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ABSTRACT 

Biological neural networks are based upon axonal point-to-point connections which inspire connectionist architecture. 
As we attempt to engineer ever larger analogues of these neural networks we are forced to multiplex neural signals over 
time shared paths. This can alter timing of neural information, which is critical in real-time oscillatory networks. Because 
shared paths induce extra delay due to multiplexing signals, traveling on the channel and passing through routing 
devices, guaranteeing event arrival deadlines across the com munication process becomes crucial. This paper addresses 
issues related to the guarantee of event timings with arbitrary deadline constraints in real-time distributed spiking neural 
network systems based on token-ring architecture. To achieve this objective, we propose an integrated method in 
selecting key system parameters. W e show that several parameters must be set carefully if event deadlines are to be 
satisfied. The token holding time (THT) parameter controls the bandwidth allocation for each node in the token-ring 
network, and must be set properly to avoid deadline misses. The target token rotation time (TTRT) determines both the 
speed of token circulation and the network utilization available to nodes. TTRT should also be chosen carefully to ensure 
that the token circulates fast enough while maintaining a high available utilization. As prove of concept, the proposed 
method is applied to a multi-board spiking neural network system hosting up to 140 analog neurons spread across 7 
circuit-boards. Experimental analysis shows that deadline constraints are guaranteed along with bandwidth allocation 
fairness when applying the proposed method. 

K eywords: Bio-inspired systems, spiking neural network, token-ring architecture, token-passing communication, real-
time distributed systems 
 

1. INTRO DUCTION 

There has been rapid progress in the development of techniques for modeling biological neural functions in hardware 
architectures. Simultaneous with these developments, the field of computational neuroscience has begun to yield new 
insights into the neurobiological substrates of pattern recognition, perception, cognition, memory and consciousness [1]. 
Neuromorphic systems engineering [2,3] emulates both structure and function of biological neural systems in silicon. To 
date, facsimiles of the initial stages of visual and auditory information processing have been implemented on single 
microchips [4-8]. However the complexity of neural computation beyond sensory perception requires a multichip 
approach and a proper comm unication protocol between chips to implement higher levels of processing and cognition 
[9].  

Neuromorphic engineers have adopted time-division multiplexing to achieve massive connectivity in multichip systems, 
inspired by its success in telecommunications [10] and computer works [11]. M ultiplexing leverages the 5-decade 
difference in bandwidth between a neuron (hundreds of Hz) and a digital bus (tens of M Hz), enabling us to replace 
thousands of dedicated point-to-point connections with a handful of high-speed metal wires and thousands of transistors. 

In adapting existing networking solutions, neuromorphic architects are challenged by huge differences between the 
requirements of computer networks and those of neuromorphic systems. W hereas computer networks connect thousands 
of computers at the building- or at campus-level, neuromorphic systems need to connect millions of neurons at a chip- or 
circuit-board level [13]. Hence, they must improve the efficiency of traditional computer communication architectures, 
and protocols by several orders of magnitude. 

In [12], Culurciello and Androu propose a comparative study of access topologies for chip-level communication 
channels. Classical access techniques such as arbitration, scanning, ALOHA, and priority encoding are compared by 



 
 

 

assessing throughput, latency and power consumption. They provide guidance in choosing the access algorithm for the 
appropriate bio-inspired application with efficient transmission of information and reduced latency. In [13], the author 
quantify tradeoffs faced in allocating bandwidth, granting access, and queuing, as well as throughput requirements for 
arbitered and non-arbitered channels. However, to our knowledge, there is no study treating the token-ring access 
topology in neuromorphic systems, neither as an attractor topology to consider in the future communication systems nor 
as a discarded solution for weak performance. This work proposes to use token-ring based architecture to process neural 
data at chip- or circuit-board level. Inspired by traditional token-ring networks [18], we have adapted an existing token-
ring access technique [19,20] to the context of neuromorphic systems. 

The suitability of token-ring based architecture for embedded distributed real time applications derives not only from its 
flexibility and simplicity to implement, but also from its property of a bounded access time. The bounded access time 
provides a necessary condition to guarantee real-time deadlines. The flexibility and the simplicity allow ease change in 
network parameters which can improve the responsiveness and the latency of the network. The network parameters must 
be set carefully to adapt the network responsiveness to the context of spiking neural network systems [14]. 

