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1. Introduction

Spiking neural networks (SNNSs) are neural networks
that use spikes (pulses) to represent information. Spikes
are used not only for input and output signals, but also
for signal transmission between units that make up the
network. Units themselves have an ability to handle
time-series information and are expected to process
complex time-series signals. In addition, SNNs are
highly adaptable to chip manufacturing and can be
implemented using event-driven processing [1]. So, they
consume less power than conventional neural networks.
However, the operation of SNN units is more complex
than that of non-spiking neural network (NN) units. This
complexity makes SNNs difficult to scale up compared
to non-spiking NNs.

Many attempts have been made to handle large NNs
(both spiking and non-spiking). In the case of non-
spiking NNs, various attempts have been made: devising
new learning methods, parallelization, and network
model. Especially, network model affect on network
performance (learning and generalization ability). For
example, the activation function, which is used to
determine the output of the units of non-spiking NN, is
replaced from the biological sigmoid function, which
used in conventional non-spiking NNs, to a function
such as ReLU [2]. The replacement improves both the
computational cost of operation and the learning
performance in large-scale networks. For SNNS, various
network models were discussed. But, the discussion is
mainly done from the view point of modeling biological
neurons. So, it is necessary to discuss network models
from the viewpoint of the performance in large-scale
networks.

In this paper, we discuss affect of the similar re-
placement on SNNs. Concretely, we discuss the effect
of replacement of the spike response function (SRF),
which is similar to the activation function, from the
viewpoint of the relationship between network size and
learning performance. SRFs are used to determine the
internal states of units in SNINs. Our research group has
discussed the effect of the replacement of SRF by its
approximation. In reference [3], it was shown that the

approximation brings the speedup of network operation.
Since both computation cost and learning performance
are important for NNs, we should discuss the effect of
the replacement from the view point of learning
performance. For example, the replacement should be
inefficient if it degrades the learning performance. To
discuss the learning performance of large SNNs, we
conducted experiments with various scale of SNNs and
various approximated SRFs.

2. Result and discussion

We have previously shown that exponential SRF can
be accelerated by using a polynomial approximation [3].
In this paper, we investigate the leaning performance of
SNN with approximated SRF. We discuss the change in
learning performance by approximated SRF through
experiments. In experiments, following SRFs are used:

+ Original SRF function(refer as “orig”)

t t
—exp|(1l-— —) ift=0
e(t) = {rs p( . f 1)
0 otherwize
* Linear approximation of orig (refer as “linear”)
t
— ifo<t<tg
TS
et) =1, +K—t 2

iftg<t< K+,

0 otherwise

Experiments were conducted on two different types
of data sets, NMNIST and oxford. NMNIST is a data set
for digits recognition task. For NMNIST data set, we
evaluate the learning performance by the recognition
accuracy. Oxford is a data set for drawing a picture on
time-units plane. For Oxford data set, we evaluate the
learning performance by the loss, which is used for



evaluating the progress of learning process. The less the
loss is, the better the result is.

The results of the experiment are shown in Figures 1
and 2. These figures show the learning performance for
various network size (the number of layers) using each
type of spike response function (orig and linear).
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Figurel. Oxford experimental results
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Figure2. NMNIST experimental results
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From figure 1, all network sizes in the oxford dataset,
using the approximation has lower values for the loss
function and better learning performance than using the
original function.

From figure 2, the 5-layer and 10-layer networks
achieve the same learning accuracy with the
approximation as with the original function, while the
3-layer network achieves a lower learning accuracy
with the approximation than with the original, but the
difference is 0.1%, which is almost the same.

These results show that the use of approximations
does not degrade learning performance, and that some

datasets, such as oxford, can achieve higher learning
performance than using the original.

3. Conclusions

In this paper, we examined the effect of spike
response function approximation on SNN in terms of
learning performance. From the experimental results, it
was found that the learning performance with the
approximation of the spike response function was
equivalent to or better than that with the original spike
response function.

Combined with the reduction in computation time
[3], the SRF approximation was found to be an
effective method for constructing SNNs.
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IEL®HIC
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ST BHED—DTHY, T—2hbava— K RHETEEL, T—20NRICH S
=R R — v R FERA T 2 F55CH 0, Al #FEHT 272007 — 2 9tHdlio—oTh 5.
PEPRCEE S, AR B, BAS s s SRIAVIERI T, Z D7 o EECE
¥, =TT AV, T Ll ELTESRR IR 5 Z L 3T E B [1-4]. \EFOFHE
IZ72 > T\ % ATEHff & LT, OpenAL #EIC X 5 GPT &\ 5 KR SEEE T 435 5. GPT
FEHICE S & Al BREDOTF A T — 2 & E L, RO SEIHORES % Bic
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1.2
—a—F)%v ;7—% (NN)

