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Abstract—The principle of maximum entropy (ME) is
widely usedasa statistical inferencetool in many elds such
as computer vision, econometrics,and natural language
processingIn practice, iterati ve scaling type of algorithms
are applied for tting maximum entropy models. In this
paper, we rst investigate the corvergence rates of the
generalizediterati ve scaling (GIS) and improved iterative
scaling (1IS) algorithms under the parameterization of log-
linear models. Second,we study the problem of dynamic
system monitoring with partial active measuements by
applying the maximum entropy principle at each time
point. Based on a linear time-variant dynamic system
denoted by hidden Mark ov models, an information-based
randomization measurement schemeis derived to select
the most informative hidden states to measure. Such a
dynamic monitoring setup is validated on a problem of
origin-destination (OD) traf c matrix inferencein network
tomography.

Index Terms— dynamic systems hidden Mark ov models,
improved iterative scaling, generalized iterative scaling,
maximum entropy models, network tomography, origin-
destination traf ¢ matrix.

I. INTRODUCTION

The principle of maximumentropy (ME) hasa long
history in physics,andit was rst proposedasa general
inference procedureby Jaynes[6]. This principle can
also be derived from some reasonableaxioms if we
wish the nal solution to obey [13]. One appealing
propertyof the ME modelis its e xibility to incorporate
additionalpragmaticfeatures.For parameteestimation,
iterative scalingtype of algorithmshave beendeveloped
for solving maximumentrogy problemswith linear con-
straints. Thesealgorithmsare all simple to implement
and practicallyfastto converge.

In this paperwe rst investigatethe corvergencerate
of several iterative scalingprocedurespamelygeneral-
ized iterative scaling (GIS) [4] and improved iterative
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scaling (11S) [11]. We shaw that iterative scalingalgo-
rithms corverge in exponentialrates. The corvergence
rate calculationis not only of theoretic interest, but
alsoof practicalvaluefor tting ME models.Large ME
models,suchasonesin naturallanguageprocessing1],
[12], mayinvolve featuresof orderof severalthousands.
The corvergencerate of iterative scalingalgorithmscan
beslow for thesdargemodelsdueto thesmallexponents
in their exponentialrates.Our corvergenceresult might
help better understanditerative scaling algorithms as
well asboostthe searchfor more ef cient algorithms.
Second,we study the problem of dynamic system
monitoring by applying the principle of maximumen-
tropy. In practice,a large numberof dynamic systems
can be denotedby hidden Markov models (HMM),
where obsened variables are linear aggreations of
internal hiddenstates.It is commonthat the numberof
obseredvariabless muchlessthanthatof hiddenstates,
so the problem becomesan ill-posed linear inversion
problem, i.e., the systemis unidenti able if no ary
other constraintis introduced.Thereis a rich literature
on ill-posed linear inversion problemswith regularized
approachebeingmostcommonlyused[5], [15]. In this
paper a differentapproachfrom a partial measurement
perspectie is adwcated. Consideringa discrete time
dynamicsystem,we contendthat the original ill-posed
problem will becomemuch well-posedeven if only a
tiny fraction of hiddenstatescan be measuredirectly
at eachtime point. Here, we assumethat all hidden
statesare obsenable, but measurementostsor some
other technical dif culties make a full measurement
approachinfeasible. This assumptionis true for mary
real-domainapplications.Under a scenarioof a linear
time-variant systemwe will speculatelater, we shav
that iterative scalingalgorithmsapproximatelycorverge
to the minimum mean square error (MSE) estimate
given the true parameterwhich gives a rationaleto the



use of the maximumentrogy principle in our dynamic
systemsin orderto gainasmuchinformationaspossible
throughdirectmeasurementshe key isto nd the most
informative hiddenstatesto measureln this paper we

only consideran extreme caseof measuringjust one
hidden state at eachtime point, and a randomization-
basedmeasuremenselectionrule is proposedto select
a hiddenstateto measureOur approachis validatedon

an origin-destinationtrafc matrix estimationproblem
in network tomograply [3], and yields good results
shaving the potentialof our approachin trackinginternal

statesof dynamicsystems.