At network initialization time, a parameter called Target Token Rotation Time (TTRT) is determined which indicates the 
expected token rotation time. Each node is assigned a fraction of the TTRT. During this period, the node is permitted to 
transmit events every time it receives the token. The network parameter that represents the transmission time is called the 
Token Holding Time (THT). A proper selection of these parameters ensures that the token circulates fast enough while 
maintaining a high available utilization of the channel bandwidth. 

Taking into account the increasing level of realism in neural simulation, this study quantifies the needs of real-tim e 
distributed spiking neural networks in terms of time precision, and proposes an integrated method in selecting 
appropriate network parameters. Section 2 outlines the framework of the study. Section 3 theoretically approaches a 
solution for selecting network parameters. It provides a com plete bandwidth allocation scheme that guards against timing 
failure. A token-ring access algorithm is then proposed to convey neural information throughout the system. The last 
section describes our spiking neural network system emulating up to 140 spiking neurons spread across 7 circuit-boards. 
Experimental quantification of the proposed access technique shows that the system guards against deadline misses. No 
matter what happens (unless there is a network fault), events will be transmitted before their deadlines.  

2. FRAM EW O RK 

This section describes the framework of our study. First, both network and message models are defined as well as their 
related constraints. Second, some of time properties of token-ring topology are addressed. These properties will be 
abundantly used in the subsequent section to define a method for network parameter selection. Third, a performance 
metric that has commonly been used for real-time processing and real-time communication is defined to determine the 
worst case achievable utilization of the network. 

2.1 Network and m essage m odels 

The network contains n nodes arranged in a ring. Each node hosts N neurons. Neurons generate events that will be 
encapsulated and transformed to messages in order to be conveyed into the communication channel. Outgoing messages 
at a node are assumed to be queued in FIFO order. It is also assumed that message transmissions are done via one-to-
many broadcast to conserve bandwidth. The network is supposed to operate without any faults. The following parameters 
characterize the network. 

 TTRT is the target token rotation time. This parameter indicates the expected token rotation time. 

  is the token walk time. It includes the node-to-node delay and the token transmission time.  is the proportion 
of TTRT that is not available for message transmission. 

There are n streams of messages, S1, …  Sn, with stream Si incident on node i. Si may contain two sort of messages: real-
time-constrained messages and memory-constrained messages. The real-time-constrained messages are events (spikes 
with timestamps) exchanged between neurons in the network; while memory constrained-messages represents the 
simulation data resulted from synaptic change variation. Each real-time-constrained message, or spike, must be 
redirected to the target neuron before the expiration of an arbitrary fixed deadline, which determines the required 
precision in the coincidence of spike occurrence. In contrary, memory-constrained messages do not have any real-time 



 
 

 

constraint but instead they happen in a large number and, therefore, they need a large memory space allocation to be 
stored before their transmission. 

Each stream Si may be characterized as Si = (Ai, Ci, THTi), where 

 Ai represents the activity of a node i. This parameter reflects the spike generation frequency of a given node i. It 
also reflects the offered load of real-time-constrained messages of the node i.  

 Ci represents the afferent connectivity of the node i. This parameter serves to determine the number of synaptic 
changes that occur during simulation process and therefore, the number of memory-constrained messages 
present at the node i.  

 THTi is the token holding time of the node i. This parameter represents the amount of tim e for which the node i 
can transmit its messages. 

W e assume that all nodes have the same computation and communication power as well as the same time properties. 
Therefore, the following parameters are shared by all nodes: 

 D is the relative deadline of real-time-constrained messages in the stream. The relative deadline is the maximum  
amount of time that may elapse between a message arrival and a completion of its transmission. Thus, the 
transmission of the j-th real-time message in stream Si, which arrives at ti,j, must be completed by ti,j + D. 

 DM  is the relative deadline of memory-constrained messages in the stream. This deadline represents the 
maximum amount of time allowing memory-constrained m essages to stay into the buffer of outgoing messages 
awaiting their transmission. It is used to assess whether the buffer size of outgoing messages is enough or not. 

 δ is the maximum amount of time required to transmit a message in the stream. 

