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Abstract

As power systemloading increases, larger blackouts due
to cascading outages become more likely. We investigate a
critical loading at which the average size of blackouts in-
creases sharply to examine whether the probability distri-
bution of blackout sizes shows the power tails observed in
real blackout data. Three different models are used, includ-
ing two simulations of cascading outages in electric power
transmission systems. We also derive and use a new, an-
alytically solvable model of probabilistic cascading failure
which represents the progressive system weakening as the
cascade proceeds.

1. Introduction

Analyses [5, 8] of 15 years of North American black-
out data [1] show a probability distribution of blackout size
which has heavy tails and evidence of power law depen-
dence in these tails [5, 8]. These analyses show that large
blackouts are much more likely than might be expected
from, say, a Gaussian distribution of blackout size in which
the tails decay exponentially. The power tails of probability
distributions of blackout size merit attention because of the
enormous cost to society of large blackouts.

In complex systems, power tails in probability distribu-
tions are associated with systems at criticality. Other indi-
cators of criticality are changes in gradient or a discontinu-
ity in some measured quantity. One purpose of this paper
is to examine the occurrence of power tails and criticality
as power system loading is varied. We examine expected
blackout size and pdfs as loading is varied in three differ-
ent models. The first model is a ssmple analytic model of
cascading failure and the second and third models are simu-
lations of cascading outages in electric power transmission
systems. In any power system, at zero loading there are no
blackouts and at any absurdly large loading there is always
ablackout. We examine the nature of the transition between
these two extremes.
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2. CASCADE modéd

We want to capture some general features of probabilis-
tic cascading failurein anew model simple enough to allow
exact analysis. The genera features are:

1. Multiple components, each of which has arandom ini-
tial loading.

2. When a component overloads, it fails and transfers
some |oad to the other components.

Property 2 can cause cascading failure: an overload addi-
tionally loads other components and some of these other
components may also overload, leading to a possible cas-
cade of overloads. The extent of the cascade depends on
the random initial component loadings. The components
which are not (yet) overloaded become progressively more
loaded as the cascade proceeds. Thus CASCADE models
the weakening of the system as the cascade proceeds.

2.1. Description of model

The CASCADE model hasn identical transmission lines
with initia loadings (power flows) which are random. For
each line the minimum loading is L™ and the maxi-
mum loading is 1. For j=1,2,...,n, line j has initial load-
ing L; which is arandom variable uniformly distributed on
[L™in 1]. The average loading L = (L™ 4 1)/2. Also
Lmin =2, — 1. Ly, Ly, -- -, L, areindegpendent.

Lines are outaged when their loading exceeds 1. When
alineis outaged, afixed amount of load A istransferred to
each of thelines. Thus A isthe amount of load increase on
any line when another line outages. L et p be the probability
that L, liesinaninterval of length A contained in [L™", 1]:

A A
T 1—Lmin  2_2[

p D
It is convenient to assume that the values of A are quantized
sothat ¢ = 1/p = (1 — L™")/A is an integer. Then
[L™" 1] can be partitioned into ¢ intervals of length A.



To start the cascade, we assume an initia disturbance
which loads each line by an additional amount A. Other
lines may then outage depending on their loadings L; and
the outage of any of these lines will distribute an additional
loading A that can cause further outages in a cascade.

The model parameters are summarized in Table 1. All
the model parameters can be specified in terms of the aver-
agelineloading L, the amount of load A distributed to each
line upon an overload, and the number of lines n.

Table 1. CASCADE parameters

description comment

n number of lines

L average line loading

1 max line loading

L™m™  minlineloading Lmin =2 —1

A load increase at each
line when outage

D probability L; in p=A/(2-2L)
interval of length A

q theinteger 1/p gA =1 — L™

2.2. Discussion of model

It is plausible that the general features of cascading fail-
ure captured in CASCADE can be present in cascading fail-
ure of power system transmission lines. However, CAS-
CADE is much too simple to represent with realism most
of the detailed and probably significant aspects of a power
system. Obvious deficiencies of CASCADE include the
transfer of loading upon overload without regard to net-
work structure, an artificial uniformity in the transmission
lines and their interactions, and no representation of gener-
ation changes or failure. Analysis of CASCADE can only
suggest general qualitative behavior that may be present in
power system cascading failures.

