which adaptively reduces
the amplitude in dark pixel, and retains the features in bright pixel. In this approach, the
sensor array presents in-situ image pre-processing, including image contrast
enhancement and background smoothing, which is also proved to improve image
recognition efficiency. '© Wang er al. developed a vision sensor with gate-tuneable
positive (ON) and negative photo-responses (OFF) to emulate the characteristics of
bipolar cells in human retina. The reconfigurable sensor array is constructed to extract

the edges in the image through the combination of excitatory and inhibitory interactions
5
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between neighbouring pixels.!! The in-sensor configuration can greatly simplify the

circuitry of sensory processing and eliminate the sensor/processor interface.

The low-level auditory processing includes frequency decomposition, noise
suppression and signal enhancement, which are vital to extract clean signals for
subsequent high-level processing (Fig. 2b). Similar to near-sensor analogue processing
in visual signals, researchers adopted analogue circuits near auditory sensor to emulate
the functions of cochlea.!?'* Multiple auditory sensors are sampled and connected with
analogue spatiotemporal and adaptive bandpass filtering circuits for frequency
decomposition and noise suppression. '%!*!5 Spike-coding-based processing with
address event representation can benefit real-time and event-based auditory
processing.'® The sensors and processing circuits are usually integrated through printed

circuit board (PCB) or planar SoC. 16!

For olfactory sensing, an essential step is to cancel the DC baseline in a
heterogeneous chemosensor array (Fig. 2c), which usually has a large variation in
baseline among different types of sensors. Olfactory chips have been fabricated with
planar SoC integration, in which the olfactory sensors are connected with adaptive
circuits for baseline cancellation. '® The adaptive elements enable the sensors to be self-

adapted within a working range of the circuit for different odours.

For other low-level sensory processing, thermal artificial nociceptor was
demonstrated by connecting a thermoelectric module to a diffusive memristor with
threshold switching, which can respond to damaging stimuli by sending “warning”
signals. ' The low-level processing, e.g., base cancellation, filtering and noise
suppression, can be also extended to other sensory processing, such as

electroencephalography, electrocardiography, tactile sensing, efc.
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In-sensor computing allows feature enhancement through self-adaptive
characteristics of individual sensors, while near-sensor computing processes sensory
signals by transferring data to adjacent computation units with short distance. In term
of circuitry complexity, the in-sensor computing design is simpler, but it is restricted

by limited functions and specific application scenarios.
Near/in-sensor computing for high-level sensory processing

Low-level sensory processing is responsible for optimizing the features in raw and
unstructured data that are difficult to be identified; while it also requires high-level
processing for abstract representation of sensory data, e.g., recognition, classification,
and localization (Fig. 3a). High-level sensory processing involves the cognitive

processes that enable to identify “what” or “where” of the input signals.

The accelerators based on deep neural network (DNN) and convolutional neural
network (CNN) have been extensively used for image/speech recognition or
classification. The accelerator efficiency is limited by dynamic random-access memory
(DRAM) accesses for inputs and outputs. Several near-sensor approaches have been
proposed for efficient processing with optimized sensor/accelerator interface. A near-
sensor CNN accelerator for image recognition (ShiDianNao) can dramatically reduce
the energy costs and shift processing close to the sensor. 2° In this approach, all the
shared weights are directly stored in small on-chip SRAM, exhibiting 60% more energy
efficient and approximately 30x faster than previously reported neural network
accelerator.?! However, the accelerator based on digital processing units restricts the

performance because of the ADC interface.

The convolutional operation can be directly implemented at the sensor endpoint

without ADCs for matrix-vector multiplication (MVM) and multiply-and-accumulation
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(MAC) operations, which can accelerate the computing and reduce the workload of
ADC, because convolutional operations consume substantial computation resources
and dominates the running time. 2?* In RedEye design**, MVM and convolutional
operations are implemented in analogue domain through charge-sharing tuneable
capacitor. The energy consumption per frame is 44.3% and 45.6% lower than GPU and
CPU, respectively. However, the sensors are required to be sampled first without real-
time readouts. In addition, the sensors and processors are integrated on PCB. The MVM
operations can be implemented with analogue memory synaptic arrays near the sensors,
corresponding to the synaptic plasticity in the neural network 2°7 (Fig. 3b). The current
through a memory is the multiplication of voltage and conductance following Ohm’s
law; and the resulting currents are summed along a row or column through Kirchhoft’s

law.

