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Chapter 1

Introduction

Artificial Intelligence (AI) is an exciting technology that flourished in this century.

One of the goals for this technology is to give learning ability to computers. Cur-

rently, machine intelligence surpasses human intelligence in specific domains. Besides

some conventional machine learning algorithms, Artificial Neural Networks (ANNs)

is arguably the most exciting technology that is used to bring this intelligence to the

computer world. Due to ANN’s advanced performance, increasing number of applica-

tions that need kind of intelligence are using ANN. Neuromorphic engineers are trying

to introduce bio-inspired hardware for efficient implementation of neural networks.

This hardware should be able to simulate a vast number of neurons in real-time with

complex synaptic connectivity while consuming little power.

The work that has been done in this thesis is hardware oriented, so it is necessary

for the reader to have a good understanding of the hardware that is used for devel-

opments in this thesis. In this chapter, we provide a brief overview of the hardware

platforms that are used in this thesis. Afterward, we explain briefly the contributions

of this thesis to the bio-inspired processing research line.
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Figure 1-1: SpiNNaker chip layout [1]. It contains 18 ARM processors, a Router and
SDRAM controller.

1.1 Hardware Platforms

1.1.1 SpiNNaker neuromorphic platform

SpiNNaker (Spiking Neural Network Architecture) [1] is a massively parallel multi-

core system that is optimized for neuromorphic applications. Fig. 1-1 shows the lay-

out of the currently available SpiNNaker chip1. SpiNNaker chip contains 18 ARM968

processors2 each with 64kB of tightly-coupled data memory and 32kB of tightly-

coupled instruction memory. The chip contains a Globally Asynchronous Locally

Synchronous (GALS) architecture with an asynchronous packet switching network

that is highly optimized for neuromorphic applications [10].

ARM cores in SpiNNaker chip communicate to each other and to outside through

1SpiNNaker2 is currently under development and in this thesis, we only used the first version of
SpiNNaker chip

2One ARM processor is used for management, and another ARM core is reserved. Only 16 ARM
cores are involved in the neuromorphic process
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Figure 1-2: SPIN-5 board that contains 48 SpiNNaker chips each with 18 ARM
processors (864 ARM processors in total). Each SpiNNaker chip is connected to 6
chips in its neighborhood as it is shown with red color. The chips in the border are
connected to FPGAs as it is shown with yellow color.

the router. The router has 24 asynchronous bidirectional links, 18 of them are con-

nected to the 18 ARM processors and six of them are connected to external links.

Each processor can host several neurons and send/receive spikes to other processors

through the router and packet switch network [11]. In this thesis, we used the SPIN-

5 board that is shown in Fig. 1-2. This board contains 48 SpiNNaker chips and 3

Spartan-6 FPGAs for communication to other boards. This board is used to build a

million core massively parallel computer for human brain simulation [12].

1.1.2 Dynamic Vision Sensor (DVS)

Dynamic Vision Sensors generate and transmit information of the visual scene in a

completely different method than conventional frame-based cameras. Frame-based

cameras were invented initially to take static photos. Later-on these cameras were
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used to capture videos by taking fast and consecutive images at regular time inter-

vals. This method of video capturing is inefficient when dynamics of the visual scene

is faster or slower than the frame rate. Dynamic Vision Sensors (DVSs) contain inde-

pendent asynchronous pixels that generate events when they detect a change in light

intensity. These type of vision sensors are a subtype of the so-called silicon retina

because their feature is inspired by biological retinas. Dynamic Vision Sensors have

several advantages that result in their growing use in neuromorphic engineering and

low power mobile applications.

Interest in event-driven vision sensors has increased rapidly in recent years as the

technology has matured, become more accessible to researchers, and as the sensors’

potential to enable low-latency sensing at low computational cost has become clear.

However, event-driven vision sensors operate differently than more traditional frame-

based vision sensors and therefore processing event data requires a different approach

than frame-based data.

Dynamic Vision Sensors output data in the Address Event Representation (AER)

format [13], where each event consists of a pixel address and a single bit. The single

bit indicates whether the intensity change was positive or negative. The concept

is shown in Fig. 1-3. As shown in Fig. 1-3(a), when logarithmic change of light

intensity passes a threshold (✓), an event will be generated. Fig. 1-3(c) shows the

reconstruction of DVS events for a moment when a propeller is rotating in front of

the DVS. The recording setup is shown in Fig. 1-3(b). Reconstruction is done with

jAER software [4] where black dots indicate events with negative polarity and white

dots indicate events with positive polarity.

Dynamic Vision Sensors can outperform frame-based vision sensors regarding data

compression3, dynamic range, temporal resolution and power efficiency. Various dif-

ferent event-based temporal contrast vision sensors exist [14]. Most recently Son et al.

[15] from Samsung presented a 640⇥480 pixel DVS which consumes a total of 27mW

at the data rate of 100keps and 50mW at 300Meps. This chip has better temporal

3While frame-based cameras generate redundant frames from static scene, DVS only generates
events when a movement happens in the scene
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(a)

(b)

(c)

Figure 1-3: (a) Event generation for a pixel of DVS when changing in light intensity
passes a pre-defined threshold (✓). For positive/negative change, a positive/negative
event will be generated. (b) Propeller rotating in front of DVS [2], USB-AERmini2
board [3] time-stamps events from DVS and sends them to computer through USB.
(c) Reconstructed output of DVS with jAER software [4]. It contains 864 events
within 624us (1.3M events per second)
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Figure 1-4: AER-NODE board

resolution than a 2000fps camera and wide dynamic range of more than 80db.

1.1.3 AER-NODE board

Fig. 1-4 shows an AER-NODE board [6]. This board contains a SPARTAN-6 FPGA

from Xilinx (XC6SLX150T-3), two parallel AER ports (as input and output using

the CAVIAR connector [3]) and four bidirectional high-speed serial LVDS links.

1.1.4 USB-AER, jAER and Event logger/player

To send/receive AER events to/from conventional computers, a board that is called

USB-AERmini2 (or briefly USB-AER in this thesis) is used. This board is shown in

Fig. 1-5. This board supports bi-directional communication with a computer through

the USB port. When it receives events from a parallel AER port, it adds time-stamps

on the AER events and sends them to the computer through USB port. On the reverse

direction, the USB-AERmini2 board receives AER events with time-stamp from the

computer, stores them in a buffer and sends them to the parallel AER output port

in the proper time.

Inside the computer, a software called jAER (Java-AER) [4] communicates with
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Figure 1-5: USB-AERmini2 board contains one USB port to communicate with com-
puter and three parallel AER ports.

the USB-AERmini2 board. This software takes the AER events flowing into the

computer and records them in a file. On the other hand, this software can read

AER events from a recorded file and sequence them back toward the USB-AERmini2

board. The jAER software also builds frames using various methods (fixed frame

time, fixed number of events) and render them on the computer screen for convenient

visualization. It can also perform additional processing (filtering), and users can add

additional functionalities as it is an open source project. Fig. 1-3 (c) shows a frame

from reconstructed DVS events in jAER software.

Another board called USBAER (or Event Logger/Player or data player in this

thesis) is used in this thesis. To benchmark performance of a bio-inspired processing

system, we need to use pre-recorded data-sets. This board records events in its 512MB

of memory and then plays them back for real-time processing and benchmarking.

Since this board stores data locally, the play back is more precise in time and time

precision can be as low as 20ns. Fig.1-6 shows a USBAER board.
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Figure 1-6: USBAER board to record and play back AER events

1.2 Contributions in Bio-inspired processing

We have tried to improve existing solutions for three significant challenges in neuro-

morphic systems that will be explained here in brief.

The first challenge was related to communications. A simple bio-inspired spiking

neural network can contain thousands to millions of neurons in a single chip or array

of chips. These neurons need to communicate to each other through a sophisticated

and dynamic network of synapses. Asynchronous communication among massively

parallel neuromorphic chips can facilitate scalability. In this thesis, we proposed

two event-driven asynchronous communication protocols to remove communication

bottle-necks of existing neuromorphic hardware. Chapter 2 describes a new method

to increase throughput of existing asynchronous links when at least one side of the

communication is locally synchronous. Chapter 3 describes a scalable multi-channel

fast gigabit serial link that is proposed for neuromorphic applications.

The second challenge was related to the development of hardware implementations

for real-time bio-inspired vision processing. We have used the bio-inspired Dynamic

Vision Sensor (DVS) as input sensor. The DVS output signals need special signal

processing algorithms to extract meaningful information, as well as distinctive hard-
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ware design to implement the algorithms efficiently. In Chapter 4 we have introduced

an efficient digital implementation for convolutional spiking neural network on FP-

GAs to process output events from DVS. In Chapter5 we have introduced a Hybrid

Neural Network that can be trained by using conventional frame-based techniques

while using DVS as its input source. Additionally, similar to biological retina, a

DVS needs motion to generate output spikes. In chapter 6 we introduce a robotic

platform along with an efficient algorithm to perform micro-saccades with a DVS

for object recognition. In chapter 7 we have presented a modification of the current

SpiNNaker operating system for real-time event-driven applications and compare it

with the conventional time-step-driven operating system.

The last challenge is about designing an efficient neuromorphic hardware with

online learning. We have proposed a neuromorphic digital architecture that can learn

different types of meaningful stimuli with unsupervised STDP mechanism. Chapter

8 describes our Convolutional STDP core for FPGAs, which can learn visual patterns

without supervision. This core also contains a layer of supervised STDP neurons for

classification.
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Chapter 2

Fast Predictive Handshaking in

Synchronous FPGAs for Fully

Asynchronous Multisymbol Chip

Links: Application to SpiNNaker

2-of-7 Links

This work has been published in:

A. Yousefzadeh, L. A. Plana, S. Temple, T. Serrano-Gotarredona, S. B. Furber

and B. Linares-Barranco, "Fast Predictive Handshaking in Synchronous FPGAs for

Fully Asynchronous Multisymbol Chip Links: Application to SpiNNaker 2-of-7 Links,"

in IEEE Transactions on Circuits and Systems II: Express Briefs, vol. 63, no. 8, pp.

763-767, Aug. 2016.

2.1 Abstract

Asynchronous handshaken inter-chip links are very popular among neuromorphic

full-custom chips due to their delay-insensitive and high-speed properties. Of spe-

cial interest are those links that minimize bit-line transitions for power saving, such
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Figure 2-1: Encoding of 2-of-7 NRZ protocol transitions to 4-bit symbol values.

as the two-phase handshaken non-return-to-zero (NRZ) 2-of-7 protocol used in the

SpiNNaker chips. Interfacing such custom chip links to field-programmable gate ar-

rays (FPGAs) is always of great interest, so that additional functionalities can be

experimented and exploited for producing more versatile systems. Present-day com-

mercial FPGAs operate typically in synchronous mode, thus making it necessary to

incorporate synchronizers when interfacing with asynchronous chips. This introduces

extra latencies and precludes pipelining, deteriorating transmission speed, particu-

larly when sending multi-symbols per unit communication packet. In this chapter,

we present a technique that learns to estimate the delay of a symbol transaction, thus

allowing a fast pipelining from symbol to symbol. The technique has been tested on

links between FPGAs and SpiNNaker chips, achieving the same throughput as fully

asynchronous synchronizerless links between SpiNNaker chips. The links have been

tested for periods of over one week without any transaction failure. Verilog codes of

FPGA circuits are available freely for academic purpose.

2.2 Introduction

Neuromorphic chips and systems use typically the asynchronous four-phase hand-

shaken address event representation (AER) scheme to interchange information in

an event-driven manner [16] [17] for vision systems [18], [19] and robotics [20]. The
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recently available multi-ARM-core SpiNNaker chips [1] (intended for simulating large-

scale neuromorphic systems) use a special multi-symbol very low-power two-phase-

handshaking non-return-to-zero (NRZ) protocol [21], which is called 2-of-7 [10]. Each

link is unidirectional and uses eight lines (seven for data and one for Ack, i.e., Ac-

knowledge). A symbol is transmitted by changing the state of two data lines only,

which signals a Request for the handshaking. Although there are 21 possible transi-

tions in two lines out of seven lines, only 17 are used by SpiNNaker (16 data symbols

and one "End-of-Packet" symbol). This way, data symbols can be represented by

4-bit nibbles, as illustrated in Fig. 2-1. SpiNNaker chips can communicate a packet

(also called "event") of either short format (44-bits) with 11 4-bit symbols or long

format (76-bits) with 19 4-bit symbols.

The structure of a packet/event is 8-bit header, 32-bit data, 32-bit optional pay-

load (extra data for the long format), and "End-of-Packet" symbol. Fig. 2-2 shows

a commercial SpiNN5 board hosting 48 SpiNNaker chips. Each chip connects to

six neighbor chips (north, south, east, west, northeast, and southwest), emulating a

hexagonal grid [6]. Each chip-to-chip connection contains a pair of 8-bit 2-of-7 lines,

one for each direction. Interchip links (which need minimum PCB trace length) can

exchange short-format events at a rate of about 6 Meps (mega events per second),

which accounts to about 15 ns per symbol transaction. On the top of the board,

one can see three Spartan6 field-programmable gate arrays (FPGAs). They connect

to some of the SpiNNaker chips through a bidirectional pair of 8-bit 2-of-7 NRZ

asynchronous links. On the top in Fig. 2-2, we highlight two of such links: link A

between the central FPGA F2 and the SpiNNaker chip U19 on the top row, and link

B between the same FPGA and the chip U58 far away and close to the bottom right

edge. The circuitry inside the FPGA is clocked and requires the use of synchronizers

to interface properly with external asynchronous links [22], [23]. In the next section,

we briefly describe how such a standard link would operate, achieving a maximum

average throughput of 3.51 Meps from the FPGA to the SpiNNaker chip. Afterwards,

we present the new proposed approach, which can reach up to 6.89 Meps from the

FPGA to the SpiNNaker chip. Our proposed approach could not be used to improve
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Figure 2-2: SpiNN5 board with 48 SpiNNaker chips. Lines in red illustrate inter-
chip 2-of-7 links. Lines in yellow show one bidirectional 2-of-7 communication link
between a Spartan6 FPGA and one of the SpiNNaker chips.
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Figure 2-3: Simplified block diagram illustration of an FPGA-TX-to-SpiNNaker- RX
directional link.

the speed of the reverse direction (from SpiNNaker chip to FPGA) because it would

require modifying the SpiNNaker chip itself. Nonetheless, the proposed scheme can

be included in future versions of the SpiNNaker chip.

2.3 Conventional Synchronization Approach

Fig. 2-3 and Fig. 2-4 show the diagram and the timing between an FPGA transmitter

(TX) link side and a SpiNNaker chip receiver (RX) link side 1, using a conventional

two-D-flip-flop synchronization, respectively. Short 32-bit (or long 64-bit) events are

provided to a finite-state machine (FSM), which will convert them to the 11 (or 19)

4-bit symbol sequence, loading each into the 4-bit register in Fig. 2-3. After this, an

"Encoder" activates the 2-of-7 bits that need to change, according to Fig. 2-1, which,

after being "XOR-ed" with the previous output, provides the new output storing it in

an output 7-bit register. This register holds the new 2-of-7 Data-and-Rqst DataINT .

Once it is available, it produces a delay due to output pad buffering I/O tPO to go

out of the FPGA as DataEXT , plus an interchip PCB trace delay of tpcb to be visible

1The complementary link from SpiNNaker TX to FPGA RX is not shown to save space.
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Figure 2-4: Timing waveforms illustrating NRZ handshaking and synchronization.

at the SpiNNaker chip input. The SpiNNaker chip RX port causes a delay, which

is here called tSP1, between detecting the 2-of-7 Data-and-Rqst until providing its

acknowledge signal AckSP , which after tpcb will make AckEXT visible at the FPGA

external input. The FPGA input pad introduces an additional delay tPI until the

asynchronous acknowledge signal AckINT is visible internally inside the FPGA. After

this, the synchronization circuit using a standard two-D-flip-flop delay line, requires

two additional clock edges to make a synchronized version of the acknowledge signal

sAck available. At this point in time, a new DataINT value can be made available

for the next clock edge. From the Spartan6 FPGA manufacturer specifications, we

know that tPI ⇠ 1.2 ns and that tPO may vary between 1.7 and 5.9 ns, depending

on output pad settings. For our settings, tPO ⇠ 3.0ns. In Fig. 2-4, we can observe

that, if �t2 = tPO + tSP1 + 2tpcb + tPI is between two and three clock cycles (10-

15 ns), then a full symbol transaction can be done in five clock cycles (25 ns). If

10ns < �t2 < 15ns, then it implies that 5.8ns < tSP1 + 2tpcb < 10.8ns. Otherwise,

if 10.8ns < tSP1 + 2tpcb < 15.8ns, then a symbol transaction would require six clock

cycles (30 ns). Implementing the link in Fig. 2-4 on link A in Fig. 2-2 results in

five-cycle transactions, while on link B, this results in six cycles. In summary, for the

48-chip PCB in Fig. 2-2, a symbol transaction varies between five and six clock cycles,
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depending on the length of PCB traces. In the next section, we propose a method

to reduce this time down to two clock cycles for both links. It requires changing the

FSM in Fig. 2-3, i.e., the sender of the link. Therefore, this means that we could only

test it by changing the FSM at the FPGA (the sender side). Consequently, we present

results only for the case of transmitting data from the FPGA to the SpiNNaker chip.

Time tSP1 is typically quite stable for each SpiNNaker link, except for the cases

when the interchip circuitry is sending back pressure (i.e., delaying Ack) because of

internal traffic saturation.

2.4 Proposed Predictive Synchronization Scheme

The herein proposed new synchronization scheme is based on the following obser-

vation in Fig. 2-4. The SpiNNaker RX side of the link is, in principle, ready to

receive a new 2-of-7 Data-and-Rqst, as soon as it has provided acknowledge signal

AckSP at time tSPReady. However, due to the synchronization with two D-flip-flops

on the FPGA side, the FPGA cannot provide a new DataINT until four clock edges

later. Here, we propose a scheme where the FPGA "learns" to forecast, reliably, the

minimum number of clock cycles required to send a new symbol (without waiting to

receive each symbol’s synchronized acknowledge signal sACK). Nonetheless, during

the multisymbol transmission of a packet, an independent process in parallel would

count the total number of actual acknowledge signals received during the full packet

to make sure that the full packet transaction was completed successfully.

The new proposed algorithm for the transmitter FSM in Fig. 2-3 is shown in

Fig. 2-5. This FSM will send out the 11 (or 19) event/packet symbols without

waiting for individual Acks from the receiver side. It will simply wait for a "Symbol

Period" time (i.e., number of clock cycles) before sending the next symbol. A parallel

process (not shown in the figure) will be counting the number of Ack signals received

and generating an internal "Packet Ack" signal once all of them are received. The

operation of the FSM in Fig. 2-5 is as follows. The first state S0 waits for a new (32

or 64-bit) event/packet. After this, the corresponding sequence of symbols must be
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Figure 2-5: Simplified flow diagram of new transmitter FSM. Blue (medium gray)
boxes correspond to failure-free packet transmission and pink (light gray) boxes to
failure handling and packet retransmission, and green (dark gray) boxes indicate
parameters.
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sent. For this, an extra state S2 is included, which waits for a given number of clock

cycles ("Symbol Period") before sending the next symbol. After sending all header

and data symbols, the "End-of-Packet" (EOP) symbol is also sent. After this, the

FSM enters state S3, where it waits for the internal "Packet Ack" signal. This signal

is triggered only if the receiver has acknowledged all symbols sent. Once "Packet

Ack" is received, an optional "Inter-Packet Gap" (IPG) wait time can be included to

allow the receiver some extra time for event/packet processing. In case not all symbol

Acks have been received within a given "Time-out" period, state S3 will branch out

through its "Packet NOT sent" output, indicating there has been a failure in the

event/packet transmission. In this case, it will try to resend the event/packet. For

this, it will first send an EOP symbol to the receiver and wait for the corresponding

Ack, through state S4. If this Ack is not received, then it will wait for some time

to let the receiver recover and, after this, retry the transmission of an EOP symbol.

This situation may occur in case the SpiNNaker internal event handling circuitry is

sending back pressure (because of event traffic saturation), or there is a transient

fault/disconnection in the transmission line.

At startup, there is a "learning process" in which the FSM adjusts its parameter

"Symbol Period". Initially, this period is set to "1" (one clock cycle), and it will

be increased progressively until reaching a stable communication. For each "Symbol

Period" value, two weights are defined. The first weight is the rate of failure, and the

second is the rate of success. Every time state S3 leaves through its "Yes" output, the

success weight is increased. If state S3 leaves through its "NO" output, the failure

counter is increased. During learning, the "Time-out" parameter values are reduced

to speed up learning. The rate of convergence of this startup learning process is

relatively fast, although it also depends on weight granularity and initial state. In our

case, we used 8-bit weights, and both of them (success and failure) were initially set

to "0". Convergence time was on the order of 500 us. After this, no more failures were

detected, even when running the links for over one week. If there are transient faults

during the startup learning process, it will converge to very conservative Ack/Rqst

intervals. Therefore, during startup, the system and all physical connections should
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be in optimum conditions.

So far, we have discussed the situation of sending events from the FPGA (as TX)

to the SpiNNaker chip (as RX). In this case, it is the TX who learns to forecast the

intersymbol delay, and also who detects whenever an event/packet has not been sent.

To implement this forecasting/acceleration capability for the reverse direction without

changing the SpiNNaker chip, we would need to change the RX side in the FPGA.

For this, the receiver in the FPGA would need to send out Acks before obtaining the

synchronized versions of the 2-of-7 Data-and-Rqst transitions. In case of failure, only

the RX circuit in the FPGA would be aware of it, and the TX in the SpiNNaker chip

would not be able to resend the event/packet. There are three obvious approaches for

solving this. First, add an extra 2-of-7 command to the table in Fig. 2-1, so that the

FPGA can request the retransmission of an event/packet. Second, implement this new

algorithm inside the SpiNNaker chip in its TX ports. Or third, implement a slower

upper layer in software to detect event/packet loss and request a new retransmission.

The first two options require a redesign of the SpiNNaker chip, and we leave this as

suggestions for future versions. The third solution is beyond the scope of this chapter.

In the next section, we provide experimental results for the link direction from the

FPGA (TX) to the SpiNNaker chip (RX).

2.5 Experimental Results

Exhaustive tests have been performed on the 48-chip SpiNNaker PCB shown in Fig.

