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Stability of Dynamic Traveling Repairman Problem
under Polling-Sequencing Policies

Jiangchuan Huang and Raja Sengupta

Abstract— We establish a necessary and sufficient condition
for stability in the dynamic traveling repairman problem
(DTRP) [3] under the class of polling-sequencing (P-S) policies
satisfying unlimited-polling and economy of scale. The P-S
class includes some of the policies proven to be optimal for
the expectation of system time under light and heavy loads in
the DTRP literature. The number of tasks inside each polling
partition is shown to be a Markov chain. Policies such as first
come first serve, traveling salesman policy, nearest neighbor
and Daganzo’s algorithm are shown to have economy of scale.
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Polling Systems, Economy of Scale.

I. INTRODUCTION

We establish a necessary and sufficient stability condition
for the dynamic traveling repairman problem (DTRP) intro-
duced by Bertsimas et al. [3] under the class of polling-
sequencing (P-S) policies satisfying unlimited-polling and
economy of scale. For the convenience of the reader, we
restate the definition of the DTRP [3]: A convex region A
of area A contains a vehicle (server) that travels at constant
speed v. Tasks arrive according to a Poisson process with
rate . Each task 7 is located at X; € A, and has size
B;. X, is independent and identically distributed (i.i.d.) with
probability density function (pdf) fx(z), x € A. B; is i.i.d.
with pdf fg(s), s € [0,00). E[B;] = b, which is assumed
to be finite. Define load p = Ab . The system time of task
i, denoted T}, is defined as the elapsed time between the
arrival of task ¢ and the time task ¢ is completed. When the
system is stable, T; converges to some 7' in distribution. T’
is called the steady state system time. This paper is focused
on stability conditions for this problem and the existence of
stationary distributions for 71" and the queue length V.

A. Literature and Summary of Results

In queueing theory, p < 1 is a necessary and sufficient
condition for all work conserving M/G/1 queues [8] (sec.
11.4.2), where work conserving means the server will not be
idle when there are tasks waiting in the queue. However,
there is no such policy-independent stability condition for
the DTRP, which seems to be a “spatial version” of the
M/G/1 queue. Bertsimas et al. [3] showed that p < 1 is
not a sufficient stability condition for the work conserving
policies of DTRP. For example, the DTRP can be unstable
when p < 1 under the first come first serve (FCFS) policy.
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The known stability conditions for the DTRP are policy-
dependent. Bertsimas et al. [5] argued p + )\% < 1 as
a necessary condition for stability of the DTRP under a
policy, where d = lim; ., E[D;], and D; denotes the
distance traveled from task ¢ to the next task served after
¢ under the policy. The sufficiency of this condition for
stability is established for some policies for single vehicle-
DTRP (1-DTRP), by deriving an expression for the mean
response time, E[T], or an upper bound E[T], when p — 1~
[3], [18], [11]. The case of many capacitated vehicles with
arbitrary demand distribution was investigated in [4], [5].
Table I summarizes known results and references. Since the
sufficiency of this condition is policy dependent, stability
is not proven for some reasonable policies such as nearest
neighbor (NN) [3] or shortest job first (SJF, the task with
the smallest task size is served first [17]) discussed in the
literature. Assumption (45) in [3] has not been established
formally. This paper makes progress towards finding stability
conditions for the DTRP that are less policy dependent than
those in this literature as described next.

TABLE I
STABILITY CONDITIONS FOR DIFFERENT POLICIES FOR THE 1-DTRP,
YES = KNOWN, NO = UNKNOWN

Policies E[T) E|T] Stability conditions Ref.
FCFS Yes Yes p+0.522V/A < 1 (3]
SQM Yes Yes p+0.7660VA < 1 [3]
Partition-FCFS Yes Yes p+ %)\\/Z <1 [3]
n-TSP No Yes p+ ABrsp @ <1 [3]
Space filling curve No Yes p<1 [3]
Nearest neighbor No No Unknown [3]
Unbiased-TSP No Yes p<l1 [5]
Biased-TSP No Yes p<l1 [5]
PART-TSP No Yes p<l1 [18]
Divide & conquer No Yes p<1 [11]
Receding horizon No Yes p<1 [11]