Real-time detection and learning for colour-mixed image recognition can be realized
by connecting h-BN/WSe: photodetector and h-BN/W Se, synaptic transistor in series.?®
The artificial synapse presents distinguishable synaptic weights and plasticity under
lights with different wavelengths. An optical neural network is further constructed for
colour-mixed image recognition. However, the configuration still lacks large-scale
integration and completed processing tasks. Spiking neural network (SNN) provides
another promising solution to enhance the efficiency by processing time-encoded
neural signals in parallel. Fig. 3¢ shows an illustration of near-sensor SNN based on
memory synaptic array through spiking-time-dependent plasticity (STDP) learning rule.
A near-sensor architecture with image sensors, CMOS neuron circuit and memory array

was integrated on PCB for image recognition. %°

To further accelerate the hardware implementation of deep learning algorithms,

reconfigurable sensor arrays can be constructed for efficient in-sensor MAC operation
8
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(Fig. 3d). For a sensor array with m xn sensor elements, the stimuli to sensory elements
can be represented as § vector, §' = (51, S, ...,Sn), and Rux 1s the responsivity matrix of

sensory array. The output vector I can be expressed as:

Iy Ri1 Riz o Run][S1
Iy Rmi Rmz -+ RpnllShm

Depending on the type of external stimuli (light, pressure, chemicals, electromagnetic
field, etc), the responsivity R can be variously physical parameters. The multiplication
of stimulation and responsivity occurs at an individual sensor through sensing process,
and the resulting currents are summed along interconnected sensory elements through
Kirchhoff’s law. The summation of all the currents produced in each sensor element

can be expressed as:

Iy = Yin=11Imn = Xim=1RmnSm (2)
The responsivity of individual sensor is designed to be modulated and updated through
external modulation, which emulates the change of synaptic weight ratios in neural

network during the learning process.

The in-sensor computing architecture greatly simplifies hardware design, and can
effectively perform high-level information processing, e.g., classification, recognition,
and autoencoding. Researchers used conventional semiconductors or emerging two-
dimensional (2D) materials to construct a reconfigurable photodiode array for in-sensor
image processing. ***! In the example of a sensory neural network based on 2D
semiconductors, one pixel consists of three interconnected photodiodes as subpixels.
Both photo-sensing and MAC operation can be realized in the sensor array. The polarity
and magnitude of photoresponsivity of WSe> photodiodes can be modulated by

applying positive or negative gate voltage. Thus, the weight ratios can be tuned during
9
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the training process. With the rational design of in-sensor computing architecture, an
ultrafast image recognition within nanosecond level can be realized by eliminating the
interface between sensor and computing units. *

Olfactory sensors and neuromorphic circuits can be integrated on a planar SoC chip.
1832 The implementation of spiking neural network (SNN) STDP learning enables
simple odour classification tasks. The synapse array based SNN implementation
provides an effective method to simplify the learning circuits and improve the energy
efficiency, which can be further adopted in the near-sensor olfactory processing. A
large number of olfactory sensors can be integrated with processing units in a three-
dimensional (3D) configuration with shorter interconnect length, compared with planar

SoC integration.*’

Tactile sensing can be processed with near-sensor computing architectures for
perceptual learning and recognitions.***® Pressure sensors are integrated with artificial
neuron and synaptic devices to demonstrate an artificial spiking afferent nerve with
learning capabilities.>* The pressure-dependent spiking-rate-dependent plasticity
(SRDP) and weight updating enable the feature learning, which can be further
employed in SNN for touched pattern recognition and movement detection. This
configuration provides potential hardware design for near-sensor computing with

simplified and efficient circuitry.

Sound localization and speech recognition are two primary functions for high-level
auditory processing. The neural network based on resistive switching memories can be
used for efficient auditory localization and recognition. The SNN implementations
exhibit learning capabilities of spatiotemporal patterns. The localization is determined
by the interaural time difference between left and right ears. 37 The neural network

based on resistive switching memories can be potentially further integrated with
10



244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

auditory sensors for efficient sound localization. In addition, the near-sensor
architectures based on neuromorphic computing devices for both olfactory and auditory
processing remain small-scale demonstration with a few devices and lack large-scale

integration for the complete neural network.

