On the Optimization of Storage Capacity Allocation for Content Distribution^∗

Nikolaos Laoutaris, Vassilios Zissimopoulos, Ioannis Stavrakakis

December 18, 2003

Abstract The addition of storage capacit y in net work nodes for the caching or replication of popular data ob jects results in reduced end-user dela y, reduced net work traffic, and impro ved scalabilit y. The problem of allo cating an available storage budget to the nodes of a hierarc hical conten t distribution system is formulated; optimal algorithms, as well as fast/efficien t heuristics, are develop ed for its solution. An inno vativ e asp ect of the presen ted approac h is that it combines all relevant subproblems, concerning node locations, node sizes, and ob ject placemen t, and solves them jointly in a single optimization step. The develop ed algorithms may be utilized in conten t distribution net works that emplo y either replication or caching/replacemen t. In addition to reducing the average fetch distance for the requested conten t, they also cater to load balancing and workload constrain ts on a given node. Strictly hierarc hical, as well as hierarc hical with peering, request routing models are considered.

1 In tro duction

Recent efforts to impro ve the service that is offered to the ever increasing internet population striv e to supplemen t the traditional bandwidth-cen tric internet with a rather non-traditional net work resource – storage. This trend is evident in a number of new technologies and service paradigms. End-users employ local caches at their Web browsers or participate in peer-to-p eer net works to share storage and conten t with other users. Organizations install dedicated proxy servers to cache popular documen ts that are shared among their local populations. Clusters of net works cooperate by allowing their proxy servers to communicate, forming large hierarc hical caches such as the NLANR cache. Similar steps are tak en regarding conten t provision/distribution. Popular web-sites employ reverse proxies for load balancing purp oses or main tain multiple mirrors in geographically disp ersed locations. Conten t Distribution Networks (CDNs) operate large numbers of servers that “push” the conten t of their subscrib ed clients close to the end-users. In all aforemen tioned cases, storage capacit y (or memory) is employed to bring valuable information in close proximit y to the end-users. The benefits of this tactic are quite diverse: end-users experience smaller delays, the load imp osed on the net work and on web-servers is reduced, the scalabilit y of the entire conten t provisioning/distribution chain in the internet is impro ved.

∗ This work and its dissemination efforts ha ve been supp orted in part by the IST Program of the Europ ean Union under contract IST-2001-32686 (Broadw ay). The authors are with the Departmen t of Informatics and Telecomm unications, Univ ersit y of Athens, 15784 Athens, Greece (email: laoutaris@di.uoa.gr; vassilis@di.uoa.gr; ista vrak@di.uoa.gr).

In most cases the engagemen t of the memory resource has been done in an ad hoc manner. Organizations select the location and capacit y of their dedicated proxy servers with little or no coordination with other organizations, even in the case that their proxies connect to the same hierarc hical cache. Similarly, web-servers are replicated based on geographical criteria alone (e.g., US, Europ e, Asia site) or on crude statistics (total number of requests coming from a certain net work/region). The unco ordinated deployment of memory can seriously impair its effectiv eness.

This pap er attempts to answer the question of how to allocate a given storage capacit y budget to the nodes of a generic hierarc hical conten t distribution system. Such a system can materialize as any one of the following: a hierarc hical cache comprising cooperating proxies from differen t organizations; a conten t distribution net work offering hosting services or leasing storage to others that may implemen t hosting services on top of it; a dedicated electronic media system that has a hierarc hical structure (e.g., video on demand distribution). The dimensioning of web caches and conten t distribution nodes has received a rather limited atten tion as compared to other related issues such as replacemen t policies [1, 2], proxy placemen t algorithms [3, 4, 5, 6] and request redirection mechanisms [7]. This observation seems to have been made by other researc hers to o in very recent publications [8]. In fact, the only published pap er on the dimensioning of web proxies that we are aware of is due to Kelly and Reeves [9] whereas the ma jorit y of related works in the field have disregarded storage dimensioning issues by assuming the existence of infinite storage capacit y [10, 11].

The limited atten tion paid to this problem probably owes to the fact that the rapidly decreasing cost of storage combined with the small size of typical web objects (html pages, images), make infinitely large caches for web objects realizable in practice, th us poten tially obliterating the need for storage allocation algorithms. Although we supp ort that storage allocation algorithms are marginally useful when considering typical web objects – which have a median size of just 4KB – we feel that recent changes in the internet traffic mix prompt for the developmen t of such algorithms. A recent large scale characterization of http traffic from Saroiu et al. [12] has shown that more than 75% of internet traffic is generated by P2P applications that employ the http proto col, such as KaZaa and Gnutella. The median object size of these P2P systems is 4MB which represen ts a thousand-fold increase over the 4KB median size of typical web objects. Furthermore, the access to these objects is highly rep etitiv e and skewed towards the most popular ones th us making them highly amenable to caching as demonstrated by the authors of [12].

Similar is the case with stored audio and video files distributed by either standard web servers or dedicated video on demand (VoD) servers. Such object are usually short videos (adv ertisemen ts or news) and amoun t to around 1 MB [13]. Although a 1997 study [14] found that such traffic represen ts a rather limited percentage of the total aggregate traffic in the internet, the percentage was shown to have been increased significan tly by a follow-up measuremen t study just a few years later [15]. This trend seems to have persisted, as recent studies (2001) have shown that stored video and audio files have by now become almost pervasive [13].

Such objects can exhaust the capacit y of a cache or a CDN node, even under a low price of storage. Probably is just a matter of time before caching systems move on to accommo date P2P traffic as well as video traffic (either over http or dedicated proto cols used by VoD servers) to reap the same benefits as with web objects, for the new class of applications that dominate the traffic. This has already been a realit y in the case of CDNs and stored video files. Given the traffic / storage requiremen ts of such conten t it is highly doubtful that the “infinitely large cache” will be realizable, th us storage allocation algorithms such as the ones developed here might prove useful. Finally , another application of storage capacit y allocation algorithms would be a wireless caching system, possibly employing some hierarc hical structure (e.g., employing cluster head nodes which are given increased capacit y as compared to ordinary nodes), where storage capacit y would be a scarce resource even under typical web conten t.

2 Our approac h to wards storage capacit y allo cation

The curren t work addresses the problem of allocating a storage resource differen tly than previous attempts, taking into consideration related resource allocation subproblems that affect it. Previous attempts have broken the problem of designing a conten t distribution net work into a number of subproblems consisted of: (1) deciding where to install proxies (and possibly their number to o); (2) deciding how much storage capacit y to allocate to each installed proxy; (3) deciding on which objects to place in each proxy. Solving each one of the problems indep enden tly (by assuming a given solution for the others) is bound to lead to a sub optimal solution, due to the dep endencies among them. For instance, a differen t storage allocation may be obtained by assuming differen t object placemen t policies and vice versa.

The dep endencies among the subproblems are not neglected under the curren t approac h and, th us, an optimal solution for all the subproblems is concurren tly derived, guaran teeing optimal overall performance. The curren t approac h considers memory as a fluid commo dit y and decides how much of the “fluid” to allocate to each node of the system. When placing a fluid unit it also decides on its “kind”, i.e., on the identit y of the object that it will hold, th us combining the resource allocation decisions (where to place storage and how much) with the object placemen t decisions (more on this issue in Sect. 3.1).

Treating storage capacit y as a fluid that can be provisioned using a very small gran ule serves both as a paradigm for the optimization of existing systems (e.g. to re-organize more effectiv ely the allocation of storage in a hierarc hical cache) but hop efully will be the approac h to be followed in developing future systems. Indeed, if the provisioning of memory contin ues to materialize as it has in the recent past, then in the very near future memory pools (CDN nodes, or local proxy servers) will be in place in most systems that constitute the internet [16]. Building adaptiv e overlay conten t distribution systems on top of the underla ying memory pools can become a significan t alternativ e to the static provisioning of memory as materialized with the curren t replication schemes that employ very large gran ules of memory (e.g., entire mirror site). Should memory pools exist and be mark eted, conten t creators (or intermediaries) can build distribution systems on them by leasing storage capacit y dynamically , as dictated by their needs. The main advantage of such a scenario is that memory will be utilized more efficien tly, and at a finer gran ularit y, as each poten tial user or application will be able to use it on-demand and release it when no longer necessary making it available to other users that may request and pay for it (proto cols and e-currencies for such resource trade paradigms have been prop osed recently [17]). Re-organizing the memory is not possible with the curren t instalmen t of dedicated mirrors and proxies in fixed locations and with fixed capacities. It is believed that the abilit y to reorganize the existing resources will be central to future intelligen t information systems (see IBM’s autonomic computing initiativ e [18]). In such environmen ts, the prop osed algorithms would be useful to regulate the utilization of storage in each memory pool, and do so fast enough that they may execute as frequen tly as required to address sudden changes of demand (transien t “hot spot” demand).

