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A method of assessing the quality of digital neural networks
is proposed. This method, which consists of calculating a few meas-
ures, provides indications for network qualities, without specifying
the processing elements. This feature makes the proposed method
applicable to a variety of architectures. The method is demon-
strated for three different architectures. The insight gained by
measuring them suggested several improvements, whose contribu-
tions are predicted by the method.

INTRODUCTION

The goal of this paper is to define some measures that can be
applied to a variety of adaptable, digital, synchronous silicon
implementations of neural networks. These measures are intended
as a tool for analysis of given implementations qualities, as well as
a design aid for the development of new structures. They should
reflect network model qualities such as speed, complexity and
efficiency!3. An attempt is made to make those measures as
independent as possible. They must not reflect the technology used
for implementation. Nor should they be affected by design decisions
that can be easily modified.

The characteristics of neural network implementations are
dictated by the performance of every processing element (PE) and
by the inter-connections between them (the network). Our work
concentrates on the network performance. This is useful because a
large variety of networks can be compared, some of which have lit-
tle in common in terms of PEs. It is also claimed that the PE design
requirements are derived from the network design. In order to
demonstrate the proposed measures, three networks 46 are
analyzed along the paper. The networks have different network
architectures and various PE implementations. Still, they are com-
parable.

The paper is organized as follows. The criteria for measure-
ment are presented at the first part of the paper. The next three
parts deal with deriving the characteristic figures from the three
analyzed architectures. A comparative summary and a discussion
are given in the last part.

ITERIA FORM EMENT

In this paper, the hardware implementation of the neural
network is called "the network". The virtual neural network which
is emulated by the hardware, is referred to as "the problem”.

The following qualities are regarded as representative of a
network model performance:

A) Convergence time, calculated by taking into account the typi-
cal bandwidth of the supporting interconnections.

Efficiency, which is the portion of processing elements that
actually carry out calculations.

Complexity, which will reflect the amount of wires required
for implementing the interconnections.

B)

9]

Convergence Time

Convergence time, marked here as 1, will tell about the raw
power of the network. This measure ignores the cost of carrying out
the calculation. It classifies networks according to how fast they
can come up with an answer.

Three network styles where selected as test cases: a fully con-
nected net, a feed forward layered net and a layered net using mul-
tiple back propagation 2. In all models, when implemented on syn-
chronous hardware, the network steps from one state to another,
through some transient phase. The amount of time required by
each transient phase is determined primarily by the interconnec-
tion bandwidth. The measurement of transient phase will serve as

the speed measure. It will be counted in cycles, measured between
two consequent activations of the update function.
The following parameters will be used for calculations:

N  The actual number of neurons for the problems.

P  Number of available processing elements.

K Number of layers for the layered cases.

M; Size of layer i for the layered case. (0<i<k). Mi will be the
input layer, Mg will be the output layer.

Efficiency

Efficiency will indicate how much of the available computa-
tion power really goes into solving the problem. It is marked here
asn. Itis important to distinguish between PEs that actually cal-
culate neuron states and those that do shifts or serve as registers.
Processing elements used for registering or shifting are not doing
"real” work. They are backing up a shortcome of the communication
system. Such PEs will be counted out, in order to maintain the
intuitive meaning of efficiency.

Efficiency is bound to change according to the network para-
digm employed. Again, the fully connected case, the feed forward
layered case and the back propagation layered network are used as
benchmarks. Efficiency is also depended upon the relation between
the network size and the problem size. Three cases should be con-
sidered: when the problem is smaller than the network (called here
"ander-utilization"), when the problem and the network are of
equal sizes and when the problem is larger than the network
(called here "over-utilization”). The derivation of measures for the
under and over utilized cases is not described in detail, due to the
limited scope. However, the results can be found in the summary.

mplexi

All the discussed models can be directly implemented. The
complexity of wiring is of primary importance when dealing with
micro-electronic implementation. It will be only fair to include a
measure of wiring complexity, as a counter balance to all the meas-
ures affected by communication bandwidth. The basic entity sug-
gested for measuring complexity, is a “track”. A single bus connect-
ing all processing elements is considered to occupy a track. Any
number of busses can occupy the same track, as long as non of the
processing elements is connected to more than a single bus. When
two busses connect the same processor, they should be counted as
two separate tracks. The direct implementation of a fully con-
nected net of N neurons would cost N tracks. This is just the
amount of communication that will be needed for a basic cycle in
such a net, when implemented using a single track.

