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Knowledge teaches humility, humility fosters character, character drives righteous action

and righteous action brings true happiness.

—Hitopadesha

What I cannot create, I do not understand.

—Richard Feynman

If a machine is expected to be infallible, it cannot also be intelligent.

—Alan Turing
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Neuromorphic engineering pursues the design of electronic systems emulating function

and structural organization of biological neural systems in silicon integrated circuits that embody

similar physical principles. The work in this dissertation presents advances in the field of

neuromorphic engineering by demonstrating the design and applications of energy-efficient

event-based sensors, compute-in-memory architectures, event-based learning algorithms and

asynchronous data converters.

This dissertation focuses on neuromorphic very large scale integration (VLSI) archi-
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tecture and algorithm design for the implementation of sensors and processors that are highly

energy-efficient, emulating brain function through event-based sensory processing. In particular,

we present three novel contributions towards achieving the goal of integrated visual cortical

processing on silicon hardware. First, we present a novel hybrid approach to vision sensing called

query-driven dynamic vision that achieves the best energy efficiency reported to-date and then

show various applications enabled by such sensors with improved performance compared to

conventional sensors. Second, we present an integrated compute-in-memory (CIM) architecture

that combines an emerging device called resistive random access memory (RRAM) with com-

plimentary metal oxide semiconductor (CMOS) technology. This design achieves the highest

versatility in terms of reconfigurable dataflow, multiple modes of neuron activation using a single

topology and the best energy-efficiency reported to-date for CMOS-RRAM CIM architectures.

Third, we present a learning rule called the inverted synaptic time dependent plasticity (STDP)

rule that can learn temporal patterns using only spike event timing information.

Combining these three advances, we are now a step closer to realizing the function and

efficiency of biological vision in neuromorphic hardware, where the qDVS as artificial silicon

retina provides the event-based visual stimulus to the primary visual cortex layers implemented

on a CIM architecture using convolutional neural networks (CNN) to deploy event-based learning

algorithms for temporal pattern recognition.
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Chapter 1

Introduction

Understanding and augmenting brain function is one of the Grand Challenges of the 21st

century, calling for concerted efforts beyond traditional disciplines. This includes many facets

of brain research including, but not limited to, emulation of brain function using neuromorphic

computing architectures, innovative neuro-technologies for brain interfacing, implementation of

artificial neural networks (ANN) for artificial intelligence (AI) applications by drawing high-level

inspiration from the organization of the brain [8].

Among these disciplines, rapid progress has been made in the field of AI during recent

years with the advent of deep learning methods that has catapulted machine learning algorithms

and architectures to the forefront [45]. Deep learning methods have accelerated the adoption

of artificial neural networks (ANN) in many applications, spanning and impacting every field

that requires automation [52, 27, 40]. This has resulted in a tremendous demand for hardware

accelerators, primarily graphical processing units (GPU) [20] and recently field programmable

gate array (FPGA) based systems [62] and custom hardware. There has been an escalated interest

in both industry and academia, in developing robust, energy efficient and re-configurable hardware

[18, 46, 48, 29]. Though deep learning has led a revolution in widespread adoption of AI but has

its own limitations of poor energy-efficiency for large-scale networks and requirement of large
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datasets for training.

On the other hand, neuromorphic systems have gained significant prominence recently, as

it holds promise to extreme energy efficiency and low latency, ability to train with fewer samples,

which is suitable for edge computing and Internet-of-Things (IoT) applications [22, 21, 28, 16].

Inspired by biophysical principles, the neuron design can use noise and mismatch variations

to its advantage, while generating and processing spike-based events that can be efficiently

implemented using switched-capacitor circuits and techniques for analog implementations [39,

36, 37] and advanced technology nodes for digital implementations [1, 12, 38]. However the

major bottleneck preventing the wide adoption of neuromorphic systems is the lack of efficient

and robust algorithms to train and validate such networks.

Significant advancements are still needed in the development of new class of AI archi-

tectures with emerging devices and algorithms that take advantage of distributed networks with

sparse activity, taking inspiration from biology, neuroscience and machine learning. Recent

developments in edge computing with AI, aims at advancing the engineering and applications of

energy-efficient, adaptive and ubiquitous sensing and event-based processing of multimodal data

for intelligent decision making, in highly resource-constrained environments including mobile

platforms and wearables. Energy efficiency is the critical bottleneck for targeted applications

such as fully autonomous drone navigation with lifelong learning, security surveillance, aug-

mented/virtual reality (AR/VR). Neuromorphic systems with event-based sensing and compute-

in-memory architectures and algorithms has great potential to usher in next-generation AI. Fig.1.1

presents an overview of neuromorphic VLSI systems engineering [8].

The outline of this dissertation is described next and follows closely the steps taken which

eventually culminate towards an integrated event-based vision sensing and processing on silicon

hardware.

Fig.1.2 presents the overall theme of this dissertation, which is to pursue novel approaches

to realizing energy-efficient architectures on silicon hardware that can model visual sensing,
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processing and perception drawing significant inspiration from biology. Towards achieving that

goal, this dissertation highlights three contributions - a query-driven dynamic vision sensor that

provides temporal contrast event streams, a CMOS-RRAM computer-in-memory architecture that

can implement event-based networks for processing input events and predicting/perceiving their

state and an event-based learning algorithm that can learn timing information from a sequence of

input events. These contributions are described in detail in the upcoming chapters.

Chapter 2 describes a query-driven dynamic vision sensing (qDVS) approach to computa-

tional imaging that substantially improves on the achievable pixel density and energy efficiency

of visual event coding. The chip architecture combines complementary advantages of frame

scanning active pixel sensors (APS) and event-driven DVS (eDVS) CMOS imagers. Event-based

cameras are modeled based on the operation of the biological retina, as shown in Fig.1.3. Photo-

transduction occurs at the photoreceptor sites in the eye, the rods being sensitive to low light for

dark vision and the cones being color sensitive to different wavelengths of light (red, green and
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Figure 1.3: Biological retina overview.

blue). The horizontal and bipolar cells can then provide amplification and spatial highpass filter-

ing, whereas the amacrine cells provide temporal highpass filtering. However, the most important

part of retinal vision is the ganglion cells, that are responsible for spike rate and temporal event

encoding to be transmitted through the optic nerve to the visual cortex in the brain. The custom

pixel design with a tailored photodiode supports multiple modes of operation, including the

proposed query-driven event streaming mode with 2-bit readout and a traditional frame scanning

mode with 6-bit readout. Overall power consumption is drastically reduced by using circuit

design optimizations to lower both static and dynamic current draw. A 256×256-pixel qDVS

prototype chip was fabricated in a standard CMOS 180nm process technology, occupying an

area of 5 mm2 and pixel fill factor of 33%. This architecture achieves 10% temporal contrast

sensitivity and consumes 0.5 mW from 1.2 V supply voltage at a peak event rate of 80 Meps,

yielding 10 pJ/pixel-event energy efficiency.

Chapter 3 elaborates the applications of event-based vision sensors. The prototype

described in Chapter 2 demonstrates superior performance in varied applications such as stereo
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vision, video compression and visual attention. Combined with a custom computer-in-memory

hardware accelerator for AI applications, the setup could potentially be the most energy-efficient

system to-date for sensing and recognizing objects real-time.

In Chapter 4, an asynchronous continuous-time level-crossing analog-to-digital converter

(LC-ADC) for high-throughput, high-resolution applications is presented. The proposed 10-bit

ADC architecture comprises two stages of level-crossing ADCs, the first stage resolving for 5

MSBs and the second folded residue stage for 5 LSBs. Compared to uniform-sampling syn-

chronous ADCs, LC-ADCs generate fewer samples for sparse signals, useful in many applications

for biomedical signal acquisition, event-driven computer vision, etc. Unlike conventional LC-

ADCs with a few comparators tuned for lower power consumption to acquire sparse signals,

this two-tier LC-ADC is optimized for high-resolution tracking of continuous signals, like Elec-

trocardiogram (ECG). Designed and fabricated in 0.18-µm CMOS technology, chip area of the

proposed ADC is 1310 × 125 µm2. Operating at 1.8 V supply, the ADC consumes 160–426 µW

for 1 Hz to 200 kHz input frequencies at full scale amplitude and achieves an energy efficiency

figure-of-merit of 4.16-pJ/conv.

Chapter 5 describes a Compute-In-Memory architecture implemented in a 130-nm

CMOS/RRAM process, that delivers the highest reported computational energy-efficiency of

74 TOPS/W for RRAM-based CIM architectures while simultaneously offering dataflow recon-

figurability to address the limitations of previous designs. This is made possible through two

key features: 1) a runtime reconfigurable dataflow with in-situ access to RRAM array and its

transpose for efficient access to NN weights and 2) a voltage sensing stochastic integrate-and-fire

analog neuron that is reused for correlated double sampling (CDS), stochastic voltage integration,

and threshold comparison. The design features an array of 16×16 charge-mode mixed-signal

reconfigurable neurons to implement various activation functions, including step, sigmoid and

Rectified Linear Unit (ReLU), through a partial reset mechanism and additive stochastic noise by

Linear Feedback Shift Register (LFSR) coupling. The neuron outputs spike-based sparse syn-
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chronous events, which are either binary (event/no event) or ternary (positive/negative/no events).

The reconfigurable energy-efficient design makes this architecture suitable for deep learning and

neuromorphic applications including convolutional neural networks (CNN), restricted boltzmann

machines (RBM) and general event-driven computing.

Chapter 6 presents a weight update learning rule based only on pre- and post-synaptic

spike times for spike timing based pattern recognition. Following an inverse principle to that

of the well known Synaptic Time Dependent Plasticity (STDP) rule for Hebbian learning, we

name this rule as the ”Inverse STDP” rule. This rule can be applied to event-based networks with

spatio-temporal features called time surfaces, that are generated using a synaptic delay kernel

consisting of programmable weights with an exponential decay when activated. Time-encoding

of spikes achieves better energy efficiency than rate coding of spikes and hence this rule can be

applied to many applications where timing and efficiency are of critical importance. This rule

allows to train a network of neurons and synapses to identify an unique sequence in the timing of

input spike events. The proposed learning rule translates readily to neuromorphic hardware such

as the Intel’s Loihi platform. Implementation results are shown for both software and hardware

implementations.

Finally, Chapter 7 summarizes the contributions and the findings of this dissertation.

We then describe our current efforts toward building a real-time event-based energy-efficient

neuromorphic vision system combining vision sensors with compute-in-memory hardware for

visual event processing. We end with a discussion of the potential impact of such systems on

applications in the realm of edge computing with AI.
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Chapter 2

Query-driven Dynamic Vision Sensor with

Energy-efficient Coding and Streaming of

Visual Information

2.1 Introduction

Traditional CMOS imagers have high pixel density but use frame scanning, at a fixed

clock rate, to continuously stream out the pixel intensity data, incurring constant data rate and

power independent of information content. In contrast, DVS or “silicon retina” chips adopt

an asynchronous detection and coding strategy to stream out visual events only when they

occur, supporting variable output data rate that is intrinsically to the visual information rate

[30, 58, 13, 14]. However, typical event-driven DVS implementations incur extra area and power

overhead to continuously monitor for events and handle request and acknowledge handshaking

within each pixel, thus resulting in low pixel density and incurring substantial static power despite

the savings resulting from the efficiency of visual event coding [17].

Query-driven DVS overcomes such limitations by combining the best of both APS and
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Table 2.1: Comparison between APS, eDVS and qDVS image sensor architectures.

Parameter Active Pixel Sensors
(APS)

Event-driven Dynamic
Vision Sensors (eDVS)

Query-driven Dynamic
Vision Sensors (qDVS)

Latency
High

(upto 100fps ≈ 10ms)
Low

(frameless ≈ 10µs)
Medium and Variable
(100-1000fps ≈ 1ms)

Bandwidth
Utiliza-
tion

High
Activity independent
(N bit high resolution

high speed ADC)

Medium
Activity dependent

(Pixel address + 2 bit
event + REQ/ACK)

Low
Activity dependent

(2 bit event)

Density
High

(3T-5T per pixel)
Low

(>10T per pixel)
Medium

(7T-10T per pixel)

Power
High dynamic,
medium static

(100-500nW per pixel)

High dynamic,
high static

(500-800nW per pixel)

Low dynamic,
low static

(<10nW per pixel)

eDVS: using clocked time-division multiplexing to periodically scan the array, querying each

pixel for threshold change events in pixel intensity. Fig. 2.1 illustrates the design and operation

of APS, eDVS and qDVS imagers. This work extends on the qDVS concept initially introduced

and demonstrated in [11], dramatically increasing its energy efficiency over APS and eDVS

alternatives while retaining functional flexibility that subsumes both.