The curren t work makes the following distinct contributions towards the realization of the ab ove mentioned objectiv es:

• Intro duces the idea of provisioning memory using a very small gran ule as an alternativ e to/extension of known paradigms (mirror placemen t, proxy placemen t) and formulates an optimal solution to this problem. The derived solution provides for a joint optimization of storage capacit y allocation and object placemen t and can be exploited in systems that perform replication, as well as in those that perform caching.

• Develops fast efficien t heuristic algorithms that appro ximate closely the optimal performance but can execute very fast, as required by self organizing systems (and as opp osed to planning/dimen tioning pro cesses that can employ slow algorithms). Moreover these algorithms may be executed incremen tally, th us obliterating the need for re-optimization from scratc h.

• Supplemen ts the algorithms for the optimization of storage capacit y allocation with the abilit y to tak e into consideration load balancing and load constrain ts on the maxim um demand that may be serviced by a node. Load balancing is an imp ortan t issue in its own right [19, 20] and is jointly addressed here. The presen ted techniques may be used to avoid overloading some nodes while at the same time underutilizing others, as done by the well known “filtering” effect [20] in hierarc hical caches. The filtering effect is addressed by allocating the storage, as well as the most popular objects, more evenly to the nodes of the hierarc hy.

• Models and studies the effect of request peering, i.e., of the abilit y to forward request to peer nodes at the same level of the hierarc hy, as opp osed to pure hierarc hical systems that only forward requests to upstream ancestor nodes.

The work focuses on hierarc hical top ologies. There are several reasons for this: (1) man y information distribution systems have an inheren t hierarc hical structure owing to administrativ e and/or scalabilit y reasons (examples include hierarc hical web caching [21], hierarc hical data storage in Grid computing [22], hierarc hical peer-to-p eer net works [23]); (2) although the internet is not a perfect tree as it contains multiple routes and cycles, parts of it are trees (due to the actual physical structure, or as a consequence of routing rules) and what’s more, overlay net works on top of it have no reason not to tak e the form of a tree if this is called for; (3) it is known that once good algorithms exist for a tree they may be applied appropriately to handle general graph top ologies [24]. Figure 1 gives an example of how can a hierarc hical conten t distribution overlay net work be built up on a flat net work of clients by using proximit y/administration based clustering. Client nodes are depicted with solid black squares while storage nodes of the overlay conten t distribution infrastructure are depicted with empt y squares. The left figure of Fig. 1 shows a possible proximit y/administration-based clustering on the physical top ology, and the right one the resulting three-lev el conten t distribution overlay (institution, ISP, and national levels). Such an hierarc hical overlay may benefit by the algorithms developed here, despite the fact that the underla ying physical top ology is not a tree.

The remainder of the article is organized as follows. Section 3 formally defines the storage capacit y allocation problem and presen ts exact and appro ximate solutions for it. The same section contains a number of numerical results and a discussion concerning implemen tation issues. In

level 3 (national)

client nodes

Hierarchical Overlay

Physical Topology level 3 level 2 level 1

level 1 (institution) level 2 (ISP)

Figure 1: A three lev el hierarc hical con ten t distribution overla y built up on of a set of clien t no des using pro xim-

it y/administration based clustering.

Section 4 the algorithms (exact and appro ximate) are modified in order to be able to handle load balancing and request peering. A second set of numerical results, pertaining to the modified algorithms, is included. Related work in the field is presen ted in Sect. 5. Finally , Sect. 6 concludes the article.

3 The Storage Capacit y Allo cation Problem

3.1 Problem statemen t

The storage capacit y allocation problem is defined here as that of the distribution of an available storage capacit y budget to the nodes of a hierarc hical conten t distribution system, given known access costs and client demand patterns. Since users request specific objects and not abstract storage units, a solution to the storage capacit y allocation problem must include a solution to a related object placemen t problem. The coupling of the two makes this a challenging problem. Related works have overcome this difficult y by either provisioning entire web-server replicas [4], or by assuming that the hit rate of each installed proxy is a priori known [25]. In the first case each node holds all the conten t th us no object placemen t problem needs to be solved, nor there is cooperation between nodes (as in the case that nodes with poten tially differen t conten t cooperate to handle local misses). This reduces to the well studied k-median problem in a tree graph [26, 27] for which exact solutions exist. The second case (known hit ratio) also leads to a k-median problem where only the locations for the proxies are required; the object set of each proxy is implicitly modeled by the known hit ratio. This solution, however, is an appro ximate one since the exact hit ratio of a proxy dep ends on several parameters including the actual conten t of the proxy, the demand, the existence of other proxies in the path to the clients and, th us, the use of known “t ypical” values for the hit ratio may intro duce a significan t error factor.

The algorithms prop osed here allocate storage units that may contain any object from a set of distinct objects (th us this is a multi-commo dit y problem as opp osed to the single commo dit y k-median) and use objectiv e functions that are represen tativ e of the exact conten t of each node. Additionally , it is not assumed that a node can hold the entire set of available objects; in fact, this set need not contain objects from a single web-server, but it poten tially includes object from differen t web-servers outside the hierarc hy. As compared to works that study the object placemen t problem [28] where each proxy has a known capacit y, the curren t approac h adds an additional degree of freedom by performing the dimensioning of the proxies along with the object placemen t. Note that this may lead to a significan t impro vement in performance because even an optimal object placemen t policy will perform poorly if poor storage capacit y allocation decisions have preceded

(e.g., a large amoun t of storage has been allocated to proxies that receive only a few requests, whereas proxies that service a lot of requests have been allocated a limited storage capacit y).

The input to the problem consists of the following: a set of N distinct unit-sized objects^1 , O; an available storage capacit y budget of S storage units; a set of m clients, J , each client j having a distinct request rate λ_j and a distinct object demand distribution p_j : O → [0, 1]; a tree graph T with a node set of n nodes, V, and a distance function d_{j ,v} : J × V → R^+ associated with the j th leaf node and node v; this distance captures the cost paid when client j retriev es an object from node v. In the remainder of the work it is assumed that N > S, i.e., the total number of objects exceeds the available storage budget^2 . Each client is co-located with a leaf node and represen ts a local user population (with size prop ortional to λ_j ). A client issues a request for an object and this request must be serviced by either an ancestor node that holds the requested object or by the origin server. In any case, a client always receives a given object from the same unique node. The storage capacit y allocation problem amoun ts to identifying a set A ⊆ A with no more than S elements (no de-ob ject pairs) (v, k), v ∈ V, k ∈ O; A is the set that contains all node-ob ject pairs. A must be chosen so as to minimize the following expression of cost: min A⊆ A:|A|≤ S ∑ j ∈J

λ_j ∑ k ∈O

p_j (k) ·d^{min}_{j ,v} where d^{min}_{j ,v} = min{ d_{j ,os} , d_{j ,v} } : v ∈ ancestor s(j ), (v, k) ∈ A (1) where d_{j ,os} is the distance between the j th client (co-located with the j th leaf node) and the origin server, while d_{j ,v} is the distance between the j th leaf node and an ancestor node v. The function in (1) captures the mean cost per unit time. It is a non-linear cost function since it involves the nonlinear operator min{} in the definition of d^{min}_{j ,v} . Also, note this cost models only “read” operations from clients. Adding “write” (up date) operations from conten t creators is possible but as stated in [29] the frequency of writes is negligible compared to the frequency of reads and, th us, it does not seriously affect the placemen t decisions.

The output of the storage capacit y allocation problem prescrib es which objects to place in each node so as to achieve a minimal cost (in terms of fetch distance) sub ject to a capacit y constrain t. This solution can be implemen ted directly in a real world conten t distribution system that performs replication of conten t. Notice that the exact specification of objects for a node also pro duces the storage capacit y that must be allocated to this node. Th us, an alternativ e strategy is to disregard the exact object placemen t plan and just use the derived per-no de capacit y allocation in order to dimension the nodes of a hierarc hical cache that operates under a dynamic caching/replacemen t algorithm (e.g., LRU, LFU and their varian ts). Recently there has been concern that curren t hierarc hical caches are not appropriately dimensioned [20] (e.g., to o much storage has been given to underutilized upp er level caches). Th us, the pro duced results can be utilized by systems that employ replication as well as by those that employ caching. Replication and caching offer differen t advantages and are considered to be complemen tary technologies not rivals [29].

1 The unit-size assumption is merely to simplify the presen tation. The prop osed heuristic algorithms can b e transformed to handle non-unit sized ob jects.

2 The case N ≤ S can b e handled by the same algorithms. Only some minor tec hnical changes are required, mostly in the pro of of Prop osition 1.

3.2 In teger linear programming form ulation of an optimal solution

In this section the storage capacit y allocation problem is modeled as an integer linear programming (ILP) problem. Let X_{j ,v} (k) denote a binary integer variable which is equal to one if client j gets object k from node v where v is an ancestor of client j (including the co-located j th leaf node, excluding the origin server), and zero otherwise. Also let δ_v (k) denote a binary integer variable which is equal to one if object k is placed at the ancestor node v, and zero otherwise. The two types of variables are related as follows:

δ_v (k) =

1 if ∑ j ∈ leav es (v)

X_{j ,v} (k) > 0

0 otherwise (2)

Equation (2) expresses the obvious requiremen t that an object must be placed at a node if some clients are to access it from that node. The following ILP gives an optimal solution to the storage capacit y allocation problem.

