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Abstract— This paper presents a middleware data delivery
setting with a proxy that is required to maximize the completeness
of captured updates, specified in its clients’ profiles, while
minimizing at the same time the delay in delivering the updates
to clients. The two objectives may conflict when the monitoring
budget is limited. Therefore, any solution should consider this
tradeoff in satisfying both objectives. We term this problem the
“proxy dilemma” and formalize it as a biobjective optimization
problem. Such problem occurs in many contemporary applica-
tions, such as mobile and sensor networks, and poses scalability
challenges in delivering up-to-date data from remote resources
to meet client specifications. We present a Pareto set as a formal
solution to the proxy dilemma. We discuss the complexity of
generating a Pareto set for the proxy dilemma and suggest an
approximation scheme to this problem.

I. INTRODUCTION

Proxy middleware is a common practice nowadays and
is designed for increasing scalability in the face of client
sophistication. Typical applications that use such middle-ware
are monitoring sensor or mobile networks, Web feeds aggre-
gation services, stock prices and sponsored search auctions
on the commercial Internet, and monitoring resources on the
computational Grid.

In this work we consider a middleware setting managed by a
proxy that delivers notifications to multiple clients according
to their data delivery requirements, specified in the form of
client profiles. A client profile identifies a set of resources of
interest with which the client requires to be synchronized and
a set of events (e.g., updates to some resource) that identify
when such synchronization should take place. Each event is
associated with a deadline in getting notification about the
event occurrence and we further assume that clients prefer to
get notifications as soon as possible to minimize their observed
delay in the system. The time frame associated with each
resource and each such event is termed an Execution Interval,
and requires from the proxy to deliver a notification to the
client during that interval. A client profile may consist of
multiple such intervals.

The proxy is responsible to monitor a set of resources of
interest specified in its clients’ profiles and deliver notifications
to the clients. The proxy has two data delivery objectives.
On the one hand, the proxy is interested in maximizing
completeness by capturing as many execution intervals as

possible. However, with limited monitoring budget and with
thousands of clients and resources to monitor, data delivery
may not be current, resulting in a delay in delivering updates.
On the other hand, the proxy is interested in minimizing such
delay in clients’ notifications and aims at reducing the delay
observed by clients, and to accomplish that it may sacrifice
completeness. The proxy, therefore, has to consider two con-
flicting data delivery objectives, and face a proxy dilemma,
where a data delivery tradeoff exists between completeness
and currency.

In this paper, we propose a solution to a biobjective
problem that optimally solves the proxy dilemma. This so-
lution considers both conflicting objectives at the same time.
The conventional definition of a solution to multiobjective
problems is a Pareto set that identifies the set of all non-
dominated alternative solutions. We show that generating a
Pareto set for the proxy dilemma using full enumeration is of
a high order polynomial complexity. We then present a fully
polynomial time approximation scheme (FPTAS) solution to
a Global Assignment Problem (GAP) that can be used to
construct an approximated Pareto set. Finally, we compare
the complexity of the approximated solution and its full
enumeration counterpart.

The rest of the paper is organized as follows: In Section II,
we survey the literature and classify solutions. We introduce
the proxy dilemma in Section III. In Section IV, we present
solutions to the proxy dilemma and we conclude and discuss
future work in Section V.

II. RELATED WORK

We classify related research as follows: We first determine
if one or both objectives are considered. When both objectives
are considered, we classify solutions based on whether an
aggregate solution is used or if there is a precedence among
the objectives.
Uni-objective: These solutions focus only on one objective
while ignoring the other. For example, [1] considers coherency,
the maximization of completeness. Also in [2], the optimiza-
tion objective is average freshness. As another example, [3],
[4] consider only currency.
Bi-objective aggregation: These solutions consider aggrega-
tions of both objectives. As an example, in [5] both objectives



are aggregated to model the utility in capturing updates to Web
resources using a monitoring schedule.
Bi-objective preference: These solutions consider lexico-
graphic preferences over both objectives. Such preference is
very common in broadcast system solutions (see for example
the RxW algorithm [6]) and may consist of either a lexical
ordering of the two objectives, or it can have a more flexible
mechanism where a tuning parameter is used to determine the
relative importance (or weights) of each objective.
Biobjective dilemma: Here, both objectives are simultane-
ously considered, with no internal preference between them.
Applications that face the proxy dilemma can use solutions in
this class to deliver as many updates while minimizing delay,
both requirements are (a-priori) equally important. To the best
of our knowledge, our work is the first to consider this class
of problems in the domain of data delivery.