Eliminating any overhead within the pixel for detection, arbitration, and handshaking

of events that are required to continuously monitor and rapidly route events in eDVS, the pixel

area and power consumption are substantially reduced. Like eDVS, however, the activity-based

event coding produces a sparse output data stream in which data is being transmitted only for

active, information-bearing pixels, significantly reducing the data rate over APS. The ultra-low

power operation and activity-based output streaming offer a versatile platform ideally suited for a

myriad of applications in security surveillance, drone navigation, and other domains requiring

rapid tracking and logging of visual events.
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Figure 2.1: Comparison between APS, eDVS and qDVS image sensor architectures.
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2.2 qDVS Architecture

Shown in Fig. 2.3, the qDVS consists of a 256×256 array of active pixel sensors aug-

mented with temporal difference threshold detection capabilities served through configurable

circuits at the array periphery. The qDVS performs a query-driven temporal change contrast event

readout, which registers whether the intensity has risen or fallen by predetermined differentials

from a previous intensity level. Row and column decoders support efficient serial scanning for

efficient full field-of-view intensity or event readout, by virtue of Gray-coded addressing which

avoids glitches during switching from one row/column to another, while additionally saving power

by minimizing the number of transitions per complete scan. Digitally configurable functions of

threshold detection and various forms of intensity coding are time-multiplexed at the periphery

of the array, supporting large dynamic range while tracking fast transients in intensity through

in-pixel temporal differencing. Periodic scanning is performed using three external clocks which

trigger Gray counters whose output address codes are used to traverse the rows and columns and

to read out pixel event or intensity data. The row decoder selects one row at a time, during which

all the columns are queried in parallel.

The qDVS active pixel (Fig. 2.3) combines functions of phototransduction, temporal differ-

encing, threshold detection, and reference reset, using as few as five metal-oxide-semiconductor

(MOS) transistors in addition to two MOS capacitors. The photodetector as shown is a parasitic

p-n junction photodiode that doubles as the source/drain-to-bulk junction of MOS transistors;

other implementations of a photodiode or phototransistor may use a shallow or deep implant

providing wider depletion region for greater quantum efficiency as desired, at the expense of

silicon area.

The photodetector voltage encodes light intensity logarithmically where NBIAS is biased

in the subthreshold MOS regime and the source voltage VPH settles to a steady state value

logarithmic in photocurrent. The logarithmic voltage output VPH couples to the amplifier input
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VIN through capacitance CPH, while a voltage reference signal VREF additionally couples to

VIN through capacitance CREF. The relative strength of the signal vs reference coupling is set

by the ratio CREF/CPH, and hence greater sensitivity is obtained by a larger choice of the ratio.

The voltage on VREF thus provides fine control over the threshold for event detection, which is

served inside the pixel by just a single-transistor common-source amplifier input stage.

IPH = I0e
κVPH
kT/q (2.1)

∆I
IPH

= e
κ∆VPH

VT −1 (2.2)

For x% temporal contrast sensitivity,

∆VPH =
VT

κ
ln(1+ x) (2.3)

The MOS capacitors in the pixel combine using charge sharing to determine the input voltage,

VIN to the common source amplifier,

∆VIN =
CPH∆VPH +CREF∆VREF

CPH +CREF
(2.4)

The query for an entire row of pixels is initiated by pulsing RS active high, which activates

the current output of the in-pixel amplifier input stage onto the column readout line SENSE.

The current for each column is further amplified for event detection at the periphery and fed

back with high trans-impedance gain over the FEEDBACK column feedback line to the pixel.

Selective activation of RESET closes the high-gain feedback loop, discharging the coupling

capacitors to reset the voltage on the VIN input node to the amplifier threshold. This selective

reset samples the present intensity in the pixel as reference for subsequent change in intensity,

providing temporal differencing in threshold change detection. Positive and negative thresholds

for change in intensity are set by the amplitudes of negative and positive steps, respectively, in
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Figure 2.2: qDVS architecture block diagram.

the reference voltage VREF during event detection. By conditioning the selective pixel reset on

detection of an event in the amplified output at the periphery (Fig. 2.5), the qDVS registers level

crossings in intensity at adjustable incremental and decremental steps, providing an asynchronous

form of delta coding in intensity.

The column drivers at the periphery of the array of active pixels (Fig. 2.5) serve three

purposes: complementing and completing the amplification within the pixel to acquire the

threshold detection signal from a selected row of pixels; feedback the high-gain amplified signal

to reset the threshold detection reference level in the selected row of pixels; and encode the digital

output from a series of threshold detection operations for row-parallel, column-serial scanned

output. Temporal contrast change query provides 2 bit pixel events, depending on whether there

was an increase, decrease or no change in pixel intensity. These bits are serially read out through

a column scan which proceeds in pipelined fashion while the next row is acquired.

13



RS

NBIAS

VREF

R
ES

ET
FE

ED
B

A
C

K
SE

N
SE

VDD

VPH VIN

CPH = 100fF

CREF = 10fF

33% 
FILL

MB

MP

MR

MA

RESET

VREF

RS

VPH

DARKER

BRIGHTER

VUP

VMID

VDN

VIN

SENSE

- - OFF EVENT
- +  NO EVENT

+ +  ON EVENT

VTN

Figure 2.3: qDVS pixel schematic, layout and timing waveforms.

14



CC

IPH CREF CSELCPH gm

vREF vSEL

vPH vIN

Figure 2.4: qDVS pixel small signal analysis.

2.3 Pixel Small Signal Analysis

Consider the small signal circuit of the pixel schematic shown in Fig. 2.4

gm =
IPH,DC

kT/q
(2.5)

Using Kirchoff’s current law, we obtain the following equations,

sCc(vPH− vIN) =−[iPH +(sCPH +gm)vPH ] (2.6)

sCc(vPH− vIN) = sCREF(vIN− vREF)+ sCSEL(vIN− vSEL) (2.7)

Rearranging equations 2.6 and 2.7,

vPH =
−iPH + sCcvIN

gm + s(Cc +CPH)
(2.8)

vIN =
CcvPH +CREFvREF +CSELvSEL

Cc +CREF +CSEL
(2.9)

Solving for vIN ,

vIN =

−CciPH
gm(Cc+CREF+CSEL)

+ CREF vREF+CSELvSEL
Cc+CREF+CSEL

[1+ s(Cc+CPH
gm

]

1+ s (Cc+CPH)(Cc+CREF+CSEL)−C2
c

gm(Cc+CREF+CSEL)

(2.10)

Equation 2.10 can be simplified into sum of three transfer functions for contributions from iPH ,
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vREF and vSEL.

vIN(s) = RPH(s)iPH(s)+HREF(s)vREF(s)+HSEL(s)vSEL(s) (2.11)

where RPH , HREF , HSEL, τC and τPH are given by,

RPH(s) =−
Cc

Cc +CREF +CSEL

1
gm

1
1+ sτPH

(2.12)

HREF(s) =
CREF

Cc +CREF +CSEL

1+ sτC

1+ sτPH
(2.13)

HSEL(s) =
CSEL

Cc +CREF +CSEL

1+ sτC

1+ sτPH
(2.14)

τPH =
CPH(Cc +CREF +CSEL)+Cc(CREF +CSEL)

gm(Cc +CREF +CSEL)
≈ CPH

gm
(2.15)

Assuming Cc >>CREF ,CSEL, τC =
Cc +CPH

gm
> τPH (2.16)

Equations 2.15 and 2.16 for time constants τPH and τc can be used to calculate the biphasic pulse

response at vIN for the pulse applied at vREF . The response settling time can be determined when

the residue voltage at vIN is small enough to not be detected by the column readout circuit.

vresidue

vREF
=

CREF

Cc +CREF +CSEL

τc

τPH
(1− e

−∆T
τPH )2e

−(t−2∆T )
τPH ≈ CREF

CPH
e
−2∆T
τPH (2.17)

2.4 Imager Operation

Any pixel in the selected row can raise an event depending on whether the intensity of

light shone on the pixel has decreased or increased, compared to the previous level of intensity

at the pixel. An event is determined by using a two-level voltage test input as VREF (VUP and

VDN). The pixel has been carefully designed to minimize area by using MOSCAP for high

density capacitive input coupling and not using PMOS transistors (since it requires a NWELL

16



boundary), and avoiding source follower transistor to isolate the photodiode node, VPH. Also,

a local reset for the pixel is generated by combining row select and column reset. A column

readout circuit (Fig. 2.5) performs thresholding comparison of the pixel photodiode voltage to

detect events. The pixel readout circuit consists of a Gm-boosted high gain cascode amplifier

(Gain > 90dB) along with a clamp to set input dc bias, and a dynamic comparator, with no dc

bias current, to compare the amplifier output with a common-mode voltage, VCM. The power

budget is carefully planned for each column. With a supply voltage of 1.2V and 120nA bias

current per column, the power consumed per active column is only 144nW. The bias current per

column includes a 20nA trickle current to guarantee proper biasing of the amplifier even if no

pixel in the column rises an event.

An event readout circuit cascades the column readout circuit. This circuit generates a

column-wise load signal to latch the event onto the strobe latch, column-wise reset signal to reset

the pixel. The load signal is generated using SR latches and combinational logic with separate

clock for output code readout. A global strobe signal synchronized with the readout clock is used

to latch the event to the output bus, which is driven by tristate buffers. Event output data is loaded

onto the readout bus through LOAD and STROBE signals (Fig. 2.5). The CODE INC clock is

used by level scan counter to generate the event data loaded to DATA OUT bus. Event readout

logic uses GLOAD and SELECT POLARITY to generate the LOAD signal to latch the event

to the output bus (Fig. 2.5). RESET POLARITY and RESET SAMPLE are used to generate

the PIXEL RESET signal to reset the pixel after readout. The CODE RST and EVENT RESET

signals can be used to reset the logic and start a new cycle of event readout.

2.5 Experimental Validation

Fig. 2.8 shows the testbench setup for measurements and experiments with the qDVS

prototype board. Fig. 2.7 characterizes temporal contrast sensitivity to relative changes in pixel
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intensity, for two different contrast threshold levels set by VREF. Sample recorded frames a

through f demonstrate the uniformity in pixel response to a pulsed intensity change, increasing

with ∆VREF setting. Fig. 2.9 shows results from a pinwheel experiment contrasting the outputs of

qDVS with a regular APS camera at different spin velocities, but at identical frame rate (40 Hz),

revealing key differences in fundamental operation. qDVS visual events at 40fps for pinwheel

rotating at different speeds, at 20, 80 and 100 rpm, are compared to APS camera output at 720p

resolution and 30fps. Fig. 2.9 also shows snapshots of fast movement of hand left and then

right across visual field. qDVS can also implement eye tracking during rapid left and right eye

movements as seen in Fig. 2.9. Overall, qDVS achieves 2× greater pixel density than [49] and

20× greater energy efficiency (lower pJ/pixel-event) than state of the art [5].
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Figure 2.8: qDVS testbench setup.
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Table 2.2: DVS Performance Comparison Table

Parameter Prophesee
ISSCC’20 [15]

Samsung
ISSCC’17
[49]

iniVation
JSSC’14
[5]

CelePixel
CVPR’19
[9]

Insightness
[23]

iniLabs
JSSC’15
[59]

UCSD ISN
JSSC’07
[11]

This Work

Technology 90nm BI CIS +
40nm CMOS

90nm
1P5M

0.18µm
1P6M

0.18µm
1P6M

65nm CIS 0.18µm
1P6M CIS

0.5µm
2P4M

0.18µm
1P6M

Resolution 1280x720 640x480 240x180 60x30 1280x800 320x262 90x90 256x256
Chip Area (mm2) 4.86x4.86 8x5.8 5x5 3.2x1.6 14.3x11.6 5.3x5.3 3x3 2.236x2.236
Pixel Size (µ2) 4.86x4.86 9x9 18.5x18.5 31.2x31.2 9.8x9.8 13x13 25.2x25.2 7.6x7.6
Fill Factor (%) 77 NA 22 10.3 8 22 17 33.2
Supply Voltage (V) 1.1/2.5 1.2/2.8 1.8/3.3 1.8 1.2/2.5 1.8/3.3 1.2 1.2
Power Consumption
(mW) (at 100kEPS)

32/73 27 5 0.72 400 70 4.2 0.103

Energy Efficiency FoM
(pJ/pixel-event)

137 340 140 7200 2857 3500 42000 6.34

Min. Contrast Sensitiv-
ity (%)

11 9 11 1 10 15 2.1 10

Dynamic Range (dB) 124 80 130 130 120 100 51 68
Latency (µs) 1.2 NA 3 NA 8 125 366-33000 5.2-1331

2.6 Discussion and Conclusions

The query-driven dynamic vision sensor (qDVS) offers lowest reported power consump-

tion of visual event coding and streaming, normalized for process technology and pixel array

resolution, compared to to other state-of-the-art prototypes from industry including Samsung,

Prophesee, iniVation, CelePixel and Insightness. Table2.2 provides detailed comparison of per-

formance metrics. Activity based event streaming to monitor pixel activity and corresponding

modulation of clock frequency can reduce output rate and power even further.