We discuss the parameter A. In a power system, sup-
pose that a transmission line has maximum loading 1 and
it overloads by a small amount so that the loading just be-
fore outage is approximately 1. Then, assuming a DC load
flow model, the outage causes the other line flows to change
according to line outage distribution factors [12]. The pa
rameter A in CASCADE corresponds to line outage distri-
bution factors averaged over al lines and all outaged lines.
In practice, the line outage distribution factors vary consid-
erably according to the lines considered. Only a subset of
lines may have loading significantly increased or decreased
by an outage.

If A isvery roughly estimated by averaging line outage
distribution factors, then it depends on the average amount

of parallel pathsin the network. In the special case of anet-
work of all parallel lines, the amount of load transferred to
other linesis 1/(number of intact lines— 1) ~ 1/n, &t least
for the first few outages. In the case of the 179 bus model
of the WSCC system with number of linesn = 204, the
average line outage distribution factor is 0.0026 ~ 1/(2n).
More highly meshed networks such as those in the Mid-
western United States would tend to have smaller average
line outage distribution factors.

In some cascading failures, power is redispatched so that
an overload on alineisrelieved. This also transfers power
to other lines, but much less power is transferred than when
the line outages. This process corresponds to a smaller
value of A. There are also many other ways in which a
disturbance can outage lines, including interactions via dy-
namics and via the protection system.

The overload of aline by redistribution of the power flow
when another line outages depends both on the line 1oad-
ing and the line outage distribution factor. The CASCADE
model has a fixed A corresponding to the line outage dis-
tribution factor but represents random variation in the line
loadings.

2.3. Distribution of blackout size

Measure blackout size by S, the number of lines out-
aged. S isadiscrete random variableon 0, 1,2, ...,n. The
distribution of S is derived in appendix A and is given by
the following formulas:

If np < 1 then

PIS =rl= g (0 ) (G 0oy (= ot D

r4+1\"
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If np > 1,theng =1/p < nand
equation (2) r<qg-—1
P[S=r]={0 rg<r<n-—1
1-S" PS=s ;r=n
(©)

Note that (2) gives P[S = ¢ — 1] = 0 and that (2) and (3)
agreefor np = 1.

Consul [9] introduced the following quasibinomia dis-
tribution to model an urn problem in which the player makes
strategic decisions:

P =rl= (1) st rorta-p - @

forr = 0,1,....,nand p + n¢ < 1. For the special case
¢p=pand(n+1)p <1, wehave X = S and that S has
the quasibinomial distribution. Consul [9] has derived the



mean of distribution (4) and by setting ¢ = p in Consul’s
formula, we obtain

n—1
n—1)!
ES ::Tq)jgj ——g—————l——pr
r=0

(n—r— 1 smp <1 (9

2.4. Results

The distribution of blackout size S defined by (2), (3)
dependson p and n. For thefirst series of resultswe use 100
lines (n = 100). The mean blackout size £'S as afunction
of p is shown in Figure 1. There is a change in slope near
p = 0.01 = 1/100 and, for larger p, the mean blackout size
saturates at 100 lines.
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Figure 1. Mean blackout size ES versus prob-
ability p for n = 100.

Choose A = 0.005 = 1/(2n). Then the mean blackout
size ES asafunction of average loading L is shown by the
solid line in Figure 2. For afixed A, Figure 2 is obtained
from Figure 1 by changing the horizontal axis quantity ac-
cordingto L = 1 — A/(2p). For A = 0.005, the change
in slope in Figure 2 corresponds to p near 0.01 and occurs
near loading L = 1 — 0.005/0.02 = 0.75.