Maximize: z = ∑ j ∈J

λ_j ∑ k ∈O

p_j (k) · ∑ v∈ ancestor s (j )

(d_{j ,os} − d_{j ,v} ) ·X_{j ,v} (k) (3)

Sub ject to: ∑ v∈ ancestor s (j )

X_{j ,v} (k) ≤ 1 j ∈ J , k ∈ O (4) ∑ j ∈ leav es (v)

X_{j ,v} (k) ≤ U ·δ_v (k) v ∈ V, k ∈ O, U ≥ |J | (5) ∑ v∈V ∑ k ∈O

δ_v (k) ≤ S (6)

X_{j ,v} (k), δ_v (k) binary decision variables v ∈ V, j ∈ J , k ∈ O

The maximization objectiv e operates on the cumulativ e gain that is incurred from the placemen t of the S storage units on the tree. This gain captures the difference in cost between accessing a cached copy of an object from some ancestor node v (excluding the origin server) and accessing the original object at the origin server (see the paren thesis in (3)). The maximization of (3) is equivalent to the minimization of (1). The chosen definition of X_{j ,v} (k) allows for the use of a linear (gain) function for the exact modeling of the non-linear (cost) function (1). Notice that only the X_{j ,v} (k)’s contribute to the objectiv e function and the δ_v (k)’s do not.

Constrain t (4) enforces the requiremen t that a client fetches a given object always from the same ancestor node. Constrain t (6) guaran tees that no more than S storage units will be allocated (exactly S in an optimal solution). The adoption of the decision variables δ_v (k) – in addition to X_{j ,v} (k) – is to facilitate the formulation of this constrain t. Notice that using only X_{j ,v} (k) and requiring that the sum of all X_{j ,v} (k) be S could lead to the allocation of less than S storage units since the placemen t of a single copy of an object, which consumes exactly one storage unit, permits multiple clients to share the same copy, th us allowing for several variables X_{j ,v} (k) to assume the value one. The intro duction of the auxiliary decision variables δ_v (k) allows for the correct formulation of the storage capacit y constrain t but also pro duces a non-linearit y in the form of the conditional relationship (2) that relates the two types of variables. Constrain t (5) guaran tees that an object be placed at a node if some clients are to access it from there. U is an upp er bound on the number of clients that may be fetching an object from the same node; the smallest sufficien t value for U is m, the total number of clients. Constrain t (5) combined with the objectiv e function (3) enforce that the conditional relationship (2) between X_{j ,v} (k) and δ_v (k) holds under an optimal solution. This permits the formulation of a non-linear relationship using only linear functions. The validit y of this linearization technique is established in the following prop osition.

Prop osition 1 Let (X^∗ , δ^∗ ) be an optimal solution to the ILP (3), (4), (6), (5). Then δ_v (k) = 0 if and only if ∑ j ∈ leav es (v) X j ,v (k) = 0 for all X j ,v (k) and δv (k) in the optimal solution (X

∗ , δ^∗ ).

Pr oof : If δ_v (k) = 0 then constrain t (5) guaran tees that ∑ j ∈ leav esv X j ,v (k) = 0 since all X j ,v (k) are

non-negativ e numbers. For the pro of of the inverse assume that for a given node v and object k the optimal solution (X^∗ , δ^∗ ) has ∑ j ∈ leav es (v) X j ,v (k) = 0 and δv (k) = 1. Now it is easy to see that by

removing k (flipping δ_v (k) from 1 to 0) and placing instead one of the objects that reside only at the origin server (such an object k^′ will exist since it has been assumed that N > S) a new solution (X^†, δ^†) may be constructed that incurs a higher value of z. This holds true because flipping δ_v (k^′) from 0 to 1 allows all X_{j ,v} (k^′), j ∈ leav es(v) to flip from 0 to 1 th us increasing the value of z. This contradicts the initial assumption that (X^∗ , δ^∗ ) is optimal. The pro of for the inverse can also be given for N ≤ S. Instead of fetching an (unreplicated) object from the server, an object from an ancestor node (higher in the hierarc hy) can be replicated again at v (lower) th us impro ving the solution. □ In the sequel, the ab ove mentioned ILP will only be employed for the purp ose of obtaining a bound on the performance of an optimal storage capacit y allocation. Such a bound is derived by considering the LP-relaxation of the ILP (remo ving the requiremen t that the decision variables assume integer values in the solution) which can be derived rapidly by a linear programming solver.

3.3 Complexit y of an optimal solution

The ILP formulation of Sect. 3.2 is generally NP-hard th us cannot be used for practical purp oses. One of our recent findings is that the aforemen tioned storage capacit y allocation problem can be modeled as a special type of problem that belongs to a family of multicommo dit y resource allocation problems that generalize the single-commo dit y k-median problem [26, 27]. We have shown that these generalized problems can be solved in polynomial time for the case of tree graphs [30] and have describ ed a two-step algorithm that reaches an optimal solution to the multi-commo dit y resource allocation problem (including the one presen ted here) in O(max { n^4 N , n^2 N^2 }). The solution is sought by first solving a series of k-medians for the differen t objects using known dynamic programming techniques [31, 32] and then combining the solutions of the various k-medians in order to solve a packing problem that is a modified version of the 0/1 Knapsac k problem [33], using again dynamic programming.

From a theoretical point of view, the O(max { n^4 N , n^2 N^2 }) result is rather attractiv e as it involves small powers of the input. In practice, however, such a result might prove to o difficult to apply. The main complication owes to the N^2 term indicating a quadratic dep endence of complexit y on the number of distinct objects N . In real applications N may assume very large values (as it represen ts the number of distinct web pages or P2P files), typically much larger than the values assumed by n (number of nodes in the conten t distribution infrastructure). Th us, the common case will be a complexit y of O(n^2 N^2 ) with n ranging from tens to hundreds and rarely few thousands (large CDNs of Akamai’s size) and N in the order of multiple thousands to millions (dep ending on the exact application). Quadratic complexities on such large inputs are generally treated as to o complicated for practical purp oses [28] in systems that need to re-allo cate storage frequen tly. Such solutions are less possible to apply. Additionally , the aforemen tioned optimal algorithm cannot jointly consider load balancing (Sect. 4.1) and request peering (Sect. 4.2). For these cases no exact polynomial algorithm is known.

For all these reasons, this work is primarily focused on the developmen t of efficien t appro ximate algorithms. We employ natural greedy heuristics to address the basic problem and its variations (considering load balancing and request peering). The developed algorithms are easy to implemen t, incur a complexit y that is in the worst case linearly dep enden t on N , provide for a close appro ximation of the optimal, and lend themselv es to incremen tal use under common circumstances involving time varying input (such need arising when considering dynamic adaptiv e systems).

3.4 The Greedy heuristic

The Greedy heuristic begins with an empt y hierarc hy and enters a loop placing one object in each iteration, th us, in exactly S iterations all the storage capacit y has been allocated. Ob jects are placed in a greedy fashion according to the gain that is pro duced with each placemen t and past placemen t decisions are not sub ject to future placemen t decisions in subsequen t iterations. The gain of an object at a certain node dep ends on the location of the node, the popularit y of the object, the aggregate request rate for this object from all clients on the leaves of the subtree rooted at the selected node, and on prior iterations that have placed the same object lower in the subtree. In the first iteration the algorithm selects an node-ob ject pair (v_1 , k_1 ) that yields a maximal gain and places k_1 at v_1 . Subsequen t decisions place an object k in node v such that the gain_v (k) is maximal among all (v, k) pairs that have not been selected yet; gain_v (k) is given by:

gain_v (k) = ∑ j ∈ leav es ( v ) k /∈ path ( j ,v )

(d_{j ,os} − d_{j ,v} ) ·p_j (k) ·λ_j (7)

Greedy is presen ted in detail in Table 1. Lines 1-6 describ e the initialization of the algorithm. For each node v the gain of placing object k in v is computed and these values are inserted in a max-heap [34] data structure g(v, ·) (n max-heaps, one for its node v). In the S iterations of the algorithm the following two steps are executed: (1) (v^∗ , k^∗ ), the node-ob ject pair that pro duces the maxim um gain among the node-ob ject pairs that have not been placed, P , is selected, removed from P , and the max-heap g(v^∗ , ·) is re-organized (lines 9-10); (2) for each ancestor u of v^∗ that does not hold k^∗ the (p oten tial) gain incurred if k^∗ is selected for u at a later iteration is up dated and the corresp onding max-heap is re-organized (lines 11-14). The up date of the poten tial gain g(u, k^∗ ) is necessary because the clients belonging to the subtree below v^∗ will not be fetching k^∗ from u but from v^∗ or its subtree, th us effectiv ely reducing its previous poten tial gain at u. A max-heap needs to be re-organized when one of its elements changes value in order to be able to guaran tee that the maxim um value is always at the root of the heap.