23



2.7 Acknowledgments

Chapter 2 is in part a reprint of the material as it appears in Kubendran, R., Paul, A.,

and Cauwenberghs, G., “Query-driven multi-modal dynamic vision sensor with energy-efficient

coding and streaming of visual information.” arXiv preprint arXiv:1601.04187, (under review

with Nature Electronics), 2020. This chapter focuses on the hardware architecture design and

measured results. The dissertation author was the primary investigator and author of this paper.

This study was sponsored in part by the National Science Foundation (NSF EFRI-1137279), and

the Office of Naval Research (ONR MURI N00014-13-1-0205). The views and the conclusions

contained in this document are those of the authors and should not be interpreted as representing

the official policies, either expressed or implied. The U.S. Government is authorized to reproduce

and distribute reprints for Government purposes notwithstanding any copyright notation herein.

24



Chapter 3

Event-driven Visual Cognition using

Query-driven Dynamic Vision Sensor

This chapter elaborates on various applications of the query-driven dynamic vision sensor

(qDVS) described in Chapter 2. The hybrid approach combining the best features of conventional

active pixel sensors and event-driven dynamic vision sensors, lends itself to unique advantages

in using qDVS for computer vision applications. DVS cameras have huge potential to usher in

rapid adoption in edge computing AI applications, with limited resources of power and compute.

This chapter is divided into sections describing different applications such as, gesture recognition,

motion detection, multiple object tracking for traffic monitoring, visual attention on hardware,

stereo vision for 3D reconstruction and video compression using absolute intensity and temporal

contrast readout modes.

3.1 Gesture Recognition

Gesture recognition is a common and useful application in the field of computer vision.

Always-on gesture detection can provide a highly interactive user experience for smart homes,
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virtual or augmented reality based gaming, at shopping outlets for real-time customer tryouts

and interactive monitors at other public places [33]. However, gesture recognition is usually a

data intensive and compute expensive process. Using traditional frame scanning imagers, a large

amount of data has to be collected and processed real-time. This involves many steps that have to

be executed in the pre-processing stage to prepare the data for classification [55]. This includes

background removal, edge detection and contour extraction. In particular, background removal is

a hard problem involving complex algorithms to distinguish moving objects of interest amidst

a static background in each frame. The major disadvantage of using high-definition cameras

for gesture recognition is that background constitutes most of the sensor data which is by large

redundant and unused leading to highly inefficient usage of bandwidth and power.

In order to recognize and distinguish different gestures, after pre-processing the data, the

image frames are usually passed through a convolutional neural network (CNN) with many layers

of convolution kernels, pooling and fully connected output stages. The number of parameters

to set up such a network, including the network connection topology, bias and weights of each

connection, total up to a few million parameters, hence taking large memory and bandwidth in a

graphical processing unit (GPU). On the other hand, with event-driven DVS (eDVS) cameras,

the throughput is significantly reduced due to transmission of event data only from the pixels

generating events. But there is no efficient method to learn and classify gestures from an

event stream, though there has been recent research in spiking CNN built on custom hardware

accelerators to perform classification [47]. Another approach is to convert the event streams back

to frames or voxel grids, which are then fed to a traditional CNN implemented on a GPU. This

adds compute cost and additional steps in the pipeline [17].

In contrast, query-driven DVS (qDVS) provides event streams in ordered form, similar to

frame scanning readout. Hence it is straightforward to construct the frames with sparse content

and pass it to a CNN implemented with far less number of parameters. As a proof of concept, a

CNN with just 6000 parameters was trained using Keras and Tensorflow in Python to achieve
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Figure 3.1: Gesture recognition using qDVS and software trained CNN. Prediction result and
score shown on top left corner of each image.

¿99% accuracy in recognizing simple hand gestures such as palm, fist, V and okay. Training

data for gestures palm, fist and V were captured using qDVS and later evaluated real-time with

CNN prediction scores labelled on top left corner of each image. The same setup was used to

demonstrate real-time inference on gesture recognition with live prediction scores as shown in

Fig. 3.1.
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3.2 Motion Detection

Motion detection is an important feature required in many computer vision applications.

This includes predicting direction of motion of individual objects in the scene and also estimation

of velocity of each object in motion. In conventional active pixel sensor (APS) cameras, the

individual frames are static and do not convey any information regarding motion of the objects.

Hence significant amount of post processing is required on hardware to implement real-time

motion detection. This process usually involves extracting motion vectors i.e. identifying object

boundaries or contours in individual frames and measuring the distance an direction moved by

each contour spatially between frames. Given a fixed frame rate, it is then possible to estimate

velocity of each motion vector [4].

With event-driven DVS (eDVS), initially a clustering algorithm is used to identify group

of events that belong to each object in the scene. The clustering algorithm needs to dynamically

allocate memory for each new cluster being formed and keep track of the position of all the

clusters in every frame. Each asynchronous incoming event is assigned to its closest cluster (in

terms of euclidean distance) in the image plane. The clustering algorithm is described in detail in

[13]. Again, the event stream is converted to frames to identify object boundaries. However, it

is possible to predict the direction of motion using a single frame. Since the events are positive

or negative depending on detection of increase or decrease in light intensity at each pixel, the

leading edges of the objects produce negative events and trailing edges of the objects produce

positive events. By denoting positive events as white pixels and negative events as black pixels,

the black edges in an image frame show leading edges and hence the direction of motion. In order

to estimate velocity, more than one frame is still required in order to calculate the distance moved

by the object, hence an asynchronous event stream provided by (eDVS) has to be converted to a

fixed frame rate output.

In contrast, qDVS camera provides frames of events which are readily translated to
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Figure 3.2: Motion detection and direction prediction using qDVS and software algorithm.
Direction of motion is predicted and labelled on top left corner of each image.

predicting direction of motion and velocity estimation. There is no need for a clustering algorithm

to identify objects. The events occurring in each frame are extracted as a sparse activity matrix

in Python, which provides the row and column addresses of pixels producing events. These

addresses can then be sorted and grouped into individual objects based on the assumption that

each object is separated by a minimum distance (can be set as a parameter) and that its leading and

trailing edges are available in consecutive rows and columns. Fig. 3.2 shows a snapshot of qDVS

output with real-time prediction of direction of motion of the object in the scene. The algorithm

can predict eight directions up, down, right, left and diagonally up left, up right, down left and

down right.
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3.3 Multiple Object Tracking

Tracking objects in a scene should be a straightforward extension of the previously

described methods for object detection and motion estimation. Nevertheless, tracking multiple

objects at the same time becomes more computationally expensive requiring more memory

resources and compute time. Modern deep learning methods provide promising results in

implementation with the huge compute resources and unlimited power source available at its

disposal. With high-definition cameras generating terabytes of data everyday that could be

processed in the cloud with unlimited wireless connectivity, even though it is achievable with

today’s cutting edge technology like 5G and big data server farms, it is an extremely inefficient

approach that cannot scale to cater to huge markets. DVS cameras provides a much better

alternative, especially as an augmented device to the existing high-definition imaging cameras

available on drones, cars.

Consider the task of traffic monitoring, a classical example of multiple object tracking. In

the case of APS imagers, several algorithms have to work in parallel to remove static background,

extract object contours/edges using complex networks like CNN and identify individual objects

by separating non-overlapping contours [60]. Using eDVS cameras, the task becomes more

efficient, as there is no static background by design and a good clustering algorithm can both

extract object boundaries and track them individually. Nonetheless, the most efficient form of

traffic monitoring, and in general multiple object tracking, can be achieved using qDVS imagers.

Fig. 3.3 presents screenshots of traffic monitoring on the Interstate-5 highway in San Diego with

multiple cars identified and tracked real-time. Top left image shows a single car passing through

the Interstate-5 highway in San Diego. Top right image shows two cars passing at the same time

and identified separately by the algorithm. Bottom left image shows a car and a bike passing at

the same time. Bottom right image shows three cars passing at the same time.
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Figure 3.3: Traffic monitoring with multiple object tracking using qDVS and software
algorithm.
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Figure 3.4: Visual attention on hardware using qDVS chip in the loop. FPGA program
performs selective row and column scanning based on the object boundaries in the scene. Scan

log shown on right.

3.4 Visual Attention

Visual attention is one of the most powerful features of biological vision, wherein it is

possible to focus on a subsection or region of the visual receptive field, which can be single

or multiple objects, even if there is a lot of activity in the background or the rest of the visual

field. This is a remarkable feat of nature achieved by tight coupling between sensing, processing

and feedback pathways of the entire retinal and visual cortical signaling pipeline. There has

been a lot of interest in academia and industry to achieve visual attention in software using

computer vision algorithms [56]. However, many real-world applications like autonomous drone

navigation and self-driving cars would need visual attention implemented in a highly resource

constrained environment with limited power supply and latencies in the order of sub-milliseconds

(sub-ms) for fast reaction times. Even small margins of error can prove to be fatal. Asynchronous

temporal event streams from eDVS do not readily tend to selective visual attention since the

spatial context is completely missing and has to be created in software. Though the overall data

rate is significantly reduced, there is still lot of post-processing to be done to select an object of

interest. After that, subsequent events can be filtered based on proximity to the location of the

object of interest, thus emulating visual attention. In contrast, qDVS offers a straightforward

approach for visual attention using selective row and column scanning. In normal operation, the
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qDVS sensors scans all rows one by one and reads out the columns sequentially. The finite state

machine (FSM) implemented on FPGA hardware provides the clocks for on-chip counters and

decoders to select particular rows and columns. For implementing visual attention completely on

hardware, with chip in the loop, the FSM can be modified to select a sub-set of rows and columns

based on the object boundaries derived by motion detection algorithms described in the previous

sections in this chapter. Hence, only a subset of pixels in the frame are queried for event detection,

reducing the output data rate and power consumption even further. Fig. 3.4 presents screenshots

of object tracking with visual attention turned off (left) and on (right). In this particular case, the

power consumption and data rate were reduced by 15% and 20% respectively. In general, the

savings in power and throughput depends on the activity in the scene. The sparser the activity,

higher the savings.

3.5 Stereo Vision

Stereo vision is the ability to construct an unified view of an object or scene, with two

different vision sensors/cameras [41]. Based on the binocular disparity between the left and right

images of an object, it is possible to estimate the depth of the object. This requires identifying

and matching features in the left and right images of the same point in the visual scene that helps

to derive information about how far away objects are, based solely on the relative positions of the

object in the two sensors [41]. A simplified form of stereo vision can be implemented using the

OpenCV library with Python that takes in the individual image frames generated by the left and

right cameras (can be APS, eDVS or qDVS), and produces an output disparity map frame that

can be used to esimate relative depth of objects in the scene. Fig. 3.5 shows an example of stereo

vision with left and right input frames from qDVS sensors and output disparity map shown on the

right. Further study is planned to implement 3D image reconstruction using DVS cameras for

simultaneous localization and mapping (SLAM). This is an active area of research pursued by

33



Figure 3.5: Stereo vision using two qDVS cameras and OpenCV software algorithm to create
disparity map. Images captured by the left and right qDVS cameras are shown followed by the

disparity map.

industry and academia [59, 2].

3.6 Video Compression

Raw video frames generated by any camera has to be processed and encoded into a

compressed data stream using a video encoder. There are several standards available for video

encoding, Moving Picture Experts Group (MPEG2 or MPEG4), H.264 to name a few [42]. A

common approach to video compression is to convert the raw frames into sparse I-frames (Intra-

coded) consisting of the raw pixel data, interpolated with many P-frames (Predicted), consisting

of only the pixel value differences. This removes encoding redundant background every frame.