2-2, to test the performance of packet/event communication from an FPGA to a

SpiNNaker chip. The results shown here focus on two of such links: "Link-A" be-

tween FPGA "F2" and SpiNNaker chip "U19", which is one of the shortest links

on the PCB, and "Link-B" between the same FPGA and chip "U58", which is one

of the longest links. Experimental characterizations were performed by generating

sequences of numbers with a counter on one end and checking the sequence on the

other end. Failure-free transmissions were obtained after a few hundred microsec-

onds of training, which would stay failure free for long periods (we tested for over
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Figure 2-6: ChipScope measurements for link A with FPGA pads set to SLOW and
6mA power per pad. (a) Normal synchronization; short packet; 200-MHz clock. (b)
Fast scheme; short packet; 200-MHz clock. (c) Normal synchronization; long packet;
200-MHz clock. (d) Fast scheme; long packet; 200-MHz clock. (e) Normal synchro-
nization; short packet; 100-MHz clock. (f) Fast scheme; short packet; 100-MHz clock.
Note that, in (b), ACK_IN and ACK_IN_SYNC are not exact replicas with two-
clock-cycle delay. This is because ACK_IN was captured before the synchronizer and
its edge must have been very close to that of the ChipScope clock.
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one week). Experimental measurements were done through the use of Xilinx’s built-

in logic analyzer module "ChipScope". This tool allows monitoring FPGA internal

signals with reference to its internal clock. For our experiments, we have set this

internal clock to either 200 MHz (5-ns period) or 100 MHz (10-ns period). Fig. 2-6

shows ChipScope screen captures for different measurements. For each measurement,

we show the same four signals: signal ACK_IN, which corresponds to AckINT in

Fig. 2-4; ACK_IN_SYNC, which is sAck in Fig. 2-4; DATA_OUT_HEX, which is

DataINT in Fig. 2-4; and SYMBOL_NUM (not shown in Fig. 2-4), which counts

the symbol number within the packet/event. On the top of each subfigure, the ticks

indicate clock cycle number.

Fig. 2-6(a) illustrates the case of using the conventional synchronization approach

on link A for a short package with a 200 MHz clock. As can be seen, to transmit all

11 symbols, 57 clock cycles are needed, which corresponds to 3.51 Meps (mega events

per second). Transmission of one symbol requires five clock cycles. Fig. 2-6(b) shows

the same case, but when implementing the predictive handshaking approach. As can

be seen, one 11-symbol packet needs now only 29 clock cycles, which corresponds

to 6.89 Meps. Each symbol can be reliably transmitted with only two clock cycles

(see signals DATA_OUT_HEX and SYMBOL_NUM), although now there is an

extra seven-cycle overhead after transmitting all symbols. Interestingly, the parallel

independent process in charge of counting the transitions at ACK_IN normally needs

two clock cycles, although sometimes it needs one or three (see signals ACK_IN and

ACK_IN_SYNC). Fig. 2-6(c) and (d) illustrates the same setup as Fig. 2-6(a) and

(b) but for a long 19-symbol packet. Similarly, Fig. 2-6(e) and (f) shows the same

as Fig. 2-6(a) and (b) but setting the clock to 100 MHz. This is to illustrate the

situation for a slower FPGA. As can be seen, for the conventional synchronization

approach, four clock cycles per symbol are required (instead of five) and 46 per packet

(instead of 57). This is because the fixed delay �t2 in Fig. 2-4 is framed into fewer

clock cycles. However, for the same reason, in the predictive handshaking approach,

one symbol can be transmitted now in just one clock cycle. On the other hand, the

overhead requires the same eight clock cycles; thus, the overall delay for a short-packet
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Figure 2-7: Measured parameters are "Pck Rt" packet rate (in mega events per
second), "Nc Pck" number of clock cycles per packet, and "Nc Sym" number of
clock cycles per symbol. Vertical columns show measurements for links A and B, for
short packets (11 symbols) and long packets (19 symbols), at 200-MHz and 100-MHz
FPGA clock frequencies, for "Normal" (conventional) synchronization scheme and
for "Fast" predictive handshaking scheme. Horizontal rows are repeated for three
different FPGA output pad bias settings ("current" and "slew-rate"): "fast" is 12
mA per pad with nominal 1.71-ns delay, "slow" is 6 mA per pad (recommended) with
nominal 3.00-ns delay, and "quiet" is 2 mA per pad with 5.47-ns delay.

transaction is 18 cycles, resulting in a speed improvement factor of 2.55.

Fig. 2-7 shows the measured packet/event rate (Pck Rt) and the number of clock

cycles per symbol (Nc Sym) and per packet/ event (Nc Pck) for all experimental

setups: for links A and B, for 100-MHz and 200-MHz clock frequencies, for short and

long packets, and also for three different settings of the FPGA output pads (setting

SLOW with 6 mA per pad, which corresponds to all cases shown in Fig. 6; setting

FAST with 12 mA per pad, and setting QUIET with 2 mA per pad). The packet

transaction speed improvement varies between a factor of about 2 (1.96 for link A,

short packet, 200 MHz) up to a factor of almost 3 (2.89 for link A, long packet, 100

MHz).

2.6 Conclusion

A scheme for accelerating asynchronous handshaken multisymbol packet transmis-

sions between an asynchronous module and a synchronous one has been proposed

and successfully tested on a 48-chip SpiNNaker board. The scheme exploits the fact

that, within the same packet, the transaction delay per symbol remains stable and
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can be "learned" by the sending circuit. Symbol Acks are counted by a separate

process in parallel to verify correct packet transmission. In case of failure, the packet

is resent. Exhaustive tests have been performed on the 48-chip SpiNNaker board for

different PCB trace lengths, packet sizes, clock frequencies, and pad delays. Once

trained, the transmission stays stable and failure free. The proposed scheme can help

to improve the traffic bottleneck between SpiNNaker and PCBs, as this bandwidth is

limited by the throughput between FPGA and SpiNNaker chips on board.
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Chapter 3

On Multiple AER Handshaking

Channels over High-Speed Bit-Serial

Bi-Directional LVDS Links with

Flow-Control and Clock-Correction

on Commercial FPGAs for Scalable

Neuromorphic Systems
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Multiple AER Handshaking Channels over High-Speed Bit-Serial Bi-Directional LVDS

Links with Flow-Control and Clock-Correction on Commercial FPGAs for Scalable

Neuromorphic Systems" in IEEE Transactions on Biological Circuits and Systems
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3.1 Abstract

Address-Event-Representation (AER) is a widely employed asynchronous technique

for interchanging "neural spikes" between different hardware elements in Neuromor-

phic Systems. Each neuron or cell in a chip or a system is assigned an Address (or

ID) which is typically communicated through a high-speed digital bus, thus time-

multiplexing a high number of neural connections. Conventional AER links use par-

allel physical wires together with a pair of handshaking signals (Request and Acknowl-

edge). In this chapter, we present a fully serial implementation using bidirectional

SATA connectors with a pair of LVDS (low voltage differential signaling) wires for

each direction. The proposed implementation can multiplex a number of conventional

parallel AER links for each physical LVDS connection. It uses flow control, clock cor-

rection, and byte alignment techniques to transmit 32-bit address events reliably over

multiplexed serial connections. The setup has been tested using commercial Spartan6

FPGAs attaining a maximum event transmission speed of 75Meps (Mega events per

second) for 32-bit events at a line rate of 3.0Gbps. Full HDL codes (VHDL/Verilog)

and example demonstration codes for the SpiNNaker platform are freely available for

the academic purpose.

3.2 Introduction

Address Event Representation (AER) is now a fairly popular "virtual wiring" tech-

nique adopted by many neuromorphic hardware engineers to interconnect spiking

neuromorphic systems [16, 24, 13, 25, 26, 27, 28, 29, 30, 3, 31, 32]. Digital inter-

chip communication is several orders of magnitude faster than firing frequencies of

biological neurons. This is exploited in AER to time-multiplex numerous synaptic

connections between neurons on a high-speed digital bus. In AER, whenever a spik-

ing neuron in a chip (or module) generates a spike, its "address" (or any given ID) is

written on a high-speed digital bus and sent to the receiving neurons in one or more

destination modules/chips. AER started out as a point-to-point protocol for inter-
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connecting neurons from one chip with those on another chip using a hand-shaken

parallel digital bus with a fixed number of bits [16, 24, 13]. As neuromorphic sys-

tems have been scaling up in size and complexity over the years, researchers have

developed more complex and smarter AER "variations" to improve efficiency, recon-

figurability and reliability. It became apparent very early on that bulkiness of the

original parallel-AER (pAER) bus would limit the scalability of AER systems to ar-

bitrary sizes, and researchers started looking at serial connectivity options [33]. In

2004 Boahen proposed a word-serial AER link to reduce the number of parallel wires

[34]. The 48-chip SpiNNaker PCB [35] uses six bidirectional 8-wire 4-bit word serial

AER-type links per chip, employing a highly power-efficient delay-insensitive 2-of-7

NRZ protocol [10] to asynchronously interchange 32-bit events between the chips,

each chip holding 18 ARM968 integer-arithmetic cores.

Fully bit-serial Low-Voltage-Differential-Signaling (LVDS) [36] AER links have

also attracted the attention of some neuromorphic engineers, as they allow for multi-

gigabit-per-second communication speeds using only one pair of wires. Since just

two unidirectional differential wires are available, it is not straightforward how to

implement a handshaking protocol per event transmission or a flow-control scheme

to signal data congestion on the receiver side. Miro et al. [37] and Berge et al.

[38] experimented with fully bit-serial links. The former with off-the-shelf MAXIM

serdes components, showing measurements that revealed the links could operate up

to 40Meps (Mega-events-per-second) for 16-bit AEs (Address Events). The latter

with the 2.5Gbps (Giga-bit-per-second) LVDS Rocket-IO IP blocks available in the

VirtexII-Pro Xilinx FPGAs, achieving 41.66Meps for 16-bit AEs, with 8b/10b en-

coding for byte-alignment comma transmission when the channel is idle. However,

in both cases, the FSMs (Finite State Machines) implemented did not include any

hand-shaking or flow-control mechanisms to avoid data loss if the event consumer

system on the receiver side was temporarily slower than the event generator system

on the transmitter side. Fasnacht et al. [39] reported a bit-serial interface based on

off-the-shelf commercial 16-bit Serializer/Deserializer components (TLK 2501/3101)

connected to a Spartan3E parallel event AER processor and using a second, reverse,
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LVDS link for flow control signaling. The bit-serial link could operate at line speeds

of 2.5Gbps (TLK 2501) or 3.125Gbps (TLK 3101) and also used 8b/10b encoding

to allow for idle commas. On the reverse LVDS link, the receiver put a square wave

whose frequency signaled whether to stop or resume event transmission from the

sender. Using this setup, the link could transmit 32-bit events at a maximum rate of

62.5Meps (for 2.5Gbps) or 78.125Meps (for 3.125Gbps), at the cost of sacrificing one

reverse LVDS link for flow control. Zamarreno et al. [40] developed a bi-directional

LVDS link using Virtex6 FPGA Rocket-I/O IPs. In this scheme, two 2.5Gbps LVDS

links were used to communicate 32-bit events in each direction with 8b/10b encoding.

Flow-control in each direction was implemented by inserting special control symbols

in the opposite direction link to toggle between the stop and resume states. However,

this design did not include any clock-correction support, thus hampering scalability

by limiting this approach to situations in which all FPGAs use the same physical

reference clock.

Fully ASIC designs for 32-bit event transmission over 1GHz bandwidth LVDS

links have also been reported recently using either current-mode [41] or voltage-mode

[42] drivers 1. These use four wires: two for high-speed 1GHz bit-serial LVDS data

transmission and two for hand-shaking. The extra hand-shake wires allow the drivers

to be turned ON/OFF during inter-event pauses (with nano-second latencies), result-

ing in power consumption proportional to the information transmission rate. This

way, no idle commas have to be transmitted, and 8b/10b encoding is not necessary.

On the down-side, Manchester encoding is required to allow for simultaneous data

and clock transmission per symbol [43], reducing effective data transmission to half of

maximum physical rate. Nevertheless, maximum 32-bit event rates of up to 15Meps

have been measured over a channel with a physical bandwidth 1.4GHz.

All previous asynchronous pAER to bit-serial AER conversion schemes operate

correctly if there is only one clock domain at each synchronous side of each link.

This is usually the case in fully ASIC designs, where all AER processing is fully

1Although the CMOS process used was quite old with a large minimum feature size (0.35um),
the drivers achieved an impressive performance of up to 1.4GHz bandwidth.
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asynchronous, and there is only one local clock per LVDS Transmitter/Receiver link

located at the transmitter side (the receiver uses the clock extracted from the trans-

mission). In the case of the reported FPGA interfaces with unidirectional links,

the situation is similar, because usually the FPGA synchronous circuit only imple-

ments one state machine to interface with an asynchronous hand-shaken pAER port.

One single, isolated clock domain can therefore be used per link. In the case of

bi-directional links, the situation is not so straightforward when using commercial

FPGAs with bit-serial IPs, and two interfering clock domains might be required. The

problem becomes even worse when interconnecting multiple FPGAs, each with its

own synchronous event processing subsystem and multiple bidirectional LVDS links

per FPGA. In this case, each FPGA will have one or more local clock domains, which

may interfere with the clock domains of neighboring FPGAs. Under these circum-

stances, it is necessary to use some clock correction technique to compensate for clock

frequency/phase drifts and avoid sudden byte misalignment problems and data loss.

In a preliminary work [6], we used the elastic buffers available in Xilinx Rocket-I/O

serial LVDS IPs, although the test involved a fully synchronous handshake-less system

deployed over two FPGAs. Each link was unidirectional since the reverse LVDS path

was fully occupied handling flow-control. More recently, the SpiNNaker team has

developed bidirectional bit-serial LVDS links [44] to bundle eight 2-of-7 AER multi-

symbol inter-SpiNNaker-chip links [10] into one bit-serial SATA link. This scheme,

designed to interconnect multiple (up to 1200) 48-chip SpiNNaker Boards [1], uses

flow-control, clock correction, and a sophisticated framing protocol that samples the

eight channels and performs CRCs (Cyclic Redundancy Checks) to improve reliabil-

ity. However, this introduces extra overheads, theoretically limiting the maximum

throughput for each of the eight channels to 50/8 = 6.125Meps.

In this chapter, we present an extended version of the solution reported earlier

[6], with a fully bidirectional bit-serial LVDS communication capability, a token-

based flow-control protocol, a clock correction capability, and a robust interface with

conventional parallel AER ports (like those used in AER sensor chips) using 4-phase

asynchronous handshaking. At an LVDS line transmission rate of 3.0Gbps, it is
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Figure 3-1: Example heterogeneous neuromorphic sensing and computing system
consisting of a) 5x8 grid of FPGA-based AER-Node boards connected to each other
via four bi-directional LVDS links, b) two SpiNNaker boards comprising each 48
SpiNNaker chips (each with 18 ARM CPUs) organized into grids connected via 2-of-
7 asynchronous parallel buses with 2-phase handshaking, and c) two asynchronous
artificial retina vision sensors connected via parallel AER 16-bit external buses with
4-phase handshaking.
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possible to achieve 32-bit transmission at a sustained 75.0Meps, as shown later in

the Experimental Results section. Fig. 3-1 shows an example target setup consisting

of an array of 40 AER-Node Boards [6] all interconnected via SATA wires to their

neighbors, to two 48-chip SpiNNaker Boards [1] and to two AER retina sensors [2].

The presented serial intercommunication protocol extensively exploits the Spar-

tan6 GTP transceiver instance using specific configurations together with user-designed

TX and RX blocks for low bandwidth overhead intercommunication of heterogeneous

components (multiple clock-domain synchronous modules with fully asynchronous

sensors), while multiplexing multiple AER channels with independent flow control

with minimum latency and almost maximum physical channel throughput. This re-

sults in very efficient assembly capability of heterogeneous neuromorphic systems.

Application examples are illustrated at the end of the chapter.

The chapter is structured as follows. Section 3.3 explains how we used the 8b/10b

encoding scheme for bi-directional token-based flow-control and 32-bit event align-

ment. Section 3.4 examines in detail the problem of multiple interfering clock do-

mains when using multiple FPGAs each with multiple bidirectional links, and how to

overcome it using elastic buffers and clock-correction. Finally, Section 3.5 provides

experimental results.

3.3 Bi-Directional Token-Based Flow-Control and Event-

Alignment Using 8B/10B Encoding

When transmitting GHz range bit-serial data over a single lane (either differentially

over a pair of wires as in LVDS, or using one single wire), the transmitted stream

must include not only the serial data itself but also sufficient clues to allow clock

recovery at the receiver 2. The Manchester encoding scheme [45] encodes bits ’0’ and

’1’ as two different transitions: from high-to-low or low-to-high. This way, for each

2In the case of multiple bit-serial lanes operating in parallel (which is not the case considered in
this chapter), one lane can be dedicated to transmitting the reference clock. In this case, the lanes
have to be very well matched to avoid excessive skew.
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Table 3.1: Control Commas in 8b/10b Coding

8-bit in 10-bit out
Name DEC HEX BIN RD = -1 RD = +1
K28.0 28 1C 000 11100 001111 0100 110000 1011
K28.1 60 3C 001 11100 001111 1001 110000 0110
K28.2 92 5C 010 11100 001111 0101 110000 1010
K28.3 124 7C 011 11100 001111 0011 110000 1100
K28.4 156 9C 100 11100 001111 0010 110000 1101
K28.5 188 BC 101 11100 001111 1010 110000 0101
K28.6 220 DC 110 11100 001111 0110 110000 1001
K28.7 252 FC 111 11100 001111 1000 110000 0111
K23.7 247 F7 111 10111 111010 1000 000101 0111
K27.7 251 FB 111 11011 110110 1000 001001 0111
K29.7 253 FD 111 11101 101110 1000 010001 0111
K30.7 254 FE 111 11110 011110 1000 100001 0111

symbol (either ’0’ or ’1’) there is always a physical transition that makes it possible

to recover the clock instantly during symbol extraction. The drawback is that the

data rate is only half the channel’s maximum possible physical rate.

8b/10b encoding [46] overcomes this severe limitation by mapping 8-bit words to

10-bit symbols, assuring enough state changes for reasonable clock recovery, while

achieving DC balance. The difference between the counts of ’1s’ and ’0s’ (called

"disparity") in a string of at least 20 bits is no more than two, and there are not

more than five ’1s’ or ’0s’ in a row3. Consequently, this scheme allows effective data

transmission at a rate of 80% of the physical channel bandwidth. Clock recovery

from the bit stream is not instantaneous and is normally performed by complex PLL

(phase locked loop) circuits at the receiver, which may require sequences in the order

of thousands of bits to lock to the clock frequency. Also, to keep the PLLs locked all

the time, the channel needs to keep transmitting symbols even when no information

has to be sent. Fortunately, when mapping the 256 8-bit symbols into 10-bit symbols,

3Since shuffling five ’0s’, and five ’1s’ (perfectly DC balanced 10-bit symbols) yields less than
256 10-bit symbols, some 8-bit symbols are mapped into two unbalanced 10-bit symbols (one with
four ’0s’ and six ’1s’ and the other with six ’0s’ and four ’1s’). A counter keeps track of the "running
disparity" (RD) between ’1s’ and ’0s’ and picks one of the two possible 10-bit symbols so that the
RD is compensated.
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Figure 3-2: 2-FPGA LVDS Bi-Directional AER Communication Link with Flow-
Control to/from four pAER ports. The figure illustrates how stop/resume control
tokens are exchanged via the complementary channel to achieve flow control.

there are more than 256 10-bit symbols that satisfy the DC balance and state change

restrictions. These extra 10-bit symbols (which do not have a corresponding 8-bit

symbol) can be used as "control symbols", also called "control commas". One of

them can be used as the "idle comma" to keep transmitting data over the channel

and keep the PLLs locked. Table 3.1 shows the 12 possible control symbols allowed

in 8b/10b coding. The first column shows the names given to these control symbols.

The next three columns show their 8-bit representation format (in DEC, HEX, and

BIN), and the last two columns show their 10-bit binary representation depending

on the running disparity RD4. If K28.7 (FC) is not used, it is easy to use K28.1

(3C) and K28.5 (BC) for synchronizing byte alignment within the bit-stream: that is

to say, to find the start/end of the consecutive 10- bit symbols. This is because the

unique sequences ’0011111’ or ’1100000’ cannot be found at any bit position within

any combination of normal codes.

Fig. 3-2 shows a block diagram of a bi-directional AER link using two FPGA

PCBs connected by one single SATA cable (containing two differential pairs of signal

wires and three ground wires). Each FPGA connects to one hand-shaken 32-bit

pAER sender and one pAER receiver. The "wrapper" block is an IP block generated

by Xilinx Core Generator. It contains a wrapper transmitter sub-block wTX and a

wrapper receiver sub-block wRX. wTX takes a 32-bit clock-synchronous "sDATA"

word and a 4-bit "k-char" word as input. Each of the four "k-char" bits indicate

whether the corresponding four bytes in the 32-bit "sDATA" word are control comma
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bytes or regular user data bytes. In our case, the selected LVDS line rates were

3.0Gbps, obtained from a low jitter differential 150MHz reference Xtal oscillator on

the FPGA PCB. This means that the 32-bit data, transformed into a 40-bit sequence

by the 8b/10b code, needed 40/(3109Hz) = 13.3ns to be transmitted. The wrapper

provides two reference clocks for the user circuitry: one at frequency f = 1/13.3ns

= 75.0MHz, at the rising edges of which the user circuitry has to provide the 32-bit

parallel "sDATA" word and the corresponding 4-bit "k-char" word; and the other at

frequency 4f = 300MHz (because the 32-bit "sDATA" word contains 4 bytes) and

synchronized to clock f. The user designed circuitry within each FPGA in Fig. 3-2

has 6 blocks:

1. Asynchronous to Synchronous Converter Block (async2sync). This

block handles asynchronous hand-shaking with the 32-bit pAER input port

and synchronization between the asynchronous and synchronous domains (or

two synchronous domains driven by unrelated clocks). It also provides a 32-bit

parallel synchronous version "sDATA" word clock-synchronized with its corre-

sponding "Data Valid" (DV) control signal.

2. TransmitterFIFOBlock(TX-FIFO). This block holds a "Stop/Run" state

for the transmission of data which is used by the flow control protocol discussed

later. It also includes a small FIFO for transient data storage. The need for

this FIFO will become more apparent later when we address extension to multi-

channel multiplexing.

3. Transmitter Block (TX). For each clock cycle this provides the 32-bit "sDATA"

word and the 4-bit "k- char" word required by the "wrapper" (wTX), generates

start-up byte alignment sequences, and inserts control symbols for flow control,

clock correction, idle commas, or periodic commas for alignment.

4. Receiver Block (RX). This block receives and separates data and control

commas. Data symbols are sent to the RX-FIFO block, while control commas

are interpreted and executed for proper flow control, word (re)alignment, and

clock correction.
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5. Receiver FIFO block (RX-FIFO). This block accumulates 32-bit synchronous

data symbols from the RX block into a FIFO register, while it empties the FIFO

by sending data out to the "sync2async" block. If the FIFO fills up above a

certain threshold, it will trigger the flow control mechanism, as explained below.