Integration technology of near/in-sensor computing

The manufacturing of sensory and computing units relies on different materials
systems, device structures, circuit design and processing technologies. To implement
the near/in-sensor computing systems, heterogeneous integration of sensory and
computing units is a practical way for the hardware architectures with high performance
and high integration intensity. The integration on PCBs presents long distance between
sensing and processing units and low integration density. To meet the demand of low-
power and high-speed near/in-sensor computing architecture, it requires new
integration technologies for sensing and processing units. Depending on the physical
length between sensor and processing elements, there are a few types of integration
technologies. In-sensor computing architecture performs information processing inside
the sensory networks, showing zero physical distance between sensing and computing
elements. For near-sensor computing, the integration approaches include 3D monolithic
integration, planar SoC, 3D heterogeneous integration, 2.5D heterogeneous integration,
etc. In these technologies, the physical length between sensor and computation

functions ranges from hundreds nanometre to millimetre scale.

3D monolithic integration adopts microfabrication process to construct on-chip
interconnects between different device layers on a single substrate, which offers high
integration density and more communication bandwidth. The monolithic system
consists of functional layers (sensor, memory, computing and communication, etc) in a

3D stacked configuration, where each layer is connected through local inter-layer vias
11
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with the length of tens to hundreds of nanometres. Short interconnects help to greatly
reduce parasitic resistance-capacitance time delay and power consumption, and largely
increase integration density. Shulaker ef al. demonstrated a 3D monolithic chip for gas
sensing, data storage and processing, in which they achieve the connectivity more than
1000 times greater than the conventional 3D stacking chip by through-Si-vias (TSVs).
33 The sensors on the top layer can collect data and pass to the underlying memory layer.
A classification accelerator with carbon nanotube field-effect transistor conducts a pre-
identification among ambient vapours. This architecture enables sensory data to be
directly stored into memory in parallel and perform processing at high speed.
Conventional semiconductor process usually relies on epitaxy at high temperature,
which greatly restricts the selection of materials systems and processing technologies
for the 3D monolithic integration. Thus, it is important to develop new materials and
devices with low-temperature process, reasonably high performance, and compatibility

with existing process technologies for 3D monolithic integration.

Planar SoC with both sensing and processing units on a single substrate has been
extensively applied for near-sensor computing. Various types of sensor chips (visual,
olfactory, and auditory) have been demonstrated with planar SoC technology to
perform feature extraction and learning functions for high-level processing. %% Most
of those chips have a size of millimetre and interconnect length of tens of microns. In-
sensor computing is a promising alternative approach in a single planar chip, which can

simplify the circuits and allow high integration density.

In 3D heterogeneous integration scheme (Fig. 4¢), sensing and processing units can
be built with different manufacturing processes on different wafers, and are integrated
with advanced packaging technologies (e.g., TSVs, die-to-die interconnects), which

allows to combine incompatible manufacturing on a single chip with relatively larger
12
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pitch size (a few micrometres to tens of micrometres) compared with monolithic 3D
integration.’>*® Researchers have integrated CMOS image sensors with accelerator for
feature extraction and complete CNN for image classification, respectively. *! The chip
stacks sensor, memory and computing layers in a vertical structure connected with TSV.
The 3D heterogeneous integration technology can be also extended to flexible
electronics.*>* The relatively long interconnect length limits the performance of 3D

stacked chip.

2.5D packaging, also called Chiplet (Fig. 4d), is one of special heterogeneous
integration, which enables the integration of different chips side-by-side on silicon,
glass or organic interposer with TSV or redistribution layer technologies. All functional
circuit blocks (Chiplets) are integrated and mounted on an interposer with <1 mm
separation for high-speed communication, as a midpoint between planar SoC and 3D
heterogeneous integration. Chiplets are connected through interposer with shorter
interconnects (<1 mm) and fine pitch (< 4 pm) interconnects.** It allows to integrate
disparate technologies (e.g., sensor, memory, logic, and communication) with short
development period, low cost, low design complexity and chip failure risks.
Researchers have demonstrated heterogeneous integration for neural sensing with
front-end low-level processing. 4° Interposer carries various circuit chips, which can
increase the system functionality and present a potential integration technology for
near-sensor computing. More importantly, Chiplet technology can be relied on existing
matured chips, exhibiting great advantages of reduced fabrication/design cost,

reasonably high performance, and short time-to-market.