Motion vector estimation is used to further reduce the data rate by object tracking based on their

estimated direction and velocities. Video compression techniques require large computational

resources including dedicated hardware such as micro-controllers to control timing logic for raw

video capture and digital signal processors (DSP) to implement convolutional filters to compress

and encode the visual information. eDVS imagers that can operate in absolute intensity readout

mode, such as DAVIS or ATIS [3] can provide the raw data to generate I frames and P frames

required for the video encoder to compress the data stream. However, additional processing

is involved to accumulate events, with variable latency, within a time window, based on the
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Table 3.1: Comparison of Implementation steps for Event-based vs Frame-based Computer Vision Applications

Application Active Pixel Sensors (APS) Event-driven Dynamic Vision Sensors (eDVS) Query-driven Dynamic Vision Sensors (qDVS)

Gesture Recognition
Background removal

Contour detection
Large CNN parameters

Frame reconstruction
Contour detection

Small CNN parameters

Contour detection
Small CNN parameters

Motion Detection
Object detection

Motion vector estimation
Predict direction based on vectors

Frame reconstruction
Object detection in single frame

Predict direction based on edge contrast

Object detection in single frame
Predict direction based on edge contrast

Object Tracking
Background removal

Object detection every frame
Track contours

Event accumulation in memory
Dynamic clustering
Track cluster centers

Object detection every frame
Track contours

Visual Attention

Background removal
Object detection every frame

Label objects of interest
Attention using selective region scanning

Event accumulation in memory
Dynamic clustering

Label clusters of interest
Attention using cluster center tracking

Object detection every frame
Label objects of interest

Attention using selective region scanning

Stereo Vision

Large data and compute from two sensors
Left and right images of object

Disparity map generation
Depth estimation

Small data and compute from two sensors
Left and right images of object

Frame reconstruction
Disparity map generation

Depth estimation

Small data and compute from two sensors
Left and right images of object

Disparity map generation
Depth estimation

Video Compression

Generate I-frames and P-frames
using frame scanning and temporal differencing

Motion vector estimation
Encode compressed data stream

Reconstruct I-frames and P-frames
using output event stream
Motion vector estimation

Encode compressed data stream

Generate I-frames using intensity readout
and P-frames using event readout modes

Motion vector estimation
Encode compressed data stream

target frame rate. On the other hand, qDVS imager can use its two scanning modes alternatively,

6bit frame scanning mode described in Chapter 2 to directly provide the I frames and the event

scanning mode to directly generate the P frames. This streamlines the pipeline, at a fixed frame

rate, without any additional processing bottleneck. Future work is to implement a video encoding

standard, such as the MPEG4, using the qDVS imager.

3.7 Conclusion

Table3.1 provides a summary of steps involved in event-based and frame-based computer

vision applications described in this chapter. Dynamic vision sensors offer a clear advantage over

traditional frame-based cameras for all of these applications, where relative temporal contrast

changes in pixel intensity matter more than the actual pixel content. In particular, qDVS can

achieve further gains, compared to eDVS, in pixel density and push the envelope of energy

efficiency even lower, while able to provide sufficiently fast response times in most cases. There

is a significant reduction in compute memory, processing and power and hence overall energy

efficiency, making DVS suitable for low power edge computing and Internet of Things (IoT)

applications. ————————————————————————————
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Chapter 4

Asynchronous Analog-to-Digital Converter

with Hybrid Two-Tier Level-Crossing

Event Coding

4.1 Introduction

Data converters have been a backbone hardware behind the digital revolution, interfacing

natural continuous-time systems seamlessly with discrete-time digital systems. Digital systems

have inevitably been based on a synchronizing clock to uniformly sample and process signals with

discrete uniform time stamps. However, most natural systems are asynchronous and continuous

time with no explicit clock to govern the timing. Recently, there has been increased interests in

understanding and modeling such asynchronous systems in the digital domain because of many

inherent advantages like improved energy efficiency, lower latency and input activity dependent

throughput [32]. Towards this end, there has been exploration of several asynchronous data

converter architectures [61, 44, 50, 54].

Many biological signals have sparse information with mostly uneventful periods and
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short period of event bursts with high information content, such as electrocardiogram and neural

spikes. Uniform sampling of such signals results in a highly inefficient use of resources, by

converting and storing unnecessary data as well as losing information during high frequency

events. Asynchronous ADCs are more suitable to acquire such signals where the number of

output samples are proportional to the input frequency and hence the information. In particular,

level-crossing ADCs have an additional advantage of using the same energy per level conversion

of both low-frequency large-amplitude signals and high-frequency low-amplitude signals.

Asynchronous ADCs used for single channel biomedical signal acquisition, like elec-

trocardiography (ECG), is optimized for ultra-low power operation since the signals are sparse.

However, for signals with dense activity, like electroencephalography (EEG), or in event driven

computer vision to read out pixel intensities in a serial frame scanning method, there is a need

to multiplex and stream high throughput data continuously. The proposed ADC architecture is

designed to cater to these applications.

The Asynchronous level-crossing ADC presented in this paper was a part of an asyn-

chronous imager chip with temporal contrast threshold detection and simultaneous random-access

digital readout using the ADC [37]. The proposed ADC is completely clock-free, unlike other

pseudo-asynchronous ADC architectures reported in recent literature [19, 51], which use a global

clock and event-driven clocking techniques to update the output depending on the sparsity of the

input signal. Also, by using a hybrid two-tier design, the proposed ADC has a higher resolution

than other level crossing ADCs reported previously [61, 44, 50, 54]. The paper is organized

as follows. Section 4.2 presents an overview of the ADC architecture to explain its operation.

In Section 4.3, the circuit implementation of the chip is described in detail. The measurement

results of the ADC are presented in Section 4.4, and Section 6.5 concludes the paper with a

comprehensive summary.
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4.2 ADC Architecture
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Figure 4.1: Asynchronous ADC Block Diagram

Fig. 4.1 shows an architectural block diagram of the proposed two-tier hybrid ADC. The

input analog voltage, VIN , is fed to the positive input of the amplifier. The negative input terminal

is connected to a tracking voltage, VT RACK , generated by a 32-level capacitor bank. VT RACK tracks

VIN using the feedback from the amplifier output through the capacitor bank. The amplifier output,

VOUT , is settled to make sure that VT RACK and VIN are equal, and is compared with 33 comparators,

which generate 5-bit LSB level-crossing ADC outputs. The 5-bit MSBs are determined by the

state of the capacitor bank. The overall 10-bit ADC outputs are converted to gray-coded outputs

by Gray Encoders.

39



4.2.1 MSB Stage

The 5-bit MSBs are determined by the connectivity of the 32 capacitors in the bank. The

capacitors are arranged in parallel, and each of them is made of the Metal-Insulator-Metal (MiM)

capacitor with size of 20 fF. Their top plates are all connected together, and the bottom plate of

each capacitor is connected to a 3-way switch to connect it to one of 3 different voltages: VH , VL

and VOUT . VH and VL are the high and low reference voltages that set the input range of the ADC.

Initially, all the capacitors are reset to zero. After the reset, the bottom plate of the first

capacitor is connected to VOUT and the rest are connected to VL. When VIN increases, VOUT

also increases with a 32-times gain. As VOUT reaches VH , which is the upper boundary, the first

capacitor is connected to VH and the second capacitor is now connected to VOUT . As VIN increases

further, more capacitors are connected to VH

When M number of the capacitor units are connected to VH , the (M +1)th capacitor is

connected to VOUT and the rest to VL. The resulting VT RACK can be represented as follows:

VT RACK =
M
32

(VH−VL)+
1

32
(VOUT −VL)+VL. (4.1)

When VOUT crosses VH , then the (M + 1)th capacitor, which was connected to VOUT , is now

connected to VH and the next capacitor ((M + 2)th) is newly connected to VOUT . When VOUT

crosses the low boundary, the number of capacitors connected to VH is decreased by 1 and the

capacitor that is connected to VOUT is moved to left. By doing so, VT RACK tracks the ADC input

seamlessly. Here, the number of capacitors connected to VH is consequently the thermometer

code of the 5-bit MSBs.

The switch signals of the capacitor bank are generated by a digital logic based on a 32-bit

shift registers. Its output is shifted to the left or right by UP and DN signals, respectively. UP

and DN signals, which indicate boundary crossing of VOUT over VH and VL, respectively, are

generated by the two boundary comparators, which compares VOUT with VH and VL at the LSB
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stage.

4.2.2 LSB Stage

As described above, VOUT is generated by the feedback of the amplifier and the capacitor

bank, and represented by:

(VOUT −VL) = 25
[
(VT RACK−VL)−

M
25 (VH−VL)

]
(4.2)

where VT RACK is equivalent to the ADC input voltage VIN and M is the thermometer code of the

MSBs ranged from 0 to 25. Hence, VOUT , referenced to VL, is the residue of the input voltage

after subtraction of the MSBs. At the output of the amplifier, VOUT is continuously quantized

to the 5-bit LSBs by 33 continuous-time comparators, which compare VOUT with 33 reference

voltages between VH and VL, generated by a resistive ladder. The comparator outputs are the

corresponding thermometer code for the 5-bit LSBs of the ADC.

The two comparators at both boundaries compare VOUT with VH and VL, respectively, to

check that VOUT is within the range. When VOUT gets out of the range, UP or DN signals are

raised and a left or right shift of the capacitor bank takes place according to the signals. Whenever

a level crossing occurs, the UPCLR and DNCLR signals are generated to reset VOUT .

Continuous Time Flash ADC has 32 comparator latches to compare the output of the first

stage to 32 reference voltage generated using a resistive ladder. The Latch is initially precharged

to perform a Correlated Double Sample (CDS) where in the input voltage is capacitively coupled

to a CDS Reference voltage followed by Resistive ladder reference voltage. The output of the

latch then generates the COMP output state along with UP and DN state variables. The state

variables are cleared by handshaking with the first stage.

41



4.2.3 Output Stage

The 32-bit thermometer codes from the capacitor bank and the 32-bit thermometer codes

from the comparators are converted by a gray encoder with bubble corrections to the 10-bit

outputs of the ADC. The UPCLR and DNCLR signals are used to generate the FOLD variable which

flips the output bit 4, the highest bit of the LSB stage, in order to seamlessly transition the input

tracking between the MSB and LSB stages. STATE variable from the first stage and the 32 bit

COMP variable from the second stage are used by the Gray Encoder with Bubble Correction to

generate the output 10 bits of the ADC.

4.2.4 Overall Operation
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VIN VOUT
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231023102310 0 0231 0 0 231

Figure 4.2: Timing diagram of the two-tier asynchronous ADC operation

Fig. 4.2 shows timing waveforms of the main analog voltages and internal state variables

of the ADC. As VOUT reaches VH , UP is raised and STATE and DATA[9:5] changes to the next

number. When VIN decreases and VOUT crosses VL, it raises DN to lower down STATE. LOWER

variable triggers the controller of the MSB stage, indicating the timing to increase or decrease
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Figure 4.3: Circuit diagram of comparator of the LSB Stage

STATE value. As shown in the figure, the DATA bus reaches maximum near the peak swing of the

input signal VIN where the STATE and COMP variables have also reached their maximum value.

4.3 Circuit Implementation

The amplifier in the MSB stage is made up of a folded cascode op-amp with internal bias

circuitry to achieve high gain and bandwidth. The reset switch shorts its single-ended output,

VOUT , to the negative input terminal, VT RACK , during the reset phase. During reset, VIN is also set

to VL, thus setting the DC baseline voltage of VIN as well as VT RACK .

A circuit diagram of the the comparators in the LSB stage are shown in Fig. 4.3. The inputs

of the comparators are capacitively coupled, with one input connected to the output of the MSB

stage and the other input to a reference voltage. Each of the comparators is initially precharged

to perform Correlated Double Sampling (CDS). The CDS technique is used to compensate for

transistor mismatches and temperature variations in the architecture. During the reset phase,

COMPin is connected to VCM to save any mismatches in the input, which is coupled to VOUT as

shown in Fig. 4.1. The other node that is coupled to VT HRESH connects to a CDS reference voltage,
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V REFCDS. When the comparison gets started, a resistive ladder reference voltage, V REFCOMP is

applied to the comparator. The output of the comparators then generates a COMP output state

along with UP and DN state variables. The state variables are cleared by handshaking with the

MSB stage.

1.31 mm

0
.1

2
 m

m

Figure 4.4: Chip micrograph and layout of the asynchronous LC-ADC.

4.4 Measurement Results

The two-tier level-crossing asynchronous ADC was designed and fabricated in 180-

nm CMOS technology, as part of an asynchronous event-driven imager. Fig. 4.4 shows the

chip micrograph along with a zoom-in view of the ADC layout. Active area of the ADC is

approximately 0.126 mm2 including input SPI and probe circuitry, with the capacitor bank and
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comparator array dominating the area. The ADC operates at 1.8V supply for both digital and

analog blocks.