This measure is rather coarse, as it doesn’t take into account
the actual topology of the wiring. It also fails to account for inter-
connecting circuitry such as registers, switches and such. However
it will reflect correctly the size limit imposed by the architecture.
Parameters like die size and pin count may be used to refine the
complexity measure. Complexity will be noted by .

T KA

The network marked A is described in paper 4, Linear Systolic
Neural Network Engine. lts basic architecture is of a single
turoidal ring of PEs (See figure 1). Each PE is connected to its two
direct neighbors. The basic communication operation involves a
PE writing an output and its successor reading it. As all PEs act
synchronously, the whole system can be regarded as a long shift
register. Every PE has a local bank of synaptic weights. Every pro-
cessing element represents a single neuron. The basic cycle of
operation involves all PEs writing their state onto the shift regis-
ter. A sequence of P-1 shifts expose every PE to the state of all
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Figure 1. Network A connectivity.

other PEs, one at a time. During this sequence new activation
values are accumulated for every PE. At the Pth step, every PE cal-
culates its new state. For the layered cases, one must divide the
PEs to K equal segments, each of the size of the maximal layer
required. The calculation cycle is the same, with the exception that
some connection weights are set to zero.

el T it

The described form of operation suggests that a fully con-
nected network consisting of N neurons will take N shifts, or basic
communication operations to calculate the next state. This is under
the assumption that exactly N PEs are used (N=P).

As mentioned above, the layered case can be considered as a
fully connected net, with some of the connection weights set to 0.
Feed forward nets can work in pipeline, if the learning paradigm is
local to each layer. In that case, all layer values can be calculated
during a full P step shift. Those values will represent K consequent
steps of network states.

Back propagation is difficult to implement, due to the fact
that every PE must sum the error feedbacks, multiplied by the
synaptic weights between itself and all the PEs on the next layer.
For a naive implementation, this will require maintaining the
weight matrix twice. Once at the receiving layer, when the net is in
the feed forward phase, and once at the sending layer, for back pro-
pagation. The way around this problem is described in 5. Instead of
propagating back the error value, each PE propagates the error
value multiplied by the synaptic weight between itself and every
PE on the preceding layer.

For network A, a full P-1 cycle shift is required to deliver
error feedback. This full shift is required M; times when layer i+1
feeds back to layer i. Thus

1=(K-1)*M*P ; where M= n,_\fs%x(Mi) .

(There can not be any pipelining during back propagation.) As the
cost of back propagation is dominant over the cost of the feed for-
ward stage, the second is neglected.

Effici 1

For the fully connected case, when P=N, all PEs carry out a
calculation on every time step. This yields efficiency of n=1.

The efficiency calculation in the feed forward case will use the
fully connected case as a base line. The difference here lays in the
need to use layers in the size of the maximal one. This results in a
number of leftover processors that do nothing except shifts
throughout the process. The efficiency is therefore (with K stage
pipelining):

- * N_ .
T = TMbase Prey N

where Preq = K* nif%x(Mi) .

The efficiency in the back propagation case is low. Assuming
that layer i is feeding back to layer i-1, each PE in layer i must cal-
culate the multiplication of its error value with the weight of the
connection to every PE on layer i-1. That gives M;; time steps,
when only a single PE of level i is doing calculations. After every
value is calculated, it must be communicated to layer i-1 for sum-
mation. Summing up the partial results should involve Mi.; PEs
of level i-1, for a single step. The efficiency will be, therefore the
ratio between the above calculation and the available number of
PEs (P) multiplied by the total time required for the process.
Namely,
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Network A has a single dimension of communication. On this
dimension every PE has a single input and a single output. This is
considered as a unit complexity measure, thus, according to the
above definition: y =1 track.