2.2 Constraints 

The deadline constraint: In spiking neural networks, signals can be delayed getting onto shared channel, traveling on the 
channel, and passing through gateways or other routing devices along the channel. Each potential delay goes hand in 
hand with some increment in variability in arrival time at the destination. This can mask subtle but real differences in 
event timing represented by the arrival time at the receiving neuron and, thus, interfere with the dynamics of the 
integration process being modeled for a certain type of cell body. It can also interfere with the learning mechanism if it is 
based upon spike timing dependent plasticity rule requiring local information about the correlation of pre- and post-
synaptic activity. To avoid the variability due to the com munication delay, we define the deadline constraint. This 
constraint simply states that every message must be transmitted before its deadline. Formally, let si,j be the time that the 
transmission of the j-th message in stream Si is completed. The deadline constraint implies that for i = 1,… ,n and 
j = 1,2,… , 

Dts jiji  ,,
      (1) 

where ti,j is the arrival time and D the deadline. 

The bandwidth allocation constraint: This constraint states that bandwidths on all nodes must sum to less than the 
available network bandwidth. On the other words, the THT on all nodes must sum to less than TTRT minus the token 
walk time, 
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2.3 Token visit num ber  

In order to guarantee message deadlines at a node, it is necessary to have some information regarding the frequency of 
token visits to that node. Fortunately, extensive studies have already been carried out on the timing properties in token 
ring networks [15]. The generalized Johnson and Sevicik’s theorem can be used to derive the following result. 

In any interval of time D, the token will visit node i at least vi times where 
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In each of these visits, node i can use its full THTi to transmit its stream of messages (if any). 

This property will be used in the section 3 to determine the THTi of each node as well as the optimal TTRT value that 
optimizes the network responsiveness while maintaining high channel utilization. 

2.4 Perform ance m etric 

To gauge the performance of the system, it is necessary to have an appropriate performance metric. A metric that has 
commonly used for real-time distributed systems is the worst case achievable utilization. Let us start by defining the 
effective utilization, Ui, of a message set of a node i. The effective utilization is also called the normalized offered load 
in the literature. In the context of spiking neural network systems, this metric may be defined as, 

).1.( iii CAU        (4) 

where Ai is the frequency of producing real-time-constrained message and Ai.Ci the frequency of producing  memory-
constrained message in the node i. Thus, Ai.(1+Ci) represents the frequency of the generation of outgoing messages in 
the node i. M ultiplying this value by the transmission message time , the effective utilization Ui reflects the foreseen 
utilization percentage of the communication resources required for the node i. Equation (4) leads to the effective network 
utilization, U, by summing the utilizations at each node in the network, 
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A real-time communication protocol (with a given setting of its parameters) has an achievable utilization U’ if it can 
meet the deadlines of any message set with utilization no more than U’. For example, if a network has an achievable 
utilization U’ = 0.5, then all message sets with utilization U ≤ 0.5 will have their message deadlines satisfied. 

Consequently, to assess the performance of a scheme for choosing network parameters, we define the worst case 
achievable utilization U* of a network as the least upper bound of the achievable utilizations. Hence, the network can 
meet the deadlines of all message sets with utilization no more than U*. The worst case achievable utilization is usually 
determined when the system is submitted to the worst case situation. In section 4, we discuss the worst case situation that 
can happen in spiking neural network systems. 

The importance of the worst case achievable utilization U* is that it relates to the fundam ental requirements of stability 
and predictability in hard real-time environments. If the utilization of a message set is no more that U*, it can be 
predicted that all of messages will meet their deadlines. This is because the deadline of all message sets with utilization 
no more than U* are guaranteed to be met. U* also provides a measure of the stability of the system. The parameters of a 
message set can be freely modified while the utilization remains less than U*. This gives a certain amount of system 
stability in the face of changes to message set parameters.  

3. AN INTEGRATED M ETHOD FOR NETW ORK PRAM ETER SELECTION 

In this section, we propose and analyze an integrated method for allocating bandwidth at each node i so that the tim e 
constraints of real-time-constrained messages are guaranteed to be met. Both THT and TTRT parameters are derived 
from a local bandwidth allocation scheme. Based on the pre-determined network parameters, an access algorithm is then 
proposed to organize communication channel access. 