The initial creation of the n max-heaps can be done in O(nN ) time (each max-heap containing N values). The first step of each iteration requires that the highest value in all n max-heaps be selected. Finding the largest value in a max-heap requires o(1) time th us the largest value in all

1: for each v ∈ V 2: for each k ∈ O 3: g(v, k) = gain_v (k) 4: insert g(v, k) in max-heap g(v, ·) 5: end for 6: end for 7: i = 1, P = { (v, k) : v ∈ V, k ∈ O 8: while i ≤ S 9: select (v^∗ , k^∗ ) ∈ P : g(v^∗ , k^∗ ) ≥ g(v, k)∀(v, k) ∈ P 10: P = P − { (v^∗ , k^∗ )}, re-organize max-heap g(v^∗ , ·) 11: for each ancestor u of v^∗ not caching k^∗ 12: g(u, k^∗ ) = gain_u (k^∗ ) 13: re-organize max-heap g(u, ·) 14: end for 15: i = i + 1 16: end while

Table 1: The Greedy algorithm.

n max-heaps can be identified in O(n) by a simple linear search or in O(log n) if an additional max-heap is main tained, containing the highest value from each of the n max-heaps g(v, ·) (the latter might be unnecessary since n is typically rather small). The second step in the worst case requires the up date of L − 1 ancestors that do not cache k^∗ . The poten tial value of k^∗ for these nodes must be reduced and the corresp onding max-heap must be re-organized in order to main tain the heap prop ert y; this can be done in O(log N ) for a heap with N objects. As a result the S iterations of the algorithm require O(S ·(n + L log N )) time, which simplifies to O(S ·n log N ) by noting that L is at most n. Th us the overall complexit y of Greedy (initialization + iterations) is O(max { nN , Sn log N }) which is linear in either N or S.

A salient feature of Greedy is that it can be executed incremen tally, i.e., if the available storage budget changes from S to S^′ (e.g., because more storage has become available) and the user access patterns have not changed significan tly then no re-optimization from scratc h is required; it suffices to contin ue Greedy from its last iteration and add (or remove) |S^′ − S| objects. This can presen t a significan t advantage when the algorithm must be executed frequen tly for differen t S.

3.5 The impro ved Greedy heuristic (iGreedy)

In the previous Greedy algorithm one can make the following simple observation. If an object is placed at all children of a node u it is meaningless to also store it in u since no request will reach it there. This situation leads to the “w aste” of storage units in “stale” objects. The Greedy algorithm often intro duces stale objects as a result of its greedy mode of operation; an object is at some point placed at the father u while at that time not all children store it but with subsequen t iterations it is also placed at all children th us rendering stale the copy at the father. This situation is not an occasional one but it is rep eated quite frequen tly, resulting in wasting a substan tial amoun t of the storage budget. The situation may be resolved by executing an additional check when placing

10.1: allp eers=1 10.2: for each v ∈ peer s(v^∗ ) 10.3: if k^∗ not cached in v 10.4: al lpeer s = 0 10.5: break 10.6: end if 10.7: end for 10.8: if k^∗ cached in u= f ather (v^∗ ) AND allp eers==1 10.9: remove k^∗ from u and set i = i − 1 10.10:end if

Table 2: Additional step of the iGreedy algorithm. It is executed b et ween lines 10 and 11 of the basic Greedy algorithm.

an object k^∗ at a node v^∗ . The impro ved algorithm checks all peer nodes of v^∗ (at the same level, belonging to the same father) and if it finds that all store k^∗ then it also check whether their father u also stores it. In such a case it removes it from u freeing one storage unit. The resulting algorithm is called impro ved Greedy (iGreedy) and outp erforms the basic Greedy algorithm. The additional step of iGreedy is given in Table 2 and is executed between lines 10 and 11 of the basic Greedy algorithm.

iGreedy performs slightly more pro cessing as compared to Greedy due to the following two additional actions: (1) in each iteration a maxim um of Q peers need to be examined against k^∗ , Q denoting the maxim um node degree of the tree; (2) each eviction of a stale object increases the number of iterations by one by freeing one storage unit which will have to be allocated in a subsequen t iteration. Searching the Q peers does not affect the asymptotic per-iteration complexit y of Greedy which is O(n log N ). The increase in the number of iteration has a somewhat larger impact on the required pro cessing. The following prop osition establishes an exact upp er bound on the number of iterations performed by iGreedy.

Prop osition 2 The maximum number of iter ations performe d by iGreedy cannot exceed T(S) = 2 ·S − 1.

Pr oof : Note that in the worst case an additional iteration may be intro duced after at least q+ 1 new objects have been placed, q denoting the minim um node degree in the hierarc hy. This corresp onds to the case that an object is placed at the node with the minimal outdegree and at all its children, th us, freeing the stale object at the father which in turn increases the number of iterations by one. Let T(S) denote the maxim um number of iterations that may be performed when iGreedy starts with S available storage units. Using the previous observation it is easy to see that: T(S) = q + 1 + T(S − (q + 1) + 1) = q + 1 + T(S − q). In the worst case that q = 1 the recursiv e relationship becomes: T(S) = 2 + T(S − 1), with T(1) = 1, which leads to T(S) = 2 ·S − 1. □ Th us in the worst case iGreedy will perform 2 ·S − 1 iterations, with each iteration incurring the same complexit y as with the basic Greedy . This means that the asymptotic complexit y of iGreedy is identical to that of Greedy .

3.6 Numerical results under iGreedy

In this section the presen ted numerical results attempt to accomplish the following: (1) demonstrate the effectiv eness of iGreedy in appro ximating the optimal performance; (2) presen t possible applications of the developed algorithms. When not stated otherwise, the clients are assumed to be sharing a common Zipf-like demand distribution p_j over O with a typical skewness parameter a = 0.9 and equal request rates λ_j = 1, ∀j ∈ J . A Zipf-like distribution is a power-law dictating that the ith most popular object is requested with a probabilit y C/i^a , where C = (

∑_N

j =1 1 j^a )

− 1 . The skewness parameter a captures the degree of concentration of requests; values approac hing 1 mean that few distinct objects receive the vast ma jorit y of requests, while small values indicate progressiv ely uniform popularit y. The Zipf-like distribution is generally recognized as a good model for characterizing the popularit y of various types of measured workloads, such as web objects [35] and multimedia clips [13]. The popularit y of P2P [12] and CDN conten t has also been shown to be quite skewed towards the most popular documen ts, th us approac hing a Zipf-like behavior. Recently, evidence of Zipf-like behavior has been observed in the distribution of Gnutella queries [36].

As far as the top ology of the experimen ts is concerned, regular Q-ary trees are used in all examples. Regular Q-ary trees are commonly used for the derivation of numerical results for algorithms operating on trees [37, 10]; it has also be seen that numerical results from regular tree top ologies are in good accordance with experimen tal results from actual internet tree top ologies [38]. The entire set of parameters (demand and top ology) for each experimen t is indicated in the title of the corresponding graph. For the purp ose of the numerical study we let the distance function d_{j ,v} capture the number of hops between client j (co-located with the j th leaf th us d_{j ,j} = 0) and node v. The distance of the origin server is d_{j ,os} = L for an L level hierarc hy. Notice that the hop count metric is merely used to simplify the presen tation of the numerical results. It is by no means necessary in order to apply the algorithms (which allow for arbitrary weights to be associated with each link).

3.6.1 Qualit y of the appro ximation

Figure 2 shows the average cost per request for Greedy and iGreedy (expressed in number of hops to reach an object). The performance of the heuristic algorithms is plotted against the bound of the corresp onding optimal performance obtained from the LP-relaxation of the ILP of Sect.3.2. The x-axis indicates the number of available storage units in the hierarc hy (S) with each storage unit being able to host a single object (e.g., an mp3 file or a video file). From the graph it may be seen that iGreedy is no more than 2% away from the optimal while Greedy may deviate as much as 25% in the presen ted results. The performance gap between the two owes to the waste of a significan t amoun t of storage in stale objects under Greedy .

The asymptotic performance of the best performing iGreedy – although not rigorously proved here – is claimed to be at a constan t distance away from the optimal under typical workloads as S and N approac h infinit y. This can be intuitiv ely argued by noting that the value of objects that belong to the tail of the popularit y distribution tends to be insignifican t and, th us, from a point onwards adding more capacit y does not reduce the cost. This in effect means that sub optimal placemen t decisions involving invaluable objects – which are cached only when there is abundan t storage capacit y – cannot increase the performance gap created by the sub optimal decisions in the placemen t of the initial most valuable objects.

0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4 1.5 1.6

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 average cost (number of hops)

S (storage capacity allocated)

N=10000, L=3, Q=2, a=0.9, lambda=ones

Greedy iGreedy LP relaxation

Figure 2: The average cost of Greedy , iGreedy and

LP-relaxation.