6. Synchronous to Asynchronous Block (sync2async). This block handles

asynchronous handshaking with the 32-bit pAER output port and synchroniza-

tion with the synchronous data "sDATA" clock domain.

3.3.1 Four-Byte Alignment

At start-up, and after all PLLs are properly locked, each TX block will send a se-

quence of 1024 32-bit comma words (3C BC BC BC) for event word alignment at

the RX block on the other side of the link. The Xilinx wrapper IP includes internal

circuitry for aligning bytes, using either control comma K28.5 (BC) or K28.1 (3C).

In our implementation, we selected K28.5 (BC) as the byte alignment comma to be

recognized by receiver wRX in the wrapper. As soon as the wrapper receiver circuit

detects this comma, from then on all bit sequences will be aligned to recognizable

bytes. In our case, our event or data words consisted of 4 bytes. We therefore needed

to add extra circuitry in the user receiver to properly align 4-byte events. In princi-

ple, the transmitted control word for alignment "3C BC BC BC" can be received on

the receiver side (after correct byte alignment) with four possible offsets: "3C BC BC

BC" (offset = 0), "BC 3C BC BC" (offset = 1), "BC BC 3C BC" (offset = 2), or "BC

BC BC 3C" (offset = 3). Depending on which of these four possibilities is obtained,

the receiver will set its initial "offset" to either ’0’, ’1’, ’2’, or ’3’, respectively. Once

the offset is known, the four-byte sequence is then correctly reconstructed by holding

the 4-byte data in two consecutive registers, as shown in Fig. 3-3. First, the 32-bit

data read from the wrapper is stored in register ’datain_1’, and in the next clock

cycle, it is copied from register ’datain_1’ to register ’datain_2’. Depending on the

running value of "offset", four bytes from ’datain_1’ and ’datain_2’ are copied to

output register ’out_data’, as shown in Fig. 3-3, to reconstruct the correct 4-byte
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Figure 3-3: Illustration of 4-byte re-alignment depending on running offset. The four
different offset cases are shown and how the output data is assembled from the flowing
input data.
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event sequence. Once the running offset is detected, it will remain fixed for the forth-

coming data stream sequence, unless there is a clock correction (this is discussed in

Section 3.4). In this case, the running offset will be updated. For now, let us as-

sume that, after the initial 4-byte alignment, all 32-bit data and control commas sent

from the sender side remain aligned and are correctly received on the receiver side.

Implementation of the flow control mechanism is explained below.

3.3.2 Flow Control

With reference to Fig. 3-2, let us assume that we are sending events from the left-

side pAER sender (top left of FPGA-1 in Fig. 3-2) to the right-side pAER receiver

(top right of FPGA-2 in Fig. 3-2). Event communication and flow control in the

opposite direction is fully symmetric and simultaneous. If no control token needs

to be communicated, the default operation is as follows: the async2sync block (see

details in Subsection II-C) acknowledges incoming 32-bit AER events, synchronizes

them to the local f = 75MHz clock and transfers the synchronized event "sDATA" in

a single clock cycle to the "TX-FIFO" block. By default, this block is in the "Run"

state, in which the 32-bit "sDATA" event is transferred to the top left "TX" block in

one clock cycle. This TX block will send the 32-bit "sDATA" event to the input port

of the "wrapper" (wTX) while setting k-char=’0000’ (that is to say, none of the four

bytes is a control comma). This way, the events read from the pAER sender will be

streamed one after another over the bit-serial LVDS line to the destination FPGA. As

will be explained below, the async2sync block needs several clock cycles to acquire one

32-bit event, while the other synchronous blocks need only one clock cycle to transfer

"sDATA". Since the "wrapper" needs to read 32-bit data at every f = 75MHz rising

clock edge, the TX block will insert "idle commas" (3C BC BC BC) whenever there

is no actual event to be transmitted. On the receiver FPGA, the "wrapper" (wRX)

will provide reconstructed 32-bit "sDATA" words together with their corresponding

4-bit "k-char" words. Depending on the running "offset" value, the RX block will

correctly align the four bytes for each event, and send the correctly assembled 4-byte

32-bit events to the RX-FIFO block. After the sync2async block, the top right pAER
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receiver will read all these events from RX-FIFO. If the top right pAER receiver

temporarily reads events slower than the top left pAER sender, the RX-FIFO block

will accumulate an increasing number of events and eventually fill up. To overcome

this, a flow control mechanism is required. We defined two threshold levels for the

RX-FIFO block: a "stop threshold" and a "resume threshold". If the FIFO is filled

above the "stop threshold", it asserts a "STOP" bit signal for the bottom right TX

block (in FPGA-2) of the reverse transmission link. As soon as the TX block detects

this active "STOP" signal, it will send a 32-bit "stop token" control word (01 1C 1C

1C), together with k-char=’0111’, through the reverse LVDS channel to the bottom

left RX block in FPGA- 1. This RX block will then activate a "STOP" signal for

the top left TX-FIFO block in FPGA-1, which will then change its state to "Stop"

and will refuse to accept new events (by activating "Busy"). Consequently, from now

on no more events will be transmitted on the upper forward channel from left to

right, and the RX-FIFO in FPGA-2 will be gradually emptied. When the RX-FIFO

content crosses the "resume threshold", it will de-assert the "STOP" signal and the

TX block in FPGA-2 will send a 32-bit "resume token" control word (00 1C 1C 1C),

together with k-char=’0111’, through the reverse channel to the RX block in FPGA-

1. This block will de-assert the "Stop/Resume" bit signal and the TX-FIFO block in

FPGA-1 will resume accepting events. Token control word transmission has higher

priority than normal event word transmission, so the TX blocks will momentarily

stop accepting new events (by activating the "Busy" signal) until the 32-bit token

is sent. This will introduce a latency of just one clock cycle in regular event data

transmission.

The stop/resume thresholds can be adjusted experimentally for worst case delay.

A simple method to measure this delay is by using two GTP transceivers in one FPGA

and a counter to obtain the number of clock cycles between sending and receiving

a given event. We also observed in previous research [47] that slight differences (⇠

30ppm) in Xtal oscillator frequencies can also impact system behavior by introducing

asymmetries in the data rates of the links, therefore justifying also the need for

adjusting these thresholds experimentally.
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Figure 3-4: Simplified diagram of async2sync (top) and sync2async (bottom) blocks.
The figure comprises the standard scheme (solid lines) together with a proposed
accelerated scheme (dashed lines).

3.3.3 Asynchronous to synchronous domain interfacing

Fig. 3-4 shows simplified diagrams for the Asynchronous to Synchronous (top) and

Synchronous to Asynchronous (bottom) blocks in Fig. 3-2. These blocks interface be-

tween the synchronous circuits in one FPGA clock domain and external AER circuits,

which may be fully asynchronous or driven by other domain clocks. In either case,

synchronization is required. Here we used the conventional two D-flip-flop scheme to

read in and synchronize the external incoming handshake signals (either Req for the

top part, or Ack for the bottom part). We have performed tests using two schemes:

(a) The conventional two D-Flip-Flop scheme [48] shown in Fig. 3-4 when ignoring

the wires and blocks with dashed lines, and (b) an accelerated scheme that includes

the wires and blocks with dashed lines. The conventional scheme requires on average

12 clock cycles for one event transaction, while the accelerated one needs on average

six clock cycles.

1. Conventional Scheme: The conventional synchronization scheme introduces a

delay of an extra two clock cycles per handshake signal (Req on the receiver and

Ack on the sender). The FIFOs are both small (4 registers). On the synchronous

side (right) of the local clock domain, data is transferred with a single clock cycle

transaction whenever signal DV (data valid) is activated while signal Busy is

inactive. On the left side, data is transferred using 4-phase handshaking. Under
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these circumstances, one event transaction requires 10 to 12 clock cycles [48].

2. Accelerated Scheme: For the accelerated scheme we have to impose some re-

strictions on the sender, the delays of the interconnection lines, and the relative

difference between the clock frequencies of sender and receiver circuits. For the

sender, the Req signal has to be set one (sender) clock cycle after the data

lines, the jitter of the interconnection lines has to be negligible with respect

to clock cycles, and the difference in clock frequencies between sender and re-

ceiver cannot be greater than a factor two. Under these circumstances, one

event transaction can be performed in either 5 or 6 transmitter clock cycles.

The scheme works as follows. For the async2sync receiver interface (top in Fig.

3-4), the (active low) Ack signal is formed by the OR of signal (active high)

"FIFO almost full" and (active low) Req. Consequently, the returning Ack sig-

nal needs to be synchronized on the other side, and this is done using another

two D-flip-flop scheme. The receiver also synchronizes all data lines, in order

to delay them two clock cycles. It is well known that, in general, synchroniz-

ing parallel data lines does not work [49]. This is because each data bit can

be captured at different receiver clock edges due to jitter in the sender data

edges, jitter in the receiver data latches clock edges, different delays of the data

bit lines or different threshold levels of the data bit latches. However, if it is

guaranteed that at the receiver side (a) Req always arrives after all data lines

have stabilized, and (b) Req and all data lines stay stable for at least two clock

cycles, then the synchronized version of Req will capture all data bits correctly.

The chance of metastability, however, is multiplied by the number data bits plus

one (33 in our case). Nonetheless, for the Spartan6 specifications, this chance

is still several years. In the experimental results (Section 3.6) we show in hard-

ware verifications of both schemes, the conventional one and the accelerated

one, tested for over 65 hours without any transmission errors.
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Figure 3-5: 2-FPGA LVDS Bi-Directional AER Communication Link highlighting
the Reference Xtal Oscillator in each FPGA. Xtal frequencies may differ by a few
ppms, thus requiring clock correction techniques for reliable communications.

3.4 Clock Correction

3.4.1 The Problem of Multiple Clock Domains

Fig. 3-5 shows the bi-directional LVDS link between the two FPGA PCBs in Fig. 3-2,

this time highlighting the reference Xtal oscillator in each FPGA PCB. Each PCB

has its own Xtal oscillator which generates a low-jitter reference clock (in our case,

150MHz). In FPGA-1 PCB, reference clock frefclk1 will be up-converted by special

circuitry inside the wrapper to the line frequency fGHz1 used by the LVDS trans-

mission (wTX) lane (typically in the range of a few GHz). Extra clock management

circuitry also provides two additional reference clocks of frequencies f and 4f (when

32-bit 4-byte data is read per clock cycle)4. Wrapper input data (32-bit "DATA" and

4-bit "kchar") is read at the rising edges of f . Clock fGHz1 is used to encode the

bit-serial data stream through the top LVDS lane in Fig. 3-5. The receiver circuitry

inside the wrapper (wRX) in FPGA-2 PCB will recover the fGHz1 clock to decode

the serial data and convert it back to parallel 32-bit "DATA" words. Let us call this

recovered clock frGHz1. It will have exactly the same frequency as fGHz1 but with

totally uncorrelated phases and higher jitter. On the receiver side it is possible to

down-convert the recovered clock frGHz1 to the original frequency of frefclk1. Clock

4Frequencies fGHz and f are related by fGHz = 10⇥nbpe⇥f , where nbpe is the number of bytes
per event. Throughout this paper nbpe = 4, fGHz = 3GHz, 4f = 300MHz, and f = 75MHz.
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signals frefclk1, f , 4f , fGHz1 in FPGA-1 PCB, and recovered clocks frGHz1 and frefclk1

in FPGA-2 PCB are all mutually synchronous because they are all from the same

reference Xtal1 oscillator.

Likewise, similar clocks are generated derived from the Xtal2 oscillator in FPGA-

2 PCB. Both Xtal oscillators (Xtal1 and Xtal2) must have the same frequency.

However, there is always a small frequency difference (typically approximately +/-

100ppm) between reference clock sources. As a result, each wrapper uses a slightly

different frequency for its transmit data path (wTX) and its receive data path (wRX).

There are therefore two independent clock domains, and at some interface, they are

bound to interfere with each other. This situation can be dealt with using a clock

correction technique.

Alternatively, instead of clock correction, an attempt can be made to extend the

same clock domain to all circuitries by propagating the clock recovered at wRX. The

drawback of this approach is that the clock recovered by a receiver in a wrapper

has higher jitter than the original clock, resulting in less reliable communication. If,

instead of having just one bi-directional link (as in Fig. 3-5), there are more links

per FPGA-PCB and many PCBs are interconnected, then it will be impractical to

propagate a single Xtal reference clock to all PCBs through a sequence of clock up-

conversions and recovery down-conversions. This would progressively degrade clock

jitter and ultimately render the links unusable. In this case, clock correction tech-

niques offer a robust, reliable solution. The use of one such method, available in some

FPGAs, is detailed below.

3.4.2 Clock Correction Implementation

Consider the situation in Fig. 3-6(a), which shows a FPGA with four bi-directional

LVDS links (8 LVDS lanes). This FPGA can be thought of as being held in one

FPGA-PCB with its reference Xtal oscillator. Many of these single-FPGA PCBs

could be interconnected in a mesh-like fashion using bi-directional LVDS links to

form a 2D array of PCBs, as shown in Fig. 3-1. Each FPGA contains 4 "wrapper"

circuits (like the ones discussed in Section 3.3 and shown in Fig. 3-2 and Fig. 3-5),

66



Figure 3-6: (a) FPGA PCB with four bi-drectional LVDS bit-serial links. (b) Detail
of wrapper transmitter (wTX) and receiver (wRX) sub-blocks.

one per bi-directional LVDS link.

Each FPGA-PCB has one low jitter Xtal oscillator (150MHz in our case). These

low jitter oscillators usually provide a differential output signal, which is converted

to a single-ended signal inside the FPGA with specially dedicated low-jitter buffers.

This reference clock is then routed to all wrapper transmitter (wTX) subcircuits,

where it is up-converted to a clock signal at line frequency fGHzi (in the range of 1-

3.2GHz for Spartan-6). The reference clock frefclki is also routed to a "clock manager

module" (clk mgr in Fig. 3-6(a)), where two synchronized clocks of frequency f and

4f are provided. These two synchronized clocks are routed to the wrappers and are

also available for user logic.

Fig. 3-6(b) shows the internal structure of the wrapper in more detail (although

still overly simplified). In the wrapper transmitter sub-block (wTX), "DATA_out"

(32-bit events or control commas) is read synchronously at the rising edges of clock

f , together with its corresponding 4-bit "kchar_out" word. This parallel 32-bit word

is then converted byte by byte, using 8b/10b encoding, to give a 40-bit parallel word,

which is then serialized into a bit-stream using the up-converted clock frequency

fGHz1, and sent through the appropriate LVDS driver circuits to a differential pair

of wires. Fig. 3-6(b) also shows the simplified internal structure of the "wrapper

receiver sub-block" (wRX). A CDR (Clock and Data Recovery) circuit receives the

LVDS bit-serial stream of input data, extracting a recovered clock frGHz2. A deseri-
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alizer circuit then converts this bit-stream into a sequence of parallel bytes, detecting

byte-alignment commas and immediately aligning the bytes. 8b/10b encoded 10-bit

words are then decoded into 8-bit data or comma bytes. Up to this point, logic has

been clocked using clocks derived from the recovered line clock frGHz2, but now the

recovered 32-bit events (or commas) need to be transferred to registers and logic has

to be clocked by clock signal f , which belongs to a different clock domain (the one

derived from frefclk1). This clock domain "crossover" is handled using an "Elastic

Buffer" [50] provided by the FPGA manufacturer within the wrapper. An Elastic

Buffer is an asynchronous FIFO which is written using one clock and read using an-

other clock. The frequencies of the two clocks are fairly similar but not exactly equal.

As a result, the elastic buffer will slowly either fill up or empty out. This is avoided

by defining a clock correction comma. The clock correction comma, which can be

defined as a single byte, a 2-byte group, or a 4-byte group, has to be inserted into

the data stream sent by the user-designed transmitter TX with certain periodicity

(the exact periodicity depends on the expected worst case discrepancy between fGHz1

and fGHz2). If the elastic buffer fills up above a given threshold, one clock correction

comma is removed and not delivered to the output port. This way, the elastic buffer

is suddenly emptied by the amount of one comma. On the other hand, if the elastic

buffer is emptied below another given threshold, one clock-correction comma is in-

serted in the elastic buffer, and this comma has to be ignored at the user-designed

receiver, RX in Fig. 3-2 and Fig. 3-5. The elastic buffer is thus suddenly filled

by the amount of one comma. Since we were using 4-byte events, it made sense to

use 4-byte clock-correction commas to avoid event de-alignment after clock-correction.

However, we decided to use a one-byte clock-correction comma (BC) for lower comma

traffic, which combined with our byte-alignment circuit, allows for on-the-fly event

re-alignment. The use of one-byte clock correction commas had the effect of changing

the alignment offset in Fig. 3-3, either incrementing it or decrementing it by ’1’.

The insertion and removal by the wrapper of user-defined clock-correction commas is

signaled by the 3-bit signal ’clkcorr’. The user circuit RX state machine is designed

to properly handle these commas.
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Figure 3-7: Block Diagram of Channel Multiplexing Arrange with k transmitting and
k receiving channels together with flow control and tag handling blocks.

3.5 Multiple Channel Multiplexing

One SATA link with a line frequency of 3.0Gbps using 8b/10b byte encoding and

transmitting 32-bit events can transmit at a rate of 75Meps (including control com-

mas) per link direction. This event rate is fairly high compared to transmission speed

through a standard parallel asynchronous AER port. For example, purely asyn-

chronous 128⇥128 pixel DVS sensors have been reported to achieve speeds of almost

10Meps for 15-bit events [2]. The synchronization circuitry within the async2sync and

sync2Async blocks also results in event transactions of a maximum of 6 clock cycles

(if the conditions discussed in Section 3.3 are met). This would result in an event

69



rate of 12.5Meps. To take advantage of the available bandwidth in these SATA links,

several asynchronous parallel AER channels can be multiplexed over one link. Fig.

3-7 illustrates our proposed multiplexing of 2⇥k AER channels over one bidirectional

SATA link (k channels in each direction). The blocks shown within the broken lines

in Fig. 3-2 and Fig. 3-5 are now replaced by the blocks shown within the broken

lines in Fig. 3-7. If q is the smallest integer such that 2q � k, then the top q bits of

the 32 sDATA bits are sacrificed to encode AER channel number within each event.

Each TX-FIFO receives AER events of 32� q bits and writes them into its registers,

activating an output signal "Empty" when there is no data left in its registers. The

"Fair Tag Encoder" FSM selects one non-empty TX-FIFO to read, following a fair

selection algorithm (see below in Section IV-B). This TX-FIFO channel is selected by

the Ch-MUX multiplexer block. The 32� q bit data is read, the corresponding top q

bits (Channel ID) are appended, and the complete 32-bit sDATA is then sent to the

TX block if its "Busy" signal is non-active. On the receiver side, the "Tag Decoder"

block reads the top q bits and activates the corresponding "Write-enable" signal for

the destination RX-FIFO, which reads the lower 32� q bits of the incoming sDATA

(32 bit) word. Each RX-FIFO will be read out through its output channel.

3.5.1 Flow Control

If the readout speed at the output of an RX-FIFO is slower than the speed at which

events are received, the corresponding RX-FIFO will fill up. RX-FIFOs will activate a

"stop" signal if they are filled beyond a pre-set threshold (which should be lower than

the FIFO’s capacity), or a "resume" signal if they are emptied below a second pre-set

threshold. This one-bit stop/resume signal is read by the "Flow Control Encoder"

FSM, which will tell the TX block with the highest priority the channel number

"Ch-NUM" whose RX-FIFO is getting close to full while activating the "Ch-valid"

signal. The TX block will send a 32-bit flow control comma (CH 1C 1C 1C), with

kchar = ’0111’, where CH is an 8-bit byte in which: (a) the 7 most significant bits

encode the channel number (so that up to 128 channels can be multiplexed), and

(b) the least significant bit is either ’1’ to signal "stop" or ’0’ to signal "resume".

70



Figure 3-8: Fair Encoder Operation Diagram

This flow control comma is received by the RX block on the other side of the link,

which will communicate the channel stop/resume command to the "Flow Control

Decoder" FSM. This FSM will then decode the saturating channel’s ID and set the

corresponding stop/resume signal (one of the 2q lines) for the "Fair Tag Encoder",

which will in turn enable/disable the "Read Enable" signal for the channel, so that

the corresponding channel TX-FIFO will stop/resume accepting new input events.

Note that this flow control scheme is very similar to the single-channel scheme

explained in Section 3.3, except that here the flow control comma uses all 8 bits of

the first byte, and the upper q bits of the events are sacrificed to encode channel

number.

3.5.2 Fair Tag Encoding Operation

Fig. 3-8 shows a simplified diagram of the "Fair Tag Encoder" block. Channel signals

’stop/resume’ and ’empty’ are OR-ed to generate ’ready’ signals. These ’ready’ signals

are fed to a "Barrel Priority Encoder". This block is a priority encoder whose priority

preference is circularly shifted one position each clock cycle, as illustrated in Fig. 3-
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Figure 3-9: Schematic Operational Diagram of Barrel Priority Encoder

9. The "Barrel Priority Encoder" generates the corresponding output channel Tag,

which is used by a Decoder circuit to generate ’Read Enable’ signals.

3.6 Experimental Results

In the experimental measurements reported here, we use Spartan-6 GTP interfaces

operating at 3.0Gbps with error-free transmission. This data rate is very close to

their maximum data rate limit of 3.2Gbps. This requires careful PCB design and

component choices. The high-speed traces on the PCB were designed using industry-

standard techniques. The PCB manufacturer supplied track width and spacing based

on the proposed board stack-up and required impedance. The Cadence Allegro PCB

tools were set up to use these parameters. The differential pairs were automatically

length matched, and all bends were chamfered, and vias avoided where possible. The

high-speed tracks were routed on the outer layers of the PCB with a ground plane

beneath. Standard surface mount SATA connectors were used on the PCB. During

board commissioning, the drive strength of the FPGA differential drivers was adjusted

to ensure adequate noise margin on the links.

3.6.1 Test of Accelerated Sync2Async and Async2Sync Scheme

In a preliminary characterization, we tested first the correct operation of the accel-

erated Async2Sync and Sync2Async scheme presented in Section 3.3. Fig. 3-10(a)
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Figure 3-10: Separate setup to test and characterize the accelerated Sync2Async and
Async2Sync scheme. (a) Schematic diagram, and (b) Experimental setup.
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Figure 3-11: ChipScope captured signals at (a) TX circuit with 250MHz clock and
(b) RX circuit with 143MHz clock frequency.

shows the schematic diagram of the setup used for this, with the TX on the left and

the RX on the right sides, each with its own independent clock. Let us call their clock

periods PTX and PRX respectively. At TX the 32-bit AER data is set one clock cycle

before Req. Ack returns (if STOP/resume signal is low) without passing through any

synchronization nor state machine at the receiver. If wire delays are negligible, the

TX requires 6PTX to perform one full data transfer: 1st to write data, 2nd to write

Req, 3rd to capture Ack, 4th, and 5th to capture the synchronized version of Ack by

the TX FSM, and 6th to allow the FSM to write the new data. If there are delays

in the wires, pads, and OR gate, then one event transmission requires 6PTX + 4⌧line

(where 2⌧line includes one full round: two physical wires and connectors, four pads,

and the OR gate). On the RX side, the circuit needs 3PRX to capture one event. If

RX clock is faster than TX clock (PTX > PRX) there are no communication problems.