NETWORK B

The idea behind network B is described in 5, Implementing
Digital Neural Network On A SIMD Processor. Though the paper
does not suggest direct implementation in hardware, the architec-
ture can be used for that purpose. The basic architecture is a vec-
tor of PEs connected in line (See figure 2). In order to optimize the
architecture for the multi-layer case, two channels of communica-
tion are provided. One for the inputs and one for the outputs. For
the sake of the multi-layer back propagation, the communication
shift registers are made bidirectional. That way error values can be
delivered form one layer to its predecessor without involving other
layers. The input and output shift registers can switch information
by means of a special switch, located between every two PEs. Typi-
cally, those switches will be set at layer borders.

Figure 2. Network B connectivity.

Iculatin n nce Tim

For fully connected nets, during the initial state of a basic
cycle, every PE writes its current state to the output register. The
output shift register must be connected externally to the input shift
register. Trough this connection, all the current states are fed into
the input shift register. Exposing the first PE to the states of all
others would cost P-1 time steps. Additional P steps will be
required to cover the distance to the last PE. At the 2Pth step the
new state of each neuron is calculated.

According to the above, when P=N the convergence time will
be 1=2 * P time units.

In the feed forward case, the calculation time is depended
upon the size of the input too. The notation Mg will serve as the
size of the input to layer 1, heron.

The computation of every layer i depends on the size of its
input, Mi.1, and its own size (M;). The computation for each layer
terminates when the last input has passed the foremost PE. This
will require M; + Mi_; time steps. The time required by the whole
computation will be determined by the slowest layer.

= maxMicy)
=1

In the back propagation case too, network B is optimized for
the task. Propagating the error from layer i to layer i-1 still
involves Mi; multiplications by every PE of layer i. Feeding back
the intermediate results is much shorter for network B, involving
only M; additional shifts, at most. The accurate figure is

1= gn ; where 1, = ﬁMﬁ-wj .
1= F

Calculating Efficiency
It is already established that for the fully connected case N
multiplications and summations are required, in every basic cycle.



Thus the general calculation of efficiency in this case will be

_N
n= T
This yields =0.5 for the nominal case, where P=N.

The only idle time in the feed forward case is caused by the
imposed delay between two consequent inputs to the net, as dis-
cussed above. If all layers are of the same size this case yields
100% efficiency. The time delay between two consequent inputs to
the pipeline is T. During this delay all layers are calculated once,
causing PEs to be idle here and there. This yields an efficiency
measure of

g Mi1*M;
n ) .

Back propagation, performed according to the previously used
method is shown to employ a single PE for M;., time steps, and
then M;_; PEs for a single step, when feeding back from layer i to
layer i-1. This process is repeated M; times for that layer. There-
fore the efficiency in this case is calculated as

22*Mi_l*Mi M *M;
1= i = .
P* P*$' M*(0.5Mi+Mi_y,
Calculating Complexity

Network B uses one dimensional communication. Two
independent shift registers serve as communication channels.
Therefore, the wiring complexity is = 2.

NETWORK C

Network C is described in €, Customizable Neural Network On
Silicon. It is intended as a general purpose neural network. The
PEs of network C are arranged in a matrix (See figure 3). On
every border between rows there is a bus connected to PEs on both
neighboring rows. These busses can be separated to segments, by
soft-switches that are located at every column border.

The basic arrangement suggested by ¢ is achieved by using
the soft-switches to form a kind of a ring. However, as the architec-
ture is very flexible, we took the liberty of suggesting different
arrangements, for calculating the measures. Both arrangements
yield the same results.
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Figure 3. Network C connectivity.