Outlook
Near/in-sensor computing is an interdisciplinary research, covering materials,

devices, circuits, architectures, algorithms, and integration technologies. Compared
13
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with near/in-memory computing paradigm, the computing in or near sensors is more
complex, because it needs to handle large amount and various types of signals in
different scenarios. Successful deployment of near/in-sensor computing will need co-
development and co-optimization of sensors, devices, integration technologies, and

algorithms.
Multi-modal sensors

The performance of conventional sensor is normally evaluated through sensitivity,
response time, dynamic range, error tolerance, efc. While the sensory devices in near/in-
sensor computing paradigm are required to have self-adaptation and self-identification
characteristics for efficiently processing the information in combination with
algorithms. These sensor devices cannot only communicate information across the
sensor network, but also cooperate together to perform more complex tasks, like signal
processing, data aggregation and compression. The development of these intelligent
sensor devices requires the innovation of device physics and sensing mechanisms.'”

Current investigations mainly focus on single type of sensory processing. Human
perception system can simultaneously sense and process different types of information
in a very small perceptive field and complex environments. Therefore, it is highly
desirable to develop intelligent devices and systems for the fusion of different sensory
processing in a real-time manner, including visual, auditory, olfactory, tactile, etc. *°
These integrated systems can benefit future applications, such as robotics, intelligent
vehicles, wearable electronics, etc. It requires a dynamic hardware reconfiguration of a
sensor node in a single chip to accommodate a particular sensing method or a universal
hardware platform that can adaptively fit to different sensor conditions, and algorithms

for the same platform.
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Computing devices

For computing devices, the hardware needs to intimately work together with
algorithms. Conventional Si CMOS electronics cannot exhibit high efficiency for
neural network algorithms because of their intrinsically digital characteristics.
Emerging neuromorphic computing devices, such as two-terminal resistive switching
memories with analogue multiple resistance states, tuneable plasticity high symmetry
and linearity, high speed, low operation energy, small footprint and high stackability,
are regarding as promising candidates for hardware implementation of artificial neural
network and executing in-memory computing for cognitive tasks (e.g., object
recognition, association, adaptation, and learning, etc.). ”-*’ The design of computing
sensors can be utilized for in-memory computing by further integrating sensing

functions in these devices.
Processing and materials

Disparate manufacturing processes raise grand challenges for the integration of
sensing and computing units for near/in-sensor computing architectures. Both 3D
monolithic and heterogeneous integration are involved with multiple functional
layers/chips and different materials. To avoid adverse effects of high-temperature
process on the functionalities of existing devices, we need to employ low-temperature
process for high reliability of the integrated systems. In 3D stacked chips, high built-in
stresses raise reliability issues, thus requiring the development of highly reliable low-
temperature bonding and interconnect process to minimize the coefficient of thermal
expansion mismatch between stacked chips. To reduce the parasitic time delay, it is
also necessary to decrease the thickness of active devices and passive components. One-
dimensional carbon nanotubes and 2D layered semiconductors with ultrathin body have

been successfully transferred onto arbitrary substrates at low temperature. However, it
15
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still remains a challenge for large-scale and high-quality materials growth, and

processing compatibility with existing manufacturing technologies.

Integration

The location of the processing unit close to individual sensor in a planar
configuration will unavoidably occupy the area that reserved for sensors, reducing the
footprint for sensing external environment and affecting signal-to-noise ratio. For
example, the fill factor of CMOS image sensors is limited by the area occupation of
readout and processing circuits. An ideal solution is to integrate the sensing and
processing or readout functions in a 3D monolithic configuration, where sensors can be
placed on top layer to ensure full exposure to the ambient environment for high
sensitivity, and the processing units are arranged underneath the sensor layer with the
shortest distance to sensors for high communication bandwidth, low latency and high

fill factor.

Algorithms

The practical implementation requires the development of more efficient algorithms
that can be embedded in near/in-sensor computing systems. The algorithms for sensor
terminals must be extremely simple and efficient given the highly constrained
conditions. For examples, the signals collected from sensory terminals are usually
temporal events, which can be converted to spike trains for direct SNN implementation
and event-driven processing. It also requires algorithms for high-level processing to

classify spatiotemporal pattern with CNN or SNN.