We establish p + Abgy < 1 as a necessary and sufficient
condition for the class of polling-sequencing (P-S) policies
satisfying unlimited-polling (ULP, Definition 3) and economy
of scale (EoS, Definition 2) in Theorem 6 in Section II-C.
This stability condition is identical to the necessary condition
for stability given in [5]. The unlimited polling property is
adapted from the one in the literature to this spatial queueing
problem. The economy of scale property is particular to the
spatial aspect of the DTRP. This is the main result. Theorem
1 shows the queue length is Markovian. Theorem 2 shows it
to be aperiodic and irreducible. These are separated from
Theorem 6 because the ULP assumption is sufficient for



Theorems 1 and 2, while the ergodicity proof (Theorem 6)
also requires policies to satisfy economy of scale.

A P-S policy has two phases: the polling phase allocates
the arriving tasks to each polling station. The vehicle visits
each polling station in cyclic order. The sequencing phase is
a vehical routing problem inside each polling station. ULP
means in each polling station the number of tasks served goes
to infinity as the number of waiting tasks goes to infinity. EoS
is a property of the sequencing phase policy. EoS means the
mean travel time to serve a task decreases as the number of
tasks increases. The extra term b,y is defined as the limit
of mean travel time as the number of tasks in a polling
station goes to infinity. We prove the existence of b, is a
consequence of EoS (Theorem 5). b, is policy-dependent, but
it only depends on the sequencing phase of the P-S policy.
Since the value of by can be derived in the static setting, we
do not need to analyse or simulate the dynamic queueing
system of DTRP to get by. One only needs to analyze or
simulate to obtain the statistics of sequencing NV tasks, with
N a random variable, and the task locations distributed in
some fashion.

ROS SJF
SFC NN RH

PART-FCFS

PART-TSP
PART-NN
PART-SJF
PART-ROS sQM
DC,

All Policies

Fig. 1. Classification of Policies, WC = Work Conserving, EoS = Economy
of Scale, ULP = Unlimited-Polling.

One can check that policies considered in [3], [18],
[11], [7] such as FCFS, stochastic queue median (SQM),
partition-FCFS (PART-FCES), partition-traveling salesman
policy (PART-TSP) and divide & conquer (DC) satisfy
unlimited-polling and EoS. Other policies considered in
[31, [18], [11], [7] such as space filling curve (SFC), NN,
receding horizon (RH), and policies important in queueing
theory but not considered for the DTRP such as SJF, and
random order of service (ROS, tasks are served in a random
order) satisfy EoS but not unlimited-polling. We define a
polling version for these policies in Section II, and name
them PART-NN and PART-SJF. These satisfy both unlimited-
polling and EoS. This paragraph is summarized by Figure 1.
Theorems 3 and 4 prove the inclusions in the figure.

II. POLLING-SEQUENCING POLICIES

The class of Polling-Sequencing policies include a polling
phase and a sequencing phase.
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A. Spatial-Polling: Markov Chain

Polling policies are well-established in the queueing theory
literature. Overviews and surveys of polling systems can be
found in [14], [15], [16]. Stability and ergodicity criteria for
polling systems are well established and can be found in [1],
[10], [12], [6].

The polling phase of the P-S class is a spatial-polling
policy, we divide the region A into an r-partition {A*}7_ .
each of area A*. We label the 7 partitions as 1,2,...,7. We
regard each partition as a station in classic polling systems.
In this way we generalize the polling system [1], [10] in
classic queueing theory to the spatial case.

The vehicle visits the partitions in cyclic order,
1,2,...,r,1,2,..., and serves the tasks in each partition.
Without loss of generality, we assume that the vehicle is
initially at partition 1. Thus, the [-th visit of the vehicle is
partition I(l) = (I — 1) (mod r) + 1, where [ (mod r)
means the remainder of the division of [ by r. The set of
tasks waiting in partition () on the arrival of the I-th visit
of the vehicle is called the [-th queue (the queue observed
at [-th visit).

We denote by:

G*(N) the number of tasks that are served in partition k
when the queue observed is of length V.

T%(n) the total service time of n tasks in partition k. The
formal definition of function 7%(.) will be given in section
1I-B.

S¥(N) the duration of the service in partition & when the
queue observed is of length V.

SE(N) =T& (GF(N)) (1)

Function G*(.) characterizes the polling policy and T%(.)
characterizes the sequencing policy.