In the CASCADE model we can roughly approximate
the mean power served as proportiona to the average line
loading and to the average number of intact lines:

mean power served < L(n — ES) (6)

Mean power served is plotted in Figure 2. The maximum
mean power served occurs at the critical loading as a conse-
guence of the sharp risein E'S becoming dominant in (6).

Figure 3 shows the distribution of S for p = 0.005 on a
log-log plot. The distribution of S falls off for larger black-
outs in a more exponential fashion and the probability of
most or all of the lines blacking out is negligible.

Figure 4 shows the distribution of S when p isincreased
tothecritical valueof p = 1/n = 0.01. Thereisaheavy tail
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Figure 2. Mean blackout size £S and mean
power served versus loading L. Power served
has arbitrary units and n = 100.

in the distribution in which there is non-negligible probabil-
ity of most or all of the lines blacking out. The distribution
of S over an initia range of say, 0 to 25, is close to, but
not exactly a power law. The region of behavior close to a
power law is maximized for p ~ 1/n = 0.01.

Figure 5 shows the distribution of .S when p isfurther in-
creased to p = 0.015. The probability of the entire network
blacking out is 0.60. Thereis aso significant probability of
short cascades and the distribution of these short cascades
falls off in amore exponential fashion.
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Figure 3. PDF of blackout size S.
(P[S=0]=0.61is not plotted.)

Now we briefly examinethe scaling of thecritical change
in slope in Figure 1 with the number of linesn. It isuse-
ful to express the mean blackout size as the mean fraction
of lines failed and to examine the mean blackout size as a
function of the scaled probability np. Figure 6 shows the
slope change for n = 20,100, 500. The change in slope
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Figure 4. PDF of blackout size S.
(P[S=0]=0.37 is not plotted.)
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Figure 5. PDF of blackout size S.
(P[S=0]=0.22 not plotted; note P[S=100]=0.60)

in Figure 6 occurs at np = 1 and becomes sharper as n
increases. The slopes of the curves in Figure 6 peak at
np = 1. These features of Figure 6 suggest atype 2 phase
transition at np = 1. Thereis also a change in regime from
formula (2) to formula (3) when np = 1.

We can analytically approximate the pdf of blackout size.
Using Stirling’s formulam! = +/27wm (m/e)™ to approxi-
mate the factor n!/((r + 1)!(n — r)!) in (2),

P[S=r|~
e n (np)" r—(r+Dnp\" "
Vor\n—r(r+1)3/2 (1+ n—r ) )

and, for large enough n—r, using (1+y/(n—7))"=") ~ v

and /1 —r/n =1, weget
(np)re(lfnp)('rdrl)
Var (r 1 1)

In approximation (8), the distribution of .S depends only on

P[S=r] =

®)
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Figure 6. Fractional mean blackout size ES/n
versus scaled probability np.

np. Moreover, if np = 1, then
PIS = 1]~ ——— ©)
N e (4 1)32

and (9) predicts that the slope in Figure 4 is~ —1.5. The
actual dopein Figure 4 varies between —1.0 and —1.3 for
2< S <4bandis~ —1.3for6 < S < 28. For np not
closeto 1, the expression (np e(1="?))" in (8) will causethe
distribution to decrease more exponentially for r << n.

The increased prevalence of large blackouts near criti-
cal loading can be attributed to the progressive loading and
weakening of the network as lines outage. If one removes
the progressive loading so that there is no increase of load
when lines outage (A = 0), but retain theinitial disturbance
of A, then the distribution of blackout sizes becomes bino-
mial:

PlS=r]= (Z) pr(l—p"" (10)

3. Hidden Failure M odé€l

When a transmission line trips, there is a small but sig-
nificant probability that lines connected to either end of the
tripped transmission line may incorrectly trip due to relay
misoperation. These further line trippings are called hid-
den failures because they do not become apparent until the
first line tripping “exposes’ the adjacent lines to the possi-
bility of relay misoperation. Recent NERC reports[1] show
that hidden failuresin protection systems have played asig-
nificant role in cascading disturbances. In this section, we
summarize the hidden failure model presented in [8] and
show simulation results about how the blackouts depend on
system loading.