0

200

400

600

800

1000

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 total level capacity a (skewness of Zipf distribution)

N=10000, S=1000, L=3, Q=4, lambda=ones

level-1 level-2 level-3

Figure 3: The effect of sk ewness of p opularit y on the

p er-lev el allo cation of storage under iGreedy .

0 1000

2000

3000

4000

5000

6000

7000

8000

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 total level capacity

N=10000, S=10000, L=3, Q=4, a=0.7, lambda=ones

level-1 level-2 level-3

PSfrag replacemen ts

β (overlap degree)

Figure 4: The effect of non-homogeneous demand on

the p er-lev el allo cation of storage under iGreedy .

0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 average cost (number of hops

S (allocated storage capacity)

N=10000, L=3, Q=2, a=0.9, lambda=ones

LRU-big-top LRU-equal-share LRU-iGreedy iGreedy (replication)

Figure 5: Sim ulated p erformance of LR U under

iGreedy , equal-share and big-top storage allo cation and equal request rates λ_j = 1.

3.6.2 The effects of sk ewness and non-homogeneous demand

The following two figures focus on the vertical allocation of storage under iGreedy, attempting to provide new insights into the effect of user access patterns in the dimensioning of hierarc hical distribution systems. Figure 3 shows the effect of the skewness of the demand distribution on the per-level allocation of storage. Highly skewed distributions (the skewness parameter a approac hing 1) lead to the allocation of more storage to the lower levels while less skewed distributions lead to the allocation of more storage to the higher levels. This effect is explained as follows. Under a highly skewed distribution a small number of popular objects attracts the ma jorit y of requests and, th us, these objects are intensiv ely replicated at the lower levels, leading to the allocation of most of the storage to the lower levels. When the distribution tends to be “flat” it is better to limit the number of replicas per object and instead increase the number of distinct objects that can be replicated. This is achieved by sharing objects, i.e., by placing them higher in the hierarc hy that leads to the allocation of more storage to the higher levels. An equal request rate (λ_j = 1, ∀j ) for all clients leads to an equal allocation of storage in each node of the same level. This horizon tal symmetry is disturb ed when unequal client request rates are employed (such results not shown at this point).

Figure 4 illustrates the effect of the degree of homogeneit y in the access patterns of differen t clients. Two clients are non-homogeneous if they employ differen t demand distributions. In the presen ted results each client j references N objects; βN objects are common to all clients while the remaining (1 − β)N are only referenced by client j . A Zipf-like distribution is created for each client by randomly choosing an object from its reference set and assigning it the next higher value from a Zipf-like distribution and then rep eating the same action until all objects have been assigned probabilities. The parameter β will be referred to as the overlap degree; values of β approac hing 1 mean that most objects are common to all clients (although each client may request a common object with a poten tially differen t probabilit y) while small values of β mean that each client references a poten tially differen t set of objects. Figure 4 shows that the upp er levels of a hierarc hical system are assigned more storage when there is a substan tial amoun t of overlap in client reference patterns. Otherwise most of the storage goes to the lower levels. This behavior is explained as follows. Storage is effectiv ely utilized at the upp er levels when each placed object receives an aggregate request stream from several clients. Such an aggregation may only exist when a substan tial amoun t of objects are common to all clients; otherwise it is better to allocate all the storage to the lower levels – th us sacrificing the (ineffectiv e) aggregation effect – and instead reduce the distance between clients and objects.

3.6.3 Using iGreedy with cac hing/replacemen t

The aforemen tioned results presen ted examples of how iGreedy would be useful in dimensioning a distribution system that operates using replication of conten t. For such systems iGreedy prescrib es the amoun t of storage to be allocated to each node as well as the exact set of objects to be replicated. There is a second interesting use of iGreedy however. As discussed in Sect. 3.1 one can choose to retain only the node dimensioning from iGreedy, disregarding the object placemen t plan, and use it to dimension a system that operates under request driven caching/replacemen t (e.g., a hierarc hical cache). Indeed, most caching/replacemen t strategies try to appro ximate the result of an optimal replication plan, but achieve that on-line, without a priori knowledge of demand patterns. Th us, using an optimized node dimensioning that originates from replication can also benefit the online caching/replacemen t systems.

It is interesting to note that there have been some recent works that question the appropriateness of the dimensioning of curren t operational hierarc hical caches (e.g., noting that higher level caches have been unnecessarily overdimensioned [20]). Our results tend to agree with these concerns, indicating that an optimized storage allocation pro duces a gain as compared to two empirical storage allocations plans: (1) equal-share, where each node gets an equal share of storage, i.e., appro ximately ⌈S/n⌉ units; (2) big-top, where nodes tend to get bigger at the higher levels (as often done in practice, and questioned in [20]). Under big-top, the S units are allocated as follows: each leaf node tak es Y units, each second level node tak es 2 ·Y units and, in general, each l level node tak es l ·Y units. These empirical rules might sound over-simplistic but it seems that they have been employed in practice (the aforemen tioned concern ab out overdimensioning higher level nodes points to that). In any case, we are not aware of any other storage allocation metho d that can fit the describ ed problem statemen t th us be used for comparison.^3

To examine the poten tial gain for caching/replacemen t systems it will be assumed that they operate under the least recently used (LRU) replacemen t algorithm. Figure 5 demonstrates the

3 The work of Kelly and Reev es [9] considers tradeoffs b et ween comm unication costs and storage ownership costs th us differing from the curren t setting where the amoun t of available storage is fixed. Also [9] assumes that all clien ts generate iden tical request streams (homogeneous using our terminology).

λ_1 λ_2 λ_3 λ_4 LR U iGreedy avg. hit dist.

LR U equal-share avg. hit dist.

LR U big-top avg. hit dist.

1 1 2 7 0.63 1.06 1.11

9 1 6 1 0.63 1.07 1.10

4 1 8 6 0.81 1.05 1.10

4 2 3 3 0.88 1.04 1.11

Table 3: Sim ulated p erformance of LR U-iGreedy , LR U-equal-share and

LR U-big-top under unequal clien t request rates λ_j (N = 10000, S = 10000, L = 3, Q = 2, a = 0.9).

serv er name Urbana-Champaign

t yp e NLANR ro ot

trace date 19/02/2003 - 24 hours

# requests 815194

# distinct ob jects 279375

Table 4: Prop erties of the NLANR

trace used in the sim ulations of Sect. 3.6.4.

performance of LRU in a hierarc hical cache that has been dimensioned under iGreedy and the two empirical rules. The performance of static replication under iGreedy is also simulated and plotted. Unlike all previous analytical results that refer to object replication, the results of Fig. 5, refer to request-driv en caching using LRU. They are pro duced using a simulation model with synthetically generated i.i.d. requests following a Zipf-like distribution (see caption and title of Fig. 5 for parameters). The results show that when LRU operates on a hierarc hy whose storage allocation has been optimized using iGreedy, it achieves a 10% reduction of cost over equal-share and a 15% reduction over big-top. These percentages become much larger under unequal client request rates λ_j . Table 3 presen ts some examples with λ_j ’s tak en from a uniform distribution in [1, 10]. A reduction as large as 40% over equal-share, and 42% over big-top, can be achieved by the allocation under iGreedy. The performance gap widens with the degree of asymmetry in request rates. In effect, this performance gap may grow arbitrarily under various demand distributions and request rates (e.g., when there is small overlap in demand distributions and one of the clients has a dominan tly larger request rate).

Comparing the performance of LRU (irresp ectively of capacit y allocation metho d) to that under static replication with iGreedy shows that replication – which has a priori knowledge of object popularities – achieves a significan tly better performance than the online algorithms that, however, do not need object popularities and can adapt automatically to changes of demand patterns.

3.6.4 A trace-driv en sim ulation study

One issue that has not been discussed so far is that of the temp oral correlation that usually characterizes actual measured workloads. The use of iGreedy under replication leads to a system that is immune to temporal corr elations . To see this, consider any request sequence and permute it arbitrarily . The hit ratio (or average hit distance) will be unaffected since a replication strategy does not permit nodes to change their conten t in resp onse to the received input. Th us, the qualit y of the replication provided by iGreedy dep ends only on the qualit y of the estimation of the request frequencies of the individual objects, and is unaffected by temp oral correlation.

Temp oral correlation becomes relevant to some exten t when iGreedy is limited to storage dimensioning and the net work operates under caching/replacemen t. As the dimensioning pro cedure is immune to temp oral characteristics, it is only the replacemen t algorithm that is affected in the usual manner. In the case of LRU, a positively correlated request stream will lead to impro ved performance as compared to a request stream comp osed of indep enden t requests. Th us, the qualit y of the dimensioning – and the gain as compared to an empirical rule – remains, and it is only a matter of the replacemen t algorithm to best handle the correlation and pro duce a further gain.