The switch time the vehicle takes from a random point in
partition % to a random point in partition £+ 1 is denoted by
AF k=1,...,r—1. The value from partition 7 to partition
1 is denoted by A". A* k = 1,... r, are bounded above
by the diameter of the region A divided by the speed of the
vehicle v. The first moment of A* is denoted by 6*, k =
1,...,r. Let A =Y} A¥ be the total switch time in a
cycle and denote by ¢ the first moment of A.

The tasks arrive at partition k£ with a Poisson process of
parameter \* = [, fx(z)dzA. The task sizes are i.i.d.
with common distribution B and mean b. Define pk = \kp,
and p = >, _, pF, 1 < k < r. Let N¥(¢1,t2] denote the
number of Poisson arrivals to partition k, 1 < k < r, during
a (random) time interval (t1,t3]. N¥(t) = N*(0,¢] is the
number of Poisson arrivals in a time interval of length t.

The [-th value of the polling system is described by the
random variables Nf, 1 < k < r, | > 1, where Nf
represents the number of tasks in partition k at the [-th visit
of the vehicle. Let N; = (N},...,NJ), taking values in
{N}", where N is the set of nonnegative integers.

Denote by S, the station time, the time interval between
the arrival times of the [-th visit and the (14 1)st visit of the
vehicle.

S = STO(N/ Dy 4 ATD )



Denote by Cj, the cycle time, the time interval between
two successive arrivals of the vehicle to the same partition.
Cr=S+...4+S4r-1.

The arrival times, the service times, the switch times are
mutually independent, and are independent of the past and
present system states. We adopt the rigorous independence
definitions from Fricker [10] with some changes for the
spatial case.

Consider a queue service starting at stopping time 7 at
partition k& while NV tasks are waiting and N~ tasks have
already been served for the whole system. Let F, be any
o-field containing the history of the service process up to
random time 7. F is independent of the process N (7,7 + ]
of arrivals after 7 and of the task sizes {By-y;}i>0 of the
tasks that have not been served up to time 7. The following
four assumptions hold for all k =1,...,r.

Al: (G* S*) is conditionally independent of F, given
N, and has the distribution of (G*(N), S*(N)) where the
expressions of the random functions (G*(.), T¥(.)) are taken
independent of N. i.e. The A-S policies do not depend on
the past history of the service process such as the number of
tasks being already served and the time spent serving them.

A2: (G*,S*) is independent of
((BN—+Gk+7;)Z->O N (7+ 8% 7+ 5%+.]), ie. The selec-
tion of a task for service is independent of the required
execution time and of possible future arrivals.

A3: G*(0) = 0, S*(0) = 0 and there exists N > 0
such that G¥(N) > 0. i.e. The vehicle leaves immediately a
queue which is or becomes empty, but provides service with
a positive probability once there are “enough” task(s) in the
queue.

A4: (G*(N),S*(N)) is monotonic and contractive in N.
A function ¢(.) is contractive if for every x > vy, g(z) —
9ly) <z —y.

N evolve according to the following evolution equations:

NE o NE+NES, if 1(1) # k
41 N —GF (N}) + N*(Sy), if I(l) =k

where I(l) = (Il —1) (mod r)+ 1.

The spatial polling system has a Markovian structure as
specified by the following two theorems, which is almost
identical to the theorems given in [10].

Theorem 1: The sequence {N;}7°, is a Markov chain.

Proof: At the [l-th polling instant 7, the server starts
serving queue ! (if not empty, otherwise he starts switching
to queue [ + 1) according to policy G') while the state
of all queues is given by N;. The arrival processes after [
are Poisson and are independent of F; the sevice times and
the switch times involved after 7 are also independent of
F-. Because these quantities are mutually independent, it
follows that given Vj, the evolution of the system after 7 is
independent of F.., which ensures the Markov property of
the sequence. [ ]

Remark: This Markov chain is in general not homoge-
neous because its transitions depend on [ through G'() and
AT and I(1) is different for each I. One can check that
theorem 1 also holds when the task arrival process is renewal.

3)
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This guarantees the arrival processes after [ are independent
of F..

Theorem 2: {Ni41}i2, is a homogeneous, irreducible
and aperiodic Markov chain with state space {N}", k =
1,...,r, where r is the number of polling stations.