The paperis organized as follows: at rst, we will
review ME models,as well asthe GIS and IIS algo-
rithms. Then,we proceedto shawv the cornvergencerates
of both algorithms.Next, we presentour framework for
dynamicsystemmonitoring,andthe measuremergelec-
tion rule underalineartime-variantscenarioFinally, our
approacthis appliedto anorigin-destinatiortraf c matrix
estimationproblemin network tomograply. Proofs of
two theoremscan be found in the Appendix.

[1. MAXIMUM ENTROPY MODELS

Maximum entropy (ME) models,also knowvn aslog-
linear, Gibbsmodels take thefollowing parametridorm:
1 P | O
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whereo = (, 1;0¢¢¢; )% is the unknavn parameter
vector and Z, is a normalizing constant. The real-
valued functions f;(x) are usually called featuresin
machinelearning community and belov we usef =
(f1;¢¢¢;f,)° to denotethe feature vector Given i.i.d
dataf x1; ¢¢¢; X, g, let p(x) bethe empiricaldistribution.
It is easyto shav that the ME model (1) is the dual
problemof

max i p(x) log(p(x))
X 2

s.tEp(fi) = Ep(f))

where Ep(fi) = , p(x)fi(x) is the expectationwith
respectto distribution p, and E, is the expectation
operatorwith respectto the empirical distribution.

A numberof algorithmshave beenproposedor esti-
matingthe parameteref ME models.Among thosefre-
guently usedare the generalizedterative scaling (GIS)
[4] andimproved iterative scaling(l1S) [11] algorithms.
The GIS algorithm, proposedby Darroch and Ratcliff
(1972),is a simpleyet ef cient procedurefor estimating
ME modelparametersProcedure®f the GIS algorithm
are describedin Algoritfgn 1, in which the constantC
isdenedasC = max, ;f;i(x).

Algorithm 1 Generalizedterative scalingalgorithm
Initialize a© = (0; ¢¢¢; 0)°
for t = 1; ¢e¢; till cosverge do g
ot = a® + 1 JogEy(f) | IongS)(f) ;
end for

Della Pietraet al. [11] re-formulatethe corvergence
proof of the GIS algorithmthroughan auxiliary function
argument.In orderto improve the corvergencerate of
the GIS algorithm, they proposean IIS algorithm as
speci edin Algorithm 2. Now the constantC is replaced
by f#(x) = = fi(x), which dependson x. In doing
so, a sharperlower boundfor the auxiliary function is
obtained;hence,a fastercornvergencerate is achieved.
On the otherhand,the updatingequationin Algorithm 2
cannot be solved explicitly, anda numericalline search
hasto be appliedto nd ii(t), which may potentially
exacerbatehe performanceof the algorithm.

Algorithm 2 Improved iterative scalingalgorithm

Initialize ©© = (0; ¢¢¢; 0)°
for t = 1; ¢e¢; till gorverge do

Sohe Ep(fi) =, p(x)eti 1" (Of (x) for +;
a(t+) = g 4 40
end for

A. CorvemgenceRateof Iterative ScalingAlgorithms

1) Application of Ostrowski's Theoem: Algorithm 1
shavs that the GIS algorithm can be denotedas an
iterative procedurea (") = g(a (V) with

o) = 5+ 2 (I0gEy(f) i IogEy(F)

wherethe nal parameterestimation is an attraction
point of this iterative procedurej.e., 8 = g(8) . For the
ME modelin (2), the attractionpoint is uniquebecause
its log-likelihood function is concae. The rate of the
convergenceof suchan iterative algorithmis governed
by Ostrawnski's theorem(Ostrovski, 1960).

De nition 1: Fundamental eigervalue: for an n £
n symmetric matrix A, its fundamentaleigervalue is
de ned as .

LA = Mmaxj, if;

where, ;'s are eigervaluesof A.

Criterion (Ostrowski, 1960) Assumeg(® is differen-
tiableattheneighborhoodf a x edpoint?, andlet, 4 be
thefundamentaéigevalueof the Jacobiarmatrix of g at
3. For aniterative algorithm3,.1 = d(3,), a sufcient



conditionfor 3 to be a point of attractionis that, 4 < 1,
anda necessarygonditionis that, 4 - 1. Moreover, if 3
is aattractionpoint, thegeometriccorvergenceateof the
iterative algorithmis , g, i.e.,
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Theoem1: For the GIS algorithm, the Jacobiarma-
trix of its iterative function g(, )ﬂat 8 is:

1

Ini adiag Covp, (f):

En() @
andthe rate of convergenceis determinecby the largest
fundamentakigervalue of this matrix.