The hidden failure model uses the DC load flow approx-
imation, in which the linearized, lossless power system is
equivalent to aresistive circuit with current sources. In par-
ticular, transmission lines may be regarded as resistors and
generation and load may be regarded as current sources and
sinks. The probability of an exposed line tripping incor-
rectly is modeled as a increasing function of the line flow
seen by the line relay. The probability islow below the line
limit, and increases linearly to 1 when the line flow is 1.4
times the line limit.

The simulation begins by randomly choosing an initial
linetrip. This action exposes all lines connected to the ends
of the initial line and also may overload lines. If one line
flow exceeds its preset limit then the line is tripped. Other-
wise, aline protection hidden failure mechanism [2, 11] is
applied to let the chosen exposed line trip. After each line
trip, the line flows are recalculated and checked for viola-
tionsin linelimits. The processis repeated until the cascad-
ing event stops.

Asafinal step, an optimal distribution of generation and
load is calculated. Linear programming is used to mini-
mize the amount of load shed subject to the constraints of
the generation and load lying within their upper and lower
limits, the line flows not exceeding the maximum flow, and
overall generation matching the overall load.

The above simulation is repeated over an ensemble of
randomly selected transmission lines as the initiating fault
location.

We discuss an improvement of the hidden failure model.
Suppose that aline is exposed multiple times by trippings
of multiple lines connected to it. One would expect that, if
relay misoperation occurs, it will occur on the first expo-
sure of the line and is unlikely to occur on the subsequent
exposures. However, the previous version of the model in
[8, 2, 11] allowed relay misoperation with equal probabil-
ity on all the line exposures. The improved model reduces
or zeros the probability of misoperation after the first expo-
sure.

We simulate a WSCC equivalent system with 179 buses,
29 generators, 60 transformers, and 203 transmission lines.
Theinitial load flow dataisbased on the December 12, 1994
conditions, from which the required DC load flow data is
derived.

NERC reports [1] show that there are only about 150
events during the past 16 years in the WSCC region. A di-
rect simulation of these rare events would require an unreal -
istically huge amount of computation. One way out of this
guandary is to use importance sampling [3]. In importance
sampling, rather than using the actual probabilities, the sim-
ulation uses altered probabilities so that the rare events oc-
cur more frequently. Associated with each distinct sample
path, SP;, aratio of actual probability of the event pgetual
divided by the altered probability pgimuiate js computed.

We then form the estimated probability of SP; as

actual

ﬁ' o Noccurring p; (11)
T — : ;
Ntotal pfzmulate

where Noccurring 1S the number of timesthat SP; occurred
and Ny, i the total number of samples. The mean value
of p; is unbiased [3]. The power loss P; associated with
each sample path is also recorded.

Figure 7 shows the expected power loss

EP =Y P;p; (12

asafunction of loading level L. The changein slope occurs
near loading L = 0.75.
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Figure 7. Variation of expected blackout size
EP with loading L

To find out the probability distribution of blackout size
P, binning of the datais used. Assume there are K sample
pointsin bin j, and that each of the K points has the asso-
ciated data pair (P;, p;). The representative (P;, g;) for bin
j isdefined as

K K .

5 1 = D DPip
P, = — E P, and p, = ==L 13
j Kizl Pj Pj ( )

The variable binning used here is such that each bin starts
with the minimum width and ends with at least a minimum
number of samples.