Proof: {Ni4+,}72, is a subsequence of the Markov
chain {N;}7°, and is thus also a Markov chain which is
homogeneous because I(Ir+k) = k and GI("+k) = G* for
1=0,1,2,...

It is irreducible because all states communicate. Indeed,
(N L...,N T) can be reached in one step from the state
(0,...,0): this is realized when first no arrivals occur to all
queues during the whole cycle but the last switch time A1,
and then the last switch time is positive and (N*',...,N")
arrivals occur during it, all this having a positive probability
because the arrival processes are Poisson. On the other hand,
(0,...,0) is reached in (possibly) many steps from any state
(N L...,N T) with positive probability too: this is realized
when there are no arrivals until it happens. By the same
arguments, the state (0,...,0) is aperiodic and so is the
(irreducible) Markov chain. |

B. Sequencing: Economy of Scale

Under a spatial-polling policy, the number and locations
of tasks are determined in each polling station in each
polling cycle, which is a static vehicle routing problem. The
sequencing policies sequence the set of tasks in each polling
station. For the notation of P-S policies, we use “PART-"
to denote the polling (partitioning) phase, followed with the
sequencing policies for the sequencing phase. For example,
PART-TSP means first partition the region A into polling
stations, and use TSP to sequence the tasks inside each
polling station. Similarly, we can define PART-NN, PART-
SJF, etc.

Definition 1: A policy for the 1-DTRP is called a P-S
policy if it runs a spatial-polling policy in region A, and
sequences the set of tasks in each polling station using some
sequencing policy.

A sequencing policy is called non-location based if it does
not sequence according to the locations of the tasks. Exam-
ples include FCFS, SJF, ROS and longest job first (LJF). A
sequencing policy is called location based if it sequences
according to the locations of the tasks. Examples include
NN, furtherest job first (FJF), TSP and the approximation
algorithms for TSP such as Daganzo’s algorithm (DA) [9].

For a set of n tasks {B;, X;}7,, each with size B; and
location X, denote by 75 ({X;}7",) and T¥ ({B;, X;}7 ;)
the travel time and service time for the n tasks {B;, X;}1* ;
under sequencing policy P.

1
TH (XiYi) = Bx | 1DP (X (X)) @
where v is the vehicle speed, and DP (X, {X,}™ ;) is
the distance travelled by the vehicle to serve the tasks
{B;, X;}!_, starting from a random point X in region A



under sequencing policy P.

n

= Th ({Xi}i) + ZBi

= Exy [ThH (X)),

= Eix,y [Ersy [TE ({Bi, Xo}izy)] ] then
T4 (n) (6)

TE(n) = T (n) and TE(n)

policy P is used in partition k.
Definition 2: A sequencing policy P is said to have econ-

TS ({Bi, Xi}i-y) (5)

Define T} (n)
and TZ (n)

=TE(n) +nb

= T5(n) when sequencing

omy of scale (EoS) if @ is nonincreasing in n.

Theorem 3: Non-location based policies satisfy economy
of scale.

Proof: This is because that X; is independent of the
arrival process, and X is independent of X;_;. Non-location
based policies do not sequence based on the locations of
tasks, so T5(n) = E 72%1 Di) = 725;1:3[&], where
D; :” X — X1 || when i > 1, D, :” X1 — X, ||,
where X is the location of the i-th task and X, is the initial
position of the vehicle. X; and X, are i.i.d. with pdf fx ().
Thus E[D;] is a constant, say d. Then TDn(") nd — g,
which is nonincreasing in n. So non-location based pollcles
satisfy EoS. [ ]
Remark: Non-location based policies have trival EoS in the
sense that @ is a constant.

For location based policies, there are two categories. One
category try to find a shorter path connecting the locations of
the tasks, which we call smart. Examples include TSP, NN
and the approximation algorithms of TSP such as Daganzo’s
algorithm (DA) [9]. The other category tries to find a
longer path connecting the locations of the tasks, which we
call foolish. Examples include furthest job first (FJF). This
category does not has EoS, and is not practical. Theorem 4
below proves that the common policies in the smart category
such as TSP, NN and DA have EoS. Other policies in this
category can be checked by the similar analysis or through
simulation. Theorem 4 also proves that FJF does not satisfy
EoS. NN and TSP are well known. In DA, one cuts a swath of
approximate width, w, covering the region A. One possible
patten is shown in the left of Figure 2 with a swath of width
@. The vehicle visits the task locations by moving along
the swath without backtracking.

