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Abstract—We present a novel network of oscillatory units,

whose behavior is described by the amplitude and phase

of oscillations. While building on previous work, the systen
presented in this paper significantly improves existing for
mulations by simplifying the network architecture required,
presents a simple objective function to understand the systn
behavior, and demonstrates the ability to solve deconvolign
and segmentation problems in an unsupervised manner.

We derive the network dynamics from an objective function
that rewards both the faithfulness and the sparseness of
representation. The resulting network architecture is sinple,
and the dynamics are straightforward to interpret. This network
functions in an unsupervised manner, and is able to form unige
representations for a set of inputs. Once the set of inputs
is learnt, the network can deconvolve mixtures of inputs. A
significant capability of the network is that it segments itsinputs
into components that most contribute to the classification ba
given input object. The network dynamics is such that the urtis
exhibit synchronization through phase locking after an intial
settling period. The behavior of deconvolution is determied by
the amplitude of units in an output layer, while segmentatio
is simultaneously determined through phase similarity betveen
the input and output layer units. Thus, the network exhibits
the binding of specific input units and the output units that
represent a classification of these input units by means of @se
similarity.

Learning is unsupervised and based on a straightforward
modification of the traditional Hebbian update by including
relative phase information. We demonstrate that efficient eg-

of excitatory units connected with lateral excitation. Ead
these excitatory units receives sensory input. Furtheemor
every excitatory unit is connected to a global inhibitoryitun
which receives excitatory inputs, and sends inhibitoryalg
to each of the excitatory units. Segmentation is exhibited i
the form of temporal correlation amongst the activitieshef t
different excitatory units, so that the units that are syaeh
nized represent the same input class. Some of the limitation
of this approach include the need for a global inhibitory
unit, and the inability of this network to disambiguate aitge
with partial overlap. Indeed, a number of approaches dérive
from [5] inherit the same shortcomings [6], [7], [8], and
therefore the issue of effective segmentation by netwofks o
synchronizing units still needs to be addressed. In sulesgqu
sections, we will introduce a novel network architecturat th
can efficiently segment overlapping one-dimensional iaput
and can potentially be generalized to higher dimensions.
Segmentation can also be considered a solution to the
binding problem [9], an issue extensively discussed in the
neuroscience literature. The problem, which can be traced
back to Rosenblatt, states that neural networks do not have
the capacity to encode superimposed inputs (Rosenblatt’s
superposition catastrophe [10]). The essence of the kindin
problem is that relationships that exist between featufes o

mentation can be achieved even when there is considerable @n object at a given level of abstraction may be lost when the

superposition of the inputs.
Index Terms— deconvolution, binding problem, phase corre-
lation, synchronization, oscillations.
I. INTRODUCTION

Deconvolution and blind deconvolution (i.e. identifyirget

features are distributed across a network at multiple o€l
abstraction. For instance, consider the human visual syste
(HVS) looking at four edges that make a square. The HVS
is able to identify the edges, a low level representation,
with a square, a high-level representation. In the presence
of distractors at the low level, consisting say of other

presence of specific objects in the visual field) have beejbjects, traditional neural networks cannot segment tged
extensively studied in the neural network literature [1h O corresponding to the square from the other elements. One
the other hand, segmentation, which refers to the abilityay of tackling this issue in a neural network architectsre i
to identify the elements of the input space that uniqueljp employ a variable independent from the amplitude, which
contribute to each specific object (i.e. establishing aesorrcan provide additional information about the state of thiésun
spondence between the pixels or edges and the higher-leethe network. An example of such an independent variable

objects they belong to), has been addressed more effgctivgd the phase of ongoing oscillations within elements of the
with non-neural approaches [2]. network.

However, inspired by experimental evidence of a role for
synchronization of neural responses in a variety of motdr an
cognitive tasks, and in particular in perceptual recogniti  \We will first introduce an objective function for vector
[3], [4], Malsburg and Shneider were among the first tguantization or sparse representation (cf. [15]), in whiids
propose the use of synchronization to perform segmentatigsumed that the inpuksdrawn from an input ensemble are
of a mixture of signals [5]. Their model consists of a layefrepresented by an output laygrthrough synaptic weights
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{W,;}, and such that a non-negativity condition is imposed
on the output layery; > 0Vi (see Figure 1). Note that the
outputy # Wx due to the presence of lateral interactions,



and the use of a squashing function to mgkeon-negative. units. The effect of5 on the performance of the network will
The objective function® is expressed as be examined in Section V-A.