However, if TX clock is faster, we have to guarantee that 6PTX +4⌧line > 3PRX . The

worst case is when ⌧line is negligible, which results in 2PTX > PRX (or 2fRX > fTX

). Consequently, if TX clock frequency is not more than twice the RX clock fre-

quency, correct communication is guaranteed, independent of the physical delays of

lines, pads, connectors, etc.

74



To verify this, we assembled the experimental setup shown in Fig. 3-10(b) with

intentional long external wires. Two AER-Node boards [6] were used, interconnected

through their parallel ports with a relatively long parallel bus ribbon cable. The TX

circuit was clocked at 250MHz while the RX was clocked at 143MHz. This setup

showed error-free transmission tested over several days. Fig. 3-11(a) shows signals

Data, Req, Ack at the pad, and Ack after synchronizers, captured inside the TX

FPGA using ChipScope. We can see that one event cycle transmission requires 17 TX

clock cycles (68ns), although sometimes it would require 16. The measured average

was 16.98 cycles (67.93ns). Since we estimated this delay as 6PTX + 4⌧line , it results

in ⌧line = 10.98ns (equivalent to 2.75 TX clock cycles). Fig. 3-11(b) shows signals

Data at the pads, after synchronizers, Req at the pad, after synchronizers, and Ack at

the pad, captured inside the RX FPGA using ChipScope. We can see one event cycle

transmission of 10 RX clock cycles (69.93ns) and another one of 9 RX clock cycles

(62.94ns). The measured average was 9.71 RX clock cycles (67.93ns). Therefore, this

accelerated scheme setup was able to transmit at an average of 67.93ns per event,

or equivalently, 14.72Meps. By using the non-accelerated scheme, the average event

transmission rate was 9.75Meps.

In the experiments that follow, the Async2Sync and Sync2Async interfaces are

completely inside the FPGAs thus minimizing ⌧line. The measured results shown

next also demonstrate error-free transmissions.

3.6.2 Serial Link Characterization

Fig. 3-12 and Fig. 3-13 show two typical setups in which the proposed bidirectional

serial link was used. The figures show two separate AER retina sensors, each con-

nected to the AER-Node Board [6] by a parallel AER connector (using a custom

adapting PCB that makes it possible to connect up to 4 AER parallel ports). The

two retinas communicate with the Spartan6 FPGA on the AER-Node Board, which

in turn communicates with one 48-chip SpiNNaker Board [1] through serial SATA.

The SpiNNaker board receives events from the two retinas’ AER ports, processes

them and sends the resulting event flow back to the AER-Node Board via the same
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Figure 3-12: Example setup with two ATIS retinas [5] connected via AER parallel
ports to the AER-Node board [6], which connects via SATA to a 48-chip SpiNNaker
Board [1].

Figure 3-13: Example setup with two DVS [2] retinas connected via AER parallel
ports to the AER-Node board [6], which connects via SATA to a 48-chip SpiNNaker
Board [1].
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Figure 3-14: Simplified Diagram illustrating the Experimental Configuration inside
the two Spartan6 FPGAs

SATA wire. The AER-Node Board sends the results through another parallel AER

port to a USBAERmini2 Board [3] which communicates with a host computer by

USB to display the results in real time.

The proposed communication scheme was experimentally characterized using a

pair of Spartan6 FPGAs located on two different (SpiNNaker) PCBs. Each Spartan6

(XC6SLX45T-3) FPGA used its own 150MHz Xtal oscillator. To test the multiplexed

link at maximum throughput (thereby, forcing flow control), we used one GTP port

on each FPGA, as illustrated schematically in Fig. 3-14. Each FPGA used its local

150MHz reference clock plus an additional 67MHz clock, so each FPGA included two

separate clock domains. The setup was configured with four separate bidirectional

AER Channels (3 synchronous and one asynchronous) multiplexed over the SATA

link. For this, we used a "Test Pattern Generator" (TPG) and "Test Pattern Checker"

(TPC) transmitter/receiver pair. The TPG provides a known sequence of patterns,

while the TPC checks and counts event errors in that sequence and computes the

effective event rate received (excluding all control commas). In each FPGA, three

TPG/TPC pairs were clocked with the same clock as the Transceiver/Multiplexing

core discussed in Fig. 3-2, Fig. 3-5 and Fig. 3-7. This is a clock running at f =

75MHz, derived from the external 150MHz Xtal reference oscillator. Each of the

three synchronous TPGs could therefore provide an event rate of up to 75Meps (one
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Table 3.2: Experimental characterization test for fast 6-cycle event transaction syn-
chronization scheme on channel 1

Channel# Event Rate (Meps) Link utilization(%) Error Ratio
Channel1 11.14 14.86 0
Channel2 26.29 35.05 0
Channel3 18.75 25.00 0
Channel4 18.75 25.00 0

Total 74.93 99.90 0

Table 3.3: Experimental characterization test for slower 12-cycle event transaction
synchronization scheme on channel 1

Channel# Event Rate (Meps) Link utilization(%) Error Ratio
Channel1 6.43 8.57 0
Channel2 31.00 41.33 0
Channel3 18.75 25.00 0
Channel4 18.75 25.00 0

Total 74.93 99.90 0

per clock cycle). The 4th TPG/TPC pair was clocked with the additional 67MHz

clock and interfaced through a pair of async2sync blocks. The LVDS line rate was

set at 3.0Gbps.

We tested the setup using the two synchronization schemes discussed in Section

3.3 and Fig. 3-4: the faster one requiring on average six clock cycles per event

transaction, and the slower one requiring on average 12. Table 3.2 summarizes the

results for the 6-cycle case after testing the setup for 65 hours. None of the channels

detected a single error in the transmission. The link bandwidth (75Meps) was shared

by the four Channels as indicated in Table 3.2, covering effective data events plus

control commas (for flow control, clock correction, or idle commas). The TPGs

clocked at 75MHz attempted to deliver data at one event per clock cycle, but were

slowed down by the corresponding "Fair State Encoder" whenever the SATA link

bandwidth was reached. The TPG clocked at 67MHz (Channel 1) could only deliver

events at a much lower rate because of the synchronization delays. This explains

why the effective event rate for this link dropped to 11.14Meps. The rest of the

bandwidth was split up between the other Channels as shown in Table 3.2. Note that
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Figure 3-15: Measured Event Error Rate while sweeping Interval Sampling Point

Channel2 ends up transmitting at a higher rate than Channels3-4. This is because of

the priority encoder design in Fig. 3-8 and Fig. 3-9, which assigns to each Channel

different priorities every clock cycle (to prevent one pAER transmitter from blocking

others). Since Channels 2 to 4 always have data ready to send, they will use 25%

of the time (when they have the highest priority) to send their data. When highest

priority is with Channel1, sometimes there is no data ready to send. In this case,

Channel2 has second priority and will use this time for its data.

Total data bandwidth was thus 74.93Meps (99.90% of link bandwidth). The re-

maining 0.07Meps bandwidth (0.10%) was used by control commas. Table 3.3 shows

the same results, but for the case of using the slower 12-cycle synchronization scheme.

In this case, Channel 1 achieved a lower throughput, but the total link bandwidth

was kept the same. Note that Channel1 event rate in Table 3.3 is slightly faster than

half of that in Table 3.2, which might be surprising because we are expecting the fast

scheme to require between 5-to-6 clock cycles and the slow scheme between 10-to-12.

When using the fast scheme, throughput is limited by the TX clock at 67MHz. How-

ever, for the slow scheme, the delays depend on both the TX and RX clocks, and the

effective clock cycle is somewhere between 67MHz and 75MHz, resulting in an event

transmission rate slightly better than half of the fast one.

The FPGA GTP receivers made it possible to tune the voltage sampling point
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Figure 3-16: Measured Eye Diagram on the LVDS lanes operating at 3.0Gbps.

of the physical LVDS line to compensate for potential asymmetries. This sampling

point is expressed as a percentage of the full range, the central point being 50%. We

tested the event error rate of the link as a function of the interval sampling point.

The results are shown in Fig. 3-15, where it can be seen that event error rate was

null between sampling points 0.35% and 0.65%. Outside this range, the event error

rate increased exponentially.

Fig. 3-16 shows the eye diagram measured using an Agilent DSO81304B oscillo-

scope with 12GHz bandwidth soldered probes. Eye opening was 235ps width times

224mV height, with an average RMS jitter of 14.3ps. This confirms a safe enough

margin on the physical design side for the transmission speed of 3Gbps (333ps per

bit). We can see in the figure that transmission of one bit requires an average of

328ps, which yields an average transmission frequency of 3.046GHz. The figure also

shows that the differential amplitude of the physical LVDS signal has an average of

about 700mV peak to peak.

3.6.3 Application Example

Fig. 3-17(a) illustrates a multi-FPGA multi-PCB application example of a neuro-

morphic system that extensively exploits the presented LVDS interface protocol tech-

nique. The setup shows 17 Spartan6-based AER-Node Board PCBs [6] which receive
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Figure 3-17: Example application of neuromorphic event-driven sensing and comput-
ing setup including an event-driven Dynamic Vision Sensor and array of event-driven
filtering blocks emulating the V1 layer of the vertebrate visual system. (a) Physical
setup using 17 Spartan6 AER-Node Boards [6] intercommunicated through our SATA
serial protocol, one event-driven vision camera [2], and one USBAERmini2 computer
interfacing PCB [3] to monitor computations in real time on a monitor screen, shown
in (b).
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real-time events from an event-driven spiking retina Dynamic Vision Sensor [2]. The

sensor event flow is distributed to a mesh of event-driven convolution filters [40] that

emulate the operation of the vertebrate V1 visual cortex. These convolution filters

are implemented on the Spartan6 FPGAs, and the event traffic is distributed using

the SATA LVDS links. The output event flow of each convolution filter is then routed

back through the same SATA LVDS links and concentrated on one of the AER-Node

Boards, which converts the input and a selected number of outputs to parallel AER,

which is then interfaced to a PC through a USBAERmini2 PCB [3], to monitor in

real time the activity of the selected V1 filters on a screen, as shown in Fig. 3-17(b),

using jAER [4].

Typical techniques for mapping generic spiking networks onto modular hardware

exploit the mapping of computational architectures to 2D meshes [35], [40], where unit

elements are connected to nearest neighbors. Each unit element includes a processing

module and a router. Each router contains its own routing table, and the set of all

routing tables defines how the original computational architecture has been mapped

onto the 2D array. In this approach, physical links only exist between neighbors. This

may result in congestions if, for example, two remote unit elements have to maintain

a high event data rate between them, because this event traffic would use time of

all the routers in the path. However, with the proposed technique of multiplexing

multiple AER paths on the same physical SATA wire, it is possible to establish direct

routes between remote unit elements without necessarily going through all the routers

within the 2D mesh path.

3.7 Conclusion

We have presented a method for multiplexing multiple asynchronous and/or syn-

chronous Address-Event-Representation channels over a physical bidirectional inter-

FPGA LVDS link. The scheme allows for the separate, independent flow control of

each AER channel and includes proper byte alignment control for the serial com-

munication, together with clock correction techniques for compensating clock drifts
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between the reference clocks of the FPGAs. Experimental results using the LVDS

links of two Spartan6 FPGAs on separate boards demonstrated the correct opera-

tion of the link. Exhaustive tests were carried out in hardware, showing error-free

transmissions over extended time periods while communicating events at the full

bandwidth of the physical links.

Although the lowest data transmission layers are well known and widely used

(Xilinx IP wrapper), our contribution in the field of biology-inspired computing is

the setup of heterogeneous architectures able to combine various custom process-

ing elements (like concurrent ARM-based SpiNNaker platform, massively parallel

FPGA-based emulators of spiking neurons) connected to each other via different

asynchronous interfaces (2-of-7 parallel bus, pAER 16-bit parallel bus, bi-directional

LVDS serial links) and driven by multiple event-based neuromorphic sources of real

sensory signals (such as artificial Retinas or Cochleas). Even though computing el-

ements (CPU’s and FPGA’s) and transmission links operate asynchronously and at

different speeds, we have proven that they are able to cooperate and the transmission

can be error-free even when reaching physical data rate limits. One particular con-

cern and contribution in this work was sharing the bandwidth of single LVDS channels

by various agents (multiple transmitters and receivers). We demonstrate error-free

transmission running at almost maximum possible speed sharing the bandwidth of

single bit-serial channels among numerous synchronous and asynchronous elements

running at different rates. Priority encoding and flow-control are critical for avoiding

buffer overflow when control and data events appear concurrently. Illustrations of

multiple and heterogeneous neuromorphic setups are provided.
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Chapter 4

Fast Pipeline 128⇥ 128 Pixel Spiking

Convolution Core for Event-Driven

Vision Processing in FPGAs

This work has been published in:

A. Yousefzadeh, T. Serrano-Gotarredona and B. Linares-Barranco, "Fast Pipeline

128⇥128 pixel spiking convolution core for event-driven vision processing in FPGAs,"

2015 International Conference on Event-based Control, Communication, and Signal

Processing (EBCCSP), Krakow, 2015, pp. 1-8.

4.1 Abstract

This chapter describes a digital implementation of a parallel and pipelined Spiking

Convolutional Core to be used in spiking convolutional neural network (S-ConvNet)

for processing spikes in an event-driven system. Event-driven vision systems use typ-

ically as sensor some bioinspired spiking device, such as the famous Dynamic Vision

Sensor (DVS). DVS cameras generate spikes related to changes in light intensity. In

this chapter, we present a 2D convolution event-driven processing core with 128⇥128

pixels. S-ConvNet is an Event-Driven processing method to extract event features

from an input event flow. The nature of spiking systems is highly parallel, in general.
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Therefore, S-ConvNet processors can benefit from the parallelism offered by Field

Programmable Gate Arrays (FPGAs) to accelerate the operation. Using three stages

of pipeline and a parallel structure results in updating the state of a 128 neuron row

in just 12ns.

Keywords: Spiking Convolutional Neural Networks, DVS, Artificial Retina, FPGA,

Parallel Processing

4.2 Introduction

After generating and sending spikes in a retina chip, the next step is to process the

spikes and extract the desired features. Work on AER systems started around twenty

years ago [24], but AER processing with generic feature extraction hardware is more

recent [51, 52, 40, 3, 19, 53].

Some simple event-driven processing can be implemented in software [4, 54]. How-

ever, software implementations suffer from high latencies due to processor resource

sharing between all neurons. For event-driven processing, some mixed analog-digital

chips [55] have been designed that achieved good results but they suffered from a high

mismatch in the analog circuitry, which required expensive in-pixel calibration. Fully

digital ASICs were also designed [51, 52] but only one ConvNet Feature Map could

be implemented in one low-cost chip.

In this chapter, we introduce a fully digital implementation of a spiking convolu-

tional event-driven core that can be implemented in commercial FPGAs. We present

a pipelined scheme capable of updating 128 synaptic connections in 12ns. This im-

proves with respect to previously reported FPGA convolutional event-driven cores

where 121 synaptic updates where performed in 3us [40], or 84 synaptic updates in

10ns [19]. In the next Section, we will describe the spiking convolutional neural net-

work concept briefly. Then the proposed core will be presented, and finally, we will

provide the implementation results.
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Figure 4-1: (a) Illustration of event-driven convolutional computation concept. (b)
Generic ConvNet with several layers, each with several Feature Maps.

4.3 Convolutional Neural Network Concept

In conventional frame-based image processing, one typical strategy is using kernel

convolutions to extract image features, combine them progressively and perform ob-

ject recognition. To exploit this concept in neural networks, the Convolutional Neural

Network (ConvNet) paradigm was developed to define how to learn kernel weights

(synaptic weights) [56]. If we use a kernel size of M ⇥ N , each neuron in a layer

connects to the next layer through M ⇥ N synapses. The distribution of synaptic

weights is the same for all neurons in previous layers. This is also known as "weight

sharing". Fig. 4-1(a) shows a generic ConvNet structure with multiple layers, each

layer with several "Feature Maps" (FM). Each Feature computes several convolu-

tions, depending on the origins of the events. Each FM is a 2D grid arrangement of

neurons receiving spike events from neurons of the previous layer FMs. A neuron in

a FM sends its spikes to a "projection field" of neurons in a receiving FM in the next

layer. This is done by assigning kernel weights to synapses and is illustrated in Fig.

4-1(b). Assume that the 10⇥ 10 grid is an FM which received a spike from a source

neuron in the coordinate in the red position. If the kernel size is 3⇥ 3, the incoming

spike will convey to a 3⇥ 3 square through synapses. This square is the "projection

field" of the source neuron. The weights of the synapses are extracted from the kernel

weights. For more details refer to [51, 52, 55].

As an illustration of this event-driven convolutional processing, let us consider

the case illustrated in Fig. 4-2. Fig. 4-2(a) shows a 124ms histogram obtained by
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Figure 4-2: Event-Driven 2D Convolution Processing. (a) 124ms histogram from a
DVS output. (b) Output of reported 2D convolution processing core programmed
with the kernel shown in (c).
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collecting the events from a DVS retina while observing a person juggling with three

balls. The DVS retina has 128x128 pixel resolution. Each ball has a diameter of about

16 pixels in Fig. 4-2(a). The retina can generate events at a rate of up to 10Meps

(million events per seconds). In this particular recording, the event rate generated

by the retina is 322keps (thousand events per second). If every event generated by

a retina pixel is sent to our 128⇥ 128 pixel convolution processing core programmed

with the 23⇥ 23 pixel convolution kernel in Fig. 4-2(c), as illustrated in Fig. 4-1, the

convolution core output is as shown in Fig. 4-2(b). This is because the convolution

kernel in Fig. 4-2(c) is tuned to detect circles of 16-pixel diameter: pixels on the

diameter contribute positively to the center of the circle, while pixels in the central

region or slightly beyond the 16-pixel diameter contribute negatively to the center.

This way, the output of the event-driven convolution processing, as shown in Fig.

4-2(b), highlights the centers of the 16-pixel diameter balls.

Fig. 4-3 helps to better understand the intuition behind this event-driven convo-

lutional processing. The left side in Fig. 4-3 shows a solid ball moving in the real

world. The central plane in Fig. 4-3 represents the pixels of a DVS sensor, which

detect illumination changes. Thus, only the pixels on the peripheral circumference

will become active and send one or more spikes.

When a retina pixel sends a spike to the convolution core on the right of Fig.

4-3, it will send spikes to the projection field defined by the convolution kernel in

Fig. 4-2(c). This projection field sends a positive contribution to the pixels at the

circumference of diameter equal to 16 pixels, while the contribution is negative inside

and slightly outside that circumference. When adding up the contributions of all

projection fields of the retina active pixels, there will be a net positive contribution

in the center of the original circumference on the convolution core plane, signaling

the center of the circumference of the expected size. This is what is shown in Fig.

4-2(b).
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Figure 4-3: Event-Driven 2D Convolution Processing when observing moving balls.
Left: ball moving in reality. Center: output provided by a DVS retina, where the
pixels on the periphery of the ball generate events, as those are the pixels detecting
changes in light. Pixels 1, 2, 3, and 4 on this periphery project the convolution kernel
on a 128 ⇥ 128 pixel array inside the convolution processing core. Each retina pixel
contributes positively on the projecting 16-pixel diameter circumference. The positive
contributions of all pixels at the retina plane add up at the center of the circumference
in the convolution core plane, signaling the presence of a 16-pixel diameter circle.
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Figure 4-4: Convolutional core interfaces.

4.4 Proposed Event-Driven Convolutional Core

The implementation of the convolutional core presented in this work contains a fast

parallel and pipelined hardware structure for event processing. The retina provides

completely asynchronous events. In the FPGA, a complete asynchronous design is

not efficient. In this chapter, a Globally Asynchronous Locally Synchronous (GALS)

structure is designed to share some resources and take advantage from a pipeline

and parallel design principles. With this approach, we obtained a high rate of event

processing, while using an optimum number of cells in the FPGA. In this chapter

a simple leaky integrate and fire neuron model with instant synapses [57] has been

used.

Fig. 4-4 illustrates the connections between the convolutional core and the AER

modules for receiving and transmitting events through asynchronous parallel AER

interfacing. The core contains three main modules "Convolution Core", "AER RX",

and "AER TX". The AER receiver and AER transmitter are designed to communi-

cate with asynchronous AER protocol PCBs [3] and change the event flow into a fast

synchronous protocol to communicate with the convolution core. Both asynchronous

and synchronous protocols include flow control. The synchronous protocol can send

one event per clock cycle, while the asynchronous protocol within the FPGA is slower.

The convolution core itself has three major blocks that work in parallel. The first

block manages input events and updates the neurons states by doing event-driven
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Figure 4-5: Data flow diagram of the input event processing block

convolutions. The second block is in charge of applying a forgetting rate (leakage) to

the neurons, and the last block is the block for managing generated events and make

them ready to be sent out of the core.

4.4.1 Input event processing block

Fig. 4-5 illustrates schematically the data flow diagram of the input event processing

part. The convolutional core uses a pipelined parallel scheme to convolve one row of

a kernel to one row of pixels (128 pixels in our case) in one clock cycle.

Pixel arrays hold their neuron state in dual-port block RAMs of the FPGA. Fig.

4-5 illustrates the use of one of the ports. The second port is used for the forgetting

logic part and will be explained next. The membrane voltage of the neurons is saved

in pixel arrays with 10 bits per pixel. The 2’s complement scheme has been used to

store signed numbers. In this work, we use a 128 ⇥ 128 pixel arrangement for the

convolutional core. Each pixel state is 10-bit, and the core reads one line of pixels

at the same time. Therefore, we need to use a 1280-bit bus. We used Xilinx Block

RAMs that are fully synchronous. This means they need one clock cycle for reading

and providing data. That is the reason for locating the first stage of the pipeline

inside the pixel arrays.
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Figure 4-6: Time sequence for reading and writing from the pixel arrays. It starts by
reading the first row of pixel array 1 in the first clock cycle and shows the operations
until the 15th clock cycle

The process of updating one row of pixels consists of 3 steps: reading a row of

pixels from the block RAM, adding the proper row of the kernel and comparing the

results against a threshold. Finally, the corresponding row of pixels should be updated

in the block RAM, which also needs an additional clock cycle for writing. For this

purpose, it requires at least two clock cycles for reading and writing. To reach the

speed of one row per clock cycle, two independent pixel arrays are used in parallel,

each one containing half of the pixels. The even rows of pixels are in pixel array 1,

and the odd rows are in the pixel array 2. The two modules of block RAMs let the

core read a row when it is writing in the previous row of the other RAM.