Similarly, applying Ostranvski's theoremto the 1S
algorithm,we have the follow theorem:

Theoem2: ForthellS algorithm,the Jacobiammatrix
of its iterative funct'len g(,) at é\l is:

Ini diag (5)

Ep, 177y 2 ()
andthe rate of convergenceis determinecby the largest
fundamentakigervalue of this matrix.

We have E4 (f ) = Ep(f) at the corvergencepoint 8
becausall linear constraintsare satis ed. Furthermore,
we may seethat both GIS and IS algorithmsare scale-
variant,i.e., to scalea featureby multiplying a constant
will changeits corvergencerate.

For large ME models with thousandsof features,
the corverge of iterative scaling may be slov when
the fundamentaleigervalue is very close to 1. Many
new algorithms have been developedfor speedingup
the parametersearch, for example the fast iterative
scaling (FIS) [7] recently proposed.The convergence
rate calculation might lead to better understandingof
iterative algorithms,andboostthe developmentof faster
algorithms.

[1l. DYNAMIC SYSTEM MONITORING

Dynamic systemmonitoring is of interestin mary
real-world applications, such as monitoring patients'
brain blood ow continuously highway traf c monitor
ing andcontrol, or estimatingnetwork origin-destination
trafc o ws. Usually dynamicsystemscan be modeled
by state-spacenodelswith internal stateschangeover
time, and our obsenations are functionals of hidden
states(mostly linear aggreations possibly with noise).
In this paper we considerthe following discretetime
linear system:

X () = px® + E 4+ 2(1)

AX (t+1) . (6)

Y(t+1) =

Fig. 1. A graphicalillustration of a hiddenMarkov model.

whereX () 2 RY denoteghe systemstateat time t, and
Y(® 2 R! is the obsered randomvariable vector with
usuallyJ ¢ 1. In (6), the evolution of the hiddenstate
X () is governedby an auto-rgression.The error term
2(Y) js assumedo be independentultivariate Gaussian
variable,which is dependenbn the currentsystemstate
accountingfor the fact that large internal statesusually
have large variationsin most dynamic systems.In the
above equation,both A; D are constantmatriceswith
A being known, and E is an unknovn constantvector
The matrix A is usually sparse,.e., with mary entries
beingzeros.If D is furtherassumedo be diagonal then
all component®f statevariableX () areindependentf
eachother

The formalism of graphical models provides a uni-
fying framewvork to describe such a hidden Markov
dynamic system.Fig. 1 illustratesthe HMM speci ed
in (6). At eachtime point, eacharrov betweenX (!
and Y correspondgo a nonzeroentry in matrix A.
In the plot, eachhiddenstateis evolving independently
which is a consequencef assumingd beinga diagonal
matrix. It is alsoworth notingthatthis dynamicsystemis
time-variantbecauseve assumehe innovationterm2()
dependson the current hidden states.In the following
derivation, we considera simpli ed versionof (6):

X (t+1) = x (1) 4 2(t)
Y(t+l) = AX (t+1) . (7)
with
2 5 N (0; Adiag(X V); (8)

whereA is an unknovn parameterBoth models(6) and
(7) are similar but with the auto-rgressionterm being
removed in (7) for easyexpositionin later sections.
As we assumd ¢ J, i.e.,thedimensionof obsered
variableY () is muchlessthanthat of the hiddenstate
X M) thisis a typical ill-posedlinear inversionproblem,



and some constraintshave to be introducedto ensure
theidenti ability of the model.Thereis arich literature
devotedto this topic from regularizationpointsof views
[5], [15]. In this paper we approachthe problemfrom
the perspectie of maximum entrofy but with partial
measurementat eachtime intenal. Here, we assume
that all hidden statesare obsenable, but measurement
costsor some other technical dif culties make a full
measuremerapproachinfeasible;this assumptions true
for mary real-domainapplicationsFor the discretetime
dynamic system(6), we contendthat the original ill-
posedproblem will becomemuch well-posedeven if
only atiny fractionof hiddenstatesaredirectly measured
at eachtime point (we may choosea different set of
hidden statesto measureat different time points). In
order to gain more information, the key is to nd the
mostinformative hiddenstateso measureln this paper
we only consideran extreme caseof selectingonly one
hiddenstateto measureat eachtime point.