Iculating nvergence Tim

Using a fully connected setup, every PE has one bus segment
that is shared with its predecessor and one that is shared with its
successor. The first will be used for input, while the other will pass
the output on. Under these conditions, network C performs exactly
as network A. There is a single difference, however, in the case of
under-utilization. Because the ring of network C is constructed
using soft switches, one can tailor the network to the exact size,
bypassing units that are not actually in use. This implies =N for
the nominal case.

In a feed forward layered net, it is better to have separate
shift registers for input and output, as demonstrated by comparing
networks A and B. Network C can not be set up to form two shift
registers. Instead, a single cyclic shift register will be used between
layers. The shift register has the size of the number of inputs. It is
loaded in a single step, in parallel. The values are dispensed by
moving them around, so every PE gets to read them all. This pro-
cess takes exactly the size of the input time steps.

Due to the restrictions in network C architecture the output
of two consequent layers must be separated by at least one time
step. Therefore the output stage will take two time steps. This
method employs M*K PEs while a calculation step takes

t=M+2 while M= r?f%x(Mi)

time steps for the nominal case.

In the back propagation case too, the preferred attitude is
using two separate shift registers, one for input and one for output.
Alternatively, a cyclic shift register is used between each two
layers. Assuming the same implementation as in the layered case,
the back propagation process involves M cycles of each shift regis-
ter. Every PE of the propagating layer will use a single cycle of the
shift register. During that cycle it will calculate the error value
multiplied by the connection strength to each PE on the accepting
layer. After M steps, the shift register has all the values, and all
the PEs on the accepting layer read them in, during a single cycle.
This process goes on for all the PEs of the propagating layer.

The process described above takes M2 steps per layer. This is
accumulative, as no pipelining is possible. This yields 1= K* M2.

Iculating Efficien

Considering any of the arrangements mentioned for the fully
connected case, it is obvious that each PE does a calculation on
every time step. Therefore n=1.

Efficiency in the feed forward case is lower than the
corresponding setup of network B. This is due to the fact that the
size of the shift registers is determined by the size of the hardware.
The nominal case yields high efficiency, though. During a single
calculation, all the PEs work all the time, except for the output
phase. During the output phase half of the PEs are idle. This yields

M

M+1

As for networks A and B, efficiency in the back propagation

case is low. On every stage of the back propagation process, one PE

is calculating M results and then M PEs read an input. This hap-

pens M times for each layer, taking M+1 time steps per layer. This
process is repeated K-1 times. This yields

M x1, _1 «M _ 2M
M+l P M+1 P (M+D*P

'n:

2
P

lculatin mplexi
Every PE in network C is connected to two bus segments.
This yields a complexity measure of x=2. Though network C needs
VP connections to the outside world, (Unlike networks A and B that
need a constant number of connections), its internal wiring is not
more complex than network B.

NCLUSIT
Summary of results

This paper has defined some measures for the evaluation of
neural network hardware architectures. Those measures where
used to analyze the three networks discussed, demonstrating their
features and suggesting enhancements. Tables 1 to 3 summarize
the results.