1 1 1 We can gain further insight into the nature of the objective
E=(yWx—-y* — 3 Zwi + 5)\5()’»5 (1)  function by regrouping the terms:

2
ES = <Z UanmIm(l + ﬁCOS \Ilnm)
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where £ represents the input ensemble. The first term is

related to the faithfulness of representation, and rewtrels )

alignment between the network’s output and the feed-fadwar —¢ Z Yn(1+58) =~ Z YnYm (1 + Bcos @um))e  (7)

input. The second term is a constraint on the global activity " n#Em

and the third term is derived from imposing normalizatiowhereV,,,,, = 0,, — ¢, P = On — Oy o = (N — A(N —

of the synaptic weight vectors. The last term is defined as1))/2N, v+ = \/2N. This functional form is similar to a
hybrid Ising/XY model [16].
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S(v) = N ((yahw = (wn)ie) = Zyn - N(Z )" (@) [1l. NETWORK AND LEARNING DYNAMICS
n=1 n=1

o ] To obtain the network dynamics, we derive the network
where V' represents the network, consisting 8f units. \5qates to maximize the objective function in a short time-
Given the imposition of non-negativity of;, this term gcaie according to gradient ascent. Given the condition of

rewards the sparseness of the representation. IMposiAg NQsn_negativity on the amplitudes, we can choose the gradien
malization on the synaptic weights and whitening of the, polar coordinates:

inputs, the objective function can be simplified as:
aES 1 BES

Ayn AG, ~ —
Y Yn 00,
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E=(ywx" + SAS) = 5¥%)e ®) n

2 . - . .
. . o . Using this in equation 7 we obtain
assuming that synaptic normalization is enforced during

the maximization process. Applying gradient ascent to the Ay, ~ Zanxj [1+ cos(¢; — 0n)] — ayn

(8)

objective functionwrt y, one obtains the dynamics that J
maximizes it upon presentation of each input, and applying — vzyk[l + B cos(f — On)]
it wrt W one obtains the optimal learning update. A

In the above formulation, each unit in the network is
represented by a scalar value, say by an amplitude. If we
allow the units in the network to be oscillatory, each unit
is now represented by an amplitude, frequency and phase - 572% sin(6 — 6,) 9)
of oscillation. If the frequencies of all the units are close k
together, we can effectively describe each unit in terms of  A¢,, ~ Zanyj sin(6; — ¢n)
phasors of the formx,,e**~ for the lower layer and,, e~ j

for the upper layer. Herep, and@,, are the phases of the \ynereq — (N — A(N —1))/2N, v = A\/2N. To maximize

th ynit i i o ; N &
n'* unit in the lower layer and upper layer respectively. e ghjective function over the entire input ensemble, at

We will now introduce a generalization of the objectivey gjower time-scale, we perform gradient descent over the
function, denoted byz;, which is based on the behavior Ofsynaptic weights, yielding the learning update rule:
these oscillatory units. We show that the maximizatiogf

leads to an efficient segmentation of the inputs. Consider AW;j ~ yix;[1+ Bos(d; — 6;)] (10)

Aby ~ B Waja;sin(; —6n)
j

E, = E + fRe[C(E)] (4) Observe that this is a simple extension of the traditional

Hebbian learning rule.
where C[E] = E(p,q) is the complex extension of the
energy IV. NETWORK CONFIGURATION
_ 1 i We present here a network to perform dynamical segmen-
C(E)=aWp+ 2/\S(q) 214 ®) tation that implements the dynamics described in the previ-
ous section. The activation and phase variables are simply
interpreted by oscillating units described by an amplitude

and a phase. The phase for a given unit is derived from an

where p, = z,¢%", q, = ynei», (-) is the conjugate
operation, and

i N ongoing oscillation whose natural period is fixed for thait.un
S(q) = Z 4nTn — N(Z Qn)(z Tn) (6)  The period for a given unit is randomly drawn from within
n=1 n=1 n=1 a small range, which was € [2.0,2.1] msec. The network

which is analogous to equation 2. In these equations, tliynamics determine how the initial amplitudes and phases
parameter3 determines the weight given to the energyf the units evolve over time.