Conclusions

The near/in-sensor computing paradigms represent future trends of hardware

implementation for intelligently sensory processing. To enable low-level and high-level
16
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processing functions near or in the sensor, it requires advanced hardware architecture
and efficient algorithms. The direct processing at the sensor endpoint is beneficial for
high area-, time- and energy-efficiencies, exhibiting great potentials for real-time and
data-intensive applications. In-sensor processing is especially significant to realize the
real-time processing by eliminating massive data transfer and conversion. Near-sensor
processing is enabled by advanced integration technologies and new computing
algorithms close to sensor. In-sensor processing requires to develop emerging devices
with new functions and mechanisms, and new computing algorithms. Although in-
sensor computing shows huge potentials, most of the existing devices still remain on
the investigation stage. A complete processing and large-scale integration with
peripheral control units have rarely been demonstrated, which are of great significance

for future in-sensor processing architectures.
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Fig. 1 | Conventional sensory architecture, near-sensor computing and in-sensor computing
architectures for processing sensory data. In conventional computing architecture, analogue
outputs from the sensors are first converted to digital signals that are stored in memory. Processing
units load data from memory units, and then transmit output signals back to memory for storage. In
the near-sensor computing architecture, individual sensors are connected to front-end processing
units through advanced integrated circuit packaging technologies for real-time readout and
processing. The front-end near-sensor processing units implement a portion of processing tasks,
which are then further transmitted to post-processing units for more complicated processing. In the
in-sensor computing architecture, the processing functions are embedded the sensors for front-end
processing. The sensors can collaborate together to perform information processing, data
aggregation and compression, eliminating data transmission between sensors and processors.
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Fig. 2 | Illustrations of low-level sensory processing architectures and functions. (a) Low-level
image processing: noise suppression, edge extraction and contrast enhancement. For the near-sensor
computing, processing units are directly connected to pixels in an image sensor. For the in-sensor

computing, image sensing and processing are fused in sensor itself. (b) Low-level auditory
processing. The raw auditory signal is filtered through bandpass filters with noise suppression in
each channel to obtain clean signals for further processing. (c) Low-level olfactory processing. The
variation of baseline in the raw sensory data can affect the differentiation of gas types in high-level
processing. During the low-level processing, baseline is removed from the body signals.
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Fig. 3| Near-sensor and in-sensor high-level sensory processing. (a) Data flow of sensory
processing from low-level processing to high-level processing. Low-level processing generally
involves filtering, noise suppression and feature enhancement, which are local operations. High-
level processing is associated with feature extraction and recognition processes for abstract
representation, such as quantitative and qualitative determinations of “where” and “what”. (b) Near-
sensor architecture of SNN implementation through STDP learning with memory synaptic array,
where 7 stands for the synaptic weight. The sensory information is coded into spike trains through
rate-coding, which is further inputted into synaptic arrays. A presynaptic neuron is connected to a
postsynaptic neuron via synapses. (¢) Schematic illustrations of in-sensor computing architecture
with reconfigurable sensors for MAC operations in the neural network. .S stands for the stimuli to
sensor elements, R is the sensor responsivity, and I is the summation of output currents. The
relationship of S, R and I can be expressed with matrix-vector multiplication. I = (Iy, I,...,I,) =
Ryn'S = Ry (S1, So,...,Sm), where Rux is the responsivity matrix, and I and S are output and input
vectors. (d) Near-sensor architecture of MAC operation with memory synaptic array in CNN. A
vector of voltage outputs V = (Vi, Va,...,Vy) from a sensor is directly inputted to the rows of a
memory array. G, is the conductance matrix and output vector I = (I, Io,...,In) = Gun'V=Gun* (V1,
Va,....Vm).
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Fig. 4 | Integration technologies for near-sensor and in-sensor computing. (a) 3D monolithic
integration system generally connects different functional layers of sensor, memory, and processors
in a 3D stacked configuration via inter-layer vias. (b) The functional units are integrated on a planar
SoC chip with planar wire connection. (c) In 3D heterogeneous integration, different functional
units are fabricated on different wafers, which are further integrated with advanced packaging
technologies (e.g., TSVs, die-to-die, die-to-wafer, and wafer-to-wafer interconnects). (d) 2.5D
Chiplets with specific functions are connected through interposer, which is a midpoint between 2D
and 3D packaging integration.
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