1e-06

1e-05

0.0001

0.001

0.01

1 10 100 1000 10000 100000 1e+06 request probability object popularity rank uc trace

Figure 6: P opularit y profile (request probabilit y

against ob ject rank) for the trace of Table 4.

1.8 1.9 2 2.1 2.2 2.3 2.4 2.5 2.6 2.7

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 average cost (number of hops)

S (allocated storage capacity) uc trace, L=3, Q=2, a=0.9, lambda=ones

LRU-bigtop LRU-equalshare LRU-iGreedy iGreedy

Figure 7: Av erage hit distance under various storage

allo cation schemes for the trace of Table 4.

In order to substan tiate the aforemen tioned observations we have conducted a simulation experimen t evaluating the performance of LRU-iGreedy , LRU-equal-share, LRU-big-top and iGreedy (with replication) under a real workload that captures some of the characteristics (notably a degree of temp oral correlation) not presen t in a synthetically generated stream of i.i.d. requests. Due to the lack of publicly available P2P workload traces, we employed a trace from a NLANR root proxy server (Urbana-Champaign, abbreviated uc); the prop erties of the trace are summarized in Table 4. The motiv ation for using this trace as an appro ximation of an actual P2P trace is: (1) the trace captures prop erties not presen t in the synthetical workloads; (2) the popularit y of objects in this trace appro ximates satisfactorily the popularit y of P2P objects that – according to some very recent measuremen ts studies – shows some deviation from the Zipf-like model (th us, our numerical evaluation is enriched as wells as captures this new artifact).

Figure 6 depicts a log-log plot of the request probabilit y against the object rank (according to popularit y) for the objects accessed in the trace. A visual insp ection suffices to show that this distribution partially deviates from the Zipf-like one, that app ears as a straigh t line in loglog scale. The divergence is towards the most popular objects (initial part), that app ear to be more uniformly requested here (observ e the initial plateau on the plot) as compared to a Zipf-like distribution. A very recent measuremen t study (Oct. 2003) from a researc h group in the Universit y of Washington [39] (the same group that has pro duced some of the previously cited measuremen t studies [12, 13]) has rep orted that such a plateau app ears consisten tly in all their measured P2P traces. It has been attributed to the fact that unlike web objects, P2P objects are accessed at most once by each client (a web user constan tly downloads the same popular web pages (e.g., Google) but rarely downloads more than once the same mp3 file). In the case of the NLANR trace the plateau is due to a differen t reason, probably owing to the fact that the corresp onding proxy server is high in the NLANR hierarc hy (ro ot server), th us requests reaching it have been filtered at lower levels. This means that man y requests for popular objects have been serviced at the lower levels, th us making the request distribution at the root more uniform in its initial part. We tak e advantage of this coinciden tal fact in order to appro ximate a P2P trace.

Figure 7 shows the average hit distance in a hierarc hy that operates under the optimized storage capacit y allocation and the empirical rules. Both LRU replacemen t (first three curves), as well as replication (last curve), are depicted. The results are identical to the ones depicted in Fig. 5 that have been pro duced using synthetical workload (the discussion on the achieved gain applying here also). They suggest once more – this time using a real workload – that an optimized storage capacit y allocation can result in a reduced average hit distance under both LRU replacemen t and replication. We have obtained similar results under several other traces (from differen t NLANR servers and/or time periods) and differen t top ologies, which we do not rep ort here due to length considerations.

3.7 Discussion and implemen tation

As discussed in the intro duction, two possible applications of the presen ted storage allocation algorithms are: (1) to re-organize curren t hierarc hical caches; (2) to drive the operation of future conten t distribution systems that dynamically lease memory. The case of (1) is an offline optimization of a resource allocation problem. The required input (demand distributions and rates) can be extracted from proxy log files. An interesting question is whether a useful solution can be derived using historical data. Krishnan et al. [3] have answered this question for the related “cac he location problem”. They showed that their solutions were fairly stable across time and estimation deficiencies, despite that their optimization was carried-out based on input from a past “snapshot” of the workload (including some estimation error). The stabilit y of the derived solution owes much to the fact that user access patterns seem to be fairly stable. In fact, a recently published measuremen t study [40] rep orted that the top 10% most popular documen ts on one day make up for ab out 80% of all requests for at least the following week. This allows for the possibilit y of using recent historical data as input in making replication decisions.

The case of (2) is somewhat more challenging from the persp ective of implemen tation. The main difficult y is due to the need for online estimation of demand distributions (the aforemen tioned p_j ’s). There are various metho ds for doing that efficien tly, i.e., without keeping trac k of all requested objects but only a fraction of the most popular ones [41]. However, owing to the aforemen tioned stabilit y of demand distributions, it might not be necessary to keep re-estimating them frequen tly but only occasionally. Should demand distributions change slowly, then it will be the request rates (λ_j ’s) that will trigger changes in storage capacit y allocation plans. Notice that under stable demand distributions as the ones rep orted in [40], changes in the request rates will require re-optimization, since the allocation of storage is sensitiv e to the request rates. Such changes can occur as users activ ate and deactiv ate at the various access points. This also allows for accommo dating the case of mobile users that show up and access the resources through the leaf access points affecting the request rate. From the persp ective of implemen tation complexit y, request rates may be obtained easily by main taining a counter in each node; a task much easier as compared to the frequen t estimation of request distributions.

The fact that iGreedy’s complexit y is only linearly dep enden t on the input of the problem facilitates the frequen t re-optimization, necessary for systems that re-organize to cope with changes in request intensit y (p ossible re-optimization interv als ranging from few minutes to some hours). Since the optimization algorithm is centralized, it should be executed at some node with administrativ e duties that overlooks the operation of the CDN. For that purp ose, estimates of the demand distributions should be communicated to the administrativ e node by all leaf nodes, which are the access points to the hierarc hical distribution infrastructure.

In order to reduce the bandwidth overhead from the rep orting of the demand distributions compact represen tations should be used to provide succinct “summaries” of the actual demand at each leaf. Leafs can use simple techniques like sending a numerical value encoded with a few bytes

(2-8) represen ting an estimate of the request probabilit y for each one of the N distinct objects. Alternativ ely, more advanced techniques could be employed to reduce the bandwidth overhead of transmitting the relevant information. For example, Bloom filters [42], such as those used in ”Summary Cache” [2], could be employed to succinctly represen t the set of distinct objects requested at a given leaf and this information be accompanied by appro ximate represen tation of the corresp onding demand distribution (e.g., by exploiting its spectral represen tation).

Additionally , due to the aforemen tioned stabilit y of demand distributions, it is possible to rep ort back the required information relativ ely infrequen tly (retransmissions every one or several days would suffice), th us further limiting the bandwidth overhead. On the other hand, request rates may be rep orted as frequen tly as needed since their overhead is negligible (only a single number from each leaf must be sent). The frequen t rep orting of request rates (intensit y) is however crucial in adapting to changes of demand due to activ ation/deactiv ation of clients and mobile users.

Summing it up, it is possible to re-organize effectiv ely the allocation of storage with the aforementioned architecture, so as to accommo date possible changes in the request intensit y at the access points of the infrastructure, owing to the volatilit y of users.

4 Variations for load balancing and request p eering

In the following two sections the iGreedy heuristic is modified to cater to load balancing and request peering. An additional section presen ts some relevant numerical results. Load balancing is a commonly sought abilit y in distributed systems and so is the case here where the system should avoid overutilizing some nodes while underutilizing others. Request peering is employed by hierarc hical systems with positive effects in the user-p erceived performance.

4.1 Load balancing: Optimal and the iGreedyLB heuristic

Let W_v denote the maxim um number of requests per unit time that may be serviced by node v – this metric captures the maxim um load that can be assigned to a node and will be used for load balancing and congestion avoidanc e at the caching nodes. The ILP model of Sect. 3.2 can be modified to resp ect the maxim um load of each node with the addition of the following constrain t. ∑ j ∈ leav es (v) ∑ k ∈O

λ_j ·p_j (k) ·X_{j ,v} (k) ≤ W_v v ∈ V (8)

Similarly, the iGreedy algorithm of Sect. 3.5 can be augmen ted to handle load constrain ts with the addition of few extra steps. In brief, the algorithm main tains a load counter for each node and selects node-ob jects pairs in decreasing order with resp ect to gain. Contrary to the basic iGreedy, the load balancing version of the algorithm, iGreedyLB, considers only feasible node-ob ject pairs when placing objects, i.e., it selects objects that do not violate the load limit of their node if they are selected for placemen t. The new algorithm is based on iGreedy and Greedy . Table 5 gives the additional lines of pseudo code for iGreedyLB. Lines 5.1, 9.1 and 13.1-13.4 are new and should be added to the pseudo code of Table 1 after lines 5, 9 and 13, while lines 7 and 10 are substitutes for the corresp onding lines of Table 1. Line 5.1 initializes to zero the load counter for each node. Line 7 creates the set P which comprises the node-ob ject pairs which are eligible for placemen t; it requires that the new load imp osed by a node-ob ject pair does not violate the maxim um load of