—w —d —w —

o) Euclidean distances b) L distances

Fig. 2. Daganzo’s Algorithm, cited from [9].
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Theorem 4: Nearest neighbor, traveling salesman policy
and Daganzo’s algorithm satisfy economy of scale, furthest
job first does not satisfy economy of scale.

Proof: Under TSP, when there are n tasks, there are n!
Hamiltonian paths starting from the initial position of the ve-
hicle. A Hamiltonian path is a path that visits each X; exactly
once. The length of each Hamiltonian path is the sum of n
iid. D;’s, HP = > | D;. The TSP tour is the Hamiltonian
path with minimum lengths among, the n! Hamiltonian paths.
Let L,, be the tour length, then Tp(m) _ LLU ]. When there
are n + 1 tasks, there are (n + 1) Hamﬂtonian paths, and
L1 is the shortest of them. P "“ > y) <P >y)

because L4 is the minimum of (n + 1)! Hamiltonian
paths and L,, is the minimum of n! Hamiltonian paths.

gt = 5P (Gt > y) dy < J;° P (% >y) dy =

Tp(n+1) < TD( ) TSP satisfies EoS.

[ =l Then g
Under NN, when there are n tasks, Let L)Y be the
length of the tour connecting the initial vehicle position and

TD m) _ E [LN LNN

the locations of the n tasks, then
is composed of n segments, LYY = ZZ L DNN label i
backwards such that DN is the distance from the (n —1)-

th point to the (n—i+1)-th point whené =1,...,n—1, and
D,, is the distance from the initial position of the vehicle to
the 1st point. So DZN N is the minimum of 4 Dj’s, where each
Dj is the distance between two random points in the region
Al Thus P (DNY >y) < P(DNN >y), this implies

E[DYY] < B[DNY]. thus Ellva] _ 2in B[DIT]

i n+ nt >
iy B[DYN ]+, E[DNY] o, M e[DYN]

BILNN ntl B n+1 -
[ - ] So TDn(in) < TDH("). NN satisfies EoS.

In [9], the swath was approximated to be a infinitely long
strip of width w neglecting corner effect as shown in the right
two of Figu}ge 2. The mean travel time per task when serving
n tasks, TDT(") = ”Z’“ = d,,, where d,, is the expected
distance between two consecutive locations. Let X denote
the random distance between two consecutive points along
the width of the strip, and Y the distance along the side of the
strip, then E[X] = ¥, E[Y] % according to [9]. d
Exy (VX?+7Y?) for the Euclidean metric. dy, ~ % +

%1/1 ("Tif’z) where ¢(z) = 3—2 (1 + x)log(1 4+ z) — z).
2.954

*

w minimizes d,,. Substituting w*, we see dy,

is decreasing with n. Thus @

We show that FJF does not satisfy EoS by a counterex-
ample. Consider a square of size 1 x 1 with uniformly
distributed task locations. @ = E[D;] = 0.52, where
D, =|| X; — X, |, where X; is the location of the i-th
task and X, is the initial position of the vehicle. X; and
X, are ii.d. with pdf fx(x) = 1. When there are two
tasks, the vehicle will choose the task further away, thus
TD @) > 0.52 = Tgl(l). Thus FJF does not satisfy EoS. ®

Theorem 4 is supported by the simulation results in Figure
3. The simulations are done in a square A of size 1 x 1. The
task locations and the initial vehicle position are generated

is nonincreasing in n.



Mean travel time under TSP, NN and DA
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Fig. 3. Mean Travel Time under TSP, NN and DA.

independently from a uniform distribution with pdf fx (z) =
1. The length of the path connecting the vehicle and the tasks
is calculated under TSP, NN and DA for different number of
points n.

Theorem 5: Unde}g a sequencing policy P with economy
o) — py >0, and IM > 0, s.t. M >

of scale, lim,,
P
Tolm) > b, for all n.