Fig. 4.5 and Fig. 4.6 show measured waveforms of the ADC for an input voltage ramp and

sine wave signal at 10kHz. The oscilloscope traces show buffered input voltage VIN , output of

the 5-bit folded residue stage VOUT , and the digital output bits of the ADC that are gray encoded.

The asymmetry of VOUT at the peaks and valleys of VIN can be attributed to the non-linearity of

the residue amplification stage for large input swing and mismatch in the latency of transition

between MSB and LSB stages. The ADC was configured through a Xilinx FPGA board to

program bias voltages and currents, send commands to the chip, and receive data from the chip.

Figure 4.5: Oscilloscope recorded analog waveforms VIN (red) and VOUT (purple), and
gray-coded digital ADC outputs (green) for (a) a linear ramp input, and (b) a sinusoidal input

VIN .

The ADC output data were sent through USB to a PC where the waveform was recon-

structed and the frequency spectrum analysis was performed. Fig. 4.7 shows the FFT spectrum

of the reconstructed signal of the ADC for a 20 kHz 0.4 Vpp sinusoidal input. Since the USB

readout is synchronous, the ADC output is sampled at a fixed clock rate, which contributes to
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Figure 4.6: Oscilloscope recorded analog waveforms VIN (red) and VOUT (purple), and
gray-coded digital ADC outputs (green) for (a) a linear ramp input, and (b) a sinusoidal input

VIN .

the noise floor and jitter seen in the spectrum. This spectrum was used to compute the Signal-

to-Noise-Distortion-Ratio (SNDR) of the ADC and the Effective-Number-of-Bits (ENOB). The

ENOB is then used to estimate the Figure-of-Merit (FoM) of the asynchronous ADC:

FoM =
Econv

2ENOB (4.3)

where Econv is the energy consumed per conversion, for each registered level-crossing event. This

definition is consistent with the usual FoM for a Nyquist-rate ADC, with a conversion energy

given as the ratio of power over sampling frequency, Econv = P/ fsample. The performance metrics

of the proposed ADC are summarized in Table 4.1 in comparison with other asynchronous ADCs

reported in the literature.

The use of the hybrid two-tier level crossing scheme offers a greater FoM than an

equivalent flat hierarchy, which for 10-b conversion would have required 1,024 level-crossing
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Figure 4.7: FFT spectrum of the ADC output for a 0.4 Vpp 20 kHz sine wave input.
Table 4.1: Performance Comparison of Asynchronous ADC architectures

Parameter [61] [44] [50] [54] This Work

Technology 180nm CMOS 90nm CMOS 180nm CMOS 130nm CMOS 180nm CMOS

Supply Voltage 0.8 V 1 V 0.7 V 0.8 V 1.8 V

Resolution 6 bits 8 bits 4 - 8 bits 4 - 8 bits 10 bits

SNDR 40 - 49 dB 47 - 62 dB 43.2 dB 47 - 54 dB 49 - 57 dB

Input Bandwidth 5 Hz - 3.3 kHz 200 Hz - 4 kHz 1 Hz - 1.1 kHz 20 Hz - 20 kHz 1 Hz - 200 kHz

Full Scale Input Voltage 1.6 Vpp 0.5 Vpp 1.4 Vpp 0.72 Vpp 0.6 Vpp

Power Consumption 0.58 µ W 40 µW 25 µW 7.4 µ W 160 - 426 µW

FoM 565 fJ/conv. 27.3 pJ/conv. 106 pJ/conv. 880 fJ/conv. 1.57-4.16 pJ/conv.

Active Area 0.045 mm2 0.06 mm2 0.96 mm2 0.36 mm2 0.126 mm2

detectors, at substantially greater energy than the 32 comparators used here, despite the power

overhead of the folding residue amplification input stage.

Fig. 4.8 shows input and output waveforms of the MSB and LSB stages of the ADC for a

sample ECG signal. As shown in the figure, the number of samples are significantly higher during

the QRS complex compared to the rest of the ECG signal, including the P-Wave and T-Wave.
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Figure 4.8: Sample ECG waveform recorded on oscilloscope: VIN (red) and VOUT (purple), and
gray-coded digital ADC outputs (green).
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Chapter 5

CMOS-RRAM Compute-In-Memory

Architecture with Multimodal

Integrate-and-Fire Neurons and

Dynamically Reconfigurable Synapses

5.1 Introduction

Deep learning methods have accelerated the adoption of artificial neural networks (ANN) in many

applications, spanning and impacting every field that requires automation. This has resulted in a

tremendous demand for hardware accelerators, primarily graphical processing units (GPU) and

recently field programmable gate array (FPGA) based systems and custom hardware. There has

been an escalated interest in both industry and academia, in developing robust, energy efficient

and re-configurable hardware.

On the other hand, neuromorphic systems have gained significant prominence recently,

as it holds promise to extreme energy efficiency and low latency, which is suitable for edge

49



computing and Internet-of-Things (IoT) applications[22]. Inspired by biophysical principles,

the neuron design can use noise and mismatch variations to its advantage, while generating

and processing spike-based events that can be efficiently implemented using switched-capacitor

circuits and techniques for analog implementations [39, 36, 37] and advanced technology nodes

for digital implementations [1, 12, 38]. In conventional von-Neumann architectures, there is a
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Figure 5.1: Memory wall in conventional von-Neumann architectures.

memory wall bottleneck that prevents energy-efficient data movement, since the memory and

computer are physically separated and connected through a high-speed bus interface as shown

in Fig.5.1. Hence, there has been great interest to develop compute-in-memory architectures

that can bring memory closer to compute through tight physical integration using innovative

fabrication technologies. [6] A major challenge here is that the memory has to be of higher

density than the compute area, especially for high dimensional deep learning networks or high

fan-in neuromorphic topologies. Traditional memory unit cells like static random access memory

(SRAM), dynamic random access memory (DRAM) constitute many transistors to store 1 digital

bit and hence are not scalable for computer-in-memory architectures. Many emerging and

beyond CMOS devices are proposed as candidates for high-density memory design such as,

resistive random access memory (RRAM), spin-transfer torque magnetic RAM (STT-MRAM)
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and other devices with memristive properties, i.e. the resistance is dependent on the history

of the voltage applied across the device. Among these candidates, CMOS-RRAM integrated

RRAM: fabricated in backend of 

the line (BEOL)

CMOS compute logic and 

memory access circuitry

Cross-section TEM from our chip

CMOS at the bottom

Figure 5.2: Compute-In-Memory illustration with emerging device.

compute-in-memory architecture has proven to be practically feasible, reliable and scalable to

large networks. Fig.5.2 shows a depiction of the RRAM crossbar array fabricated on top of

existing CMOS compute logic, including a cross-section of transmission electron microscope

(TEM) image.

Many powerful neural network (NN) models such as probabilistic graphical models

(PGMs) and recurrent neural networks (RNNs) require flexibility in dataflow and weight access

patterns as shown in Fig. 5.3. Typically, CIM designs do not implement such dataflows or

do so by replicating circuits at the memory periphery such as ADCs/neurons along both the

rows and columns of the memory array, leading to an overhead in operation. This chapter

describes a CIM architecture implemented in a 130-nm CMOS/RRAM process, that delivers

the highest reported computational energy-efficiency of 74 TOPS/W for RRAM-based CIM

architectures while simultaneously offering dataflow reconfigurability to address the limitations
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Figure 5.3: Conventional Computer-In-Memory architectures.

of previous designs [10, 34, 57, 7]. This is made possible through two key features: 1) a runtime

reconfigurable dataflow with in-situ access to RRAM array and its transpose for efficient access

to NN weights and 2) a voltage sensing stochastic integrate-and-fire analog neuron (I&F) that

is reused for correlated double sampling (CDS), stochastic voltage integration, and threshold

comparison. Fig.5.4 shows a simplified block diagram depicting matrix vector multiplication

performed using a crossbar array with voltage inputs provided by drivers and the resulting output

currents sensed using amplifiers and analog-to-digital converters.

This architecture consists of 256 neurons and supporting peripheral drivers and circuits,

that can be programmed and configured to implement a variety of features tailored for different

ANNs. A voltage sensing stochastic integrate-and-fire (I&F) analog neuron forms the core

component, which can be reused for correlated double sampling (CDS), deterministic or stochastic
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voltage integration, and binary or ternary level output from comparison of integrated input with a

threshold window. The neuron design supports a variety of activation functions, that can cater

to deep learning and neuromorphic applications. At only a fraction of the energy efficiency

compared to the state-of-the-art implementations, this architecture can be easily adopted and

scaled for large networks [53].

This chapter is organized as follows. Section 4.2 presents an overview of the chip ar-

chitecture and its component blocks. The neuron design stages, including sampling, integrator,

comparator, latch and readout, are described in detail in this section. In Section 5.3, the different

modes of operation of the neuron are elaborated, illustrating how the same design can be config-

ured to implement various activation functions. The measurement results of the chip are presented

in Section 4.4, and Section 6.5 concludes the paper with a summary of the design features and

possible applications.

53



 

 

 

   

(1, 1)

Sub-core
(0, 0)

(0, 1) (0, 15)

(1, 0) (1, 15)

(15, 0) (15, 1) (15, 15)

 
 

 

   

15

16

31

240

255

0 15 16 31 240 255

0

B
L/

W
L 

D
ri

ve
rs

SL Drivers

LFSR PRNG

 

PG

SL[0:255]

W
L[

0:
2

5
5

]
B

L[
0

:2
5

5
]

REG_SL[0:255] PRN [0:255]

R
EG

_B
L[

0
:2

55
]

SL Registers (256-bit)

Transposable 
Neurosynaptic Core
256 CMOS Neurons & 

65K RRAMs

GEN

INF
REC

G
EN IN

F

B
L/

W
L 

R
e

gi
st

er
s 

(2
56

-b
it

)

SPI

SP
I

 

 

 

 

 
 

  

BL 16j 

BL 16j+k

BL 16j+15

SL
 1

6
k

SL
 1

6
k+

j

SL
 1

6
k+

1
5

GEN

IN
F

R
EC

REC

WL 16j 

WL 16j+k

WL 16j+15

Neuron
(j, k)

Sub-core (j, k)
Transposable Neurosynaptic Core

Figure 5.5: Block diagram of CIM architecture with neurosynaptic core. 16×16 I&F neuron
array with 16×16 RRAM crossbar array for each neuron. Peripheral drivers, biasing, LFSR and

SPI for I/O are also shown.

5.2 Chip Architecture

Fig. 5.5 shows the top-level architecture of the neurosynaptic core (NSC) composed

of 16x16 sub-cores with shared bit-lines (BLs), word-lines (WLs), and select-lines (SLs). BLs

connect to RRAM top electrodes, WLs to access transistors and SLs to RRAM bottom electrodes.

Each sub-core contains 16x16 RRAM synapses, which store the NN weights, and one I&F

neuron. The neuron in the (j, k)th sub-core in the 16x16 grid connects to the (16j+k)th BL and

(16k+j)th SL for in-situ transposability in RRAM array access. The periphery consists of BL and

WL drivers along the rows, SL drivers along the columns, and a delay-line-based tunable pulse

generator (PG) to generate pulses for implementing RRAM read. Linear-feedback shift register

(LFSR) chains enable stochastic sampling required for PGMs and 256-bit BL and SL registers

along the periphery provide I/O. Configuring the SL/BL switches connects the I&F neuron to its

respective SL and BL to realize multiple types of dataflows such as forward (INFer), as shown in

Fig. 5.6 and reverse (GENerate), as shown in Fig. 5.7 matrix-vector multiplication (MVM), and

recurrent connections (REC), as shown in Fig. 5.8. It is also possible to add linear feedback shift

register (LFSR) noise as shown in Fig. 5.9 or send input pulses directly to the neuron, as shown in
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Figure 5.6: Reconfigurable dataflow to perform forward MVM.

Fig. 5.10. During GEN, input pulses are applied at the BLs, weighed by the RRAM, and sampled

by the I&F through the SL switch. The I&F outputs are written into SL registers through the

SL switches. During INF, pulses are applied at the SLs, weighed by the RRAMs, and sampled

by the I&F through the BL switches. Fig. 2.1 shows the block diagram of the neuron array

transceiver architecture composed of 16x16 I&F neurons with shared rows and columns. The

peripheral circuitry consists of row and column drivers and biasing circuits. Linear feedback shift

register (LFSR) chains add stochasticity to input samples in order to shape the neuron activation

function. The 256-bit row and column registers along the periphery provide I/O communication

through a serial peripheral interface (SPI). Configuring the row/column-select switches connects

the I&F neuron to its respective row and column. The input pulses can be applied at the rows

(or columns), and sampled by the neuron through the column-select (or row-select) switches.