Figures 8, 9, 10 show the pdf of blackout size P at the
critical loading level 0.75, a higher level 0.85, and a lower
level 0.62. The pdfs for loading levels 0.75 and 0.85 show
some evidence of power tails. The 4 data pointsin Figure 9
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Figure 8. Distribution of blackout size P at
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Figure 10. Distribution of blackout size P at
loading L = 0.62

that lie well above the dotted line indicate a higher proba-
bility of medium size blackouts. This arises from artificial
limitations on the further spread of blackouts of medium
size, particularly the suppression of tripping in 45 nega-
tiveimpedance linesthat represent highly equivalenced por-
tions of network and in 60 lines that represent transformers
(transformer failures are not modelled).

4. OPA modd

The OPA model was developed to assess the possibil-
ity of self-organized criticality in series of electric power
blackouts [10, 5, 7]. The self organization arises from the
opposing forces of load growth and network upgradesin re-
sponse to blackouts. In this paper we use a version of OPA
with no load growth and a fixed network and it is this ver-
sion which is summarized. For more detail see[10, 5, 7].

The OPA model represents transmission lines, loads and
generators with the usual DC load flow assumptions. Start-
ing from a solved base case, blackouts areinitiated by aran-
dom line outage. Whenever alineisoutaged, the generation
and load is redispatched using standard linear programming
methods. The cost function is weighted to ensure that 1oad
shedding is avoided where possible. If any lines were over-
loaded during the optimization, then these lines are outaged
with probability p;. The process of redispatch and testing
for outages isiterated until there are no more outages. Thus
OPA represents generic cascading outages which are con-
sistent with basic network and operational constraints. A
record is kept of the line overloads and outages and the load
shed so that the blackout extent can be studied. p; = 0 en-



sures there are no line outages and only line overloads are
considered whereas p; = 1 ensuresthat all overloaded lines
outage.

We consider afixed network with parameters chosen so
that the system will be constrained by its transmission ca-
pacity as the load is increased. The network has 94 nodes,
12 generators and 82 loads arranged in a regular network
with atree-like form [6]. Most nodes have 3 incident trans-
mission lines. A random fluctuation in loads is assumed up
to a maximum of 20%. Blackout size is measured by the
amount of load shed.
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Figure 11. Mean blackout size versus loading.

Figure 11 shows mean blackout size as measured by the
amount of load shed versus loading for three values of p,.
There is a critical loading P = 15392 at which the mean
blackout size increases.

Figure 12 shows pdfs of blackout size as loading in-
creases through the critical loading for p; = 1. The pdfs
are shifted vertically so that their form may be seen.

Atload P = 15210 (below the critical loading) the num-
ber of blackouts is small. The load fluctuations cause lines
to overload and outage and hence some load shed. It com-
mon for a single line to outage so that only one load node
is blacked out. This causes the pdf at lower blackout sizes
to have a series of peaks associated with values of load at a
single node.

At the critical loading P = 15392 there is some indica-
tion that a power tail develops with a decay index of about
—1.5. Thefall off after 0.08 isanetwork size effect. Above
the critical loading the pdf ismore Gaussian and islocalized
at a high value of the load shed.

The OPA model contains multiple critical points associ-
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Figure 12. Distributions of blackout size.

ated with limits on both transmission and generation. In[7],
we choose parameters so that the generation critical loading
is reached first and scan through the critical loading by fix-
ing the load and increasing the load fluctuations from zero
to 98%. The results again show a power tail at the critical
loading and a more exponential decay below and above the
critical loading [7].

5. Discussion and Conclusions

We have examined expected blackout size and black-
out size pdfs as load is increased in three different models:
CASCADE, a hidden failure model, and the OPA model.
All three models show a sharp increase in slope of the ex-
pected blackout size at acritical loading.

All three models show some evidence of power tailsin
the pdf at thiscritical loading, but there remain some differ-
ences and uncertainties in this result. In particular,

(1) CASCADE shows approximate power law behavior
over a substantial range of blackout sizes near the critical
loading. The CASCADE model is analytic so that the re-
sults are exact. CASCADE may represent processes occur-
ring in cascading failure in power system but CASCADE is
too simple to represent some presumably significant power
system features.