Proof: Th () > 0 and % is nonincreasing in n
P
imply that lim,, TDT(n) exists, say bg.
- T (n) _ _ i
Thus we have lim, oo =2~ =bg and M = -2 >
o) 5 4, > 0. m

Remark: by is a measure of how well the sequencing policy
can take advantage of the task locations. Let L, denote
the length of the tour connecting n points in a square of

area A under TSP. From [13] we know that lim, \L/i =

BrspV A, where Brgp ~ 0.72, thus by = lim,,_, o % =
lim,, o ElLa] _ lim,_ o0 Brsp v‘{/z% = 0. This implies that
TSP does best in taking avantage of the task locations.

C. Stability Condition

Stability of DTRP is more complicated than in queueing
theory because the stability of DTRP is policy dependent,
whereas in queueing theory we have the policy-independent
stability condition p < 1 for work conserving M/G/1 queues.
Theorem 1 and 2 showed that {N;}7°, is a Markov chain,
and {Nj, 11 }7°, is a homogeneous, irreducible and aperiodic
Markov chain. We check the ergodicity of {N;,1}°, and
the stability of the DTRP under the P-S policies in this
section.

Definition 3: A polling policy characterized by G*(.) is
called an unlimited-polling policy if G¥(N) — oo, when
N —oo, k=1,...,7.

Remark: One can check that the common polling poli-
cies such as the exhaustive and gated policies in [14] are
unlimited-polling policies.

Lemma 1: (LEMMA 3.1 in [1]) If forall 1 < k < r
the Markov chains {N;,4£}7°, are ergodic, then for all 1 <
k < r {Npyr}2, together with the sequence of station
times {S;1%}7°, and the cycle times {Cj,y1}7°, converge
weakly to finite random variables.
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Definition 4: The DTRP under a P-S policy is said to be
stable if all the r Markov chains {Nj,;1}7°, are ergodic.
Lemma 2: (Foster’s Criterion [2, p.19]): Suppose a
Markov chain is irreducible and let £y be a finite subset of
the state space E. Then the chain is positive recurrent if for
some h : E — R and some € > 0 we have inf, h(z) > —co
and
) Y e pikh(k) <oo,j € Ep,
ii) ZkeEpjkh(k) < h(j) — €] ¢ Eo.
where p;y, is the transition probability of the chain.
Theorem 6: (Stability theorem): For any P-S policy with
polling policy satisfying Definition 3 (unlimited-polling) and
sequencing policy P satisfying lim,, , Tp(m) _ bk in each
n—00 n d
partition A*, assuming the partitions {A*}7_, are divided
P
such that b5 = Tim,, o 22 = ;. V1 < k < r, then when
p+ Abg < 1, the Markov chains {N;44}72, are ergodic,
V1 < k < r. Moreover, if the sequencing policy P satisfying
Definition 2 (EoS), then p + Abg < 1 is necessary for the
ergodicity of { N4 }72,.
Proof: Sufficiency: taking a conditional expectation in
(3), summing over k, and substituting (2) and (1) we obtain:
T T I(1
E [Zk:l lekM ‘Nl} = 2k=1 lek —bG') (Nl ( ))
+ B[S bNF (ATO) [N, ]
+ B | Yho o8 (T80 (610 (N[ )) ) V]
_ 22:1 lek _ bGI(l) (Nll(l))
+ B [Xo, BN (AD)] +
Gl (NI
S bEINKEE, M) B+ (@GO (N ) [N
= Sy BN = 06T () 4 S b [AT0)]
+ i b (61O (N[ O) b+ T (610 (W] D))
— 2221 lek —paIM (Nll(l)) + 22:1 b)\kél(l)
+p ("0 (M) o+ 1f (c10 (N/V)))

= 4 ONF 4 pst®

Tg(G’“)(N,,I“)))> s i)
tlp— 1+ A— oy bG(l)(N )
< GI(N(NLIU)) ( 0 k)(l m+k)))
Th (G (N
Define ’Yk = p—1+A DGI(l+k> (Nfi%%) =
0,....,7m—1,

then E [>T _, bNf,, |V ]
= Sy DN 4 poT 0 4 405G (N0,
Similarly, E [>;_, le”i2 |N; ]
= E [E [Y 51 bNfy 5 [Ny, Ni| [N
= E[E Y5 BN, [Ny ||V ]
=E [22:1 lelj-l ‘Nl] + po!U+D
LB {vlel(l“) (Nzlﬁﬂ)) |Nl]
Since N U+ — le(lﬂ) + NI () > Nll(l+1)’