arising from oscillations, such that the case- 0 reduces to The network is designed as follow&) A bottom layer

the case of the traditional neural network without osailtsit receiving input from an input signal, and consisting of



dynamical units. The amplitude output of these units is equa
to their inputs (the grayscale images depicted in Figure 2),

whereas the phase is a function of their natural frequendy any ~ ==7 ., = -
feedback interactions with a top layd€h) A top layer con- i Layer
sisting of dynamical units that receive input from the botto LW J.«"

layer through feed-forward connections. For these urfits, t
amplitude and the phase are computed by integrating inp
as a function of their amplitude and their phase differen
with respect to the receiving phage) The top layer sends
feedback to the bottom layer, which is used to modify only
the phase of the bottom layer’'s units as a function of the
incoming amplitudes and phase differences with respect to

the receiving phases. . ) Fig. 1. [lllustrating the network connectivity. (A) Feedf@rd connections.
The network operates in two stages: learning and perfo) Lateral connections. (C) Feedback connections.

mance. Only during the learning stage are the feed-forward
and feedback connections modified, whereas the inhibitory
connections are fixed throughout. During the learning stage
elements of the input ensemble are presented to the network,
upon which the response of the network is dynamically
computed. A unit's phase update is the result of its internal
frequency, and of integrating all feed-forward, inhibjtor
and feedback inputs, weighted by their amplitude and the
receiving unit's amplitude, as well as by a non-linear fimtt

of their relative phases with respect to the receiving uot.

the amplitude update, the incoming amplitudes are weighted
by a function of the relative phases, and limited by a leakage
function of the receiving unit's amplitude.

The rationale for the equations in 9 is the following) (
the effect of feed-forward inputs on the amplitude is stemg Object 4 Object5 Object 6
for synchronized units, ie when the argument to the cosine
term is small; b) excitatory feed-forward and feedback
connections are such that units that are simultaneousieact
tend towards phase synchrony (as the phase is not perturbed
if the argument to the sin term is small); amgj (nhibitory
connections tend towards de-synchronization; at the same Object 7 Object 8  Object 9
time, they have a stronger depressing effect on the amplitud
of synchronized units, and correspondingly a weaker effect
for de-synchronized units.

The system is organized into two layers as shown in
Figlure 1. The Iowgr Iaye.r consists of 8x8_units, each of Object 10 Object 11 Object 12
which receives an image intensity value as input. Each unit
in the lower layer is connected to every unit in the upper
layer, which consists of 16 units. Furthermore, the units in
the upper layer possess lateral connections such that each
unit is connected to every other unit. Finally, each unit in
the upper layer is connected to every unit in the lower layer Object 13  Object 14  Object 15
through feedback connections.

Figure 2 shows the input images used to test the system.
These images are of size 8x8, and possess gray levels in the
range 0-255. They represent 16 different 2D objects such as
a square, triangle, cross, circle etc.

Lower
Layer

Object 1 Object 2 Object 3

In order to understand the behavior of this system of Object 16
equations, we consider Figure 3. As can be seen, the am-
plitude activity in the network reaches a steady state after Fig. 2. Input images.

approximately 200 iterations, where the updates of Eq. 9,
derived from the objective function of Eq. 1 are applied at
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Fig. 3. Amplitude dynamics of elements in the upper layerhef network.
For a single input, there are multiple upper layer unitsvactnitially, but
after settling, a single winner emerges.

Fig. 4. The receptor field for each unit in the upper layer sttpt as a
grayscale image.