The neuron outputs are written into column (or row) registers through the column-select (or

row-select) switches.

Fig. 5.11 shows the design of the I&F neuron which is composed of a single high-gain
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Figure 5.7: Reconfigurable dataflow to perform backward MVM.

cascode amplifier, a latch, and switches to reconfigure the amplifier feedback loop between

multiple modes of operation. Periodic offset cancellation through CDS mitigates circuit variation

across the array and establishes a DC operating point for the capacitively coupled amplifier.

During CDS offset compensation, first, a self-bias phase establishes the DC operating point (Vop)

by shorting the input of the amplifier with the output. Simultaneously, a known reference (Vref) is

sampled onto the capacitor Csample; together these sample the unknown input offset onto CCDS

for subsequent cancellation. The I&F supports integration of input pulse sequences over time

using multiple sample-integrate (SI) cycles to enable stochastic sampling and accumulation in

PGMs. Fig. 5.12 shows two such SI cycles. During the sample phase, the input voltage is sampled

onto Csample, followed by the integration phase during which the charge on Csample transfers

onto Cinteg. We implement the neuron activation function, by breaking the amplifier feedback

loop while simultaneously driving the bottom plate of Cinteg by Vth. The open loop amplifier

functions as a comparator, generating a binary decision by comparing Vth+Vinteg and Vref. The

output is then latched and written to the BL/SL registers through the corresponding switches.

Each neuron occupies an area of 1200 µm2 and measurements show operation with 63 nW static

power drawn from a 1.8 V supply. The total static power consumption for one NSC (256 I&F
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Figure 5.8: Reconfigurable dataflow to perform recurrent MVM.

neurons and biasing) is 17 µW. Energy efficiency is in part derived from voltage sensing in the

I&F which drives the output of the RRAM array to high impedance during MVM, thus avoiding

the static current draw in current sensing configurations. Fig. 5.11 shows the design of the I&F

neuron which is composed of a single high-gain operational trans-conductance amplifier (OTA),

switches and output latch to reconfigure the amplifier feedback loop and enable multiple modes

of operation. The CDS technique provides periodic offset cancellation, mitigating systematic

variations in the circuit and also establishes a DC operating point for the capacitively coupled

OTA.

5.2.1 Input Stage: CDS, Sampling and Integration

The DC operating point (VOP) of the amplifier is determined by a self biasing phase, where

the input and output of the OTA are shorted together. At the same time, a known reference voltage

(VREF ) is sampled onto the capacitor CSAMPLE . Thus, the unknown input offset is sampled onto

CCDS for subsequent cancellation. In the Sampling phase, the input pulse delivers a charge onto

CSAMPLE whenever the SAMPLE switch is enabled. The neuron supports integration of input pulse
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Figure 5.9: Reconfigurable dataflow to send inputs through LFSR to neuron.

sequences over time using multiple sample-integrate (SI) cycles. During the integration phase,

the charge on CSAMPLE is transferred onto CINT EG, by enabling the INT EG switch. Using LFSR

to generate input pulses, enables stochastic sampling and accumulation in the neuron. Sizing

CINT EG to be 6x CSAMPLE extends the linear accumulation range of the neuron. Fig. 5.12 shows

the detailed timing waveform of all the input control signals (analog and digital) that configure

the neuron to operate in various phases, starting with CDS, followed by multiple Sampling and

Integration cycles. The compare phase then does binary/ternary comparison to generate a 1bit/2bit

output that is written to an output register during Readout phase. For partial reset phase, the

neuron output is sampled by the neuron input through feedback to increase/decrease VSAMPLE

based on the current neuron state. The OTA based integrator gain is given by,

∆VOUT =
CSAMPLE

CINT EG
∆VSAMPLE (5.1)

5.2.2 Output Stage: Comparison, Register Write and/or Partial Reset

The neuron activation function is implemented by breaking the amplifier feedback loop

while simultaneously driving the bottom plate of CINT EG by VCOMP T H . The open loop amplifier
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Figure 5.10: Reconfigurable dataflow to send inputs directly to neuron.

functions as a comparator, generating a binary decision by comparing VCOMP T H+VINT EG and

VREF . The output is then latched and written to the row/column registers through the correspond-

ing switches. In order to generate a ternary output, the comparison is done in two phases. In phase

one, a decision similar to the binary output, by comparing VINT EG+VPLUS T H and VREF , is made

to resolve the neuron state to be ”0” (no event) or ”+1” (positive event). In phase two, another

binary decision is made by comparing VINT EG-VMINUS T H and VREF , to resolve the neuron state

to be ”-1” (negative event) or ”0” (no event).

Fig. 5.13 illustrates how sampling, integration, compare and readout phases affect the

analog voltages VSAMPLE and VOUT and digital output of the neuron, VOUT DIGITAL. Fig. 5.14

characterizes the linearity of the SI operation over multiple input pulses. Sizing Cinteg to be 6x

Csample extends the linear accumulation range of the I&F. Fig. 3 shows the measured linear

dependence between the I&F threshold and 1) the number of input pulses (top left), and 2) the

pulse amplitude (top right). Spatially uncorrelated, controlled Bernoulli PRNs are required for

PGM operation; these are generated through two counterpropagating LFSRs whose outputs are

modulated to be Vref+Vn and Vref-Vn and applied to the I&F via SLs. The accumulation of

multiple noise pulses smoothens the sharp decision point of the comparator to a more sigmoidal
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Figure 5.11: Charge-mode mixed-signal circuit implementation of the neuron (left) with
peripheral biasing (right).

function as measurements show in Fig. 5.15. Fig. 5.15 shows the measured relationship between

the number of stochastic pulses and the sigmoidal characteristic of the I&F.

5.3 Neuron Activation Modes

5.3.1 Step activation function: binary or ternary states

Step activation is realized with a tunable VCOMP T H voltage that sets the stepping threshold

when the neuron flips from ”-1” (negative) to ”0” (no event) state, or from ”0” (no event) to

”+1” (positive event) state. If only one threshold voltage is applied for comparison, the neuron

output will be binary. If two different threshold voltages, VPLUS T H and VMINUS T H , are applied

for comparison in two phases, the neuron output will be ternary. Since the CDS phase eliminates

any mismatch or offset in the neurons, the 256 neurons in the chip show minimum variation in

the activation function, as can be seen in Fig. 5.17 (top).
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5.3.2 Sigmoidal activation function: binary or ternary states

This activation mode is similar to the step activation, but in addition to the input pulses,

LFSR pulses are added that represent noise. Uncorrelated pseudo-random noise is generated

through two counter propagating LFSRs whose outputs are modulated to be VREF+VN and VREF -

VN and applied to the neurons via column lines. The accumulation of multiple noise pulses

smoothens the step transition of the comparator to a sigmoidal function as measurements show in

Fig. 5.17 (bottom). Similar to the step activation mode, this mode can also generate binary/ternary

output based on the comparison phase threshold voltages.

5.3.3 ReLU activation function

ReLU activation is based on rate coding of spikes, unlike the previous modes which are

based on individual spike timing. This activation function can be generated by using the partial

reset mechanism, where the digital output of the neuron is sampled through feedback to increase
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or decrease from previous level depending on the current neuron output level. If the current output

level is a positive event (“+1”), the partial reset would decrease VSCAN , and vice versa, such that

when the output is readout next time, has an increasing probability of not firing (no event).

Fig. 5.18 (left) shows the implementation of the ReLU activation for different partial reset

threshold voltages. The transfer curve is the average of the 256 neuron output firing probabilities.

The number of pulses sent as input to the neuron is fixed to 30. When the input amplitude is

negative, the neuron does not fire at all, hence the output probability is zero. When the input pulse

amplitude increases above zero, the output firing probability of the neuron increases linearly until

it reaches the partial reset threshold voltage where the probability of neuron firing plateaus close

to 1. Fig. 5.18 (right) shows that sigmoid activation function can also be generated by adding

LFSR noise to the ReLU neuron.
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Figure 5.14: Linearity of Sample and Integration using the proposed neuron circuit.

5.4 Measurement Results

The I&F neuron array transceiver was designed and fabricated in 130-nm CMOS technol-

ogy [53]. Fig. 5.19 shows the chip micrograph. Active area of the chip is approximately 1.796

mm2 including input SPI and peripheral circuitry, with the row/column drivers, registers and

LFSR dominating the area. Individual I&F neuron has an area of 1200µ m2. The chip operates at

1.8V supply for both digital and analog blocks. Measurements show each neuron operation with

63 nW static power drawn from a 1.8 V supply. The total power (static+dynamic) consumption

of the chip (256 I&F neurons, biasing and peripherals) is 140.6 µW for data throughput of 92.5

MSpikes/s.

We characterize the MVM performance of the system by programming analog-valued

weights in each RRAM device (device TEM shown in Fig. 5.2) using a write-verify scheme similar

to [63]. The RRAMs are programmed to ±2 µS of their targeted conductance (program success

rate = 99.4%). Fig. 5.16 shows the RRAM conductance distribution measured immediately after

programming and 1 day after programming. We apply random input vectors to collect the output

distribution of each neuron at different nominal MVM output values, testing MVM operation.

The sharp transition between -1 to +1 in the neuron output in Fig. 5.16 demonstrates robustness
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Figure 5.15: Adding LFSR pulses to neuron to enable stochastic sampling.

to RRAM resistance drift over time. To illustrate MVM capabilities in both forward and reverse

directions, as well as temporal accumulation and probabilistic sampling in the neuron, we use

a generative RBM to reconstruct MNIST digit images, shown in Fig. 5.20. RBMs are PGMs

consisting of a set of fully-connected visible neurons and hidden neurons. During inference,

binary inputs sampled from the gray-level pixels are presented to the visible neurons. MVM and

Gibbs sampling are repeated back-and-forth between visible and hidden neurons. We subsample

MNIST digit images to 15x15 gray images and implement an RBM using 225 visible neurons

(15x15 pixels) and 60 hidden neurons. We use 4 RRAM cells (2-row by 2-column) per weight for

differential encoding in both horizontal and vertical directions to implement positive/negative

weights in both INF and GEN. Fig. 5.20 (bottom) shows the reconstruction performed on all

10 digits with a mean square reconstruction error of 1.91 per image, comparable to software

implementations with 7 level quantized weights. The NSC along with the periphery measures
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Figure 5.16: Programming RRAM device using SET and RESET pulse trains.

1.79 mm2 in 130-nm CMOS with a single sub-core occupying 1849µm2. Energy breakdown for

the NSC operation is in Fig. 5.22, with energy dominated by WL switching. Scaling clocking

frequency of the I&F linearly scales throughput and power (from 50 uW to 1.5 mW), with 74

TOPS/W energy efficiency over that range. A comparison of the key metrics with state of the art

RRAM-based CIM designs is given in Fig. 5.23, showing that our design achieves the highest

reported computational energy-efficiency among RRAM-based CIM implementations.

Fig. 5.17 (a) - (d) show measured waveforms of the activation functions of the neuron

characterized for binary or ternary levels. Step activation is realized with a tunable VT H whereas

sigmoid activation can be realized by either adding LFSR pulse for noise shaping or using the

partial reset mechanism. The chip was configured through a Xilinx FPGA development board

to program bias voltages and currents, send commands to the chip, and receive the data from

the chip. The output data from the chip were sent through USB to a PC where data analysis and

post processing was performed to generate the transfer curves and extract the neuron activation

function.

The performance metrics of the proposed Neuron array transceiver are summarized in
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Figure 5.17: Implementation of step, sigmoid and ReLU activation functions. Dual thresholds
are ±0.2V for both step and sigmoid functions. ReLU activations are shown for different
threshold voltage, VT H . Sigmoid activations are generated by coupling LFSR noise to the

neuron.
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Figure 5.18: Implementation of ReLU Activation using partial reset technique. (a)
Characterization curves shown for different threshold voltage, VT H . (b) Sigmoid activation

function generated by coupling LFSR noise to the neuron.