Fig. 4-6 shows the time sequence for reading and writing from the pixel arrays.

The first, second and third clock cycles are spent for reading from pixel array 1 to fill

up the three pipeline stages. In the fourth clock cycle, the first row of the pixel array

2 will be read and the first row of the pixel array 1 will be written. In the following
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Figure 4-7: Input and output of kernel size matching logic block

clock cycles, one read and one write operation will be done in one clock cycle until

doing the full convolution.

The address calculator in Fig. 4-5 is a logic block that defines the addresses of

the rows which should be read and written in the pixel arrays and kernel ROM. It

calculates the proper addresses based on the input event address and its current state.

Another part in Fig. 4-5 is the "kernel ROM". For the kernel, the number of

bits allocated to each weight is 6 bits including sign, based on the 2’s complement

scheme. Normally, the kernel size is smaller than the pixel array size. Therefore,

a logic is designed to find out the columns of pixels that should be added with the

kernel. For this purpose, the "Kernel size matching" logic, puts the kernel row in the

proper columns of an empty 128 cell register, while the other cells stay at zero. Each

cell contains 6 bits. Fig. 4-7 illustrates the output of this module. The adder simply

contains 128 10-bit adder blocks that add the 128 pixels to the kernel weights which

are put in proper columns.

After adding the kernel to the pixels values, the threshold logic block compares

the values of each pixel to a positive and a negative threshold. This block has two

outputs, the new pixels values, and the event vector register.

New pixels values are the result of adding the kernel to the previous pixels values,

and the threshold logic puts the reset value for the pixels that exceed the threshold.

In neural network terminology, it means that the neuron fires and generates a new
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spike and its state goes back to reset. The new pixel value is written in the same row

of the pixel array to update the row.

Another output of the threshold logic block is the event vector. In this version of

the core, negative events are not saved. So, if a pixel value goes below its negative

threshold, it is reset to zero, but no new events are generated. However, if the pixel

value goes above its positive threshold, it is reset to zero, and in the 128-bit event

vector register, a flag related to the place of this pixel will be set to ON. Another

logic block that manages and sends generated events uses this vector as input.

The number of pixel rows that should be added with kernel rows depends on the

size of the kernel and the address of the incoming event. There is a control finite

state machine in this part of the core that controls the flow of data and asserts the

control signals (such as read and write in the pixel arrays) and selects the proper

input for the multiplexer. It also controls the "address calculator" logic block and

the stop signal for the synchronous interface to manage flow control. This logic block

should be aware of parameters like kernel size, negative and positive thresholds and

reset value of the pixels.

4.4.2 Forgetting logic block

Another critical part of the convolution core is the logic block in charge of applying

leakage to the neurons. Fig. 4-8 illustrates the data flow diagram for this block.

In this block, the core uses the second port of the pixel arrays RAM. The pipeline

stages, multiplexer, and address calculator are almost the same as in the previous

part. When the forgetting logic and convolution logic blocks want to write in the same

row of the pixel arrays, there is a conflict. For addressing this situation, a collision

detector logic block is designed to detect this condition and notify the control logic.

After catching a collision, the pipeline stage should become empty, and the forgetting

logic has to start from the previous three rows. To minimize the number of collisions,

a "forgetting process" begins from the end of the pixel array and proceeds towards

the first row, while the convolution logic reads and writes in the reverse direction.

Using this strategy minimizes collisions, as the maximum collision happening for one
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Figure 4-8: Data Flow diagram for the forgetting logic block
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convolution process is just once, preventing bursts of collisions.

A complete cycle of forgetting needs 128 + 3 clock cycles if no collision happened.

For each collision occurrence, the forgetting logic waits for three clock cycles and

three additional clock cycles are added to fill up the pipeline again.

There is a forgetting counter in Fig. 4-8 that generates forgetting signals based on

the forgetting rate defined by the user. The "forgetting accumulator" block takes care

to not lose any forgetting signal within the huge traffic of input events. Whenever a

forgetting signal comes, the accumulator adds ’1’ to the forgetting register and when-

ever a "forgetting done" signal activates (that means a complete cycle of forgetting

has concluded), the logic will decrease by ’1’ the forgetting register. The forgetting

register contains the number of forgetting cycles that should be performed.

The "leakage logic" block adds or subtracts ’1’ to the pixel value based on the

sign bit. For positive values, it will decrease the number, and for negative values, it

will add ’1’ to the value to set them closer to the reset value. For the value equal to

reset, the "leakage logic" will do nothing.

4.4.3 Output event generator block

Whenever an event is generated by the "threshold logic" block of the convolution

block, another part of the core takes care of these new events. This part includes two

parallel processes. The first one writes the new events into the event RAM, and the

second one reads them and sends them out of the core. Event RAM is a dual-port

block RAM that contains 128⇥128 bits of data. It means that for every pixel, there is

1 bit of data in the event RAM that indicates the corresponding pixel has generated

a new event or not.

Fig. 4-9 illustrates the process of writing events in the event RAM. This part

also uses the same pipeline and parallel techniques and two dual port RAMs to speed

up the process. Whenever a new event vector comes, the corresponding row of the

event RAM will be read. The content of the event RAM row and the new event will

enter into the 128 OR gates, and the result is the updated row of event RAM. The

"Address calculator" logic block for this process uses the address of the pixel arrays
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Figure 4-9: Process of writing events in the event RAM

98



and manipulates it to fit the new pipeline stages. The control FSM in Fig. 4-9, will

control the write enable signals of the RAMs.

The "Row Marker" block is designed to help another process for output event

management, which increases the speed of finding events in the RAMs. Finding an

event in the whole memory by scanning each line of memory one by one is not efficient.

"Row marker" calculates the OR between the 128 bits of the updated event vector

and puts it in the proper column of the 128-bit row flag register. This way, each flag

indicates that in the corresponding row of the event RAM, there are one or more new

events waiting to be sent.

Another process to manage the generated events is the process of reading from

Event RAM and send the events out of the core. Fig. 4-10 illustrates this process.

Based on the information in the Row flag registers, the row address of event

RAMs will be defined through a "Row detector" logic block. Another logic block that

operates in the same way is the "Event cell detector", which works on the content of

the event RAM to find the events. With these 2 logic blocks, the "new event maker"

logic block can find out the X and Y position of the new event to make an AER event

package.

The "collision detector" is in charge of finding the write cycles with the same

address in both ports of the event RAMs. In case of collision, the process of reading

and sending events will always wait for the process of writing new events in the

RAMs. The control logic block is responsible for asserting the write enable signals

for the block RAM and taking care in collision situations. It also should handle stop

signals from the output synchronous interface and propagate them back to the input

synchronous interface.

Another vital role of the control FSM is sending events one by one. Whenever

an event is sent, its place in the 3rd stage pipeline register should become 0 to start

sending another event. The control logic does this process by changing the 3rd stage

pipeline register through the multiplexer. When all of the events in the 3rd stage

pipeline register have been sent, the control register will assert the event RAM write

enable signal to write zero in the selected row of the event RAM and the row flag
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Figure 4-10: Process of reading events from the event RAM and sending events out
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Figure 4-11: Experimental Setup

register.

4.5 Implementation Results

Fig. 4-11 shows the setup used in this work which contains a retina camera [2], a

node-board [6] (containing one Spartan6 and other necessary interfaces) and 2 USB-

AER boards [3] that send AER spikes (before and after processing) through USB to

a computer. These boards are used to monitor DVS events, as well as convolution

output events, as was shown in Fig. 4-2.

We used Xilinx XST to synthesize and implement Verilog codes. With Spartan-6

we obtained a critical path of 12ns for the pipeline stages, which allowed us to use

80MHz of the clock frequency.

Using block RAM in this project is unavoidable because of the massive amount of

memory that is needed for saving neuron states. Although it is not a very expensive

memory with respect to distributed RAM, it is slower, and it cannot be used in an

entirely custom manner. This means it is offered in a particular size of memory. For

example, in Spartan-6 the minimum size of block RAM is 9kb [58] and the width of

port for dual-port RAM contains 18 bits of data. Therefore the block RAM will be

512 ⇥ 18 bits. The core uses these block RAMs to make a pixel array of 64 ⇥ 1280

bits (each pixel array contains half of pixels), so that from every 512 rows of block
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Figure 4-12: Resources needed in different FPGAs and maximum clock frequencies

RAM, just 64 rows have been used and there is a waste of memory happening here.

In Spartan-6 XC6SLX150T-3, the number of occupied slices is around 3.3k out of

23k, and the number of 8kb block RAMs used is 160 out of 536. Also, for comparison

purposes, the core has been synthesized for Virtex-6 and Virtex-7 technologies. Fig.

4-12 shows the percentage of resources that are needed, the critical path delays and

maximum frequencies in the different FPGAs.

If the kernel has L lines, the presented core needs L+3 clock cycles for calculating

a convolution. As a comparison, Camunas [51] produced a 0.35um CMOS chip for

32 ⇥ 32 pixels, which for a kernel size of 23 ⇥ 23 the processing needed 50 clock

cycles or 417ns with 120MHz clock frequency. In the same situation, the presented

core requires 26 clock cycles for this kernel which in Spartan-6 needs about 312ns, in

Virtex-6 about 195ns and about 156ns in Virtex-7.

Regarding other FPGA implementations of Event-Driven ConvNets, to our knowl-

edge there are two different cases reported. Zamarreno et al. [40] used a convolution

core adapted from [6], where neuron states are updated pixel by pixel, instead of row

by row. This allowed for small convolution cores so that many of them could be put

on one single FPGA: a total of 64 cores, each of 64 ⇥ 64 pixels could be put on a

Virtex-6, each core together with a programmable router for configuring arbitrary

ConvNets. However, as the synaptic update was pixel by pixel, it required about 3us

to update one event of 11 ⇥ 11 convolution kernel. This is equivalent to requiring

3.17us to update a row of 128 pixels, as we are doing in this work.
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Another recently reported example of event-driven ConvNets [19], announces a

core update speed of 84 synaptic updates in 10ns, implemented on a Spartan6, thus

achieving a performance which approaches the one reported in the present work.

4.6 Conclusion

In this chapter, we present a 128⇥ 128 pixel convolutional core for event processing

that can process each kernel row in one clock cycle using a parallel and pipelined

structure. In spiking ConvNet designs, using this core can speed up event processing,

and it can be used to make a layer for neural networks. For convolving a kernel

that contains L lines, the core needs L + 3 clock cycles. We implemented the core

in different FPGAs. For the FPGA in our AER-Node Board (XC6SLX150-3), 12ns

are needed to update the state of a 128 neuron row. The core also contains a leakage

logic that works independently and does not interfere with the main process.
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Chapter 5

Hybrid Neural Network, An Efficient

Low-Power Digital Hardware

Implementation of Event-based

Artificial Neural Network

This work has been submitted to:

A. Yousefzadeh, G. Orchard, E. Stromatias, T. Serrano-Gotarredona and B. Linares-

Barranco, "Hybrid Neural Network, An Efficient Low-Power Digital Hardware Im-

plementation of Event-based Artificial Neural Network," International Symposium on

Circuit and System (ISCAS), May2018

Abstract

Dynamic Vision Sensors can outperform frame-based vision sensors regarding data
compression, dynamic range, temporal resolution and power efficiency. However,
available mature frame-based processing methods using Artificial Neural Networks
(ANNs) surpass Spiking Neural Networks (SNNs) in terms of accuracy of recognition.
In this Chapter, we introduce a Hybrid Neural Network which is an intermediate
solution to exploit advantages of both event-based and frame-based processing. We
have implemented this network in FPGA and benchmarked its performance by using
different event-based versions of MNIST dataset. HDL codes for this project are
available for academic purpose upon request.
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5.1 Introduction

New techniques for efficient event processing are gradually being introduced. Synap-

tic Kernel Inverse Method (SKIM) [59], a new learning method for synthesizing

SNNs, achieved 92.87% accuracy on the N-MNIST dataset [60]. Kheradpisheh et

al. [61] developed a multi-layer SNN equipped with Synaptic Time Dependent Plas-

ticity (STDP), achieving 98.4% accuracy on the MNIST dataset [56] by converting

all the MNIST frames to events through intensity to delay conversion. J.H.Lee et al.

[62] developed a new method to adapt the famous error backpropagation technique

for SNNs, achieving 98.66% accuracy on the N-MNIST dataset.

Even though SNNs are improving, training an efficient SNN for hardware imple-

mentation is still an open problem. This can be seen in major research initiatives

involving training Artificial Neural Networks (ANNs) in frame-based domains and

using trained synaptic weights for their SNN counterparts [57] [63]. Although the

results of these works seem promising, they also entail serious disadvantages. Firstly,

further parameter optimization is required to map from ANN to SNN, because the

parameters in SNNs with Leaky Integrate and Fire (LIF) neurons (for example leak

rates, threshold and refractory time) are sensitive despite the trained synaptic weights.

Secondly, in these works information is coded in the event rate rather than in the ex-

act timing of events [64] [57], so multiple events are needed to transfer information

between neurons, thus increasing power consumption and delay.

One major challenge when implementing Leaky Integrate and Fire neurons is to

make sure all the neurons have normal activity [63]. Another problem is premature

firing before enough information (events from the previous layer) is received. Extra

logic also needs to be added for inhibitory connections between neurons, to guarantee

competition and eliminate high event rates. Additionally, implementing leakage in

digital hardware is not a straightforward task and can be expensive (depending on

accuracy).

This Chapter adopts a hybrid approach combining features of non-spiking syn-

chronous Artificial Neural Network (ANN) and asynchronous Spiking Neural Network
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(SNN). Our Hybrid Neural Network is a hardware implementation of ANN that uses

event-based vision sensors as its input as described in Section 5.2. This Hybrid Neu-

ral Network has been implemented in FPGA using Hardware Description Language

(HDL). We describe the experimental results of this work in Section 6.3. We have used

different event-based versions of MNIST dataset to benchmark our implementation.

Additionally, to compare our results with state of the art SNN hardware implemen-

tations, we have implemented on FPGA a modified version of the SNN that has been

trained with the algorithm presented in [62]. A brief conclusion to this Chapter is

provided in Section 7.5.

5.2 Proposed Hybrid Neural Network

The proposed Hybrid Neural Network is an ANN that uses a DVS as its input sen-

sor. As mentioned in Chapter 1, a DVS is a power efficient vision sensor and has

considerably less latency than conventional frame-based sensors. When something

moves in front of a DVS, multiple pixels almost simultaneously generate events that

evoke synchrony-based neural coding [65]. In this kind of coding, information is not

spike rate coded or spike rank/order coded [64]. In the DVS even though neurons

spike asynchronously information is coded in the simultaneous firing of a group of

spikes together. To extract information efficiently, we proposed to process groups of

events that are generated close together in time rather than individual events. There

is some evidence that this kind of processing also takes place in the biological cortex

[66]. A similar approach has been used in some efficient hardware implementations

[67] [68]. A circuit called “frame-maker" was therefore designed to group the events

occurring close together in time into a packet (equivalent to a frame in conventional

image processing). By using this “frame-maker" after the DVS, it was possible to

create an automatic adaptive frame-rate camera as our system input.

Fig. 5-1 shows a simplified block diagram of the “frame-maker" circuit. The

“AER-INTERFACE" logic block converts the asynchronous communication protocol

of the DVS to a synchronous protocol which is more efficient inside an FPGA [69].
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Figure 5-1: Block diagram of “frame-maker" hardware implementation. Size of frame-
memory should be equal to the size of DVS or smaller (in case of subsampling DVS
pixels). Frame-memory captures a binary frame. If more than an event for a specific
address is received, only one event will be captured. Polarity of events can be captured
in frame-memory by assigning 2 bits for each address (doubling the size of memory).

The “Frame-maker" only captures DVS events when the input event rate is higher

than a given threshold1. That is to say a meaningful movement in front of the DVS or

a saccade occurred. The frame memory block gathers all the events into a packet or

binary frame after receiving an “Active" signal from the Controller (Active state). As

soon as the controller deactivates this signal, the frame-memory stops registering DVS

events and issues a Frame_rdy signal, indicating that the frame is ready for further

processing (Non-active state). The controller is a Finite State Machine (FSM) based

on a simple algorithm (see Algorithm 1).

Communications between different layers of implemented feedforward ANN is done

by using AER events. In this case, each neuron puts its output value and its address

into an AER packet and sends it to the next layer after receiving a specific com-

mand. This command is coded in AER format as well. We designed a “Frame2AER

Converter" logic block to convert the frames into an AER packet.

To explain how our Hybrid Neural Network works, an example block diagram is

shown in Fig.5-2. First, a frame-maker logic block is implemented to convert DVS

events into a frame. In this network, we implemented a 28 ⇥ 28 pixel frame-maker

1To detect the event-rate, our hardware counts number of events in each millisecond, so it will
take around one millisecond to detect if the event-rate passed the threshold. Then for around 10ms,
all the events will be gathered in a memory. These numbers are tunable and can be adjusted based
on the DVS parameters.
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Algorithm 1 Frame-maker Controller algorithm. Refractory (Ref) time and Hold
time are the parameters that depend on the nature of stimulus and parameters of
DVS.
1: C1 (Event Rate � Threshold)
2: C2 (time � Last Non-active time + Ref time)
3: C3 (Event Rate < Threshold)
4: C4 (time � Last Active time + Hold time)
5: procedure
6: Non-active State:
7: if C1 & C2 then
8: Next State Active State
9: Active State:

10: if C3 & C4 then
11: Next State Non-active State

SubSampling
                  &
Frame  Maker

Frame-­Maker

Figure 5-2: Block Diagram of FPGA implementation of HybridNet
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by subsampling DVS pixels prior to storing them in the frame-memory2. When a

frame is ready to propagate, it will be sent to the next layer. An end of frame (EOF)

command event will be generated at the end of each frame.

After the frame-maker, the neural network structure should be implemented. Neu-

rons in the Hybrid Neural Network are using the Rectified Linear unit (ReLu) as acti-

vation function [70] which can be efficiently implemented in hardware. When a layer

of the neural network receives AER events from the previous layer, it will update the

neurons that are connected to that specific input. After receiving an EOF command

from the prior layer, each neuron with a positive membrane value sends one event to

the next layer and resets to zero. Finally, an EOF event will be generated for the next

layer. In this scheme neurons in a layer need to be synchronized with each other, but

there is no need for synchronization between different layers. This feature (no need

for global synchronization) makes it easier to implement this network in massively

parallel platforms like SpiNNaker [31].

To implement the ANN we used 4-bit synaptic weights and neuron membranes.

Consequently, each event contains the source address and a 4-bit parameter indicating

the membrane voltage of the source neuron. Rather than using extra bits in the

AER packet to encode the neurons’ output, we could have used exact intensity to

delay conversion (as in [61]). However, intensity to delay conversion needs to sort

all neuron’s membrane voltages for each layer and send them out in AER links with

exact timing. Sorting thousands of numbers may decrease design performance, so we

decided not to use temporal coding in this design. Casting neuron membrane values

to 4-bit reduces the number of non-zero neuron outputs that need to be transmitted

to the next layer.

In this work, we have implemented configurable cores for fully connected and

convolutional processing. Fig.5-2 illustrates our implemented Hybrid Neural Network

for handwriting digit recognition. It contains three convolutional processors with a

kernel size of 5 ⇥ 5 in the first layer of the neural network. A 2 ⇥ 2 sub-sampling

2In addition to sub-sampling, 2⇥ 2 pixels of each border were also cropped to make frames with
the exact size of the original MNIST dataset.

110



Figure 5-3: Hardware setup for real-time processing with DVS. A video of the real-
time demonstration is available in [7].

layer after convolutional cores detects the most activated neuron. The last layer

contains ten fully connected neurons. After processing all the input events, a MAX

logic operation finds the most activated neuron and presents it as the predicted digit.

To train this network, we used the TensorFlow software library [71] and downloaded

the synaptic weights to the FPGA after training with 4-bit precision. In TensorFlow,

inputs of ANNs are frames. To convert events of neuromorphic datasets to a frame,

we have used a software model of the “Frame-maker" logic block.

5.3 Results

As mentioned earlier, we implemented a small Hybrid Neural Network in FPGA for

MNIST dataset recognition. Fig.5-3 shows our hardware setup with a DVS as the

input sensor, an AER-NODE board [6] with Xilinx SPARTAN-6 for implementation of

the Hybrid Neural Network and a USB-AER (USBAERmini2) Board[3] for sending

events back to a computer in real-time. To test the system with a pre-recorded

dataset, rather than using a DVS we used an event player board [3], which played

the recorded events in real-time as shown in Fig.5-4.

To report the accuracy of the network implemented in Fig. 5-2 we used three
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Figure 5-4: Hardware setup for processing event-based MNIST dataset by using pre-
recorded events in event-player [3].

different event-based MNIST datasets. First, we used the artificial conversion of

MNIST to events by generating one event per non-zero pixels from the MNIST dataset

samples and no event for others. We called this dataset synthetic e-MNIST.

The second dataset that we used was the FLASH-MNIST-DVS dataset. The

FLASH-MNIST-DVS dataset [72] is a full recording of the MNIST dataset obtained

by flashing MNIST digits with a monitor in front of the IMSE-DVS [2]. This dataset

is very similar to the artificial conversion of MNIST to events, but it also includes

practical noise and statistics from a real DVS.

The last dataset is N-MNIST [60]. This dataset is captured by mounting the

ATIS sensor [5] on a motorized pan-tilt unit and having the sensor move while it

views the MNIST samples on an LCD monitor. N-MNIST contains three saccades

for each MNIST sample. In our Hybrid Neural Network each saccade can be captured

as a frame. We have trained one independent Hybrid Neural Network for each set of

saccades. Therefore we implemented three Hybrid Neural Networks in parallel (one

for each saccade direction). To report the accuracy, we averaged the predictions of

all the three networks for each sample.

Table 5.1 shows the accuracy of the Hybrid Neural Network implemented in the

FPGA. The Spartan-6 (XC6SLX150T-3) implementation of the network illustrated in

Fig.5-2 works up to a clock frequency of 220MHz. The convolutional layer processes

each event in ‘30’ clock cycles (135ns). A fully connected layer needs just one clock
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Table 5.1: The accuracy of FPGA implementation for two-layer Hybrid Neural Net-
work using event-based datasets

Dataset Train Accuracy Test accuracy
Synthetic e-MNIST 97.91% 97.09%

FLASH-MNIST-DVS 97.99% 96.80%
N-MNIST 96.59% 96.23%

cycle for each incoming event. In the case of using one spike per non-zero pixels, each

frame will be converted to ‘125’ spikes in average. Therefore convolutional processing

takes less than 17us for each frame in average. An additional 3us delay will be

added by the fully connected layer and the communication system, so that processing

latency for each frame is less than 20us. In a pipelined architecture every 17us a new

frame can be processed by the FPGA, resulting in more than 58k MNIST frames

per second. This FPGA design consumes approximately 363mW for processing 58k

frames per second which is equal to less than 7uJ for each frame. Adding more

layers will increase latency and power consumption but will not decrease throughput

because the layers are implemented in a pipeline.