3.1 Selecting TH T: a local bandwidth allocation schem e 

As mentioned earlier, the selection of appropriate values of THT is a crucial step in meeting message deadlines. The 
node parameters (given by the Ai and Ci) and the network parameters (given by  and TTRT) should be the dictating 
factors for the allocation of the THTi. W e define an allocation scheme as an algorithm which, when given as inputs the 
values of all node parameters and network parameters, will produce as output the values of the THTi to be allocated to 
the node i in the network. Formally, let the function f represent an allocation scheme. Then, 
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Allocation schemes in token ring networks may be divided into two classes: local allocation schemes and global 
allocation schemes. These schemes differ in the type of information they may use. A local allocation scheme uses only 
the information available locally to node i in allocating THTi. Locally available information at node i includes the 
parameters of stream Si.  and TTRT are also locally available at node i because these values are known to all nodes. On 
the other hand, a global allocation scheme can use global information related to the other nodes in its allocation of THTi. 
Global information includes both information locally available to nodes and external information regarding the 
parameters of message streams incident on other nodes. A local scheme is preferable from a network management 
perspective. If the parameters of the stream Si on node i change, then only the THTi need to be recalculated. THTs at 
other nodes need not change because they were calculated independently of Si. This makes local scheme flexible and 
suitable for use in dynamic environments. Therefore, this paper focuses on local allocation schemes and proposes a 
dedicated scheme for spiking neural networks. 

How should the THTi be allocated? A message must be sent within D time units of arrival if it is to meet its deadline. 
Using the time property of token ring networks regarding the number of visits to node i in D time units, we have at least 
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 visits. This suggests that for a message at node i to meet its deadline, the THTi must be sufficient to send 

the message in vi visits. On average, the number of messages arriving at a node in a given time interval must be equal to 
the number of messages that the node can transmit in the same interval. Ai(1+Ci). can be loosely regarded as the offered 
load of the node i. Consider a time interval of length D, Ai(1+Ci)..D is the traffic demand on node i during this interval. 
For the flow to be balanced, Ai(1+Ci)..D must be transmitted in every interval of length D. Since the node can transm it 
messages vi times during the time interval D, the following equation proposes an allocation scheme of THTi, 
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The same equation (7) may be rewritten using the effective utilization of the node i defined in (4), 
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In the remainder of this section, we have chosen an allocation scheme that uses only local parameters to determine the 
amount of transmission time in each node. This scheme is adapted to the needs of spiking neural network systems. In the 
next section, we show how the optimal value of TTRT is derived from this allocation scheme. 

3.2 Selecting TTRT: m axim izing the worst case achievable utilization 

The target token rotation time (TTRT) has a direct impact on the token circulation speed and network responsiveness. 
Therefore, it should also be chosen carefully to guarantee message deadlines. This section starts from the local allocation 
scheme proposed in (8) and the worst case achievable utilization defined in (4) to determine the optimal value of TTRT. 
The optimal value of TTRT is intended to match well the purpose of guaranteeing message deadlines.  

W hen all nodes are fully busy (having the maximum number of messages to transmit), they use the maximum permitted 
time (THTmax) to transmit their messages. According to the hypothesis stating that all nodes share the same time 
properties, THTmax is the same for all nodes. Referring to (2), THTmax is quantified by 
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The case where all nodes use all of their maximum allocated bandwidth (THTmax), must be the worst case that might 
happen in spiking neural network systems. Thus, the offered load on a node reaches its maximum, and the achievable 
utilization, Ui, becomes the worst case achievable utilization Ui*. Hence, (8) and (9) lead to, 
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(10), in turn, gives the worst case achievable utilization on the node i, 
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Using (5), we deduce the worst case achievable utilization of the whole network, 
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To determine the optimal TTRT value that goes hand in hand with the main purpose of the allocation scheme described 
in (7), the worst case achievable utilization of the network, U*, described in (12) has to be maximized. The idea behind 
maximizing U* comes from the fact that message deadlines are guaranteed for any achievable utilization smaller than 
U*. On the other hand, maximizing U* helps to cover the largest range of parameter settings. Thus, it is sufficient to 
assess system performance with the utilization U* to draw a conclusion about constraint satisfaction. 

M aximizing U* remains to maximize the floor of 1
TTRT

D . That might be obtained only if 
TTRT

D is an integer. In that 

case, (12) becomes 
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As we attempt to determine TTRT parameter when U* is maximized, we derive (13) taking TTRT as the unique 
variable. As a result, U* reaches its maximum at a certain value of TTRT, called TTRTopt, determined by 

DTTRTopt .       (14) 