NN 1% 1943 i McCulloch & Pitts IC X 3P =2 —m v NS =2 —n v ET L
DFEHIHF E LT 3[6]. 1958 4, Rosenblatt (3= 2 — v v 2 RLicHHli S~ —& 7t 1
v EWHINBH]D NN AL S n/z[7). BIED NN A8, dhitlfE, HfE o shc
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RWEE DT HMEE L & 2 3[21]. Temporal coding % fV:72 SNN & LCE FXE4E
TNARFEEDGRFE I NTE2[22-24]. ZDOHD—DTH 2 Sumit HiC X% SLAYER & \»
3 HEEICOWTAINFECIZE H T 5 (25]. SLAYER (13— 070 325 nfid 2 v 722738
ETHB. Lo L, (EROEES ML L Bie ) SLAYER 13855 %8RI > Ty
BELEE 21T, ZUC kY, R E 2 FF> SNN OFfEZ X S I1ciEnr LzBE 72 )
FERER L L CORIUROMER AT L T 5. E72, SLAYER OFHE LI X - Tifita
TV RFIECHEWTUE, GPUIC X 2R B0V Tl b @b 720 055D 52
FRicI T3,

ZDXHIC SNN 2B 28R eritid S F XA TIASUAELTED, Ay
N — 2 ORBIALICEIGTE 2 5 2 tBIZTEDODH S, LivL, v b7 — 2 2SRHiE
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ICBWT, JOEBIEEERIC X b SNN OB DL IRETH 5 L 03 h o 72[26]. L2
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R, 2=y F OBEWERFHIICRT.

SNN CIHERIEICEA I NS 254 251 RQ.DD X S ICEREINS. TTT, i ki
HHOZ=v b, §¢) 374 7 v 7@ § B ¢,V 13254 2515835 f %&H
DAL 7 DR TH 5.

si(b) = z 5(t— ;). 2.1)

Fx=y M i AJITRAA 25 5;(t) #ZTHY, Tk e(-) TIOBFICERL 7=
%, WEOME w; ICX VEADTT S, () 13, 24 7&K TH HhQ.2)TEINS.

t t _
e(t) = {Z exp (1 N Z) ift=0 2.2)

0 otherwize

F 7z, @ L2FEK () 2720, B O RASA 27BN LT, PERERL % #1IH]
TRICEREKT 5. COIERERT B v() GBI U3 D X 5 itk
F. 2=y P OWNEEL u(t) X, Tho OB BAALTHET (x) #HTRQHD
oricRIN%.

t t _
v(t) = {_Zeﬁexp (1 - Z) ift=0 (2.3)
0 otherwize
u(®) = ) wie *s)(0) + v+ 5)(0) (2.4)

Fa=y M3, CONTREMADH O LOED OGN LEWE 0 27z & ZICFHAL,
ZNA 2 RHNT 5. 2D XD ICHERERD b 25 ZH~DZ T B E £.() T
%, £7z, 2= v MUOESRICIFEENS AT 2. 22T, RQHD e(t) 13, Wil
BN d ZEAT e4(t) = e(t —d) RV,

%Jd SNN IZB T, B 1 J@oa=y % N, fll, 5 | 255 (1 +1) B~0fEs
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a®(t) = (g4 +sD)(0) (2.5)
ut V() = wOa® (@) + (v + s (0) (2.6)
st = £ (D) (2.7)
2.2
SNN DOFEE
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RQ.YTHI NS,
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vwOE = f ' s (p) (a(l)(t))T dt (2.13)
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VaOF = — f a0 - e D (e)dt (2.14)
0

H(@2.12DHEAT © (FFHETIAIC BT 3 EREOMHBERHER, XQ21DD a, p 1ZIWHE
fre LE WD FHICE X 2BORE SBT3 EREERL T 5. K(2.19),
K(2.14)% ADAM 7z & ORI BIECE TiEZ W CTENEND T X — X DiEf Lz AT
J.

T T T SLAYER ICOW T OEEHIANIC oW~ 7-. SLAYER (33¢Hk[25] ©2
E5— & L LT NMNIST % TIDIGITS, DVS Gesture 72 £ D & F T RffH DT — X & v

b EHGTERRT o 7255 R, ftho 8k e W THE WSS 2 EK TE T 5.
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EBIDRIRER

T 2% C SNN OENEDHHACEEEICOWTIRRT & 7. FHGEL T TR
75TV, EEETEEST 20680 NN & R L T X Y ROl BifFx2 35 Z Lic
X o TEGIBREN AR S T 2 B D B 2. ZhU3, TEkD NN LHia=y |
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