Most of the logic blocks do not need to process anything when there is no activity

in front of the DVS. This implementation consumes ‘1270’ LUTs (1.4%) and ‘5’ Block-

RAMs (1.8%) of the FPGA resources3

To compare an SNN implementation in FPGA with our proposed Hybrid Neural

Network, we have implemented a small SNN with the algorithm presented in [62]

using the MNIST dataset. In this case, we used the Poisson distribution method to

convert the MNIST frames to spikes because this network does not work correctly

with only one spike per non-zero pixels4. This SNN uses LIF neurons and contains

ten convolutional populations with 5 ⇥ 5 kernel size in the first layer (after input)

followed by a ten fully connected neurons output layer.

The original SNN presented in [62] includes complicated synaptic equations. To

train the SNN in software, we used the original proposed SNN. However, in the FPGA
3A video demonstration of real-time handwrite digit recognition in FPGA using Hybrid Neural

Network is available here [7].
4Around 43 events per non-zero pixel on average is generated which is recommended in the

original article [62].
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dynamic synapses have been replaced by static ones and exponential leakage has been

implemented with bit-wise shifts [73]. We have used the same hardware setup as

shown in Fig.5-4 for this experiment. Like in our previous design, for each incoming

spike, ‘30’ clock cycles were needed for the convolutional process and one clock cycle

for updating the fully connected neurons. This implementation occupied ‘1500’ LUTs

and ‘47’ Block-RAMs in our Spartan-6 FPGA, and it consumes approximately 388mW

when working at full capacity (7M events per second at 220MHz). In this SNN each

non-zero pixel is converted to ‘43’ spikes in average (5k spikes for each frame in

average) while we only used one spike per non-zero pixels in our proposed Hybrid

Neural Network (‘125’ spikes for each frame in average). Consequently, this design

can process less than 1.4k MNIST frames per second which results in consuming in

average 300uJ per frame. The accuracy of the implemented SNN in FPGA for MNIST

dataset is 97.35%5.

5.4 Conclusion

In this work, we present a hybrid architecture for hardware implementation of ANN

that uses DVS as its input. We introduce an FPGA implementation of the pro-

posed Hybrid Neural Network that can be trained off-line by using conventional

deep-learning software tools. We demonstrate that a small two-layer Hybrid Neu-

ral Network can reach 97% accuracy for MNIST dataset while consuming 7uJ per

frame. Finally, we prove that this network consumes less power than state of the art

SNNs in FPGA.

5A video demonstration of this SNN while doing handwritten digit recognition in FPGA is
available in [74].
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Chapter 6

Active Perception with Dynamic

Vision Sensor

This work has been submitted to:

Amirezza Yousefsadeh, Garrick Orchard, Teresa Serrano-Gotarredona and Bern-

abe Linares-Barranco, "Active Perception with Dynamic Vision Sensor", IEEE Trans-

action on Biomedical Circuits and Systems

Abstract

Dynamic Vision Sensors do not record static scenes because dynamic pixel activity
relies on changes in light intensity. In this Chapter, we introduce a platform for object
recognition with Dynamic Vision Sensors in which the sensor is installed on a moving
pan-tilt unit in a closed loop with a neural network. This neural network is trained
to recognize objects from with Dynamic Vision Sensor and then control the pan-
tilt movement to emulate micro-saccades. We show that performing more saccades
in different directions can result in having more information about the object and
therefore more accurate object recognition. However, in high performance and low
latency platforms, performing additional saccades adds additional latency and power
consumption. We show that the number of saccades can be reduced while keeping
the same recognition accuracy by performing intelligent saccadic movements. We
propose an algorithm for smart saccadic movement decisions, that can reduce the
number of necessary saccades to half, on average, for a predefined accuracy on the
N-MNIST dataset. Additionally, we show how an Artificial Neural Network can learn
to control saccadic movements to minimize the number of saccades needed for each
object recognition.
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6.1 Introduction

Frame-based vision systems process frames (static images), or sequences of frames,

captured by a traditional camera. Frame capture and frame processing are usually

two separate steps, with the quality of the captured frame affecting the quality of the

processing outcome. Acquiring high-quality frames usually involves minimizing the

relative motion between the frame subject(s) and the sensor during frame exposure

to eliminate motion artifacts. Conventional machine vision algorithms are designed

to process each frame individually, regardless of the amount of information contained

in it. This is only efficient if the rate of change in the scene is similar to the frame

rate, whereas in practical applications there are sometimes moments without any

movement and moments with fast motion.

Dynamic Vision Sensors are event-driven temporal contrast sensors that operate

on a different principle, detecting the time and pixel location of light intensity changes

in the scene. For the subject to be visible to the sensor, there has to be relative motion

between sensor and subject, because without motion - and under constant lighting -

there would be no pixel intensity changes for the sensor to detect.

To ensure relative motion between sensor and subject, either the sensor or the

subject (or both) need to be moving. In a typical sensing scenario the subject to

be sensed cannot be controlled, therefore moving the sensor is a more conventional

approach. This, however, poses the question of how to move the sensor.

For actuated frame-based vision systems, sensor motion typically involves simply

pointing the sensor towards the subject using a pan-tilt unit or by mounting it on a

moving platform (such as a mobile robot). However, in biological vision - by which

event-driven vision sensors are loosely inspired - there is growing evidence that the

motion of the vision sensors themselves (eyes) plays a vital role in perception, and that

such movement is both well controlled (albeit subconsciously) and task-dependent

[75].

Examples from Nature include the jumping spider, which actively moves its retina

[76], the praying mantis, which executes a peering type motion for depth perception,
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and pigeons, which move their heads back and forth to perceive depth. Even in

humans, there is growing evidence that micro-saccades during fixation play a key role

in perception [65], rather than just correcting erroneous ocular drift, as was previously

believed.

From the well-studied action-perception loop, it is obvious that perception influ-

ences action and that action influences perception. However, most works and bench-

mark datasets focus on how best to perceive in order to influence action, since with

pre-recorded data it is not possible to influence recordings through actions1. This

Chapter looks instead at how best to act to influence perception.

More specifically, this study uses the DVS, an event-driven temporal contrast

sensor, to address the well-known MNIST [56] recognition task. It investigates how

such a sensor should move to aid recognition in a closed action-perception loop, where

the system decides what action to take next (if any) based on the sensory data it has

received beforehand. We also look at whether knowledge of the action taken can be

used to improve accuracy in the recognition task.

We presented static MNIST samples in front of a Dynamic Vision Sensor (DVS)

which was mounted on a pan-tilt unit and tried to recognize the handwritten digit by

analyzing the output events of the DVS after each saccade. When we decided to use

saccades to imitate biological eye movement and object recognition in the proposed

network, an interesting question arose: how is the recognition task affected by saccade

direction and how many saccades are needed to recognize an object? As expected,

we noticed that each saccade contains unique information about the picture which is

related to the direction and speed of saccadic movement.

Three main event-driven versions of the MNIST dataset are used. The first is a

recording of a subset of MNIST with different moving digits of different sizes pre-

sented to a DVS [77]. The second approach is to convert frames to spikes by means

of intensity to delay conversion [61] or Poisson distributions [78] [62]. The most re-

cent approach is a full conversion of the MNIST dataset at the original pixel scale,

1However, In this work we used pre-recorded data to compare our results with other works but
from a different perspective. We tried to keep the performance while using less information from
dataset which will be explained later in this chapter.
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generated by moving the sensor while viewing static digits [60] (dubbed N-MNIST).

This dataset is captured by mounting the ATIS sensor on a motorized pan-tilt unit

and having the sensor move while it views the MNIST samples on an LCD monitor.

N-MNIST contains three saccades for each MNIST sample. Based on our knowl-

edge, no research has been done to improve the performance of recognition by consid-

ering each of these saccades as an individual source of information which is coupled

to the direction of the saccade. We have used the N-MNIST dataset to benchmark

performance of our proposed method but in an entirely different perspective. While

it makes sense to use all the three saccades from each sample to improve recognition

accuracy, in real-time robotic applications each additional saccade comes with a cost

in power consumption and recognition latency. Therefore when we used N-MNIST,

we considered the cost of each saccade along with the recognition accuracy and tried

to use fewer saccades to recognize the handwritten digits.

Since performing each saccade needs a mechanical movement plus event process-

ing, it is desirable to reduce the number of saccades while keeping the same recognition

performance. After several experiments, we designed an algorithm that can suggest

the direction of the next saccade based on the current information about the ob-

ject. Our results show that smartly chosen saccades can reduce the average number

of saccades to half in comparison to random saccades with similar recognition ac-

curacy. Interestingly, we noticed that a neural network can perform this task and

intelligently suggest saccades with almost the same performance as the analytically

developed algorithm.

In Section 6.2 we explain our proposed approach for event-driven processing and

object recognition by using a DVS, the proposed algorithm for prediction of efficient

subsequent saccadic direction for better object recognition, and how a neural network

can be trained to intelligently suggest a next saccade direction.

The results of the experiments are given in Section 6.3. In this Section, we in-

troduce our hardware-software platform for real-time object recognition with DVS

saccades to demonstrate the performance of the proposed algorithm in practice. Fi-

nally, a brief conclusion is provided.
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6.2 Methods

In this section, first, we explain the methods that we used for processing saccadic

events in a neural network. This neural network is an efficient feedforward network

that receives DVS events and processes them to recognize handwritten digits. The

output of this network is a prediction vector that contains ten values (one for each

digit). Later on, in Section 6.2.2, we integrate this network into a more significant

close-loop system along with another block that controls the direction of saccadic

movement. This block (which we call “Next Saccade Prediction" block) tries to sug-

gest an optimal direction for the subsequence saccade based on the current output of

the feedforward handwritten digit recognition network. The “Next Saccade Predic-

tion" block executes an analytical algorithm to suggest the next saccade direction.

In Section 6.2.3 we show how the “Next Saccade Prediction" block can be replaced

by a neural network. In this case, both the feedforward and feedback processing will

be done by using neural networks.

6.2.1 Feedforward Symbol Recognition Neural Network

It is generally harder to extract information from the DVS events by using conven-

tional image processing methods. To extract information efficiently, we used a similar

method that has been proposed in Chapter 5 but purely in software. A block which is

called “frame-maker" was therefore implemented to group events occurring close to-

gether in time into a packet (equivalent to a frame in conventional image processing).

By using “frame-maker" after DVS sensing, it was possible to create an automatic

adaptive frame-rate camera for our system input. Specially in this chapter, frame

making process is not real-time and all the events will be process after the movement

of saccade.

To make a frame from each saccade, one approach is to put a fixed amount of

events inside a frame [68]. This method may result in multiple frames for a saccade.

Also, each stimulus may need a variable amount of events to construct a precise frame.

For example, digit ‘8’ is bulkier than digit ‘1’ and will require more events to have a
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Figure 6-1: Average event rate of a saccade in N-MNIST dataset per each millisecond.
A frame is constructed by integrating the events in the time span of +/-5ms (between
45ms to 55ms) around the peak average event rate at 50ms.

clear frame.

In the N-MNIST dataset [60], each saccade takes about 100ms. A saccadic move-

ment has the highest velocity in the middle of the saccade. Therefore output event

rate is maximum around 50ms after the start of a saccade. Fig.6-1 shows the aver-

age event rate of one saccade in the N-MNIST dataset. Our experiments show that

collecting events during short time when the event rate is high will result in a sharp

frame. As it is illustrated in Fig.6-1 a frame for each N-MNIST saccade can be cre-

ated by collecting all the events which are generated in the time span of 10ms around

the center of a saccade. The events outside of this time will not be processed. Fig.6-2

shows three frames that are generated by three saccades of a sample in the N-MNIST

dataset. Directions of these three saccades are shown in Fig.6-3.

Fig.6-4 shows the block diagram of the system that has been used to perform

symbol recognition with DVS through saccadic movement. The output of the “frame-

maker" block is a 28 ⇥ 28 pixel binary frame2. After the “frame-maker" block, a

2There is only one bit for each pixel in this frame, so multiple events with the same address will
not carry additional information. To save power, it is recommended to adjust the DVS parameters
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Figure 6-2: Three saccades captured from sample ‘80’ of test set in N-MNIST dataset.
The colors show the polarity of the events. Blue is for negative events and purple
is for positive events. Dark blue indicates places where both positive and negative
events occurred

Figure 6-3: Direction of saccades in the N-MNIST dataset, SAC_DD (Diagonal Down
Saccade), SAC_DU (Diagonal Up Saccade) and SAC_H (Horizontal Saccade).
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Figure 6-4: Block diagram of proposed feedforward system for symbol recognition
with saccades, using Dynamic Vision Sensor. The DVS is connected to a moving
pan-tilt. The Frame Maker block makes a frame after each saccade and then stores
that frame in its corresponding memory (SAC_DD, SAC_DU or SAC_H). Here
we limited the direction of movements to three to remain compatible with the N-
MNIST dataset. Control Block is responsible for controlling the direction and speed
of movements in pan-tilt unit based on the user input

Figure 6-5: “Symbol Recognition Network" with one, two and three saccades for a
sample of N-MNIST dataset
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conventional Artificial Neural Network (ANN) is implemented to process the frames

and recognize handwritten digits. This ANN is called “Symbol Recognition Network"

and receives a hyper-frame as its input. The hyper-frame is a frame with 28⇥84 (28⇥

28⇥3) pixels and can contain all the frames made by the three saccades of each sample.

This network should be able to work with one, two or three saccades of each input

sample, as can be seen in Fig. 6-5. Therefore during training phase, it was trained

to accommodate all possibilities. This means the “Symbol Recognition Network" can

use one, two or all the three saccades of a sample to predict the presented digit3. We

used a blank input in the position of the non-available frames to construct the 28⇥84

pixels of a hyper-frame. The “Symbol Recognition Network" can have an arbitrary

number of layers with various architectures (convolutional, fully connected, etc.). In

this work, we tried a few small but accurate enough neural networks to perform our

experiments.

The output of the “Symbol Recognition Network" is a vector with ten values

which we call the “symbol prediction vector". The recognized digit is the one with

the highest prediction value. The sum of all the values in a prediction vector is

normalized to one. Therefore each value can be interpreted as a probability. The

quality of prediction vector can be measured by calculating the following “prediction

loss function"

Prediction_Loss =

r
|Prediction_V ector � Label|2

2
(6.1)

Where the label is a ten element vector which has ‘0’s in nine positions and only

one ‘1’ in the position corresponding to the presented handwritten digit4. In other

words, the “prediction loss" determines the normalized Euclidean distance between

the ideal prediction vector (which is the label) and the actual one (which is the output

of “Symbol Recognition Network").

(like threshold, refractory period,...) and pan-tilt unit parameters (like the velocity and range of
movement) in a way that each pixel generates maximum one event for each saccade.

3Recognition accuracy increases (in average) when more saccades are provided.
4For example, for a sample which presents digit ‘0’, the label vector is [1,0,0,0,0,0,0,0,0,0]
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6.2.2 Closed Loop Recognition with Analytical Algorithm

In biological vision, it is the movement of the retina (saccades and micro-saccades)

that enables to see clearly [65]. In our study, we used a standard pan-tilt platform to

move the DVS while the object in front of it was fixed. The information obtained from

saccades is determined by the movement parameters. A movement can be described

in terms of its velocity, distance, and direction. The movement velocity can affect the

rate at which events are generated. For a clear saccade to be captured, the movement

has to be sufficiently fast over a short distance. The recognition task can also be

affected by the direction of the movement. For example, horizontal saccades intensify

vertical edges but suppress horizontal ones. This also influences the relative positions

of positive and negative events, leading to different perceptions of the same object

(see Fig. 6-2).

Intuitively, two strong enough saccades of DVS with different directions should be

sufficient to retrieve all the information from a two-dimensional picture. For objects

without any prominent edges parallel to the direction of the saccade, just one saccade

could be enough for recognition. An extra saccade increases power consumption and

delay in recognition, but it may also provide additional information about the object.

In real applications, a robot can choose to perform an extra saccade or not, depending

on its current knowledge of the object. The same decision can be made regarding the

direction of the saccade.

As shown later in Section 6.3, we noticed that more than 94% of the test samples in

the N-MNIST dataset could be recognized correctly with only one saccade. Therefore,

performing an extra saccade for those samples represented a waste of time and power.

In this Section, we look at how we can predict the need for an additional saccade and

the best direction for it. We added another block to Fig.6-4, called “Next Saccade

Prediction". This block closes the loop of our system, as shown in Fig.6-6.

Fig.6-6 shows the inputs and output of the “Next Saccade Prediction" block. One

of the inputs is the “symbol prediction vector" which is generated by processing one

or more saccades. Another input of the “Next Saccade Prediction" block will clarify
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Figure 6-6: Block diagram of closed-loop recognition system. “Next Saccade Predic-
tion" block calculates the best direction for the next saccade if it is needed.

which saccades have been contributed in recognition. This information is important

to avoid suggesting an already performed saccade again. An ‘OR’ logic can determine

which memory block contains non-zero pixel values. Memory blocks which correspond

to the saccades that have not been executed contain all zero values.

The output of the “Next Saccade Prediction" block determines the next saccade

direction. Next saccade direction can be one of these four possibilities (see Fig.6-6):

1. No extra saccade

2. SAC_DD

3. SAC_DU

4. SAC_H

This block is implemented in a closed loop with the “Symbol Recognition Network"

to perform the following tasks in the order shown:

1. Receive events from the first saccade and make the first guess about the object

2. Predict the best direction for the next saccade, if necessary

3. Command the pan-tilt unit to perform the next saccade
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Figure 6-7: Relationship between entropy and prediction loss for 10,000 test samples
of N-MNIST dataset. A two layer “Symbol Recognition Network" has been used. A
sample is classified as correctly recognized when the position of maximum value in
its prediction vector correctly shows the class of presented digit.

4. Combine information from all the saccades performed so far to improve recog-

nition accuracy

5. Continue from step 2)

Our experimental results showed that if the “Symbol Recognition Network" is

not sure about the recognition results, the “Next Saccade Prediction" block should

request extra saccades. To quantify the amount of uncertainty in a prediction vector,

we used the definition of entropy in information theory

Entropy = �
X

i

(ŷi ⇥ Log2(ŷi)) (6.2)

where ŷ is the “symbol prediction vector".

Fig.6-7 illustrates the relationship between entropy and prediction loss (in eq.

(6.1)) for all the samples in the N-MNIST dataset for a specific “Symbol Recognition

Network". It shows that having a small entropy cannot guarantee a correct recogni-

tion. Sometimes it is possible that the “Symbol Recognition Network" can be very
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confident but the answer is wrong. Our experiments show that in these cases, per-

forming extra saccades cannot help to find the correct answer and the only solution is

to improve the “Symbol Recognition network"5. High entropy in a prediction vector

means less certainty about the results and this is the time when performing extra

saccades might be helpful6.

The “Next Saccade Prediction" block can decide to ask for an extra saccade when

the entropy is higher than a predefined threshold. This threshold is a user-defined

parameter and depends on the cost of an additional saccade. Obviously, choosing a

smaller threshold will result in performing more saccades on average and increasing

the average recognition accuracy. In Section 6.3 the relationship between threshold,

the average number of saccades and the recognition accuracy for our experiments will

be explained in detail.

If the “Next Saccade Prediction" block asks for an extra saccade, another mecha-

nism will also be needed to define the best choice among different saccade directions.

For this purpose, we decided to extract some statistics from the training set of the

N-MNIST dataset.

Before performing any saccade, our system does not have any information about

the presented object. In this case, the “Next Saccade Prediction" block chooses the

saccade that shows the best average performance among all the three saccades during

training. For each of the possible next saccade directions, we have defined a vector

which is called “Confidence Coefficient Vector".

To explain how to calculate the “Confident Coefficient Vectors" (CCVs), suppose

that the first saccade is SAC1. The possible next saccades are SAC2 and SAC3.

The “Confident Coefficient Vectors" for SAC2 and SAC3 can be calculated by the

following steps:

1. P1 = Prediction vectors for all the training samples after presenting SAC1 [it
5In this work we do not intend to improve the capability of the “Symbol Recognition Network"

with novel techniques, rather we would like to use the available network as efficiently as possible.
6For example, when the prediction vector is [1,0,0,0,0,0,0,0,0,0] entropy is zero, while it is maxi-

mum (3.32) when the prediction vector is [0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1]. In the first case, the
network is confident that the presented sample is digit ‘0’ while in the second case, the network is
not sure about any of the classes.
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is a 10⇥ 60, 000 matrix]

2. L12 = Prediction losses for all the training samples after presenting SAC1 and

SAC2 [it is a 1⇥ 60, 000 vector]

3. L13 = Prediction losses for all the training samples after presenting SAC1 and

SAC3 [it is a 1⇥ 60, 000 vector]

4. P12_Best = P1 where L12 is smaller than L13 [it is a 10⇥ x matrix where x is

the number of training samples which have smaller L12]

5. P13_Best = P1 where L13 is smaller than L12 [it is a 10⇥ y matrix where y is

the number of training samples which have smaller L13] 7

6. CCV2 = mean(P12_Best) [it is a 10⇥ 1 vector]

7. CCV3 = mean(P13_Best) [it is a 10⇥ 1 vector]

In other words, the “Confident Coefficient Vector" (CCV) is the average of the

prediction vectors for the training set samples with the minimum prediction loss for

a pre-defined next saccade. CCVs are calculated once, after training the “Symbol

Recognition Network". This method can easily be extended for more than three

saccades.

The “Next Saccade Prediction" block chooses the next saccade which has the

most similar CCV to the current prediction vector. In this way, we hope that the

upcoming saccade will be in a way that is best for the existing guess of the “Symbol

Recognition Network". The similarity of two vectors can be calculated by measuring

their Euclidean distance. This method, even though it is not a very precise method

for choosing the next saccade direction, is nevertheless quite simple.

The algorithm for the “Next Saccade Prediction" block can be summarized as

follows:

1. The first saccade is always the one that shows the best average results for the

training samples.
7x+ y = 60, 000
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Figure 6-8: Inputs and outputs of “Next Saccade Prediction Network"

2. Once the entropy of the prediction vector of the first saccade has been calculated,

it is compared with a threshold to see whether an extra saccade is needed or

not.

3. If an extra saccade is needed, the best saccade can be found using confidence

coefficient vectors

4. Calculate the entropy again and compare it with the threshold to see whether

a third saccade is needed or not.