Table 1
Complexity summary -
Net A Net B Net C
1 2 2
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Table 2 Discussion
Convergence time summary - T The speed measures that where established above, reveal that
two among the networks are optimized for a specific neural net-
Case NetA Net B Net C work paradigm. Network A is optimal for fully connected architec-
Fully Connected tures, while network B is suited for the layered cases. By consider-
N=P P » N ing problems that don’t fit the hardware on a one to one mapping
basis, it is shown that the one dimensional connectivity of networks
N<P P PN N A and B yield to the performance of network C.
The efficiency measure have demonstrated the claim that
N>P An N N . {N back propagation is hard to implement in hardware. The impor-
N* P |4p |t N P tance of flexibility in the interconnection is highlighted as well.
Network C which is the most flexible, is more efficient than net-
ie;d Forward work A or B for all cases but one.
= P K. x oSO The complexity measure reveals that network A is more sim-
max(My) +oax(My) ple than networks B and C. Networks B and C have the same com-
N<P K . plexity, meaning that they are comparable on equal basis.
P mex(M;) 2+max(M;) Beside using measures to predict performance, they can be
NoP used to suggest and asses improvements to the connectivity archi-
> e [y_ ] ‘g}i Koy  tecture. One such improvement regarding networks A and B is
P S | ofxqMy)  Trom | — P providing a "shortcut” communication channel that can be used to
P exclude surplus PEs, when the problem is smaller then the
Back Propagation hardware. The improvements in performance can be seen by com-
N=P parison to network C results.
(K-l)Pnilfalx(Mi) Z(Mi(%+MH)) K(nili%X(Mi))'-' Network C can benefit from separating the input and the out-
h put bus segments. This will enable to build up two communication
N<P ) channels per PE, rather than one. Again, the improvement can be
K oo M K. oar s ,
(K-DPmax(M) g(M‘(T"M"‘)) Kimax(Mo» predicted by comparing network C to network B.
N>P
oo [ﬁ\ Sonfim ) Koy Layer 1
P ! 2 =1 rooeee P i Py Nt ke P iyt 2
! ST &~ -1
HiL PE.LGYIL] P.E.LIGiL| PE.
: 11 i 2.2 i 3.1 i
Table 3 ;
Efficiency summary - n i peLail e Lail] pE Ll
In the next table: C= [%‘\ H M=1:Ex:(alx@4i) :.‘ 3. _1_'2_____ H 2.3 i 3.2 E
Case Net A Ne:B Net € il e e il pE i PE Ld
Fully Connected 22 24 [1F 33 [}
N-P 1 1 1 H < o roN ys N N '
2 [N, = — b= AU, A< AN ) 2 SENR A 4
N<P N N L Layer 2 Layer 3
P P+N Figure 4. Network C enhanced to emulate network B.
N>P N N N
C*P P(C+D) cP Figure 4 shows the suggested modification to network C
Feedlgoll;ward architecture. The soft-switches are set to emulate network B in an
= N _ M arrangement of three layered net.
—_— Mi1M;
K mlgx(M") L M+1
o P2
REFERENCES
N<P N. N _— MZK EFERENCE
P K ofxM) g i M+DP .
=0 P2 1 P. Treleaven, "Neurocomputers - Research notes”, UCL,
N>P N N X MIK January 1989.
C.p‘——_K oo 2 MMy TP 2 D.E Rgmelhart, J. L. McClelland et al. "Parallel Distributed
=0 CP? Processing” Vol. 1, MIT press, 1986.
Back Propagation 3 Igs;, Minsky and S. A. Papert "Perceptrons”, MIT press,
N=P 4 S. Jones, M. Thomaz, K. Sammut, "Linear systolic neural net-
v 22}»{ M, M s .
&M Vi M+ 1P work engine”, IFIP Workshop on Parallel Architectures on
PAK-1)M PYM(0.5M+M;.1) Silicon, Grenoble, France, December 1989.
= 5 D. J. Myers and G. E. Brebner, "Digital neural network on a
N<P K oMM KzM-.,M- 2M SIMD processor”, IFIP Workshop on Parallel Architectures on
- = 4+ DP Silicon, Grenoble, France, December 1989.
PaK-1M PgMi(0'5Mi*MH) 6 J. Ouali and G. Saucier, "Customizable neural networks on
NoP - silicon”, IFIP Workshop on Parallel Architectures on Silicon,
é?‘MiMu i2Mx—lMi ——(N?‘?II)P Grenoble, France, pp. 18-31, December 1989.
CPREDM = 7 Y. Kashai and Y. Be'ery, "Comparing Digital Neural Network
P,g Mi(0.5M;+Mi-0 Architectures”, IFIP Workshop on Silicon Architectures for
Neural Networks, St. Paul-de-Vance, France, pp. 11.3-11.24,
November 1990.
2,445