5.1: load_v = 0 ∀v ∈ V

7: i = 1, P = { (v, k) : load_v + new load (v, k) ≤ W_v , v ∈ V, k ∈ O } 9.1: load_{v ∗} = load_v ∗ + new load (v^∗ , k^∗ ) 10: P = P − { (v^∗ , k^∗ )} − { (v^∗ , k) ∈ P : load_v ∗ + new load (v^∗ , k) > W_v ∗ }, re-organize g(v^∗ , ·) 13.1: find u ∈ V the closest ancestor of v^∗ that caches k^∗ 13.2: load_u = load_u − new load (v^∗ , k^∗ ) 13.3: P = P + { (u, k) : (u, k) /∈ P , k not cached in u, load_u + new load (u, k) ≤ W_u } 13.4: re-organize max-heap g(u, ·)

Table 5: Additional steps for the iGreedyLB algorithm.

the node. The function new load(v, k) is defined as follows: new load(v, k) =

∑_{j ∈ leav es ( v )}

k /∈ path ( j ,v )

λ_j ·p_j (k). Line 9.1 up dates the load of node v^∗ once object k^∗ has been chosen for placemen t at v^∗ . Line 10 up dates P by removing (v^∗ , k^∗ ) and all the node-ob ject pairs (v^∗ , k) that become infeasible due to the incremen t in the load of v^∗ ; this necessitates the up date of max-heap g(v^∗ , ·). Line 13.1 identifies u, the closest ancestor of v^∗ that caches k^∗ (excluding the origin server). The load of this node is reduced because the leaves of v^∗ do not any longer fetch k^∗ from u but from v^∗ (Line 13.2). Finally , due to the reduction of load_u some objects that were not cached at u and were previously infeasible due to the load constrain t now become feasible and th us are added to P (Line 13.3) and the corresp onding max-heap is re-organized (Line 13.4).

Contrary to load-una ware practices, the load balancing ILP and the iGreedyLB heuristic not only allocate the storage capacit y more evenly among the nodes of the hierarc hy, but also place some popular objects at higher level nodes only, as opp osed to the common intuition that popular objects must be placed at the lower levels of the hierarc hy. This must be done in order to preserv e the load constrain ts and to distributed the load more evenly in the hierarc hy. Such a tactic results in a worse performance in terms of the average distance or bandwidth consumption (such is the case with the hop-coun t distance metric that is considered in the numerical results of Sect. 3.6). However, this may not be the case for delay metrics. Placing memory and some popular objects higher in the hierarc hy admittedly increases the propagation delay of accessing them but this incremen t is expected to be small compared to the delay reduction that is incurred by accessing non-congested proxy servers. The end-system delay part dominates the propagation delay part in the overall delay budgets of congested end-systems such as those that arise when load balancing is not considered.

4.2 Mo deling request p eering: Optimal and the iGreedyP heuristic

Some replication and caching [21] schemes permit peer nodes – i.e., nodes of the same level that have the same father – to cooperate. A node that receives a request from a downward node, and cannot service it locally from its own cache, forwards it to its upstream node as well as to its peer nodes at the same level. In some occasions this may lead to a significan t reduction in delay as a peer node, which is usually “closer” than upstream nodes, might quickly return the requested object. In general peering is meaningful when fast direct links exist between peer nodes and the delay on those links is smaller than the delay on the links that lead to higher level nodes. In such an environmen t, request peering leads to a higher utilization of each cached object, as this object services a larger population, which in turn reduces the number of replicas that are necessary for this object. Reducing the number of replicas of each object allows for the caching of a larger number of distinct objects (a larger initial part of the tail of the object popularit y distribution fits in the hierarc hy) th us resulting in better performance in terms of cost (bandwidth/dela y). This section describ es how to integrate request peering in the study of the storage capacit y allocation problem.

The ILP formulation of Sect. 3.2 can be augmen ted to handle request peering. A larger number of variables X_{j ,v} (k) is required because – due to peering – client j may receive object k from a larger set of nodes including not only the ancestors v, but their peers to o. Also, the objectiv e function (3) must change to: z = ∑ j ∈J

λ_j ∑ k ∈O

p_j (k) ∑ v∈ ancestor s (j ) ∑ u ∈ peer s (v)

(d_{j ,os} − d_{j ,v} − peer cost ·I_{{ u ≠ v}} )X_{j ,u} (k) (9)

peer s(v) denotes the set of nodes that are peers to v, including v itself. peer cost is a fixed^4 cost that is paid when transmitting an object between any two peers; this cost is typically smaller than the cost of accessing an ancestor at a higher level. I is an indicator function; it returns 1 when the expression in brac kets becomes true and 0 otherwise. Also constrain t (5) must change to: ∑ u ∈ peer s (v) ∑ j ∈ leav es (u )

X_{j ,v} (k) ≤ U ·δ_v (k) v ∈ V, k ∈ O (10)

Finally , constrain t (4) must be re-written as: ∑ v∈ ancestor s (j ) ∑ u ∈ peer s (v)

X_{j ,u} (k) ≤ 1 j ∈ J , k ∈ O (11)

Similarly the iGreedy algorithm of Sect. 3.5 can be converted to handle request peering; the resulting algorithm will be referred to as iGreedyP . The intro duction of request peering has two effects on the basic iGreedy algorithm. First, the gain function (7) must be up dated as follows:

gain_v (k) =

∑ u ∈ peer s (v) ∑ j ∈ leav es ( u ) k /∈ peer s ( w ) w ∈ path ( j ,u )

(d_{os,j} − d_{j ,u} − peer cost ) ·p_j (k) ·λ_j , if k /∈ u, ∀u ∈ peer s(v) ∑ j ∈ leav es ( v ) k /∈ peer s ( w ) w ∈ path ( j ,v )

peer cost ·p_j (k) ·λ_j , otherwise

(12) The first expression in (12) corresp onds to the case that no peer of v caches k th us placing k at v will attract requests from the descendan ts of v as well as from the descendan ts, j , of all peer nodes u, that do not fetch k from any node or peer in the path from j to u. The second line corresp onds to the case that k is already cached at some peer(s) u th us the gain of also caching it at v will be equal to the extra distance peer cost that will be “spared” (not have to be crossed) if an additional copy of k is placed at v (otherwise the descendan ts of v would have to fetch k from a peer u that caches it, incurring an additional cost peer cost ). The second modification refers to the removal of “stale” objects from higher level nodes. In iGreedyP it suffices to have one copy of k at any child u of a node v to remove k from v if already placed there. This is motiv ated by the fact that due to request peering a single copy of k at any peer can service all other peers to o, th us, immediately rendering stale the copy of k at the father (without requiring that all children cache k as is the case with iGreedy).

Table 6 contains the pseudo code for iGreedyP . Lines 1-7 initialize the algorithm by computing the initial gains for each node-ob ject pair and storing them in n max-heaps, one for each node. Each

4 The comm unication cost b et ween p eers could dep end on the exact t wo p eers that comm unicate but since suc h a cost is t ypically m uc h smaller than the cost of going to a higher lev el, it is mo deled by a constan t in order to simplify the presen tation.

1: for each v ∈ V 2: for each k ∈ O 3: g(v, k) = gain_v (k) 4: insert g(v, k) in max-heap g(v, ·) 5: end for 6: end for 7: i = 1, P = { (v, k) : v ∈ V, k ∈ O} 8: while i ≤ S 9: select (v^∗ , k^∗ ) ∈ P : g(v^∗ , k^∗ ) ≥ g(v, k)∀(v, k) ∈ P 10: P = P − { (v^∗ , k^∗ )}, re-organize max-heap g(v^∗ , ·) 11: for each peer u of v^∗ not caching k^∗ 12: g(u, k^∗ ) = gain_u (k^∗ ) 13: re-organize max-heap g(u, ·) 14: end for 15: for each w : w ∈ peer s(u), u ∈ ancestor s(v^∗ ) w not caching k^∗ 16: g(w, k^∗ ) = gain_w (k^∗ ) 17: re-organize max-heap g(w, ·) 18: end for 19: if k^∗ cached at f ather (v^∗ ) 20: remove k^∗ from f ather (v^∗ ) 21: i = i − 1 22: end if 23: i = i + 1 24: end while

Table 6: The iGreedyP algorithm.

iteration of the algorithm executes the code in lines 9-23. First, the node-ob ject pair that returns the maxim um gain in P , is selected, and then removed from P (lines 9-10). Then the poten tial gain that would be incurred with the caching of the selected object k^∗ is up dated for all the nodes that are affected from the selection of (v^∗ , k^∗ ); these nodes are the peers of v^∗ (lines 11-14) as well as all its ancestors and their peers (lines 15-18). Finally , if the father of v^∗ includes k^∗ then it is removed from there, th us freeing one storage unit (this increases the number of iterations by one, lines 19-23).