+1
and Gy/(.) is nondecreasing, then

Elgit+D) sz+(l1+1) INl >
E |G+ Nll(l—i-l) IN; | = GI0+D (NZI(1+1))
p+ Abg < 1 implies €1 = % -0



Since lim,, o Tgn(n) =by >0,
P
then 3M; > 0, s.t. n > M; implies T%L(n) — by < €1,
ie.p—1+AIM g

Thus when GI(+1) (M) > o,

Gl(l+1) Nll—éll+1)> > My, ,Yl <0, so

1 0

b [715)6'1(”1) (Nu£1+1)) |Nl} < ALpGIHY) (Nz ( +1)).

So when GT(+1) (Nll(l“)) > M,
E [3 e WNf [N ] <

[ I: 1 l’jz ] 1(1+1) 1pI(1+1) ( ArI(+1)
B [ b IN] + po + G (Nl )
=3h_ ) BNF + p (67D 4 510+1))
+4%pGII+D) (Nll(l)) ARG (Nll(l-&-l)).

Repeating the above calculation, we obtain

[Zk L DN, |Nl]( < )22:1 bN} + pd +
I(l+k
,kaGI(lJrk) ;

when GI(+F) (Nll(H_k)) >M,k=1,...,r—1.

Since ¢ < 0, when G10H0) (N/UT) > gk =
0,...,7—1,

then IM > M, s.t.
GI{+k) ( I(H_k)l) > M implies

e = pb+ ThZyyRGIR (] <o,
Define
Ey = (N, € NT’G””’“) <Mk=1,...,r},
then Ej is a finite subset of the state space N".
Define h(N) = Y, _, bN*, since b > 0 and N € N",
then infy h(N) > —oo.
It then follows that
FE [h (NZ+T) |Nl] S h(Nl) — €, when Nl ¢ EO,
E[h(Nigr) |N] < ZZ:Blek + pb +

NlI(H-k)

-! ARHGTI+F) NlI(Hk) , when N, € E.

Then {Nj,41}72, is positive recurrent by Lemma 2 (Fos-
ter’s Criterion), thus it is ergodic (irreducible, aperiodic and
positive recurrent).

Necessity when economy of scale applies: Bertsimas et al.
gave the necessary condition for stability in [S] p+ Ag <1,
where d = lim;_, o, E [D;], where D; denotes the distance
traveled from task ¢ to the next task served after 7, i.e.
d is the steady state expected value of D;. Let N* be
the number of tasks served in partition k£ in steady state.
P (N* =n, X; € A¥) denotes the probability that there are
n tasks served in partition & in steady state and task 7 is one
Of them. Then

00 M P

Zk: 1 Zn— (Nk =n, X € Ak)
> Zk DD hm,Hoo o) p (N* = n, X; € A)
=ba Yoy Doper P (NF = =n,X; € A%) = ba,
Sop+Abg < p+ AL <1 [
Remark 1: The stability condition p + Aby < 1 has an
additional term A\b; compared to p < 1 in queueing theory,
where by is the mean travel time per task when n — oco.
Remark 3: By Lemma 1, ergodicity implies that the
sequence of station times {S;41}7°, and the cycle times
{Cir41 172, converge weakly to finite random variables. The
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i-th task arriving in partition k to be served in station time
Syt first spends time Wy, to wait outside the previous
cycle, Cy_1)r4. and spends time Wy; inside the current
station time Sj,yx. Wo; and Wy, are well defined based
on C_1)r4x and Si4x under the P-S policy, and Wo; <
Ca-1yr4r and Wy, < Spig. So Wo,; and Wi, converge
weakly to finite random variables. Thus the system time
T, = Wo;+Wr; converges weakly to finite random variable.

III. CONCLUSION

We prove a necessary and sufficient condition for stability
in the Dynamic Traveling Repairman Problem (DTRP) [3]
under the class of Polling-Sequencing (P-S) policies satisfy-
ing unlimited-polling and economy of scale. The number of
tasks inside each polling partition is shown to be a Markov
chain. Non-location based policies and some common loca-
tion based policies such as TSP, NN and DA are shown to
have economy of scale. The P-S class includes some of the
policies proven to be optimal for the expectation of system
time under light and heavy loads in the DTRP literature.
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