Before we startthe measuremendesign,let us con-
siderthe following lemma:

Lemmal: For thedynamicsystem(7), if we assume
the meanvector ¢ (i.e., X (ti V) is known, then the
minimum mean squareerror (MSE) estimateof X ()
givenY® s

E(XWjy®) =1+ §AYASAY (YD AL); (9)

which is independenbf parameterA. This conditional
expectationis also exactly the solutionto the weighted
least-squarestimatewith squareroot weights:
A ]
2

(t) .
X0 1, .
g subjectto AX ¥ = Y®;

X

min
i
As pointedout in [16], we have

|
-2
X xi(t)i 1,

T ’
I

D(x(”:f\ljjlzl\l)1/4Ni
i

whereN is the total sum of hiddenstates.

Lemmal justi es the useof maximumentrogy prin-
ciple for the dynamic systemspeci ed in (7). It says
thatthe maximumentropy estimategminimumKullback-
Leibler divergence estimate)also approximatelygives
the minimum meansquareerror (MSE) estimatewhen
1 = X1 js known. In practice, parameter! is
unknavn hencereplacedby the previous hidden state
estimate X (ti D Similar results hold for (6) if we
assumehat

var(?W)/ DX® + E:

This lemma also suggestghe partial measuremenap-
proachin part. The iterative scalingalgorithmsare rea-
sonableto applybecausdt approximatelynds the MSE
estimatdf goodestimationof systemstateX at previous
stageis obtained.But the estimatemay nally drift
away if the iterative procedures repeatedlyapplied.In
orderto capturethe dynamicsof the underlyingsystem,
somenew information hasto be introduced,and this is
achieved througha partial measuremenf hiddenstates
in this paper

In orderto realizean online dynamicsystemmonitor
ing schemea fastalgorithmis critical. In this paper we
useiterative scalingalgorithms.As we have shavn in the
previous sections,iterative scalingalgorithmsconverge
in exponentialrates,which are fast enoughin practice
for most applications.Furthermorejn dynamic system
monitoring schemeproposedin this paper we usethe
estimationX (ti 1) obtainedfrom the previous step as
the initial value for the iterative scaling algorithmsat
the currenttime pointt. If thedynamicsystemis smooth
enough(whichis truefor mostsystems)thenthe starting
value is alreadyin the neighborhoodf the estimateat
currenttime point. It further speedsaup the corvergence
of iterative scalingalgorithms.

A. Measuementdesign

The key in our approachto the problemof dynamic
system monitoring is to design a good information-
theoretichasedschemean choosingthe mostinformative
hiddenstateto measureWe may alsoview the dynamic
system(7) as a Gaussianprocess,where the standard
deviation (SD) of a normalrandomvariablecorresponds
to its entropy. Intuitively, the entrofy impliesuncertainty
so we should always choosea hidden statewhich has
the largest conditional entrofy basedon the previous
step estimationto drive the uncertainty of the whole
systemdown. Here,we brie y describeour algorithmfor
measuremengelection At time t, we needto determine
which hiddenstateto measureat next time pointt + 1
basedon the previous one-steppredictionresultbecause
of the Markovian property Assumingthat the state of
the dynamic systemX (ti Y at previous staget j 1 is
known, we have (* = X (ti 1))

X® % N(@; AL); andY® = AX M (10)
thenthe conditionaldistribution of X () givenY ® is
var(X VjyW) =g ; §AYA8AYI 1A  (11)

If we choosethe hidden statewith the largest con-
ditional standarddeviation, i.e., the largest entropy, to
measure,such a greedy approachis one-stepoptimal



when X (i D is known. First, the hidden state X (ti 1)
will never be known to usin practice.Furthermorethis
greedyapproachwill leadto aselectionschemen which
measurementwill mostly focus on a small numberof
hidden stateswith large conditional standarddeviation.
On the long run, it will not be able to adaptto the
underlyingdynamicsystembecausef theill-posedness
of the problem. In order to remedythis problem, we
proposea randomizedselection schemesuch that a
hiddenstateis chosento be measuredvith probability
proportionalto its conditional standarddeviation. The
useof conditionalSD insteadof otherquantitiessuchas
varianceis dueto a simplefact:

giventwo independentneanzeronormalrandom

variablesu; v, then the ratio of P (juj > jvj) to

P (juj < jvj) is proportionalto their SDs.
Suchan approachs similar to a minimax decisionrule,
but note that the agumentis only approximatelytrue
becausagiven Y (), componentof X (U are no longer
independent.