5. Continue from step 2)

6.2.3 Closed Loop Recognition with a Neural Network

Even though the saccade prediction problem can be solved using the above analytical

approach, it is still interesting to solve this problem by using an Artificial Neural

Network. In this case, both feedforward and feedback paths will be equipped with

neural networks which reduce the complexity of the system. Therefore we replaced

the proposed algorithm by a neural network inside the “Next Saccade Prediction"

block in Fig.6-6.

Fig.6-8 shows the inputs and outputs of the “Next Saccade Prediction Network".

Inputs and outputs of this network are highly compatible with the previously pre-

sented “Next Saccade Prediction" block. The “Symbol prediction vector" is the output

of the “Symbol Recognition Network". The other four inputs indicate the currently

executed and available saccades. Previously, in the “Next Saccade Prediction" block

we only used three inputs for providing this information, which was enough. However,
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during training, we noticed that the neural network can learn better if the inputs are

normalized. We wanted to train the network to predict the best saccade direction for

the initial movement as well, so we decided to add an active input for this case which

is called “NO-Saccade". The “NO-Saccade" input is equal to the ‘NOR’ of the other

three inputs (SAC_DD, SAC_DU, SAC_H).

The “Next Saccade Prediction Network’s" output are four values which represent

a “cost" for each action. In the current implementation, the pan-tilt will move in

the direction with minimum predicted cost (Hard-Threshold)8. For example, when

the value of output “Cost of No extra saccade" is the minimum, it means the “Next

Saccade Prediction Network" is suggesting not to do any further saccade, because the

current information about the object might be enough.

To train this network, we calculated a “cost" for each action for all the possible

combinations of inputs and used it for supervised learning9. To calculate this “cost",

first, we need to determine the power and latency cost of an additional saccade.

This value which we call “saccade cost" (or “mechanical cost"), is equivalent to the

threshold in the previously introduced “Next Saccade Prediction" block. When this

value is high, the “Next Saccade Prediction Network" is more likely to suggest no

extra saccade for the next action. Here, we used the same “saccade cost" for all three

saccades. Another critical parameter to determine the cost of each action is how

much this action will help to reduce the “prediction loss" (see eq. (6.1)).

We define the “cost" of each action as the sum of the “prediction loss" value (which

is calculated after performing the action) and the “saccade cost"

Cost = Saccade Cost+ Prediction Loss (6.3)

For the “No extra saccade", “saccade cost" value is zero. Otherwise, it is a prede-

fined constant value.

8Another suggestion is not to restrict the DVS to moving in the direction of one of these three
saccades, but to let it move in a mixture of directions based on the cost of each saccade (Soft-
Threshold).

9Another possible method to train this network is using reinforcement learning, but this has not
been used in this work.
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From the four possible next actions, the system picks the one whose output pre-

dicts the minimum cost. Our goal is that the system learns to reduce the total number

of saccades required to achieve the same recognition performance.

6.3 Experimental setups and implementation results

This Section describes the results of our experiments for saccade-based recognition

with the DVS moving in a predefined direction. Later on, we describe the results for

closed loop recognition, when DVS movement was controlled by the “Next Saccade

Prediction" block and the “Next Saccade Prediction Network".

6.3.1 Recognition with Saccades

This sub-section reports only the test results for the open loop system in Fig. 6-4

when the DVS moves in a predefined direction (i.e., no saccade prediction). For these

experiments we used the pre-recorded N-MNIST dataset [60].

Our goal here is to study under what condition it is relevant to provide specific

information about direction of provided saccades to improve recognition. To do so, we

designed the experiments showing in Fig.6-9. In experiments ‘1’ and ‘3’, input hyper-

frame are built by allocation saccades in the same positions, while for experiments

‘2’ and ‘4’, saccades’ positions are changed intentionally.

To see the effect of network size, three different network sizes for the “Symbol

Recognition Network" were implemented: a 3-Layer network (3C5x5-128FC-10FC),

a 2-Layer network (3C5x5-10FC) and a 1-layer network (10FC) 10.

Spikes polarity reveals information about the movement direction. To find out

the effect of using spikes polarity, we have done all the experiments with and without

using spikes polarity. Each experiment was carried out once using only the positive

polarity events and once using both polarity events. When only the positive polarity

10FC indicates a Fully Connected layer while C indicates a Convolutional layer. For example,
3C5x5 means a convolutional layer with three feature maps and kernel size of 5⇥5 and 10FC means
a fully connected layer of 10 neurons.
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Figure 6-9: Different experimental configurations for testing whether feeding direction
information can be helpful for learning. NN is the “Symbol Recognition Network".
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Table 6.1: Accuracy of experiments in Fig. 6-9 for different network sizes, using only
positive events, after ‘3’ epochs.

1-Layer 2-Layer 3-Layer
Experiment 1 91.9% 95.5% 97.7%
Experiment 2 70.5% 83.9% 89.2%
Experiment 3 95.0% 96.9% 97.2%
Experiment 4 82.1% 95.0% 97.3%

was used, input size was 28⇥ 28⇥ 3, while when using both polarities input size was

28⇥ 28⇥ 3⇥ 2. In the second case, the network size was therefore larger.

By comparing experiments ‘1’ and ‘2’ in Fig.6-9 we wanted to find out if it helps

or not to feed all saccades through the same channel. To have a fair comparison,

we always used the same input size, but the hyper-frame arrangements are different.

In this case, accuracy is calculated by averaging the prediction vectors of all three

saccades.

By comparing experiments ‘3’ and ‘4’ in Fig.6-9 we wanted to find out the effect

of feeding explicit information about direction when all three saccades are avail-

able. In experiment ‘3’ a hyper-frame contains only one arrangement of saccades

(SAC_DD/SAC_DU/SAC_H) while in experiment ‘4’ all six possible shufflings are

provided.

Another interesting point which we wanted to test was the speed of learning. For

this purpose, we report the networks’ accuracy after ‘3’ training epochs and also

after ‘50’. It should be noted that the number of training samples in each epoch

in the different experiments was not equal. While there are 60,000 training samples

in the N-MNIST dataset, in experiments ‘1’ and ‘2’ we had 180,000 (60, 000 ⇥ 3),

in experiment ‘3’ we had 60,000 and in experiment ‘4’ we had 360,000 (60, 000 ⇥ 6)

hyper-frames in each epoch.

Tables 6.1, 6.2, 6.3 and 6.4 show the results obtained in all the Fig. 6-9 experi-

ments. We have interpreted the following conclusions by looking at the results:

1) By looking at the accuracy of networks after ‘3’ and ‘50’ epochs, we noticed

that feeding explicit direction information accelerates the speed of learning. For
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Table 6.2: Accuracy of experiments in Fig. 6-9 for different network sizes, using only
positive events, after ‘50’ epochs.

1-Layer 2-Layer 3-Layer
Experiment 1 92.6% 97.3% 98.3%
Experiment 2 85.2% 89.4% 97.9%
Experiment 3 95.4% 97.2% 98.6%
Experiment 4 89.4% 96.4% 98.1%

Table 6.3: Accuracy of experiments in Fig. 6-9 for different network sizes, using both
positive and negative events, after ‘3’ epochs.

1-Layer 2-Layer 3-Layer
Experiment 1 94.8% 97.4% 97.2%
Experiment 2 74.7% 84.2% 95.1%
Experiment 3 96.3% 95.8% 97.8%
Experiment 4 80.1% 96.6% 97.6%

Table 6.4: Accuracy of experiments in Fig. 6-9 for different network sizes, using both
positive and negative events, after ‘50’ epochs.

1-Layer 2-Layer 3-Layer
Experiment 1 95.4% 97.8% 98.6%
Experiment 2 89.0% 95.2% 98.6%
Experiment 3 96.5% 98.0% 98.8%
Experiment 4 89.8% 97.0% 98.1%

Table 6.5: Accuracy difference between ‘50’ and ‘3’ training epochs, for experiments
‘1’ and ‘2’ in Fig. 6-9, when using only positive events.

1-Layer 2-Layer 3-Layer
Experiment 1 0.7% 1.8% 0.6%
Experiment 2 14.7% 5.5% 8.7%

Table 6.6: Difference of accuracies between experiments ‘1’ and ‘2’ and between
experiments ‘3’ and ‘4’ in Fig. 6-9 after ‘50’ epochs when using both polarities.

1-Layer 2-Layer 3-Layer
Experiment (1)-(2) 6.4% 2.6% 0.0%
Experiment (3)-(4) 6.7% 1.0% 0.70%
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experiments ‘1’ and ‘2’ which had the same number of hyper-frames in each epoch,

Table 6.5 shows the difference between accuracies after ‘3’ and ‘50’ epochs. It can be

seen that by using explicit direction information ‘1’), the training process converges

faster.

2) When network size is smaller, feeding explicit direction information (experi-

ments ‘1’ and ‘3’) improves recognition accuracy. This indicates that larger networks

with more learning capacity can extract saccade directions from each frame themselves

without the need of explicit information11. Table 6.6 shows the difference between

accuracies of experiments ‘1’ and ‘2’ and between accuracies of experiments ‘3’ and

‘4’. It shows that when network size is larger, the difference between accuracies drops.

3) Using polarity of spikes improves the recognition accuracy. This can be because

of multiple reasons. First, the network size is larger in this case (input size is twice

larger which results in using more synaptic connections for the input layer). Second,

there is additional information about the object in the negative polarity spikes. This

means, even though negative polarity spikes contain very similar information to the

positive polarity ones, they are not a perfect copy of each other. The third reason is

that using both polarities at the same time contains information about the movement

direction.

4) In experiments ‘1’ and ‘2’, the final prediction vector for each sample is the

average of the prediction vectors for all three saccades. In experiments ‘3’ and ‘4’, the

neural network receives all the saccades and mixes them. Experimental results show

that, in general, averaging the prediction vectors for all three saccades is not always

the best strategy and a neural network itself may find a more optimized way to mix

the prediction vectors.
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Figure 6-10: Hardware setup for moving the DVS with a pan-tilt unit

Table 6.7: Accuracy of two-layer(5C5x5-10FC) “Symbol Recognition network" for
the different combinations of input saccades with N-MNIST dataset (only positive
polarity events are used)

Input saccades Training Accuracy Testing Accuracy
SAC_DD 95.8% 94.4%
SAC_DU 95.5% 93.6%
SAC_H 96.6% 94.5%

SAC_DD and SAC_DU 98.4% 96.9%
SAC_DD and SAC_H 98.7% 97.1%
SAC_DU and SAC_H 98.7% 97.0%

All Saccades 99.3% 97.7%

6.3.2 Using Next Saccade Prediction Block

Fig.6-10 shows the hardware setup with the DVS mounted on a mechanical pan-tilt

unit so that it can be moved in a desired direction. We have used this setup for

real-time demo [79], however, for reporting the results, we have used the N-MNIST

dataset.

For the closed loop recognition experiments, we selected a 2-layer “Symbol Recog-

nition Network" (5C5x5-10FC) with the configuration of experiment ‘3’ in Fig. 6-9

11To investigate more about this fact, we have done another experiment. In this test, we trained
three neurons (each corresponds to one saccade direction) to predict the direction of a saccade. The
input of each neuron was a 28 ⇥ 28 pixel frame. We found out that this network could predict the
saccade direction (which the input frame is made of) with more than 98% accuracy without using
spikes polarity.
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Figure 6-11: Confidence coefficient vectors of SAC_H!SAC_DD and
SAC_H!SAC_DU

and we used only positive polarity events. Table 6.7 shows the average accuracies

of the “Symbol Recognition Network" for each saccade combination of the N-MNIST

dataset. As can be seen, adding an extra saccade always increases accuracy.

From Table 6.7, it can be seen that SAC_H has the best average accuracy among

all three saccades of the training samples. Therefore the “Next Saccade Prediction"

block always choses SAC_H as the initial saccade. The next action can be “No extra

saccade", “SAC_DD" or “SAC_DU".

If the entropy of the prediction vector is higher than a predefined threshold, the

“Next Saccade Prediction" block should choose the “SAC_DD" or “SAC_DU" as

the second saccade. In Section 6.2.2 we explained the method to extract Confidence

Coefficient Vectors. The confidence vector for SAC_DD after SAC_H, for example,

can be calculated by averaging the prediction vectors12 of those training samples that

showed the best results when SAC_DD was performed after SAC_H. Fig. 6-11 shows

the confidence coefficient vectors of SAC_H!SAC_DD and SAC_H!SAC_DU.

12This prediction vector is calculated only after presenting SAC_H.
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These vectors show which saccades are better for which classes. In Fig. 6-11, for

example, it can be seen that for digit ‘5’ SAC_H!SAC_DD has more confidence

than SAC_H!SAC_DU.

Fig. 6-12 shows the results of the analytical approach to saccade prediction using

different entropy thresholds. As expected (Fig.6-12 A and B) the average number of

saccades and the accuracy decrease by increasing the threshold. Fig.6-12(C) shows the

relationship between accuracy and the average number of saccades for the different

thresholds. For example, if the threshold is set at ‘0.09’ the average number of

saccades will be ‘1.54’, while accuracies for training and testing samples will be 99.24%

and 97.57%, respectively. By looking at Table 6.7, we notice that this is almost equal

to the result of the open loop recognition with three saccades per sample. This means

that by using the “Next Saccade Prediction" block, it is possible to reach the highest

possible accuracy of the “Symbol Recognition Network" while only performing half of

the number of saccades on average.

6.3.3 Using Next Saccade Prediction Neural Network

This Section shows the results obtained with the closed loop network configuration

by using a neural network in the feedback path. In this experiment, we used the same

“Symbol Recognition Network" which was used in Section 6.3.2 and we only replaced

the “Next Saccade Prediction" block by a neural network (which we call “Next Saccade

Prediction Network"). This network is shown in Fig.6-8 and was trained using the

training samples of the N-MNIST dataset13. We used a small but fully connected

4-layer network (50FC-50FC-50FC-4FC) for the “Next Saccade Prediction Network".

The “Next Saccade Prediction Network" was trained with different “Saccade Costs".

Fig. 6-13 shows the network accuracy versus the average number of saccades for dif-

ferent “Saccade Costs". As the “Saccade Cost" is decreased, the network elicits more

saccades and accuracy increases. With a “Saccade Cost" of ‘0.002’ (when the average

13The “Next Saccade Prediction Network" is using the output of the “Symbol Recognition Net-
work". Therefore, the “Next Saccade Prediction Network" will be trained after the “Symbol Recog-
nition Network".
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Figure 6-12: Results of analytical approach to saccade prediction with different en-
tropy thresholds. Green marks show the accuracy and average number of saccades
when threshold is ‘0.09’. In this threshold, accuracy is close to the highest accuracy
of “Symbol Recognition Network" while rather than using ‘3’ saccades per sample,
‘1.54’ saccades are used in average.
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Figure 6-13: Network accuracy for N-MNIST dataset and average number of saccades
per sample for different saccade costs. The network was trained with ‘10’ epochs for
each saccade cost. The reason that sometimes the plots are not monotonic is because
training neural network is a stochastic process and starts from different random states.
The average trend is similar to what is expected. Green marks show the accuracy and
average number of saccades when “Saccade Cost" is ‘0.002’. In this case, accuracy
is close to the highest accuracy of “Symbol Recognition Network" while rather than
using ‘3’ saccades per sample, ‘1.56’ saccades are used in average.
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Figure 6-14: The “Next Saccade Prediction Network" outputs for the initial saccade

Table 6.8: Second saccade choice from the “Next Saccade Prediction Network" for
testing samples. ‘SAC_N’ means no extra saccade was chosen

Saccade Percentage of samples Error rate
SAC_N 48.53% 0.53%

SAC_DD 12.15% 6.17%
SAC_DU 39.32% 4.78%
SAC_H 0.00% -
Overall 100.00% 2.89%

prediction loss is ‘0.05’ for the training samples), for example, the system needs to

perform on average 1.56 saccades per sample to achieve an accuracy of 97.6% for the

testing data and 99.2% for the training data. These results are very similar to the re-

sults of the “Next Saccade Prediction" block in Section 6.3.2. This experiment shows

that if the “Saccade Cost" is adjusted to a reasonable value, the “Symbol Recognition

Network" can maintain its accuracy (see Table 6.7), requiring on average around half

of the saccades (1.56 saccades rather than three saccades).

We decided to study the features of the “Next Saccade Prediction Network" more

carefully and provide more results. For the following experiments a “Saccade Cost"

of ‘0.002’ is used.

As can be seen in Fig. 6-14, the “Next Saccade Prediction Network" always chooses

SAC_H as the initial saccade. Table 6.7 shows that SAC_H is the best saccade, on

average, for both training and testing samples.

Table 6.8 shows the “Next Saccade Prediction Network" actions after the first

saccade. As can be seen, for more than 48% of the samples one single saccade was

sufficient, and the error rate for this category was low (0.53%). This means the saccade
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Table 6.9: Saccade choice statistics from the saccade prediction network for testing
samples. ‘All SAC+’ indicates samples that needed more than three saccades.

Saccade Percentage Error rate Error rate of
of samples first saccade

SAC_H 48.53% 0.53% 0.53%
SAC_H!SAC_DD 10.18% 1.37% 9.23%
SAC_H!SAC_DU 36.03% 1.83% 4.30%

All SAC 4.47% 24.16% 51.23%
All SAC+ 0.79% 32.91% 60.76%
Overall 100% 2.4% 5.52%

prediction network correctly determined the samples that were easy to recognize from

the first saccade. For the other samples, the network suggested an extra saccade.

Since the initial saccade was SAC_H, the “Next Saccade Prediction Network" did

not recommend SAC_H again for the second, saccade as expected.

After the second saccade, the network may decide that a third saccade is required

for some samples. Table 6.9 shows the percentage of samples for each combination

of saccades after all necessary saccades have been performed. For more than 48%

of samples, the system only asked for one saccade and recognized them with 99.47%

accuracy. This means that recognition of these samples was an easy task for the

“Symbol Recognition Network".

For around 46% of the samples (10.18 + 36.03), the “Next Saccade Prediction

Network" asked for one additional saccade. These samples have been recognized with

98.27% accuracy while the same samples have been recognized with 94.61% accuracy

before performing the second saccade.

For around 4.5% of the samples, the “Next Saccade Prediction Network" asked for

two additional saccades. These samples have been recognized with 75.84% accuracy

while the same samples have been recognized with only 48.77% accuracy after the first

saccade. These samples were hard to recognize and as expected, the “Next Saccade

Prediction Network" requested three saccades for them.

When recognition loss is high, the “Next Saccade Prediction Network" sometimes

asks to perform more than three saccades, repeating one of the previous saccades. In
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Table 6.9, for 0.79% of the samples, the “Next Saccade Prediction Network" requested

more than three saccades. The 32.91% error rate in this group of samples indicates

that these samples were very difficult to recognize. In real scenarios (i.e., not a pre-

recorded dataset), repeating a saccade may provide additional information.

6.4 Conclusions

Our aim in this Chapter was to answer the question of how to perform saccades with

a DVS to improve accuracy, speed and power consumption in a robotic platform.

The first step was to mount a DVS on a motorized pan-tilt unit to perform object

recognition with saccadic movement. In this step, the objective was to determine the

effect of saccade direction, velocity and distance on the information captured by the

DVS.

Our experimental results show that to achieve better object recognition the inter-

nal parameters of the recognition system should ideally match the saccade velocity

while the distance of movement should be sufficiently short. The best saccade direc-

tion depends on the shape of the object in front of the DVS. The first saccade can

be random or move in the direction that, on average, is optimal for all cases. In our

experiment, most of the objects could be recognized with the first saccade, although

in some cases the system needed to perform an extra saccade to gain enough infor-

mation for recognition. A proposed analytical approach and later on, an Artificial

Neural Network, were used to predict the need for an extra saccade and also predict

the best direction for the next saccade based on the information obtained from pre-

vious saccades. The schemes were shown to halve the number of saccades required

while preserving the accuracy of the network.
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Chapter 7

Performance Comparison of

Time-Step-Driven versus

Event-Driven Neural State Update

Approaches in SpiNNaker

This work has been submitted to be publish in:

Amirreza Yousefzadeh, Mikel Soto, Teresa Serrano-Gotarredona, Francesco Galluppi,

Luis Plana, Steve Furber, and Bernabe Linares-Barranco, "Performance Comparison

of Time-Step-Driven versus Event-Driven Neural State Update Approaches in SpiN-

Naker", International Symposium on Circuit and System (ISCAS), May2018

7.1 Abstract

The SpiNNaker chip is a multi-core processor optimized for neuromorphic applica-

tions. Many SpiNNaker chips are assembled to make a highly parallel million core

platform. This system can be used for simulation of a large number of neurons in

real-time. SpiNNaker is using a general purpose ARM processor that gives a high

amount of flexibility to implement different methods for processing spikes. Various

libraries and packages are provided to translate a high-level description of Spiking
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Neural Networks (SNN) to low-level machine language that can be used in the ARM

processors. In this chapter, we introduce and compare three different methods to im-

plement this intermediate layer of abstraction. We have examined the advantages of

each method by various criteria, which can be useful for professional users to choose

between them.

7.2 Introduction

The SpiNNaker software sits on top of the SpiNNaker hardware to allow a smooth

design and simulation of different neural network configurations. Each SpiNNaker

chip runs an application programming interface (API) on top of a specific event-

based kernel. The host machine runs a Python package (PyNN) for the specification

of the neural network structures.

Using PyNN description language [80], the user can specify different neural net-

work topologies and parameters such as populations, synapses, projections and neuron

models. Finally, another specific tool maps the PyNN neural network description to

the SpiNNaker resources generating and downloading binary files for real-time simu-

lation of the neural network.

In hardware, a population of neurons is assigned to each ARM core. The states of

these neurons are stored in the local data memory and can be updated with different

events. ARM cores communicate with each other through a packet switch network

on chip. Each packet carries the source address that contains the neuron’s ID, core

ID, and chip ID. Each chip includes a router that communicates to all the cores

and external links. The routing tables of the routers are programmed to establish

the predefined neural connections. Additionally, the SDRAM memory in each chip

can be used to store synaptic weights and allow each neuron to be connected to a

few thousand synapses. Several alternative methods to implement Spiking Neural

Networks (SNN) in SpiNNaker (besides the standard PyNN based approach) have

been reported to process spikes and store neuron states and synaptic weights [81, 82,

83]. In this work, we present three different methods to map an SNN on SpiNNaker
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and compare their performances. All methods use the same neuron model, which is

not directly supported in the standard PyNN based approach.

The neuron model used is entirely event-driven. The state of the neuron evolves

with time. In our work, we have used signed event-driven spiking neurons, as de-

scribed in [57]. This neuron is a Leaky Integrated and Fire neuron with two thresh-

olds. When a neuron membrane exceeds the positive threshold, it will generate a

positive spike, and when it exceeds a negative threshold, a negative spike will be

created. Moreover, leakage in this neuron is linear.