Fig. 1 plots the worst case achievable utilization as a function of TTRT and that for arbitrary fixed values of the deadline 
D and the token walk time  ( = 0.8). It is obvious that TTRT must be bounded by a range of values. In fact, from (13) it 
can be shown that when TTRT = D, the worst case achievable utilization is nil. Furthermore, it becomes negative for 
TTRT > D, which has no physical sense. Thus, the range of the TTRT parameter must be strictly less than the deadline D 
and strictly positive. For the proposed scheme, we assume that the choice of TTRT varies between 1 and D/2 units of 
time. Fig. 1 takes into account this upper bound and shows that the maximum worst case achievable utilization increases 
when TTRT increases. TTRT clearly has an impact on the U*. From Fig. 1, it can be seen that when D = 20, TTRT = 4 
gives a higher worst case achievable utilization than other plotted values of TTRT. 
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Fig. 1. The worst case achievable utilization U* is plotted as a function of TTRT. Each curve is obtained for fixed value of 
the deadline D. The maximum value of the worst case achievable utilization reflects the optimal value of TTRT. It can 
be seen that for D = 20, U* reaches its maximum for TTRT = 4. Thus, TTRTopt = 4 units of time. 



 
 

 

3.3 Satisfying the deadline constraint 

This section discusses the satisfaction of both deadline and bandwidth allocation constraints in the proposed allocation 
scheme. Referring to (9), the bandwidth allocation constraint is satisfied if THTi does not exceed THTmax. This statement 
is always true because (8) produces values smaller that (10) in all cases. This is due to the fact that the utilization Ui is 
bounded by the worst case achievable utilization Ui*. Thus, the bandwidth allocation constraint is met when using the 
allocation scheme defined in (7).  

The deadline constraint is satisfied if the bandwidth allocation constraint is satisfied and bandwidths are allocated using 
the scheme in (7). Indeed, the allocation scheme in (7) guards against timing failure by allocating enough bandwidth to 
transmit all messages of a node within prefixed period of time. To be sure that the total bandwidth capacity is sufficient 
to guarantee message deadlines, the worst case achievable utilization must be less than 1. In that case, deadline constraint 
is satisfied. 

3.4 Access algorithm  

Using the bandwidth allocation scheme described in (7), the access algorithm may be merely a combination of 
countdown timers that represent the amount of time of network parameters.  

 Token rotation timer of the node i (TRTi). This counter is initialized to equal TTRT, and counts down until it 
expires (TRTi = 0) or until the token is received and the time elapsed since the previous token departure is less 
than TTRT. 

 Token holding timer (THTi). This counter is used to control the amount of time for which the node i can 
transmit messages. 

Algorithm principles are simple since the allocation scheme uses only local information to determine transmission time. 
W henever the node i receives the token, the countdown timer TRTi is reinitialized to equal TTRT. The node is allowed 
to transmit messages during its token possession time THTi calculated using the scheme in (7). The priority is given to 
real-time messages to be sent first. If there are no real-time messages to transmit, the node starts sending memory-
constrained messages until the node runs out of messages or THTi expires (THTi = 0). An active node relinquishes the 
token if there is no message to transmit or the maximum allocation time (THTmax) is reached. In the case when the TRTi 
expires and the node does not receive the token yet, real-time constraints remain not guaranteed any more. This situation 
can cause deadline misses. The simulation is then immediately dropped and error message is raised informing the user 
that system misbehavior was detected. Fig. 2 illustrates an example of access algorithm operation. 
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Fig. 2. Illustration of token circulation and message transmission: in the first token rotation cycle, the token goes through 
nodes and triggers the message transmission process. At the node level, real-time-constrained messages (if any) are 
transmitted before memory-constrained messages. Node 3 illustrates the case where there is no real-time message to 
transmit but memory-constrained messages. During the second token rotation cycle, a network fault happens (token 
does not reach the node 3). W hen TRT3 expires, deadlines are not guaranteed any more and the simulation is 
immediately dropped. 



 
 

 

4. CASE STUDY: A M ULTI-BOARD SPIKING NEURAL NETW ORK 

This section describes our multi-board system dedicated to emulate spiking neural networks. The system is designed to 
simulate adaptive neural networks with high degree of realism. To maintain the required accuracy during simulations, we 
apply the allocation scheme presented in previous sections to our system. After a brief description of the system, we 
describe the access topology with an illustration of its operation. Characteristics of communication media are given 
along with some insights of the transmission mode. Finally, a numerical analysis of the application of the local allocation 
scheme on our architecture is detailed, showing that message constraints are satisfied. This section does not mention the 
clock synchronization or detailed description of any fault situation.  