each iteration. The learning rule of Eq 10 is applied onlgmaft
the network amplitude activity has settled down. We choose
anominal settling period df = 200 iterations. In Section V- resulting dynamics of the network after learning. Two aspec
B we examine the effect of choosing a given settling timef the system responsg, are measured. The first aspect is
T on the performance of the network. Note that since th® determine whether the winners for the superposed inputs
period of oscillationr ~ 2 msec, and the integration step toare related to the winners when the inputs are presented
compute the updates @51 msec, this effectively implies that separately. We term this measurement the deconvolution
the settling period is approximately 10 cycles of oscitlati accuracy, which is defined as follows. Let uiin the upper
Within an appropriate parameter range, learning leadayer be the winner for an input;, and let unitj be the
to a winner-take-all dynamics upon presentation of one afinner for inputx,. If units i andj in the upper layer are
the learned inputs; moreover, when two learned inputs asso winners when the input presentedkis+ x», then we
presented two winners arise, as depicted in Fig. 5. A defail&ay the deconvolution is performed correctly, otherwise no
explanation for this behavior is beyond the scope of thiShe ratio of the total number of correctly deconvolved cases
paper, and is provided in [21]. to the total number of cases is the deconvolution accuracy.
In our experiment, the deconvolution accuracy was 90%
over 100 trials. We used the following parameters to in-
The system described in section IV is presented with stantiate the model = 0.9, « = 0.5, v = 0.25; the
randomly chosen image from this set of images. The inputgtural periods { = 27/w) are drawn uniformly from
are pre-processed to convert them to zero mean and uj#2.1] msecs, and learning takes place after 20 real time
norm. Upon settling of the transient behavior, which takesnits, or approximately 10 cycles. Learning consists ofQL00
200 iterations, the Hebbian learning rule in Eq. 10 is agplie presentations drawn at random from the training ensemble.
This process is repeated fbr000 presentations. The typical The learning rate is reduced with an exponential schedule:
behavior of the system is that a single unit in the outputidaye /7, wheren is presentation number, arfd= 2000.
emerges as a winner for a given input. Furthermore, after theThe phase behavior of the system can be understood
1,000 trials, a unique winner is associated with each inputthrough Figure 6. Suppose unitsand j in the upper layer
The receptor field for each unit in the upper layer isare the winners for a presentation consisting of a mixture
shown in Figure 4. Each image encodes the feedforward two inputs,x; andxs, indicating that deconvolution has
weights IW;; for the i*" unit in the upper layer. Thus we taken place correctly. Hereé, = 7 and j = 2, for inputs
can see that the majority of receptor fields correspond to tleerresponding to objects 1 and 3. Let the phases of units
outlines of the objects used for training. This shows that thandj in the upper layer bé; andf; respectively. Consider
upper layer has learnt in an unsupervised manner the correctinit & in the lower layer with phase;. The behavior of
representations for the objects it has been presented withe network is such that the phase of thi§ unit is usually
Though such a capability can be exhibited by traditionalnewsynchronized with the phase of one of the winners in the
ral networks, what is significant is that the current networkipper layer.
can also perform segmentation of the inputs, as explainedFigure 6(a) shows the input resulting from a superposition
below. of objects 1 and 3. Figure 6(b) shows the activity of all
The system is then presented with a superposition of twthe units in the lower layer displayed as a vector field. The
randomly selected objects from Figure 2. Figure 5 showmagnitude of the vector reflects the amount of activity in the

V. DYNAMICAL SEGMENTATION



@ ®) The implication of this result is that the phase information
4 s 4 » can be used to convey relationship information between
different layers in a hierarchy. Thus, if some action needed
to be taken based on the identification of a certain object at
a higher layer, the phase information provides information
about where that object is localized in the lower layer. This
% 50 % 50 the essence of the binding problem as explained in Section I.
For instance, suppose the presentation of an input image
in visual area V1 of the cortex causes a unit in area IT
(inferior temporal cortex) to fire [22], indicating the pesxe
of certain objects. Let us suppose that the prefrontal xorte
generates a behavior that instructs the motor cortex to pick
up a specific object. The motor cortex can infer the exact
location of the object by utilizing the phase synchroniati
(binding) information that is jointly possessed by the high
level object representation in area IT and the low levelaunit
Fig. 5. Behavior of the network after learning; (a) and (ejipditude and  in area V1. Without this binding information, the precise

phase response upon presentation of an input from therigansemble; |gcation of the desired object cannot be identified.
(b) and (d): response to the presentation of a mixture. Ferathplitude,

the evolution is shown since the onset of the input. For tresghonly the The phase relationship between the layers is not always
behavior after convergence is shown. Blue circles cormesio upper layer as crisp as indicated in Figure 6. The accuracy of phase

units, and red ones to lower layer units. Time is in simulatiteps. segmentation can be measured by computing the fraction of
the units of the lower layer that correspond to a given object

it and the directi des the oh £ th i Tﬁmd are within some tolerance of the phase of the upper
unit, and the direction encodes the phase ot the unit. Igyer unit that represents the same object. The segmantatio
input layer in this case was formed by superposing objec