(2) The hidden failure model shows power tails at and
above the critical loading, except for some medium size
blackouts. Below the critical loading the form of the pdf
is not clear. This model represents hidden failures in the



protection system well and models power system cascading
outages and overloads using the DC load flow approxima:
tion and LP redispatch. The results are obtained on a 179
bus equivalenced WSCC system.

(3) The OPA model shows some evidence of a power
law region at critical loading and a more Gaussian form at
higher or lower loadings. This model represents generic
cascading power system outages and overloads using the
DC load flow approximation and LP redispatch. The re-
sults are obtained on an artificial symmetric power system
network of 96 nodes.

Since the three models are quite different and even the
two simulation models are very approximate power system
models, one cannot expect detailed agreement between the
models or, for that matter, between the models and a real
power system. (For example, [7] shows that the critical be-
havior of the OPA model is complicated and certainly can-
not be reproduced in detail by CASCADE.) However, the
broad agreement between the modelsis consistent with and
supportive of the hypothesis that power tails in the pdf ap-
pear at a critical loading at which mean blackout size in-
creases sharply. Moreover, it is possible that general fea-
tures of cascading outagesin power systems are captured by
all three models; and in this case, the strengthened hypothe-
sisis progress towards a global analysis and understanding
of cascading failures in power systems. Further work test-
ing the hypothesis to gain sharper conclusions is indicated.

Indeed, the hypothesis, if fully established, would have
significant consequences for power system operation. For
then the NERC blackout data [1, 5, 8] suggests that the
North American power system has been operated near criti-
cality. Moreover, it isthen plausible that the power tails and
the consequent risk of large blackouts could be substantially
reduced by lowering power system loading to obtain an ex-
ponential tail for large blackouts. It would be better to an-
alyze this tradeoff between catastrophic blackout risk and
loading instead of just waiting for the effects to manifest
themselves in the North American power system!

Why would power systems be operated near a critical
loading? One possible answer is that overall forces, includ-
ing the system engineering and operational policies, orga-
nize the system towards criticality as proposed in [4, 5, 10,
6, 7].

A notable outcome of this paper isthe CASCADE model
and the derivation of formulas for its pdf. This pdf ex-
hibits heavy tails near critical loading and more exponen-
tial tails far from critical loading (high loading also yields a
significant chance of total failure). Thisisanew model of
probabilistic cascading failure that is of general interest in
studying the distribution of sizes of failures of large inter-
connected systems in which the successive failure of loaded
components progressively weakens the system.
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A. Derivation of CASCADE distribution

It is convenient to to work in terms of line mar-
gins My, My, Ms,---, M, where M; = 1 — L;. Then
My, My, M3, ---, M, are independent random variables
uniform on [0,1 — L™"]. Recall that the integer ¢ =
(1 _ Lmin)/A — 1/p_

We suppose that » < ¢ — 1 and examine the event
[S = r], which is a cascade of exactly r lines. Suppose we
renumber the lines so that the » lines outaged in the order
1,2,...,r. Theinitia disturbance increased the loading on
line1 by A. Sinceline 1 outaged, its margin M; must have
been less than A. The outage of line 1 caused an additional
increase of loading A on all the lines. Since line 2 outaged,
its margin M, must have been less than 2A. Similarly, for
j < r,sinceline j outaged, its margin M; must have been
lessthan jA. After liner outages, the remaining intact lines
all have had their loadingsincreased by (r+1)A. ((r+1)A
comprises the initia disturbance A and A for each of the r
lines outaged.) Since none of the remaining intact lines out-
aged, their margins must all exceed or equal (r + 1)A. To
summarize:

My < A, My <2A, -+ M, <TA,
M > (r+1)A forr+1<k<n.