4.1 System  description 

Fig. 3 shows a photograph of the global system. The current version of our system can host up to 140 neurons spread 
across 7 similar circuit-boards and can be extended up to 400 neurons over 20 boards all connected to a backplane with 
daisy-chain facilities. Each board is a six layers full-custom board which hosts 4 analog ASICs and one Xilinx 
Spartan3™  FPGA. Each ASIC incorporates 5 neurons which compute in analog mode conductance-based models 
following the Hodgkin-Huxley formalism [16]. Individual neurons produce in continuous time action potentials that 
express their intrinsic dynamic properties as well as their response to stimulations. Neurons are fully reconfigurable via 
parameters that select conductance-based ionic channels and characterize their response to current inputs [21]. Neuron 
type, firing rate and response to stimulus can be configured in each neuron. W hen the neuron output comparator detects 
an action potential, a digital 1-bit event is transmitted to the FPGA. In turn, the FPGA transmits the address of the firing 
neuron across the communication channel according to the token-ring access policy. In the meantime, the other FPGA of 
other boards scan incoming events and select addresses that have a connection with one or many local neurons. The 
system is designed to be flexible, providing reprogrammable connectivity. Input events are selected according to 
“virtual” connections stored in each FPGA. Finally, the FPGA computes synaptic changes following STDP rules [17], 
and generates a digital pulse whose width encodes the synaptic weight. This pulse triggers the transition to the opening 
state of the synaptic channels in each postsynaptic neuron. 

 

 

(a) (b) 

Fig. 3. (a) The global system consists of a rack with a backplane connecting up to 20 boards. Inter-board communication is 
assured by FPGAs interfacing neurons of a given board to neurons located on other boards. (b) Each board contains 20 
neurons spread across 4 analog ASICs, one FPGA, SDRAM  memories and additional circuitry used to visualize 
neurons’ membrane potential. 

The network topology consists of 7 boards connected by point-to-point links forming a circle i.e., the token ring. A 1-bit 
pattern called the token circulates around the ring (from board i to boards i+1, i+2,…  until board 7, then to boards 1,2,..), 
granting permission to send messages (if any). M essage transmission is done asynchronously over a 64-bit parallel bus. 
Inter-board communication operates via one-to-many broadcast to further conserve bandwidth. The motherboard gives 
the kickoff of the token circulation and controls simulation evolution by scanning the activity over the parallel bus. Fig. 4 
illustrates system topology. 

The parallel bus is composed of a handful of 64 metal wires. Each wire supports a throughput of 25M bits/s. Since the 
FPGA is in charge to transmit messages over the bus, it must respect the bandwidth capacity of metal wires. Each FPGA 
can transmit messages with a throughput of 100M bit/s which must be divided by 4 to match wire backplane capacity. 
Thus, the amount of time required to transmit one message is 40ns. M essages are then asynchronously transmitted over 



 
 

 

the bus, which signify that there is no clock used to synchronize transmission between boards. This transmission regime 
causes problems related to sender/receiver synchronization because of clocks uncertainties (100 ppm in Spartan 3 
FPGA oscillator). To guard against message reception failure, issuer FPGAs code neural information over a period of 
40ns in such a way receiving FPGAs are sure to catch the right information. This asynchronous regime goes hand in 
hand with the bursty activity of spiking neural network. 

Spartan 3

Net. interface

20 Neurons

. . .VirtexIV
FX20

Net. interface

Digital Communication Bus (64 wires)

Board 1M otherboard

E
xt
er
na
l 
li
nk SDRAM

Net. interface

Board 7

Token-ring

Spartan 3

20 NeuronsSDRAM

 

Fig. 4. A common 64-bit bus ensures data transmission, while a ring wire transfers a 1-bit token across boards. Each board 
communicates with the rest of the system via a network interface. An extra board, called motherboard, is in charge to 
control the beginning and the end of token circulation, as well as to detect misbehaviors. On the other hand, it links the 
whole system to an external workstation. 

4.2 Application of the bandwidth allocation schem e 

This section states the application of the proposed local allocation scheme in the case of our 7-board system. Network 
parameters as well as node parameters are expressed numerically. As a result, we show that deadline constraints are 
satisfied even though the worst case occurs. 