Table 5.2 in comparison with other architectures reported in the literature. Since each architecture

has different number of neurons, that have different complexity of implementation and operating

at different supply voltages, power consumption varies significantly. However, energy efficiency

is an effective Figure-of-Merit (FoM) for comparison of these architectures, given by, FoM

= Eop /Nop, where Eop is the energy consumed for synaptic operations Nop, performed. The

proposed architecture achieves 1.52 pJ/Spike., where each pre-synaptic input event constitutes

one operation, which is better energy efficiency than other analog implementations [39, 37].
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5.5 Conclusions

In this chapter, we presented the first system-level demonstration of a high-efficiency,

fully-integrated CMOS-RRAM CIM architecture with core-level support for a diverse set of

NN architectures and dataflows including probabilistic graphical models. Multi-core extensions

of this work open the door to advances in artificial intelligence at a large scale with extreme

energy-efficiency and integration density. An ultra-low power neuron array transceiver with

a multi-modal integrate-and-fire neuron architecture was presented. A variety of activation

functions were realized by using additional pseudo-random noise or partial reset mechanism that

makes this chip versatile to cater to different ANN architectures. The highly reconfigurable and

energy efficient design makes this transceiver suitable for deep learning applications such as

RBMs, CNNs using neurons with ReLU or sigmoidal activation. Neurons with step or sigmoidal

activation, with binary or ternary output levels, can be used for both rate coding or spike timing
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based neuromorphic applications.
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Table 5.1: Performance Comparison of CMOS-RRAM Compute-In-Memory architectures.

Parameter ISSCC’18 [10] VLSI’18 [34] ISSCC’19 [57] Nature Elec. 19 [7] This Work
CMOS Technology 65nm 40nm 55nm CMOS 180nm 130nm

Synaptic Device Unipolar RRAM TaOx RRAM RRAM WOx RRAM HfOx/TaOx RRAM
Connectivity

(dataflow direction) Forward Forward Forward
Forward,
Reverse

Forward, Reverse,
Recurrent

Supported Neural
Network Architecture CNN/MLP MLP CNN/MLP

MLP, Sparse
Coding

ANNs: RNN, MLP, CNN
PGMs: RBM, Bayesian

Neuron/ADC Type 3-b sense-amp 1-b sense-amp 4-b sense-amp 13-b ADC
I&F spiking,

deterministic/stochastic
Synaptic Array

Dimension 512 x 256 - 256 x 512 54 x 108 256 x 256

Synapses/mm2 - 1.48M - 0.04M 0.59M
Power (mW) - 9.9 - 64.4 0.05-2.2

Precision
(input, weight, output) (1b, ternary, 3b) (1b, analog, 1b) (1b, 3b, 3b) (4b, analog, 13b) (1b, analog, 1b)

Energy efficiency
(TOPS/W) - 66.5 53.17 0.89 75

Table 5.2: Neuron Architecture and Performance Comparison

Parameter ROLLS Processor [39] Braindrop [36] IFAT [37] This Work
Technology 180nm CMOS 28nm CMOS FDSOI 90nm CMOS 130nm CMOS

Supply Voltage 1.8 V 1 V 1.2 V 1.8 V
Neuron Count 256 4096 65536 256

Activation Function Step, Sigmoid Step Step Step, Sigmoid, ReLU
Output Levels Binary Binary Binary Binary, Ternary

Power Consumption 4 mW NA 1.572 mW 140.6 µW
FoM NA 381 fJ/Syn.Op. 22 pJ/Spike. 1.52 pJ/Spike.

Active Area 51.44 mm2 0.65 mm2 16 mm2 1.796 mm2
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Chapter 6

Inverted STDP Learning Rule for

Temporal Pattern Recognition

6.1 Introduction

The last decade has seen significant development in the field of event-based sensing

and computing. Several event-based cameras such as the Dynamic Vision Sensor (DVS) and

the Asynchronous Time-based Image Sensor (ATIS) set the stage for spike-based computation,

inciting the development of a new class of algorithms and machine learning architectures. These

algorithms are able to operate on the timing of events rather than creating frames to recycle

decades of conventional image processing. Recently, an algorithm called Hierarchy of Time

Surfaces (HOTS)[26] introduced the concept of unsupervised learning using time surfaces that

builds on increasingly deep temporal layers to bind events on several time scales to create a

hierarchy of deep temporal features. The principle behind the method is to convert the relative

timing between events occurring at different lines of information into normalized features that are

invariant to the actual timing and only emphasize the temporal interval between past events and

the current event.
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This method is data driven, so when no events are being recorded, nothing is computed.

HOTS uses clustering to extract the most representative temporal surfaces at each layer. In

this paper we will show how this approach can be applied to spiking neural networks. We will

provide an alternative to clustering by introducing the concept of inverted STDP that builds on

the dynamic decaying kernels at the core of temporal surfaces.

Spiking Neural Networks (SNN) have the potential to transform edge learning for AI applica-

tions, due to their potential for inherent energy efficiency when using asynchronous hardware

resources. SNN are also more suitable for temporal pattern recognition, as conventional Artificial

Neural Networks (ANN) using backpropagation algorithm are not intuitively and seamlessly

compatible. ANN use expensive and ineffective techniques such as network unfolding, as used

in Backpropagation-through-time (BPTT)[35] in order to learn temporal patterns. On the other

hand, one of the major bottlenecks in the widespread adoption of SNN is the lack of effective

learning algorithms. Backpropagation of error signals is not directly compatible with SNN due to

the spike function being non-differentiable. The few learning algorithms available for SNN are

mostly based on rate coding of spikes and rarely work exclusively with spike timing[47, 25].

Previous work on spiking neural networks based on temporal coding of spikes for learning

use a variety of synaptic delay kernels, such as the Synaptic Kernel Inverse Method (SKIM) [24]

or fully digital programmable delay for a fixed kernel, such as Synapto-dendritic Kernel Adapting

Neuron (SKAN) model [43]. In both these methods, there is no synaptic weight update i.e. the

weight is fixed and only the decay function (alpha, exponential, damped resonant synapse) is used

to encode timing information.
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Figure 6.1: Principle of Temporal Context Representation. Five lines on information conveyed
temporal events at different time locations tr, ty, ..., tb. A temporal context T is computed for
each incoming event (here at time t) as a vector expressing temporal delays between events as a

value between 0 and 1.

6.2 Background

6.2.1 Deep temporal Networks: Hierarchy of Time Surfaces

The principle of time surface is to convert the delay between the current event time tt and

other events shown with different colors and appearing at times tr, ty,...tb, into a normalized value

between 0 and 1 using an exponentially decaying function with a constant τ such that the timing

of the events that are closer to the reference spike give values close to 1 while those occurring

earlier tend to get closer to 0 as shown in inset Fig. 6.1. Thus for each incoming event, we can

define a temporal context vector T of dimension 5 where 5 is the current number of temporal

information lines of this example computed as : Tj = exp(−|t−t j|
τ

).

The parameter τ maybe considered as the history parameter that decides how far in time is an

event compared to the current incoming one that sets the reference timing. The exponential kernel,

unlike a linear kernel, places more weight to closer spikes in time. Unlike a Gaussian kernel it is

asymmetric and ignores future spikes.
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The principle of Deep Temporal Learning is shown in Fig.6.2. Events are fed into

the system, (a) for each incoming event a temporal feature is computed based on a temporal

integration time τ1, (f) a clustering algorithm is used to select the most ”canonical” n1 temporal

features T τ1
1 ,...,T τ1

n1 that constitute the first layer of deep temporal architecture shown in (b). Once

this layer is stable incoming temporal features will match a set of existing canonical features. If

a canonical feature matches the current input, it emits a new event to the second layer that will

then integrates information on a larger time scale τ2 > τ1. The same process is applied to the

second layer that, once stabilized, will emit new events to the third layer that will integrate events

to form even more complex temporal combination of features of features on a larger time scale τ3.

As the network gets deeper, integration time increases, leading to increased sparsity and lower

numbers of canonical temporal vectors. The main idea is to build on temporal combinations of

more and more complex features. The system is also able to operate in a continuous learning

manner as, once the process of determining the canonical temporal vectors is stabilized, if a new

feature appears and does not match an existing T τ1 it updates existing base temporal features by

triggering a new clustering computation.

Fig. 6.3 shows an illustration of the target problem of temporal pattern recognition. In this

particular case, consider a simple network consisting of five synaptic inputs connected to a single

somatic neuron. There can be multiple input spike events arriving through each pre-synaptic

dendritic connection. These events generate synaptic currents that are summed with a weighted

average that is represented by its membrane voltage, Vmem and compared to a threshold voltage,

Vthresh, by the post-synaptic neuron. The neuron will generate a post-synaptic spike on the axonal

output if its membrane voltage exceeds the threshold and resets itself back to the reset voltage,

Vreset . The task of the network is to adjust the weights such that the neuron spikes if and only if the

particular timing order and timing difference is maintained by the input spike train. This can be

achieved using dynamic synapses with delay kernels, in which case the neuron membrane voltage

itself acts as the time surface histogram that has a unique signature based on the spatio-temporal
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information provided by the input spike times.

Consider the simple SNN implemented in Fig. 6.3, with one neuron that receives inputs

through synapses from an input spike train and generates an output spike train based on threshold

crossings of its membrane voltage. For a LIF neuron, the membrane voltage Vmem ramps up/down

proportional to the total synaptic current Isyn total on the membrane capacitance Cmem.

∆Vmem

∆t
=

Isyn total

Cmem
(6.1)
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Figure 6.3: Illustration of neural network for temporal pattern recognition. (a) Input spike train
applied to synaptic weights with delay. (b) Output neuron membrane voltage and spike

generation.

The total synaptic current depends on the change in the individual synaptic conductance Gsyn or

the weight of the synapse in the neural network. The change in the synaptic conductance can have

an exponential decay factor that helps to maintain history of the input spikes and thus provides

the basis for generation of time surfaces and spike-timing based pattern recognition.

Isyn total =
Nsyn

∑
j=1

Isyn j (6.2)

Isyn = Gsyne
−∆t

τdecay (Erev−Vmem) (6.3)
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6.2.2 STDP Learning Rule

STDP, the plasticity rule for synaptic weight updates based on spike times, was originally

proposed in 1995 [31]. The STDP rule is temporally asymmetric form of Hebbian learning

induced by tight temporal correlations between the spikes of pre- and postsynaptic neurons. In

a neural network based on the STDP learning rule, neurons that fire together wire together i.e.

neurons that fire around the same time increase their corresponding synaptic weight. The weight

update equation for the standard STDP learning rule is given by,

∆Gsyn = λsgn(∆t)e
−sgn(∆t)(∆t)

τlearn (6.4)

where ∆t = tpre− tpost , λ is the learning rate parameter. Fig. 6.4 shows the weight update plot

for the STDP rule. As seen in the plot, the rule depreciates weights of pre-synaptic spikes that

arrived just before the neuron fired a post-synaptic spike and vice versa, increases the weights of

pre-synaptic spike that arrive after the post-synaptic spike. This method of learning with STDP is

useful to form associative memories, a present event can indicate a higher expectation for a future

event. This is illustrated in the classic example of a dog trained to expect food immediately after

the bell ring. On the other hand, the STDP rule tends to train the network to forget immediate

past history of events. Hence it is not suitable for temporal pattern recognition.

6.2.3 Loihi Architecture

Intel’s Loihi chip is a platform to implement neuromorphic algorithms. Loihi is a fully

asynchronous digital neuromorphic system with extensively programmable dynamics of networks

of neurons and synapses [12]. Continuous functions of membrane potentials are approximated

in discrete time steps whereby all neurons maintain a timestamp synchronized throughout the

entire chip. Leveraging its highly configurable neurons compared with the asynchronous nature

of computation, Loihi provides an ideal platform to exploit the concepts of neural computation.
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Membrane potential and input current for neuron compartments on Loihi are calculated anew at

each time step. Compartments will accumulate current from attached synapses and decay it using

the following model:

i(t) = i(t−1)(212−δ)2−12 +26+η
∑

j
ω js j(t) (6.5)

where δ ∈ [0..212] is a current decay factor and η ∈ [−8..7] is a weight exponent scaling factor.

ω ∈ [−255..254] is the weight and s ∈ {0,1} the spike indicator for a connected synapse j. The

compartment current is then integrated into the compartment’s membrane potential, calculated as

follows:

V (t) =V (t−1)(212−λ)2−12 + i(t) (6.6)

where λ ∈ [0..212] is a voltage decay factor. As soon as V (t) reaches or exceeds the membrane

voltage threshold Vspike =Vth×26, the compartment emits a spike and V is reset to zero. Vth can

range from 1 to 216.