For this work, a previously reported poker card symbol recognition Convolutional

Spiking Neural Network (ConvNet) is used as benchmark [57]. This network is com-

posed of 4 convolutional layers interleaved with two subsampling stages. Input spikes

come from a Dynamic Vision Sensor [2]. Section 2 describes the different imple-

mentations. Section 3 shows the experimental setup and results obtained from each

implementation. Finally, Section 4 summarizes the peculiarities of each implementa-

tion.

7.3 Alternative Benchmark Implementations on SpiN-

Naker

7.3.1 Time-Step-Driven Implementation (based on the Stan-

dard SpiNNaker Approach)

This implementation was done using the available SpiNNaker software version. A new

neuron model compatible with the standard models was created to implement the

poker card ConvNet. In standard SpiNNaker software, each neuron will be updated

at a regular time step that is 1ms by default.

Our event-driven neuron fires positive and negative spikes, however, the SpiN-

Naker software does not support negative spikes. Therefore, we have created a new

sub-neuron model PN that has two voltage thresholds with the same value but inverse

sign. This sub-neuron fires and resets when the membrane voltage exceeds the posi-
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Figure 7-1: Behavior of the neuron that acts as positive neuron (PN)

Figure 7-2: Pre-layer post-layer connection scheme. e(w) is excitatory target and i(w)
is inhibitory target

tive threshold, and it resets without firing when the membrane voltage goes below the

negative threshold, as shown in Fig. 7-1. If we now create a symmetric sub-neuron

NN that behaves inversely and combine both {PN, NN}, we get the positive and

negative spikes.

The connection between a pre-layer neuron and a post-layer neuron is shown in

Fig. 7-2. The connecting weight w can, in principle, be positive or negative. If

positive, an excitatory synapse e(w) is used and if negative, an inhibitory synapse i(-

w) is used. Positive spikes from pre sub-neuron PN are connected to post sub-neuron

PN using {e(w),i(-w)}, but the effect is sign-reversed when connecting to post sub-

neuron NN {e(-w),i(w)}. The connections from pre NN to the two post sub-neurons

are symmetrically reversed.
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The ConvNet architecture to perform recognition of the card symbols of [57] with

this implementation needs 130 cores (9 SpiNNaker chips) using 100 neurons per core.

7.3.2 Spike-Driven Implementation

In the original SpiNNaker software, there is a millisecond time step and each neuron

will be updated every millisecond. There are two significant disadvantages for this

millisecond time step. First, temporal precision will be limited to the time step that

is 1ms by default. Second, even without any incoming activity, neurons are con-

tinuously updated every time step. If more timing resolution or fully event-driven

power consumption is desired, one may prefer a neuron that updates only after re-

ceiving a spike. It is believed that most of the information of spikes are at the time

of firing [65] and losing timing accuracy may have a significant effect on some SNN

implementations.

In this implementation, the original SpiNNaker software has been modified to

include the neuron model that generates positive and negative spikes. SpiNNaker

uses AER packets [3] for spike communication. To add polarity to spikes, we needed

to modify the structure of the AER packets. Additionally, we removed the time step

neuron update. In this case, neurons will be updated immediately after receiving

spikes.

When a spike enters to a processor, first it will load the proper synaptic weight

from SDRAM memory, then it will immediately update the neuron potential. If the

spike has the positive polarity, the membrane potential of the neuron is increased

by the synaptic weight value. Conversely, if the spike has a negative polarity, the

membrane potential will be decreased by the synaptic weight value.

In this implementation there is no time step for every millisecond, so every neuron

should keep track of their last time of receiving spike (for calculating leakage) and

the last time of generating a spike (for calculating the refractory period). After the

update of the membrane potential of the neuron, if it exceeds the positive threshold,

a positive post-synaptic spike will be generated, and if it overcomes the negative

threshold, a negative post-synaptic spike will be generated.
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All the above processes in each core of SpiNNaker chips will be done immediately

after a spike enters and it takes around 10us in average. So each core in this imple-

mentation can handle around 100k synaptic updates per second independent of how

many neurons are inside this core. For this poker card implementation, we used 104

ARM cores in SpiNNaker hardware.

7.3.3 ConvNet Optimized Implementation

The main difference of this ConvNet implementation is that it takes advantage of

the weight sharing property of the ConvNets. This weight sharing property highly

reduces the number of synaptic weights that must be stored for a neuronal population.

In this implementation, the original SpiNNaker software has been modified to ad-

mit a particular “convolution connector” [83]. This “convolution connector” stores in

the local data memory of the chip the kernel weights of the corresponding popula-

tion. Each feature map shares a “convolution connector” for every neuron in it. The

implementation is entirely event-driven because each event is processed at the time it

arrives. When an event reaches the convolution module, the corresponding kernel is

applied to update the neuron state and the neighbor pixels. Being the weights in the

local data memory prevents from reading the synaptic weights from the SDRAM.

Furthermore, we distinguish between the shared parameters of the neurons in a

population like voltage threshold, leakage rate, refractory time and so on and non-

shared parameters like each neuron state and firing times. The shared neuron param-

eters are stored once per population in the local memory. In the original SpiNNaker

software, each neuron parameters are stored in the data memory. Storing the param-

eters in the local memory provides a high-speed access, but the capacity of this local

memory can limit the number of neurons that can be implemented per core. Specifi-

cally, we are able to implement 2048 convolution neurons per core, where this number

is determined by the maximum number of addressable neurons by the implemented

routing scheme. This method uses 22 ARM cores for the poker card recognition

benchmark.
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7.4 Experimental Setup and Results

The POKER-DVS Database [77] is recorded by shuffling poker cards in front of the

DVS. This dataset has high event rate. Processing events and recognizing symbols in

real-time is a challenging task. In previous work [57] a convolutional spiking neural

network to process poker card symbols is introduced and implemented in a software

simulator1. In this work, we have implemented this network in PyNN [80] and mapped

it to SpiNNaker using the above mentioned three implementation methods.

When we send the spikes in real-time (high event rate) to SpiNNaker, the cores

sometimes cannot handle all the spikes with the same speed as they arrive. In this

case, the old spikes will be dropped which may decrease the accuracy of the network.

A different implementation of the Spiking Neural Network in SpiNNaker can have dif-

ferent processing efficiency and throughput. We measured and compared the accuracy

of the previously mentioned methods when presenting the POKER-DVS Database in

real-time and with different slowed-down factors to the SpiNNaker boards.

Fig. 7-3 shows one of our experimental setups for real-time experiments with

SpiNNaker. We loaded the POKER-DVS events sequence in the Event Player (or

data player) board [3]. The AER-Node board [6] receives AER events from the Data-

Player and puts them on a fast serial link [69] to be sent to the SPIN-5 board. The

processed spikes will be sent back to the AER-Node board on the same fast serial

link. Finally, the AER-Node board sends the output spikes to the USB-AER board

[3] to be sent to the computer through a USB port.

The classification is considered successful when the number of output events for the

correct category is higher than for the other categories. We repeated the experiment

for different slowed-down factors of the events of the input stimulus sequence. Also,

we applied the same slowed-down factor to the network timing parameters for a

correct time scaling. Fig. 7-4 shows the average recognition success rates obtained

for different slowed-down factors. A ‘1’ slowed-down factor means real-time operation.

As it can be seen, when the slowed-down rate is very high, all the implementations

1This neural network is trained in frame-based domain and converted to SNN by using a proposed
algorithm in [57]
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Figure 7-3: Experimental setup. Events flew from Data-Player [3] to AER-NODE
board [6] to SPIN-5 board. The processed events come back from the SPIN-5 board
to AER-NODE board and they go to USB-AER [3] board to be sent to the computer.

will show almost similar performance, which is close to what is observed when using

the software simulator [57]. When spike presentation is closer to real-time, the time-

step-driven implementation shows better performance. This result shows that the

time-step-driven implementation needs the minimum amount of processing (neuron

updates) when the event rate is very high. The spike-driven implementation shows

the worst results for high event rates because it needs the maximum processing time

per spike among all the methods. Beside processing efficiency, other factors should

be considered. For example, while the time-step-driven implementation occupied

130 ARM cores, the ConvNet implementation only needed 22 cores. Additionally,

spike timing resolution in the spike-driven implementation is 10us while it is 1ms

for the time-step-driven implementation. It is important to mention that the neural

network parameters were obtained by mapping from a frame-based training method

[57]. Therefore, the network accuracy could be more sensitive to the rate of spikes

than the time of spikes.
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Figure 7-4: Accuracy of symbol recognition versus slow rate of POKER-DVS events
from real-time
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7.5 Conclusions

In this work, we have compared three different neural network implementations us-

ing the SpiNNaker platform. The first implementation is time-step-driven processing

which is the standard method for the SpiNNaker software. We have shown that this

method has the highest recognition performance and experiences less spike congestion

and therefore less event dropping. For the second method, spike-driven implemen-

tation, we removed the time step constraint and spikes are processed immediately.

We have shown that this method has a high timing resolution in comparison to the

time-step-driven method while it needs more processing time per spike. Finally, for

the ConvNet optimized implementation, the spikes are processed immediately and

the synaptic weights can be stored in the local data memory of the ARM processors

rather than in SDRAM. This method has very high timing resolution and good pro-

cessing performance. When the input event rate is high, this method showed worse

performance than the time-step-driven but a better performance than the spike-driven

implementation. Also, this method is limited to convolutional connections and cannot

be used for fully connected networks.
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Chapter 8

Hardware Implementation of

Convolutional STDP for On-line

Visual Feature Learning

This work has been published in:

A. Yousefzadeh, T. Masquelier, T. Serrano-Gotarredona, and B. Linares-Barranco,

"Hardware Implementation of Convolutional STDP for On-line Visual Feature Learn-

ing", International Symposium on Circuit and System (ISCAS), May2017

8.1 Abstract

In this chapter, we present a highly hardware friendly STDP (Spike Timing Dependent

Plasticity) learning rule for training Spiking Convolutional Cores in Unsupervised

mode and training Fully Connected Classifiers in Supervised Mode. Examples are

given for a 2-layer Spiking Neural System which learns in real time features from

visual scenes obtained with spiking DVS (Dynamic Vision Sensor) Cameras. All the

HDL codes are freely available for the academic purpose.
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8.2 Introduction

Biological brains continuously learn new incoming information. They never stop

learning. Our goal in this chapter is to present an embedded and low power hardware

for online unsupervised learning of visual features by using bio-inspired Dynamic

Vision Sensors (DVS) [2] and spiking neural networks (SNNs). SNNs have interesting

features like event-driven power consumption and pseudo-simultaneity [57].

In this work, we developed and implemented a new algorithm for hardware imple-

mentation that has been inspired by Masquelier’s pioneering work on STDP (Spike

Time Dependent Plasticity) [84]. They developed an algorithm for face recognition

using still image frames. Intensity to delay conversion was used to generate artificial

spike trains from each frame. They used simple Integrated-and-Fire (IF) neurons

without leakage because after each frame presentation, the network resets all neuron

states. They allowed at most one spike per each neuron for each frame.

In our application, we wanted to use a DVS camera as the input source. However,

a DVS does not use intensity to delay encoding. A DVS pixel generates a signed

event when there has been a given relative change in light (�I/I = C). Additionally,

we wanted to perform training on the continuous input event flow coming from the

DVS. For this, we rely on synchrony detection, which is very close to what happens

in biological perception [65]. Synchrony based coding is a kind of temporal coding

(as opposed to rate coding) but it does not rely on precise spike ordering (as opposed

to rank order encoding). What matters is whether or no spikes appear close enough

to each other in time. In synchrony-based processing, a visual feature is represented

by pseudo-synchronous spikes coming from specific synapses.

Bichler et al. [85] introduced an impressive algorithm for online feature extraction

based on STDP. The algorithm successfully detected cars passing from a freeway by

using DVS input with unsupervised learning. They used a simplified STDP version

to enhance processing speed. However, because they used fully connected neurons

topologies, different neurons learned the same features in several positions.

By using Convolutional Neural Networks, one can share a set of weights (kernel)
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Figure 8-1: Simple Network Topology used in this Work

between many neurons. In this way, each kernel learns a feature independently of its

position1. Convolutional Spiking Neural Networks (CSNN) are more efficient than

fully connected SNNs in terms of processing and memory for pattern recognition

tasks.

In the next Sections, we will briefly explain the learning algorithm and its hardware

implementation.

8.3 Learning Algorithm

In this work, we used a simple 2-layer neural network, as shown in Fig. 8-1. The

first layer is an unsupervised learning convolutional layer for feature extraction. The

second layer is a simple supervised-learning classifier. Both layers use a simplified
1Chapter 4 explains more about convolutional neural network and it’s difference with fully

connected one.
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STDP-based learning rule, explained later in this Section.

8.3.1 Neuron model

The first layer implements a reduced number of convolutional populations equipped

with STDP for feature detection through unsupervised learning. Convolutional pop-

ulations are called here also "ConvCore". Each ConvCore can have a few kernels

that can be fixed or plastic (with STDP). In this Section, we just used one layer of

ConvCores, and we used only the positive input spikes coming from the DVS output.

For inhibition, we used reset rather than applying an inhibitory kernel. We used

simple Leaky Integrate and Fire (LIF) neurons. Each incoming spike adds the synap-

tic weight to the membrane value 2. When the neuron’s membrane value reaches a

threshold, it generates a post-synaptic spike, increases threshold of ConvCore to the

current membrane value and reset its membrane value. This simple threshold adapta-

tion mechanism is implemented to regulate the activity of ConvCores and guarantee

competition between them.

Leakage in these neurons has been implemented by using an approximation for the

exponential decay. One option for leakage implementation is to update each neuron

only when it receives spikes. This method is entirely event-driven but needs to keep

track of last update time for each neuron. If processing time is more important than

memory consumption, such event-driven neuron is recommended. However, in FPGA

implementations, memory limitations are typically more stringent. For this reason,

we choose to not store the last update time for each neuron, but to apply leakage to

all neurons periodically. The update period depends on the stimulus but for standard

real-time DVS data, 1ms is reasonable. It will take just a few microseconds in the

FPGA to update the leakage for all the neurons3.

2We intentionally use here the term "membrane value", as opposed to the more conventional
terminology of membrane voltage or potential, because in our hardware implementation it will be
stored as a plain 9-bit integer value in the interval [0, 511], which is entirely different from a physical
voltage in the range of millivolts.

3Another interesting method to apply leakage is to use spike-based leakage. In this method a
constant amount of leakage (in a linear way, exponential or by using bitwise-shift) will be applied
to a neuron after receiving a spike. This method is truly event-driven, does not need to keep track
of time and is more compatible with our spike-based STDP rule. However we did not use it in this
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For the exponential leakage approximation, we implemented the following opera-

tion on the membrane value

Vnew = V � (V >> nleak) (8.1)

Where symbol (>> n) represents a bitwise right shift of n bits. We used nleak =

4, which is equivalent to leaking to 15/16 of the previous membrane value every

millisecond. This corresponds to a membrane equivalent time constant of 16ms,

which is in the biological range.

The same leakage circuit is used for thresholds as part of threshold adaptation

method but with a slower time constant. This leakage will allow decreasing of the

threshold for ConvCores that were inactive for a considerable amount of time.

If kernel size is [Kx, Ky], each neuron from the previous layer is connected to

Kx ⇥ Ky neurons in a ConvCore with synaptic weights equal to the kernel values.

After adding the kernel to membrane values of the neurons in a ConvCore, if a

neuron’s membrane value exceeds the threshold, an output spike will be generated.

Then, the learning process updates the kernel weights.

To guarantee competition during learning, we used a winner-take-all mechanism

[86] and inhibitory kernels as shown in Fig. 8-2. First of all, after updating neu-

rons with an event, more than one neuron’s membrane value may have reached its

threshold. In this case, only the one with the highest value among all the ConvCores

will generate a spike. Afterwards, all the neurons in the ConvCore that fired will be

reset to their resting value. This will stop neurons in the same ConvCore to learn

multiple features. By using this mechanism, a ConvCore can learn only one feature

in different positions. At the same time, an inhibitory kernel inhibits neurons in the

other ConvCores in the same kernel area (see Fig. 8-2). For this, we used a simple

reset rather than applying an inhibitory kernel. This second competition mechanism

is needed to discourage different ConvCores from learning the same features.

work and may be investigated in future works.

159



Figure 8-2: Competition mechanisms. After a kernel update in ConvCore#1, the
neuron in red has max value after passing the threshold and therefore is the only one
spiking within the kernel area. After this, all neurons in ConvCore#1 will be reset,
as well as all neurons of the other ConvCores inside the kernel area (region in blue
will be reset).
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8.3.2 Layer 1: Unsupervised Convolutional STDP Learning

STDP is a bio-inspired learning rule that modifies the strength of a neuron’s synapses

as a function of the precise temporal relations between pre- and post-synaptic spikes

[87]. There are different variants of STDP rules, but all of them share a universal

concept. Synaptic weights are updated on a per- spike basis, and the synaptic update

depends on the time difference between pre- and post-synaptic spikes.

Here we used a new STDP rule which is highly efficient for hardware implemen-

tation, if not the most reported so far. It is very similar to Bichler’s proposal [85],

where all the synapses of a neuron are equally depressed upon reception of a postsy-

naptic spike, except for the synapses that were activated with a pre-synaptic spike a

short time before, which are potentiated. Therefore, implementation of such a rule

needs to store timestamps for the incoming spikes. Also, a buffer is required to save

the last incoming spikes, and the size of this buffer depends on the input spike rate.

In hardware implementations, usually, buffer sizes are fixed and cannot be adjusted

via a parameter. Consequently, it is hard to estimate the best buffer size for all the

applications.

We have modified this rule to make it more hardware friendly. In the proposed

STDP rule rather than limiting the pre- to post- time window, we defined the number

of synapses to be potentiated. This way, when a postsynaptic spike is generated, a

logic block will find a specific number of active synapses that have contributed in the

firing. In our proposed rule, there is no need to do time stamping on spikes because

always a predefined number of synapses will be potentiated. If parameters are chosen

carefully, leakage will not allow a neuron to fire in case the last pre-synaptic spikes

arrived a long time before the postsynaptic spike, thus preserving synchrony. This

rule also stops general potentiation or general depression. Also, we added another

mechanism to equally potentiate all the selected synapses regardless of the number of

spike coming from a synapse. Kernel weights are normalized after potentiation. This

way, all the synapses will be depressed equally with an adaptive rate.
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Figure 8-3: Hardware Setup for Learning Experiments

8.3.3 Layer 2: Supervised STDP Learning

To classify the ConvCores output activities, a layer of fully connected supervised

STDP neurons has been designed for output layer of our spiking neural network. A

supervised STDP neuron has an external input (called "supervisor"), also encoded

through AER (Address Event Representation), which forces post-synaptic spikes from

this neuron when its representative "category" (or feature) is present at the input.

Therefore, whenever a "supervisor" spike arrives, the corresponding active synapses

will be potentiated. Otherwise, active synapses will be depressed.

8.4 Hardware Implementation

To do real-time learning and feature extraction, we implemented the above algorithm

with HDL (Hardware Description Language) on FPGA. Fig. 8-3 shows the hardware

setup that was used. We used a silicon retina (DVS) as input and a Spartan-6 FPGA

Node-Board [6] for the network. USB-AER 2 [3] boards were used to send spikes in

real-time to a computer for visualization.

Fig. 8-4 shows the block diagram of the FPGA implementation inside the Node-

Board Spartan-6 FPGA. It contains ConvCores and supervised STDP Neurons core

and AER interfaces (to handle asynchronous communications outside FPGA). The

number of ConvCores and the configuration of layers can be customized. Different
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Figure 8-4: FPGA System Implementation Block Diagram (DVS and USB-AER
boards are outside of FPGA)

cores communicate with Address Event Representation (AER) events [3].

A conceptual block diagram of the ConvCores is shown in Fig. 8-5. Each Con-

vCore contains a convolutional processor to perform convolution and two RAMs to

keep the neurons membrane values (Neuron RAM) and synaptic weights (Kernel

RAM). A STDP processor is shared between all ConvCores in one block because

STDP events are rare and only one STDP processor is fast enough to handle them.

The STDP processor is connected to a circular buffer to keep the last spikes and use

them in STDP learning. Xilinx’s ChipScope debug tool is used to program the initial

parameters and to monitor the kernels evolution online using a computer.

The amount of resources needed to implement the ConvCore scheme on FPGAs

depends on the number of neurons and kernels. For example, once we implemented

this core on a Spartan-6 FPGA (XC6SLX150T-3) with 32⇥32 input pixels, six kernels

with 9 ⇥ 9 weights and 512 words for the circular buffer. With these parameters,

ConvCores take 1276 slices (out of 23K available slices) of FPGA. Among these

occupied slices, 587 slices belong to convolutional processors, and 537 slices belong

to STDP processor. Update of membrane values for each input event takes 90 clock

cycles, and STDP learning takes less than 900 clock cycles for updating kernels. Also,

for each millisecond, one leakage update process takes 1025 clock cycles. When clock
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Figure 8-5: Simplified Block diagram of ConvCore in FPGA
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frequency is 100MHz, each convolution takes 0.9us, and each STDP process takes less

than 9us. These delays are reasonable for online learning in real-time.

8.5 Implementation Results

To test our network, we used two simple letters (’A’ and ’B’) and moved them in

front of the DVS to generate spikes. Fig. 8-6 (a) shows a screenshot from the jAER

software [4] used to visualize DVS spikes. The classifier can be trained online along

with STDP layer or afterwards.

STDP kernels learn the features that repeat more. For Convolutional STDP, when

kernel size is larger than the object, we expect the kernel to learn the whole object.

Otherwise, kernels should learn just some parts of the objects as features. Different

objects may have shared features, so it is natural to extract characteristic features

and use them for object recognition.

We tested our hardware with kernel sizes of 9⇥ 9 while sub-sampling the output

of the DVS from 128⇥ 128 down to 32⇥ 32. First, we used two ConvCores. Fig. 8-6

(b) shows the reconstruction of kernel weights after learning the input shown in Fig.

8-6 (a). In this case, because sizes of objects are smaller than 9 ⇥ 9, kernels learned

the whole object templates.

In another experiment, we presented the same stimulus to DVS but closer, so that

the objects resulted in sizes larger than the kernels, as shown in Fig. 8-6 (c). In this

case, we used eight kernels of 7⇥ 7. The kernels learned characteristic features from

the two letters. Reconstructed kernel weights for this experiment are shown in Fig.

8-6 (d).

8.6 Conclusion

In this chapter, we have introduced a digital implementation of an algorithm for

online STDP learning of visual features by using real live visual data from a DVS

camera. A video demonstration of the whole chip including parameter adjustment
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Figure 8-6: (a, c) Screen captures of jAER software to visualize DVS output. Black
dots show negative spikes while white dots show positive ones. (b, d) Reconstruction
of kernel weights after learning. To see the complete recording videos (including
parameters) and online evolution of kernels refer to [8] [9].
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through ChipScope, online STDP learning and online learning of classifier is provided

in [88].
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