The same argument without renumbering the lines and ac-
counting for the possible permutations of linesyields

U [Mﬂ(l) < A, Mﬂ(g) < QA, BN M.,T(T) < TA,
TESy
Myriny = (r+ 1A+, My > (r+ 1)A] (14)
where the union runs over al permutations 7 of 1,2,---,n
in the symmetric group S,,. The union in (14) is not adis-
joint union.

We consider the case r > ¢ — 1. If the cascade extends
toasizer > ¢ — 1, then the total increase in load on the
remaining intact linesis (r +1)A > gA = 1— L™™. Since
1 — L™ is the maximum line margin, all the remaining
intact lines must outage, and so S = nand P[S =] =0
forg—1<r<n.

Inthecaser = g — 1, (14) appliesbut, since (r + 1)A =
gA =1 — L™, theevent [M,(, > (r + 1)A] becomes
the probability zero event [M(,,) = 1 — L™"] and hence
P[S=q—1]=0.

Now we assume r < g — 1 for the rest of this appendix.

Defineintervals Iy, I, - - -, I, so that
Li=[-1DAjA) ;1<j<gq (15)
Then [M,r(g) < KA} = U [Mw(g) S Iae]
are{1,2,....0}
[Meey > (r+ DAl = | [Mr € L]

and (14) can be written as

s=1-U U

€Sy (a1,a2,...,an)EB

[Mr(1y € Lays Mr(a) € Lay, -+ Mr(ny € 1a,] (16)

where B = {(a1,as,...,ay) |
a1 € {1},a2 € {1,2},...,a, € {1,2,...,1},
a1 €{r+2,..,q},...,an € {r+2,..,q}}

In (16) it is equivalent to permute the intervals I, instead
of permuting the margins M;:

s=i-U U

€Sy (a1,a2,...,an)EB

M, e 1, - M, el

(M €1, o] (A7)

w(1)) m(2) "

and (17) may be rewritten as

S=r=|J M€l My€ o, -, M, €1,,]
(a1,a2,...,an)EBx
(18)
where B, isthe set of permuted elements of B:

BTF = U {(a"ﬂ'(l)7aﬂ‘(2)1'“7a’ﬂ'(’n)) |
TESy,

ap € {1}, a2 € {1,2},...;a, € {1,2,...,7},
arp1 €E{r+2,.,q},ccyan € {r+2,...,q}}
(19)

For each i with 1 < i < n, the event [M; € I,,] has
probability p. Since My, Mo, - - -, M,, are independent, the
event [M; € I,,,Ms € 1,,,---, M, € I,,] hasprobability
p". Equation (18) expresses [S = r| as adigoint union of
events [My € I,,,Ms € I,,,---, M, € I,,]. Therefore,
writing | B;:| for the number of elements of B,

P[S =r] = [Bx|p" (20)



and the computation of P[S = r| reduces to counting the
number of elements of B;.

Define A, = U {(a.,r(l),aﬂ.(g)?...,aﬂ(r)) ‘
TES,

a1 € {1},a2 € {1,2},...,a, € {1,2,...,7}} (21)
A;‘ = U {(G‘Tr(l)va‘n'(Z)a ooy

TESn—r
ar €{r+2,...,q}, .. an_r €{r+2,...,q}]

aﬂ'('ll—?")) |

Each element of B, can be uniquely specified by first
choosingwhichn—r of {a1, as, ...,a, } aein{r+2,...,q},
or, equivaently, which » of {ay,as,...,a,} ae less than
r + 1, and then making a choice of one element of A,., and
then making a choice of one element of A,. Therefore

o n A 1 /
Bl = (") Il = ()1l @

It is straightforward that |A.| = (¢ — (r + 1)) " and
Lemma 1 below yields|A,| = (r + 1)"~L. Hence

B = ()0 e @

It follows from (20), (23) and pg = 1 that

PIS=r]= — (n) ((r+1p)" (L= (r+ Dp)" "

r+1\"r
(24)
Lemmal Definetheset A, by (21). Then
|Ap| = (r + 1)T_1 (29)