III. MODEL AND PROBLEM DEFINITION

We now follow the data delivery model of [7] and consider a
simplified profile model with non-complex execution intervals
(defined by rank(P) = 1 in [7]). We first present a summary
of the three building blocks used by this model, namely
client profiles, execution intervals, and schedules, and two
performance metrics, namely completeness and currency. We
then present the Proxy Dilemma formally.

A. Profiles and execution intervals

Let R = {r1, r2, ..., rn} be a set of n resources and
let T = (T1, T2, ..., TK) be an epoch with K chronons.
A client profile p is a set of execution intervals p =
{I1, I2, . . . , Ik}, where each execution interval I ∈ p is a
pair I = 〈r, [Ts, Tf ]〉;Ts, Tf ∈ T ;Ts ≤ Tf that associates
an interval of time in T with some resource r ∈ R on which
the client requires to be synchronized with the state of resource
r. The interval start and finish times can further represent the
occurrence time of some events of interest that initiate and
terminate this synchronization period. We assume that only
execution intervals that are associated with different resources
may overlap, while more general overlap relationships, which
are further discussed in [7], are considered as future work.

B. Schedules and data delivery metrics

A data delivery schedule S = {si,j}i=1,...,n;j=1,...,K assigns
si,j = 1 if resource ri ∈ R should be monitored (probed) by
the proxy at chronon Tj ∈ T , else si,j = 0. We denote by S
the set of all possible schedules. Given a client profile p and an
execution interval I ∈ p, we say that I is captured by schedule
S ∈ S if ∃Tj ∈ I : si,j = 1 and r = ri with r ∈ I . Given
an execution interval I captured by S at chronon Tj ∈ I , the
delay d(I, Tj) is as follows:

d(I, Tj) = Tj − I.Ts (1)

Given a set of client profiles P = {p1, p2, ..., pm}, we
denote by N(P, S) the total number of execution intervals
captured by schedule S and further denote D(P, S) the total

obtained delay. Given a schedule S, we measure its perfor-
mance with regard to the completeness objective (denoted
Nratio) by calculating the ratio of total captured intervals out
of all possible intervals in P .

We then define Davg(P, S) the average (total) delay per
profile (i.e., the average of profiles’ total delay) that measures
the currency in terms of clients’ average observed delay in
capturing intervals specified in P .

C. The proxy dilemma

We assume that the proxy has a limited budget given as an
upper bound on the number of resources that the proxy can
monitor in parallel at each chronon Tj ∈ T . This constraint
is represented by the budget vector ~C = (C1, C2, . . . , CK). A
similar constraint type is also used in other settings including
Web Monitoring [5] and Web Crawlers [4].

Problem 1 (Proxy Dilemma): Given a set of client profiles
P = {p1, p2, ..., pm}, maximize completeness Nratio while
minimizing currency Davg(P, S) at the same time, subject to
the budget ~C. Formally, the proxy dilemma can be represented
as the following biobjective optimization problem:

maximize Nratio(P, S)
minimize Davg(P, S)
s.t.

∑n
i=1 si,j ≤ Cj , ∀j = 1, 2, . . . ,K

(2)

IV. SOLUTIONS TO THE PROXY DILEMMA

We present Pareto sets as a solution to the biobjective
problem that models the proxy dilemma and then present a
description of an approximation to the problem.

A. Pareto sets

The proxy dilemma identifies a tradeoff between com-
pleteness and currency when its two objective functions are
dependent. Maximizing completeness may decrease currency
and vice versa. Such a tradeoff between objectives of general
multiobjective optimization problems is well studied (e.g.,
[8] and many references therein). The conventional definition
of a solution to multiobjective problems include a set of
non-dominated feasible solutions, also known as the Pareto
Set (or its geometric representation in the form of a Pareto
curve). Non dominance between two schedules means that
each schedule has better performance than other schedules
with regard to at least one of the objectives. Thus, the Pareto
set contains schedules that dominate all other schedules that
do not belong to the set. Within the set there is no preference
between the schedules. The Pareto set identifies the data
delivery optimal tradeoff.

A feasible solution to the data delivery proxy dilemma is
a schedule that satisfies the problem constraints. Formally,
a schedule S ∈ S is feasible if for each 1 ≤ j ≤ K,∑n

i=1 si,j ≤ Cj . We denote by S(~C) ⊆ S the set of all feasible
schedules in the problem domain. Dominance between two
feasible schedules is defined next.

Definition 1: Given a set of profiles P , upper bounds ~C,
and schedules S1, S2 ∈ S(~C), schedule S1 is said to dominate
schedule S2 (denoted as S1 � S2) if N(P, S1) > N(P, S2)



and D(P, S1) ≤ D(P, S2), or N(P, S1) ≥ N(P, S2) and
D(P, S1) < D(P, S2).
We denote by S̄(P) the set of all non-dominated feasible
schedules that construct the Pareto set.