In summary the proposeddynamic monitoring algo-
rithm with randomizatiormeasuremergchemads given
asbelow:

Algorithm 3 Dynamic Monitoring: Randomization

Initialize hiddenstateX @ with 1;
for eachtime intenal t do
1. Usearandomizedschemeto determinethe
mostinformative hiddenstateto measure;
2. ReplaceX (ti ) with new obsenations
accordingly;
3. ObtainX () by applyingiterative scalingon
X ti 1) to matchY () with obsered components
being x ed.
end for

In the above algorithm, X ©@ is setto be 1 component-
wise, which implies that the algorithm starts from a
maximumentrogy estimation.

1V. EXAMPLE: OD TRAFFIC ESTIMATION

Origin-Destination(OD) trafc matricesquantify the
volume of trafc ows betweenall possible origin-
destinationOD) pairsof a network, which areimportant
inputsfor a variety of network trafc engineeringasks,
including capacityplanning,load balancing,and traf c
provisioning.

Two type of approachexist to obtaintrafc matrices:
direct and indirect. Direct approachedor OD matrix
inferencearevia someroutersoftwares,suchasNet ow

supportedby Cisco routers, to monitor trafc o ws
directly. But in practice,estimatingfull trafc matrices
throughdirect measurements prohibitively expensve
on large operationallP networks; hence,it is of interest
to estimatetraf c matricesthroughnetwork link counts
or someother readily available information, which can
be obtainedthrough SNMP (Simple Network Manage-
ment Protocol).

For indirect approachesthe network link trafc is
linear aggreations of OD trafc. Becausethe number
of links are much lessthan that of OD pairs, the OD
trafc matrix inferenceproblemis an ill-posed linear
inversion problem. Many efforts have beendevoted to
the OD trafc inferenceproblem recently Vardi [14]
proposesa Poissonmodel assumingi.i.d. Poissondis-
tributions for the OD trafc byte countson a general
network topology With real network data, Cao et al.
[2] revise the Poissonassumptiorto proposea Gaussian
model. Medina et al. [9] proposea logit choice model
in order to incorporateadditional informationinto OD
trafc modelling. Zhang et al. [16] assumea source-
destinationindependentmodel, which is equialent to
an gravity modelwidely usedin transportatiorsystem,
anda minimum mutualinformation(MMI) methodwith
regularizationis usedto matchinternallink countswhile
shrinkingto thegravity modelestimationlIn practice the
time-varying natureof the network traf ¢ is evidentand
is partly treatedin Caoet al. [2] by a local likelihood
approach.

A. Model and Data

In this paper model(7) is usedto describehe network
OD trafc, whichis aslight modi cation to the Gaussian
trafc modelproposedn Caoetal. [2]. Thedifferenceis
thatthe Gaussiaimodelis now embedednto a dynamic
systemframeavork, which re ects and treats the time
courseof the network traf ¢ in amorenaturalway. Now
in (7), the matrix A is a knovn | £ J routing matrix
determinedy thenetwork topologyandtheroutingtable
at eachinternalnode.For mostnetworks, elementof A
only take 0-1 entries.X () is the trafc count vector
betweenall pairs of network nodesat time interval t,
andY (M) is our obsered link trafc counts,which is a
linear aggreyation of OD trafc X (U,

Our validation data come from the Sprint European
PoP (Pointsof Presencehetwork. In this network, each
nodeis a PoR and eachinternallink correspondso ag-
gregatedlinks connectingtwo given PoPs.After aggre-
gation, this PoPnetwork has13 nodesand 18 links. The
datawe useare collectedfrom Net ow measurements,
routing tablesand otherrouting con guration les, i.e.,



we have the “ground truth” for this network. Due to
the limitations of SNMP, link trafc dataobtainedfrom
SNMP polling may be lost in transitionor be incorrect.
In orderto avoid the inconsistencén datacollection,a

consistentsetof traf ¢, topologyandlink measurement

dataare derived from the o w level measurementx ()
instead.