L ' %curacy for our experiment was 81% over 100 trials.
1 and 3 (rectangle and cross) in Figure 2. Figure 6(c) an The trials were carried out in the following manner. The

(d). shpw the phases of the two WINNErs. A.S can b? S€€htire network was randomized, and inputs were presented
units in the lower layer are synchronized with the winners

. i .~ Individually during the training phase. Once the networlswa
in the upper layer. Furthermore, the units that have similar_. : . X

. : . Trained, its performance for deconvolution and segmeanati
phase in the lower layer units tend to represent a sing

e : : .
e, 2 can be seen fom he sihoustes in he phage o7 07 10 DA f oy selected o, i
image of Figure 6(b). In order to make this phenomenon P P - gVing '
more apparent, we display the segmented lower layer as
follows. We display those units in the lower layer that are”
synchronized with the first winner in the upper layer. We In equation 4 we introduced a parametethat controls
allow a zone of synchronization, which is calculated athe weight given to the phase update equations of an oscil-
follows. Letd = cos(6; — ¢1.) be a measure of the differencelatory network. Whens = 0, this reduces to a traditional
between the phase of an upper layer unit and a lower layreural network without oscillations. We examine the effect
unit. (The cosine function is used to avoid the problem oéf varying thes on the performance of the network, and the
taking the difference between two circular variables.) Aiga results are summarized in Figure 8. The paramgtavas
of d = 1 represents perfect synchronizatidns 0 represents varied froms = 0.1 to 5 = 4.0.
no synchronization andl = —1 represents perfect anti- The deconvolution accuracy of the network is reasonable
synchronization. For the purpose of illustration, we assumeven when3 = 0, and improves ag is increased. However,
that a value ofd > 0.7 represents synchronization. Thethe segementation accuracy is poor at low valueg,oin-
units in the lower layer that are synchronized with the firstlicating that the phase information is crucial for perfargi
winner in the upper layer are shown in Figure 6(e) andccurate segmentation. As observed earlier, the phasks of t
those synchronized with the second winner are shown imits provide a source of information that is independent
Figure 6(f). Figure 6(e) shows that the phases of thos#f the amplitude, and this allows the units of the network
lower layer members that represent object 1 are synchrdniz® perform associations between the winners in the upper
with the upper layer winner that also represents object layer and the members of the lower layer that gave rise
Similarly, the upper layer winner for object 3 is synchradz to specific winners. Finally, observe that &sis increased
with lower layer units that represent object 3. beyond 1.0, the performance of the network degrades. This
Similarly, Figure 7(b) shows the activity in the lower layeris because too much weight is being placed on the phase
for a superposition of objects 3 and 4. The two winners imformation, and insufficient weight is given to the ampdi¢u
the upper layer again represent objects 3 and 4, and are aitlsformation. This suggests that optimal network perforown
synchronized with the lower lever units that correspond ts achieved when both phase and amplitude information are
these same objects. used in tandem.

Effect of varying 8 on performance
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Fig. 6. lllustrating the behavior of phase information. @hows the Fig. 7. lllustrating the behavior of phase information. @hows the

superposition of objects 1 and 3. (b) shows the activity i lbwer layer
units, displayed as a vector field. The magnitude of the vestfbects the
amount of activity in the unit, and the direction encodes phase of the
unit. (c) shows the phase of the first winner, which is 3.14J.shows the
phase of the second winner, which is 0.351. (e) shows the imihe lower
layer that are synchronized with the first winner. (f) shotws tinits in the
lower layer that are synchronized with the second winner.

superposition of objects 3 and 4. (b) shows the activity i ltbwer layer
units, displayed as a vector field. The magnitude of the veetfbects the
amount of activity in the unit, and the direction encodes phase of the
unit. (c) shows the phase of the first winner, which is 4.08.shows the
phase of the second winner, which is 0.241. (e) shows the imthe lower
layer that are synchronized with the first winner. (f) shotws tinits in the
lower layer that are synchronized with the second winner.