Discrete multiobjective optimization problems with even
two linear objectives tend to be NP-hard [9]. In some cases,
maximizing one objective while keeping the other fixed
(known as the Global Assignment Problem – GAP) is an
NP-hard problem by itself. The proxy dilemma, however, is
not a hard problem, but rather polynomial in the number of
resources. Given the budget vector ~C, it is easy to show that
the complexity in generating the Pareto set has a worst case of
O

(
n2KCmax

)
, with Cmax = maxj=1,2,...,K (Cj) and assuming

that Cmax 6= O(n) (otherwise, the solution is trivial). Finding
the exact Pareto set can be very costly for large values of K
or n, and therefore, we now present a cheaper solution that
finds an approximated Pareto set instead.

B. Approximating Pareto sets

We now discuss how an ε-approximated solution to the
proxy dilemma is achieved. For this purpose we first relax
the definition of dominance between schedules.

Definition 2: Given a set of profiles P , constraints ~C, and
a pair of schedules S1, S2 ∈ S(~C), schedule S1 is said to
ε-dominate schedule S2 (S1 �ε S2) if N(P, S1)(1 + ε) ≥
N(P, S2) and D(P, S1) ≤ D(P, S2)(1− ε).

That is, S1 �ε S2 if S1 has at least better or equal
performance than S2 for both objectives up to a difference
factor of ε. We further denote by S̄ε(P) the data delivery
tradeoff approximated Pareto set.

Sufficient conditions for the existence of an efficient al-
gorithm that provides ε-approximated Pareto sets for general
multiobjective problems were suggested in [9]. [9] shows that
in order to find an efficient approximation, polynomial in the
problem size and 1

ε , one needs to provide a Fully Polyno-
mial Time Approximation Scheme (FPTAS) to the General
Assignment Problem (GAP) [10]. Using GAP, one can further
utilize the zigzag technique described in [11] to construct the
approximated Pareto set (curve). The GAP formulation of the
proxy dilemma is given next.

Problem 2 (Data Delivery GAP): Given P , ~C, N ∈ N,
D ∈ N, and ε, determine if there is a schedule S ∈ S(~C)
such that N(P, S) ≥ N and D(P, S) ≤ D or there is no S′

such that N(P, S′) ≥ N(1 + ε) and D(P, S′) ≤ D(1− ε).
By solving a GAP problem we can determine if there

exists at least one schedule S that is guaranteed to dominate
any schedule that has performance of 〈N,D〉, and therefore,
we can guarantee non-dominance in a square environment of
〈N,D〉 × 〈N(1 + ε), D(1− ε)〉.

We now shortly discuss how an FPTAS for the data delivery
GAP problem is achieved using a dynamic programming
solution; Given the pair of values 〈N,D〉, we first fix the
upper bound on total delay to be D, and then relax that bound
by a factor of (1 − ε) and try to maximize completeness
by capturing as many intervals as possible, subject to the
relaxed upper bound on total delay D(1 − ε). The dynamic

programming solution iterates over schedules in S(~C) and
finds an optimal schedule S̃ that is then used to determine
whether we can guarantee to captured at least N intervals.
Suppose that the schedule S̃ manages to guarantee the required
level of completeness, then that schedule is considered as a
candidate for the approximated Pareto set. Given the suggested
FPTAS to the data delivery GAP, we further utilize the method
of [11] to construct the Pareto set.

The runtime complexity of this solution is only O(n2K2

ε )
compared to the full enumeration solution complexity that
requires O

(
nKCmax

)
to find a single non-dominated schedule.

V. CONCLUSIONS

In this paper we defined the proxy dilemma data delivery
problem as a biobjective optimization problem. We discussed
the optimal solution to this problem given in the form of a
Pareto set. We further presented a GAP algorithm to construct
an approximate Pareto set as a cheaper alternative solution.

However, GAP may still not scale well as n (resources)
and K (epoch length) increase. We are now exploring online
policies as scalable alternatives that can provide efficient solu-
tions that are much cheaper then GAP. Additionally, we now
look at problem instances with general overlap relationships
between execution intervals that include also intra-resource
overlaps ([7]). Identifying such overlaps efficiently may reduce
remarkably the monitoring budget and increase scalability
(e.g., by further caching the captured execution intervals).
Finally, we plan to use GAP as a feedback mechanism for
online data delivery policies, where GAP can be used to select
dominant policies or tune policies to improve their overall
performance.
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