B. ExperimentResults

In this paper we use two methodsto assessand
comparethe performanceof estimationresults.The rst
methodis to drav the cumulatve distribution function
(CDF) of the absolutevaluesof relative errors,i.e., the
absoluteerrorrelative to its OD trafc count.Theweight
probability of eachrelative error is proportionalto its
OD trafc count. Usually large relative errorsoccur at
small traf ¢ matrix elementswith a weight on relative
errors,the CDF plot will automaticallyfocus on large
OD trafc. Thesecondmethodis to computethe average
relative errorsfor large OD trafc o ws. The percentage
of total trafc we chooseis 80%, i.e., we nd a cutoff
point such that all OD pairs with trafc larger than
the cutoff point accountsfor 80% of total trafc, then
we computeaveragerelative errorsfor theseOD traf c
elements.

For comparisorpurposewe alsoimplementa simple
randomchoice (SRC) scheme[?] for selectinghidden
statesto measureat eachtime interval. Given a preset
integer k, the SRC methodis to randomlychoosek OD
pairsto measureat eachtime interval. Fig. 2 givesthe
CDF plot of relative errorsfor threedifferentschemes,
and the averagerelative errors are reportedin Table I.
From the results,we can seethat the dynamic system

monitoringwith a smallnumberof active measurements

is successfubven for an SRC schemeHere we simply
recall some numbersobtained from some other OD
estimationmethods:for the samedataset,anothertwo
competitve methods,pseudo-IPH8] and gravity-MMI
[16], yield similar resultswith an averagerelative error
of around30%. We can also seethat the randomization
measuremergchememprovesthe estimationresult: its
performanceis comparableto an SRC(3) scheme,i.e.,
randomlychoosingthreeOD pairsto measuresachtime.

V. CONCLUSIONS

In the paper we derive the convergenceratesof two
iterative scalingalgorithms We alsoinvesticatethe prob-
lem of dynamic systemmonitoring using the principle
of maximum entrofy with actve measurementsAn
information-based-andomizationmeasuremenscheme
is derivedbasedn alineartime-variantdynamicsystem.

/" — pseudo-IPF
; - gravity-MMI
partial

Relative Erors

Fig. 2. TheCDF plot of relative errorsof threedifferentmeasurement
schemes.
TABLE |
AVERAGE RELATIVE ERROR RATES OF THREE METHODS:
RANDOMIZATION, SRC(1) AND SRC(3).

Algorithm Avg Relatve Error Rate
SRC(1) 7.26%
SRC(3) 5.32%
Randomization 5.27%

Our experiment demonstrateghat such an approach,
with a few (even only one)active measurementsnakes
the originally ill-posed problemwell behaed. But there
are still mary open questions.For instance,given a
precision,how mary measurementsill sufce for mon-
itoring a given dynamicsystem.Moreover, whetherthe
randomizationis nearoptimalin the senseof a minimax
estimation.Here, we defer all these questionsto our
future work.
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VIIl. APPENDIX

Proof of Theoreml
Proof: For GIS algorithm, the Jacobianmatrix of its
iterative functiong(, ) is

1 @ogE,_(f)

I@ =i g g (12)
Considerthe ij th elementof the secondpart, we have
@ogEp fi 1 @, fi
@F Ep,fi @



and

@ fi
ﬁ = covp, (fi:1));
so the Jacobiammatrix J &an be wrlitten as
J®@) =1, idia # covp (f);  (13)
= Inl C g Epu (f) P, )
At the attractionpoint 8, E,, (f) = Ey(f), and
M 1
Jjg= & = Ini 6dlag m covp, (f):  (14)
[]

Proof of Theorem?2

Proof:

For the IIS algorithm, the updating vector +

satis es a functional constraintu(z ; ) = 0, where
X

uiess) = Ep(f) i pa()e Ofi(x):  (15)
It implies that
@(o; £ + @4 @ _ o
@ @ @
ie., _
e_ "o leey .
@ | @ @ (16)
Similarly, we cancomputepart by part that
%3_ = diag(Ep, (F1%))  (17)
and Qe+ E
T’_—_ = covp, (f): (18)

So the convergencerate of 1IS algorithmis determined
by its .Jacobiarmatrixgt o= 8:

1
Jj.a=1lnj diag ————= covp (f)): (19
Ju_n | g EpA(ff#) Pe()) ( )
|
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