B. Effect of settling time on performance noise-free input, as shown in Figure 2. Then, increasing

In Section 11l we presented the update equations that aggnounts of additive noise were added to the inputs, and
applied to the network at each iteration, and mentioned thdte performance of the network was measured. The noise
the network is allowed to settle f@ = 200 iterations before at & given image pixel is generated by multiplying a uniform
applying the Hebbian learning rule of Eq 10. We examinetRndom number in the range [-1, 1] with a noise fractjon
the effect of varying the settling tim& on the performance Values off ranged from 3% to 50% of the maximum input
of the network, and the results are summarized in Figure galue. The inputs were then re-normalized to the range.[0,1]
The settling time was varied froi = 20 to 7' = 1280 in  AS done earlier, 100 trials were used to generate each point
powers of two. in the graph.

The network performs poorly when the learning rule is Figure 10 shows the deconvolution and segmentation ac-
applied before the amplitudes are allowed to settle. Aguracy of the network as a function of the percentage of
the number of settling iterations increase, the performan@oise. The network is fairly robust in the presence of low
increases before beginning to plateau. Significantly moi® moderate levels of noise. As the noise level increases
computation time is required for higher settling perictls —substantially, the performance degrades markedly, wisitd i
Hence our choice of’ = 200 represents a tradeoff betweenbe expected. The segmentation accuracy shows less degra-

reasonable computation time and accuracy of network péjation in the presence of increasing noise. The reason for
formance. this is that the segmentation is measured only for cases that

. ] o exhibit correct deconvolution. Thus, given that two inputs

C. System behavior with noisy inputs are correctly deconvolved, the constituents of those mput

We investigated the sensitivity of the network with respecare typically well segmented, with an accuracy of greater
to additive noise. The network was initially trained withthan 75 % in most cases.
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Fig. 8. (a) The deconvolution accuracy of the network as atfan of Fig. 9. (a) The deconvolution accuracy of the network as atfan of the

the paramete. The natural logarithm of is plotted on the x-axis. The settling time7T". The natural logarithm ofl" is plotted on the x-axis. The
range of3 is 0.1 to 4.0 (b) The segmentation accuracy of the network as nge ofT" is 20 to 1280. (b) The segmentation accuracy of the network as
function of g. a function of T".

VI. DiscussioN simplifying the network architecture required, presegta

We have shown that the approach derived from the simp&mple objective function to understand the system bemavio
objective function in Section Il can : (a) provide veryand demonstrating the ability to solve deconvolution and
simple neural dynamical and learning rules (b) achieve gogggmentation problems in an unsupervised manner. The
computational results in solving the segmentation problerfriginal network proposed by Malsburg and Schneider [5],
(c) provide a reasonable biological interpretation of segm [6] has been influential in formulating a theory for the use
tation, including the ability of the network to behave witio Of synchrony as a solution to segmentation. However, the
supervision. Moreover, the scheme presented here lerdfs itsspecific implementation proposed in their paper has several
relatively easily to generalizations, in particular byending shortcomings. Firstly, a global inhibitory neuron is reeui.
the feedback connections to affect not only the phase &ur model overcomes this restriction and spreads inhibitio
lower units, but also their amplitude. We are indeed workingcross the entire network, which is more biologically piaus
towards an integrated model to account for both segmentatigle. Secondly, learning in their model requires a combamati
and inference in the presence of partial information [17¢ Wof short-term and long-term synaptic modification, which
have also shown the ability of the network presented in thi§ our model is reduced to a single generic rule. Thirdly,
paper to achieve translation invariant encoding of objectthe test cases used in their model did not involve any
with a minor modification to the learning rule [18]. overlap amongst the spectral inputs to be separated. Our

We have investigated the relationship between the mod@lodel allows complete overlap, and shows that successful
presented in this paper and biologically observed osicitiat ~ Separation and segmentation is still possible.

However this subject is outside the scope of the currentrppape Buhman and Malsburg [6] explicitly introduced oscillatory
and details can be found in [21]. units into the model, but their model suffers from the earlie

While building on previous work, the system presentedoted shortcoming in that the presence of a global inhipitor
in this paper significantly improves existing formulatidns unit is required. The subsequent work of Chen, Wang and Liu



1oor error, rather than an explicit optimization approach asedon

in this paper. Furthermore, their approach requires sugesv
training, as they set the target phases of different coatour
in the training images to specific values. Our approach on
the other hand, does not require the setting of target phase
values during training.

In summary, our model presents many interesting novel
features with rich potential for formalization and general
ization. There are several fruitful extensions of our model
which we have begun pursuing [17], [18].
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