The worst case situation in spiking neural networks: In spiking neural networks, when there is a priori knowledge that 
not all nodes are likely to produce events at the same time, simultaneous activity can happen though. Combined with 
“all-to-all” connectivity, simultaneous activity leads to the worst case situation. This situation floods the system with the 
largest number of events within a short span of time. Therefore, buffers of outgoing messages will be flooded by a large 
number of messages and the demand of communication resources increases instantly. In our system, neurons are 
configured to fire at maximum 100 spikes per second. Hence, the worst case situation can happen 100 times per second. 
The system is then periodically faced to the worst case situation (with a period of 10 ms). The communication policy 
must deal with this critical situation by guaranteeing message deadlines and providing enough buffer size to convey 
messages over the bus without any data loss. It is obvious that if deadline constraints are met when the worst case 
happens then they are met in all other possible cases. It is sufficient to assess constraints for the worst case situation to 
reach a conclusion about system performance. 

Determining TTRT and THTmax parameters: Starting from the hypothesis that all boards have the same timing properties, 
we fixed a deadline D = 20µs for all nodes. This value is determined so that the message arrival delay does not induce a 
big variability in the integration process being modeled for cell body i.e. the impact of 20µs delay is jugged tolerable. On 
the other hand, the token takes 40ns to move from one board to another leading to a token walk time of  = 0.28µs 
(40ns * 7 boards). The TTRT parameter is then calculated according to (14) and it is equal to 2.37µs. Consequently, we 
calculate THTmax using (10), and we obtain 0.31µs as a maximum time assigned to a node to transmit its messages. 

Real-time-constrained message transmission during the worst case situation: Using the 64-bit bus, one message can 
encapsulate 3 events either time-stamped neuron addresses or synaptic changes. Knowing that THTmax is equal to 0.31µs, 
the maximum amount of messages that might be transmitted during token possession time is 7 messages (40ns to 
transmit one message), which leads to a total of 21 events (7 messages * 3). As mentioned earlier, the worst case happens 
when neurons fire simultaneously. W hen that happens, 20 real-time events – corresponding to spikes of 20 neurons – are 
accumulated into the FIFO of each node. The node has then to transmit 7 real-time-constrained messages over the bus. 



 
 

 

Thus, all real-time-constrained messages may be transmitted during one token rotation time. The deadline D is then met 
because TTRT = 2.37µs < D = 20µs.  

M emory-constrained message transmission during the worst case situation: The worst case situation also implies that 
neurons are all-to-all connected. Since we calculate the plasticity of afferent events in each node, the offered load of 
memory-constrained messages is averaged to 54 messages (160 events) for each node. This amount of messages is 
released every 10ms. Having a buffer size of 1000 entries, we can store messages for DM  = 60ms. However, 54 messages 
require a little bit less than 8 * THTmax time to be transmitted, which leads to a maximum waiting time of outgoing 
messages less than 8 * TTRT = 18,96µs < DM  = 60ms. 

Satisfying deadline constraint: First of all, let us calculate the global amount of time required to transmit both real-time-
constrained messages and memory-constrained messages generated in the worst case situation. W e need one TTRT to 
transmit real-time-constrained messages and eight TTRTs to transmit memory-constrained messages. In total, we obtain 
a value approaching 9 * TTRT = 21,33µs < 10ms. M essages are then transmitted quickly enough for the deadline 
constraint to be satisfied in the worst case situation. This result is also proved by means of worst case achievable 
utilization. The worst case achievable utilization at a node i is calculated according to (11) which leads to Ui* = 0.1095. 
The worst case achievable utilization of the network, U*, is obtained using (12) and worth 0.766. As a conclusion, 
deadline constraints are met if utilizations of all nodes are less than 0.1095, and the global network utilization does not 
overtake 0.766. 

This numerical analysis concludes that using the bandwidth allocation scheme defined in (7) and respecting the deadline 
and bandwidth allocation constraints, deadline misses are avoided. This is due to the integrated method used to select 
network parameters THT and TTRT which offer high network responsiveness while maintaining a high available 
utilization.  

5. CO NCLUSIO N 

This paper has proposed a token-ring access topology applied to the field of distributed real-time spiking neural network 
simulators. In such systems, handling event timings is crucial to avoid simulation misbehavior. W e have shown that 
event deadlines can be guaranteed by selecting the network parameters – the bandwidth allocation time (THT) and the 
target token rotation time (TTRT) – in an integrate fashion. W e have also proposed a local bandwidth allocation scheme 
that utilizes the information regarding the network activity, network connectivity and real-time message deadline in 
calculating THT of each node. This allocation scheme does not compromise the simplicity of the protocol 
implementation since it uses local node information in communication media access control. Practically, we have shown 
a simple access algorithm that may be easily implemented on multichip approach systems. 
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