6.3 Inverse STDP Learning Rule

For temporal pattern recognition, the network has to maintain history of past events in

order to identify a particular sequence of events. An intuitive deduction can thus be made that a

learning rule inverse to that of the STDP rule can satisfy this requirement. In contrary to STDP

rule, the proposed rule has to increase weights of those pre-synaptic spikes that arrive before

the post-synaptic spike. Hence the proposed Inverse STDP rule. The parameters of the SNN

implementing the proposed learning rule include, the number of synapses Nsyn, the maximum

number spikes per synapse, Nspike max, synaptic exponential delay time constant τsyn, learning

rule time constant, τlearn, neuron threshold voltage Vthresh, neuron membrane capacitance Cmem,

reversal potential, Erev, learning rate parameter λ, time step δt and the spike-timing of the input
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pulse train to each synapse, tpre.
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Figure 6.4: Weight update comparison of STDP vs proposed iSTDP learning rules. λ=1, α=0

The learning rule described by the weight update equation is given by,

∆Gsyn = Gsyn new−Gsyn prev (6.7)

∆Gsyn = α f (tpost)Gsyn prev +λg(tpost− tpre) (6.8)

where,

f (t) = ∑
tspike∈tpre

(t > tspike)− ∑
tspike∈tpre

(t <= tspike) (6.9)

g(∆t) = sgn(∆t)e
−sgn(∆t)(∆t)

τlearn (6.10)

where ∆t = tpost− tpre is the inverse of the STDP rule, α is the weight scaling factor, λ is

the learning rate parameter. Fig. 6.4 shows the weight update plot for the proposed inverse STDP

rule. The plot clearly shows an inverted characteristic compared to that of the standard STDP

rule. Fig. 6.5 shows the effect of parameter tuning of the learning rate, λ and the scaling factor, α.

Tuning λ varies the maximum change in synaptic weights (∆G), hence affecting the learning rate.

Tuning α varies the residual change in synaptic weight, when the spike timing difference is large

(∆G−→±α as ∆t −→±4τlearn), thus enables scaling of weights.
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Figure 6.5: Effect of lambda and alpha parameters on weight update for proposed iSTDP
learning rule.

In order to learn and recognize patterns in a limited temporal window, a network should

also be able to forget its outdated history so that it does not give false output events. If the network

permanently retains its history, any order of input spikes will eventually produce an output spike,

since the membrane voltage keeps increasing monotonically. A simple solution to this problem is

to introduce a leakage current component that keeps draining Vmem at a rate proportional to the

leak conductance, Gleak.
∆Vmem

∆t
=

Isyn total− Ileak

Cmem
(6.11)

Ileak = Gleak(Eleak−Vmem) (6.12)

The proposed inverted STDP rule is easily translatable to analog or digital neuromorphic hardware,

which supports a network of integrate-and-fire neurons with programmable pre-synaptic input

weights with tunable delay and a leakage component.

6.4 Implementation

The inverted STDP rule was evaluated using different networks implemented in three

stages in software and hardware. Intel Loihi chip was the hardware platform chosen to port the

trained networks and run inference to validate the results and extract performance metrics.
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In each stage, a neural network with a pre-defined structure is chosen to implement the

proposed learning rule. The synaptic weights are trained in epochs in order to converge to a

reasonable range of final values, which uniquely identify the input spike-timing pattern(s). Once

the synaptic weights are trained, the final weights and input spike pattern are used to run inference.

During the inference stage, we monitor the membrane potential of the output neuron, Vmem which

varies proportional to the arrival of the pre-synaptic input spikes, such that it crosses the threshold

voltage, Vthresh definitely but only after the last input spike arrives.

6.4.1 Stage one: Inference with single neuron network

In stage one, a single neuron network is chosen as described in Fig. 6.3. This network is

trained to identify one unique input spike pattern. Fig. 6.6 shows a training example depicting

the evolution of the membrane voltage with each epoch. Eventually, in this case, the voltage

crosses threshold and the neuron generates an output spike. In other cases, the neuron might spike

too early, in which case the learning rule adjusts the weights to reduce the membrane voltage,

allowing the neuron to spike later. Fig. 6.7 shows the simulation results of a trained network,

where the membrane voltage normalized to the threshold voltage i.e. the neuron spikes when

Vmem norm exceeds 1. The figure also shows a test case where the input spikes have added jitter

and time shift. The output neuron tolerates the variation and registers a spike when the expected

input sequence has arrived.

In order to evaluate the specificity of the neuron, a long sequence of input spikes are

presented with the trained pattern presented first followed by multiple sequences of scrambled

patterns, as shown in Fig. 6.8. It can be seen the membrane voltage, Vmem crosses threshold only

once for the correct input pattern and for all scrambled patterns, it never reaches threshold. All

training done in software (Python) and inference measured in both software and hardware.
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Figure 6.6: Training example illustrating evolution of membrane voltage of output neuron at
each epoch.

6.4.2 Stage two: Inference with multi-layer neuron network

In stage two, a multi layer network of neurons and synapses are trained to identify distinct

patterns of input spikes. A simplified version of the mus silicium was chosen as the target problem,

as described in [24]. This network is suitable for implementing keyword spotting, where timing

is critical to ensure reliable and low power solution. The network consists of an input layer of 40

channels that produce one spike per channel for each distinct input pattern. 5 labelled patterns are

chosen, each label constituting a 40 channel input vector. The input layer connects to a hidden

layer of 5 neurons, with each neuron having 40 input synaptic connections. The hidden layer is

trained to identify each label using a single neuron only. The output layer is a simple Winner

Take All (WTA), where the first hidden layer neuron to spike will be considered the winner and

the output predicted to the corresponding label.

85



Figure 6.7: Simulation results of a network with 10 pre-synaptic input neurons and 1
post-synaptic output neuron. Original trained network output is shown in blue and test input

with shifted spike times is shown in red. Output neuron spikes when the relative order of input
spikes is maintained.

Once training is completed, the network is tested with various combinations of input spike

patterns to check if the output label predicted matches the actual input label. A cross-validation

matrix is generated to estimate the number of true positives, true negatives, false positives and

false negatives. Fig.6.9 presents the results of stage two, with input spike patterns for each label

are presented sequentially and the output pattern matches correctly. All training done in software

(Python) and inference measured in both software and hardware.

The trained network is ported on Loihi, which is able to leverage the full potential of

asynchronous computation. A single run to feed the spike trains for all 5 labels through the whole

network takes 133ns and uses 200nJ of energy. These numbers were averaged across 20 runs.

6.4.3 Stage three: Training on Loihi

It is possible to implement the proposed learning rule directly on Loihi, since it depends

only on the pre and post-synaptic spike timing. Implementing learning rules on Loihi uses pre-
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Figure 6.8: Output neuron membrane voltage for a long sequence of input events with
scrambled patterns. Neuron fires after the first sequence which is the trained pattern. For the

other scrambled patterns, the neuron does not fire.

and postsynaptic traces that are automatically generated. Fig. 6.10 shows the weight changes

of the learning-enabled synapse as a function of the difference between post and pre synaptic

spikes that preceed the weight change. The tuning curve shows the expected behavior for iSTDP

learning. Small anti-causal spike events give rise to a large increase of the weight which decreases
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Figure 6.9: Loihi implementation of a 2 layer network to identify 5 distinct output labels using
input spike patterns from 40 channels.

as the time between pre and post synaptic spike times decreases. Also, small causal spike events

give rise to large decreases of the weight which increases as the time between post and pre

synaptic spike times increases.
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Figure 6.10: Loihi learning rule updates.

Table 6.1: Pattern Recognition Error Comparison

Network Error
Wills, 2001 0.253

SKIM, Delay plus Gaussian, 2013 0.169
Hopfield and Brody, 2013 0.15

This work 0.111

6.5 Conclusion

The error in detecting input patterns for stage two implementation was calculated as

follows,

error =
f alse negatives
true positives

+
f alse positives
true negatives

(6.13)

Table 6.1 shows the error numbers in comparison to previous implementations.

In order to guarantee convergence during training, hyper-parameter tuning is essential.

For the proposed rule implemented on the Loihi platform, the following considerations proved to

be highly useful during training.
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Loihi parameters

• Initialize all weights, Gsyn, to a small value. Random initialization takes a lot longer to

converge or does not converge at all.

• Keep δ and number of time steps, tsteps as small as possible, to ensure the decay kernels

overlap and time surface is properly generated. This is especially useful with higher fan-in

i.e. larger number of input synapses.

• Keep η lower to allow final weights to be in reasonable range. If training updates result in

weights either too low or too high, they are clipped using lower and upper bounds to make

them realizable on hardware. However, extreme weights tend to suppress many valid input

spikes or highlight a few important ones that result in poor performance and generalization.

Inverted STDP parameters

• Keep τlearn small and λ large enough to learn faster

• Tune α optimally so that weights adjust fast enough, especially when Vmem spikes too early

This chapter presents a learning algorithm called Inverted STDP rule to learn input spike

patterns based on their spike timing, using time surfaces generated by synaptic decay kernels. The

theory and equations for the learning rule are described in detail. The effects of tuning parameters

of the weight update rule are analysed and discussed. The learning algorithm was used to train

various networks implemented in both software and hardware, demonstrating the ease of porting

to hardware. The algorithm can be used in many applications where timing is critical, such as

keyword spotting, robotic control and visual tracking.
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Chapter 7

Conclusions and Future Work

In this dissertation, we presented the query-driven dynamic vision sensor (qDVS) which

offers lowest reported power consumption of visual event coding and streaming, normalized for

process technology and pixel array resolution. Activity based event streaming to monitor pixel

activity and corresponding modulation of clock frequency can reduce output rate and power even

further. The applications of event-based vision sensors was elaborated. The prototype developed

during this thesis demonstrates superior performance in varied applications such as stereo vision,

video compression and visual attention.

A two-tier hybrid asynchronous ADC was presented as an efficient hierarchical alternative

to a flat architecture, avoiding the excessive energy and area demands for large numbers of

level-crossing detectors at high resolution. The hybrid architecture reduces overall power and area

for a 10-b design by resolving 5-b MSBs with a 32-thermometer-coded capacitive voltage DAC,

and the remaining 5-b LSBs for the folded residue with an array of level-crossing comparators.

Energy efficiency of synchronous ADCs depend on the clock frequency, which can be reduced by

not overclocking the system depending on its bandwidth requirements, whereas for clock-free

asynchronous ADCs, the energy efficiency is dependent on the input signal sparsity. This topology

achieves appreciably improved FoM by keeping the energy per level conversion low particularly
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for high resolution. The main limitation of the two-tier scheme is the need for accurate and

high-bandwidth residue amplification, requiring power overhead and incurring latency at major

transitions. Gray coding of the digital output minimizes impact of system-level latency, as the

effect of jitter in event registration amounts to errors bound to the LSB level. The chip was

experimentally validated for tracking of continuous input signals, including a ramp, sinusoidal

and ECG signals.

We then presented the first system-level demonstration of a high-efficiency, fully integrated

CMOS-RRAM CIM architecture with core-level support for a diverse set of NN architectures

and dataflows including probabilistic graphical models. Multi-core extensions of this work open

the door to advances in artificial intelligence at a large scale with extreme energy-efficiency and

integration density. An ultra-low power neuron array transceiver with a multi-modal integrate-

and-fire neuron architecture was presented. A variety of activation functions were realized by

using additional pseudo-random noise or partial reset mechanism that makes this chip versatile

to cater to different ANN architectures. The highly reconfigurable and energy efficient design

makes this transceiver suitable for deep learning applications such as RBMs, CNNs using neurons

with ReLU or sigmoidal activation. Neurons with step or sigmoidal activation, with binary or

ternary output levels, can be used for both rate coding or spike timing based neuromorphic

applications. Combining qDVS with the custom computer-in-memory hardware accelerator for

AI applications, this setup has the potential to be the most energy-efficient system to-date for

sensing and recognizing objects real-time.

We also presented a weight update learning rule based only on pre- and post-synaptic

spike times for spike timing based pattern recognition. This rule allows to train a network of

neurons and synapses to identify an unique sequence in the timing of input spike events. The

proposed learning rule translates readily to neuromorphic hardware such as the Intel’s Loihi

platform. Implementation results were shown for both software and hardware implementations.

Our future work will continue to improve the design of dynamic vision sensors to include
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more features for spatio-temporal event generation and processing and provide high impact

applications in various fields involving computer vision like always-on surveillance, autonomous

drone navigation and augmented reality. Another promising frontier is to fully integrate the sensor

and processor into one architecture using advanced 3D integration technologies to bring us much

closer towards efficient, robust, resilient, and autonomous bio-inspired vision.
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J. Arthur, K. Hynna, F. Folowosele, S. SAÏGHI, T. Serrano-Gotarredona, J. Wijekoon,
Y. Wang, and K. Boahen. Neuromorphic silicon neuron circuits. Frontiers in Neuroscience,
5:73, 2011.

[23] Insightness. Insightness event-based sensor modules. Insightness Product Manual, 2020.

[24] T. Jonathan, C. Greg, A. Saeed, S. Klaus, B. Yossi, H. Tara, and van Schaik André. Synthesis
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