Proof: Define
Yrp1 = {(a1,0a2,...,a,) |
a; € {1,2,..,r+1},i=1,2,...,r} (26)

Then A, C Er+1 and |Er+1| = (7’ + ].)T
Define the permutation oy on {1,2,...,r + 1} by

a+1 ;1<a<r
7@ ={] a=r+1

Defineo : 3,41 — X471 by
U((ahag, ...,(Lr)) = (Jl(al),al(@), ...,O’l(ar)) (28)

o™+l istheidentity and {1, 0,02, ...,0"} isacyclic group
actingon X, 1.
Consider the following union of subsetsof ¥, 1:

(27)

A Uo(A)Ud?(A)U---Uo"(4A,) (29)

To prove the Lemma it is sufficient to show that (29) is a
partition of >, into r + 1 sets of equal size. For then
(r+ DIA] = [Spa| = (r+ 1)

The equa size of A,,0(A,),0%(A,),---,0"(A,) fol-
lows from o being a bijection. To prove that (29) is a parti-
tion,weneed A,,0(A,),0%(4,), --,0"(A,) tobedigoint
and that (29) isequal to X, ;.

Let k satisfy 1 < k < r.

Uk(AT) = U {(aﬁ(l)aaﬂ(2)7~-~7aw(r))|
TESy

a; € {k+1},

ag € {k+1,k+2},---,

arp1—k €{k+1,...,r+1},

arpo—p €{k+1,..,r+1,1},

arps—r €{k+1,..,r+1,1,2},---,

ar €{k+1,...,7r+1,1,2, ...k — 1} }(30)

By inspection of (21) and (30), each element of A, has
a least k entries from {1,2,...,k} and each element of
o"(A,) has no more than k — 1 entries from {1,2, ..., k}.
Therefore A, and o*(A,) are digoint for 1 < k < 7.
Then A,,0(A4,),0%(A,),---,0"(A,) are digoint, for if
not, then there are m, ¢ with 0 < m < ¢ < r and
1 <¢-—m < randthereisab € o™(A,) N a'(4,)
and c~™(b) € A, Na*"™(A,), whichisacontradiction.

To show that the subset (29) of X, isequal to X, 1,
we choose any b = (by,bs,...,b.) € 3,41 and show that
bisin (29). Define |b| = |(b1,b2,...,b.)] = b1 + ba +
... + b,.. Choose k which minimizes |o*(b)| and write ¢ =
(c1,¢2, ..y cr) = a(b).

We now show that ¢ € A,.. Since A,. containsall permu-
tations of its elements, we can reorder (cy, ca, ..., ¢-) With-
out loss of generality sothat ¢; < ¢p < ... < ¢,.. According
to(21), ¢; € {1,2,...,i},i=1,2,...,rimpliesc € A,. We
provec; € {1,2,...,i},i = 1,2,...,r by induction on s.

cp € {1}, forife¢; > 1,thenc; > 2forj =1,2,...,r
and o7 (c;) = ¢; — 1forj = 1,2,...,rand [0~} (c)| =
le| — r < |¢| whichisacontradiction.

Now suppose that ¢ satisfies2 < ¢ < r and that ¢, €
{1,2,....,0} for £ < i. Thenoy*(¢c;) = ¢;j +r+ 1 —ifor
j=12,...,i—1. Supposethat¢; ¢ {1,2,...,4}. Then
¢; >i+1forj=ii+1,.,rando;"(c;) =¢; —ifor
j=dyi+1,...,r. Now|o~%(c)| = |¢| + (i —1)(r+1—1i) —
(r+1—1)i=|c|—(r+1—1) < |c| whichisacontradiction.
Thereforec; € {1,2,...,i}.

Thus ¢ € A,. It followstha b = o %) =
o™tk (c) € o"H1F(A,) isin (29).