4.3 Numerical results under iGreedyLB and iGreedyP

This section presen ts a number of numerical results pertaining to the variations of iGreedy for load balancing and request peering. To examine the efficiency of the heuristic algorithms, their performance is plotted against the bound of the corresp onding optimal performance, th us: iGreedyLB is compared against the LP-relaxation of the load-balancing ILP of Sect.4.1, and iGreedyP against the LP-relaxation of the ILP with peering of Sect. 4.2.

Figure 8 shows the effect of differen t degrees of load balancing on iGreedyLB and on the optimal solution with load balancing. In all cases iGreedyLB appro ximates very closely the optimal. A

0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4 1.5

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 average cost (number of hops)

S (allocated storage capacity)

N=10000, L=3, Q=2, a=0.9, lambda=ones

iGreedyLB(1.0) LP relaxation(1.0) iGreedyLB(1.05) LP relaxation(1.05) iGreedyLB(1.1) LP relaxation(1.1) iGreedy LP relaxation

Figure 8: The effect of load balancing on the average

cost under iGreedyLB and the LP-relaxation of the ILP with load balancing.

0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 max workload

S (allocated storage capacity)

N=10000, L=3, Q=2, a=0.9, lambda=ones

iGreedy iGreedyLB(1.1) iGreedyLB(1.05) iGreedyLB(1.0)

Figure 9: The effect of load balancing on the max-

im um load that ma y b e imp osed on an y no de in the hierarc hy under iGreedyLB.

0.15

0.2

0.25

0.3

0.35

0.4

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 standard deviation of workload

S (allocated storage capacity)

N=10000, L=3, Q=2, a=0.9, lambda=ones

iGreedy iGreedyLB(1.1) iGreedyLB(1.05) iGreedyLB(1.0)

Figure 10: The effect of load balancing on the stan-

dard deviation of load in the no des of the hierarc hy under iGreedyLB.

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 average cost (number of hops)

S (allocated storage capacity)

N=10000, L=3, Q=2, a=0.9, lambda=ones

iGreedy LP relaxation iGreedyP peercost=1 LP relaxation peercost=1 iGreedyP peercost=0.5 LP relaxation peercost=0.5 iGreedyP peercost=0 LP relaxation peercost=0

Figure 11: The effect of p eering on the average cost

incurred under iGreedyP and LP-relaxation of the ILP with p eering, for differen t p eering costs (indicated in paren theses in the graph).

maxim um load parameter (maxl oad) is used to capture the maxim um amoun t of load a node may service. Setting maxl oad = 1.0 means that a node is able to service up to a fraction ∑ j ∈ J λj /n of

the total load. This is the smallest fraction that, if used by all nodes in the selected setting, will avoid request blocking due to load constrain ts. Larger values of maxl oad mean that a node may service a fraction maxl oad · ∑ j ∈ J λj /n of the total load, this fraction being more than an “equal

share” of load (in iGreedy a single node can poten tially service the entire load). Figure 8 shows that the plain iGreedy performs better in terms of average cost than the various load-constrained iGreedyLB( maxl oad). Increasing maxl oad helps iGreedyLB( maxl oad) to appro ximate the best performance without load balancing. The smallest value, maxl oad = 1.0, leads to the best load balancing situation where all nodes get an appro ximately equal amoun t of load but also results is an increased cost as the optimal allocation of storage deviates (due to load constrain ts) from the optimal unconstrained one. The maxim um average cost gap between the load-una ware iGreedy and the most load-constrained iGreedyLB(1.0) is 10%.

The following two figures depict the positive effects of load balancing. Figure 9 shows that load balancing is effectiv e in suppressing the maxim um load that may be imp osed on any node. For differen t values of maxl oad, the maxim um load of a node is eventually stabilized to the highest allowed value under iGreedyLB, while it increases contin uously under iGreedy as more storage is added. Figure 10 shows the standard deviation of load computed over all the nodes in the hierarc hy, for differen t degrees of load balancing. Load balancing leads to smaller values of standard deviation, th us most nodes have a load that is close to the mean load in the hierarc hy. This means that the load is evenly distributed and nodes are utilized better as opp osed to the unconstrained case where some nodes are congested while others are severely underutilized, especially those at higher levels. Notice that by adding more storage, the most load constrained iGreedyLB(1.0) achieves almost perfect load balancing (the total load is evenly shared among all nodes).

The presen ted load balancing techniques may help in addressing the well known underutilization problem in the higher levels of hierarc hical caches due to the “filtering” of most requests at the lower levels [20]. Note that the 10% increase in the average cost (number of hops) between iGreedy and iGreedyLB(1.0) results in a 25% reduction of maxim um load and a 60% reduction in the standard deviation of load in the hierarc hy. These results may lead to a substan tial reduction in the average delay by noting that whereas the propagation delay increases linearly with the distance (number of hops) the end system delay (I/O delay to fetch an object from the disk + transmission) increases much more aggressively as the end system becomes congested (thrashing effect).

Figure 11 shows that iGreedyP appro ximates closely the optimal with request peering. By employing request peering, a significan t reduction in the average cost may be achieved. This reduction grows as peers become able to communicate more economically, i.e., when the cost of accessing a peer reduces (i.e, with smaller values of peer cost ). Notice that for S = 10000 the cost incurred under iGreedyP with peer cost = 0 is half the corresp onding cost of iGreedy, i.e., the direct links between peers lead to a 50% reduction of cost when the communication over the peer links incurs zero cost; this is frequen tly the actual case because peer links are usually local direct connections between geographically neighboring net works, th us can be used at appro ximately no cost.

5 Related work

The placement of web-server replicas (mirrors) is a commonly employed way of adding storage capacit y to the internet. A number of recent works have addressed the fundamen tal questions of how man y mirrors are needed and where to place them [4, 5, 6]. Web-pro xies, unlike mirrors^5 , store a fraction of the conten t of a web-site and do that for multiple web-sites. The conten t can be statically replicated on the proxy or it can be refreshed by dynamic request-driv en caching/replacemen t algorithms such as LRU, LFU and their varian ts. Web proxy placemen t has been studied in [3, 43] – where it is assumed that all proxies replicate the same set of (most popular) objects and, th us, no cooperation between differen t proxies exist (as allowed in our work) – and in [25] where it is assumed that each proxy has a known hit ratio. The dimensioning of a two level hierarc hical cache that operates under LRU has been studied in [9] for the special case of homogeneous demands (i.e., all clients request objects at the same rate using a common popularit y distribution over the entire object universe). Other works on the performance of hierarc hical caching assume that proxies have infinite storage capacit y [10, 11].

Much atten tion has been paid to the closely related object placement problem, under which proxy locations and storage capacities are known and the challenge is to fill up each proxy with an appropriate set of objects so as to optimize the overall performance (dela y, bandwidth consumption).

5 Some authors use the terms pro xy and mirror in terc hangeably . Here we mak e a clear distinction b et ween the t wo terms.

The object placemen t has been studied in [28] for hierarc hical caches. Compared to that work we add an additional degree of freedom by deriving cache capacities as well, and avoid the use of appro ximate distance metrics. Recently, the authors of [44] have combined the study of proxy and object placemen t. Their work differs from ours in a number of ways, the most imp ortan t being that they do not guaran tee the allocation of an exact amoun t of storage but constrain the allocation of storage implicitly by considering write costs.

6 Conclusions and future work

This pap er considers the problem of how to best allocate an available storage budget to the nodes of a hierarc hical conten t distribution system. The curren t work addresses the problem of allocating a storage resource differen tly than previous attempts, taking into consideration related resource allocation subproblems that affect it. The dep endencies among the subproblems are not neglected under the curren t approac h and, th us, an optimal solution for all the subproblems is concurren tly derived, guaran teeing optimal overall performance. Since the complexit y in deriving this optimal solution is high, fast/efficien t heuristic algorithms are derived as well. To this end, we have prop osed iGreedy, a linear time efficien t heuristic algorithm. iGreedy and its varian ts (for workload balancing and request peering) are shown to achieve a performance that is very close to the optimal.

iGreedy may be used for the derivation of a joint storage capacit y allocation and object placemen t plan to be employed in a system that performs replication, e.g., a CDN. Alternativ ely, just the derived per node storage capacit y allocation may be used for the dimensioning of a hierarc hical system that operates under a request driven caching/replacemen t algorithm. The provisioning of storage under iGreedy is compared to that under two empirical metho ds and a gain is demonstrated. Additionally , iGreedy is used for the derivation of numerical results that provide insight into the effects of user request patterns (skewness of demand, homogeneit y of demand) on the vertical dimensioning of a hierarc hical system.

iGreedy has been modified to cater to load balancing and request peering. Load balancing is shown to be able to provide for an even spread of load in the hierarc hy, at the cost of a small increase in average distance between users and objects, which, however, may be comp ensated for a substan tial reduction in the delay as a result of accessing uncongested end-systems. Request peering is shown to be able to provide for a significan tly reduced cost. Request peering may even lead to the halving of the overall cost, when utilizing inexp ensive direct peer links.

An interesting line of future work would be to investigate mechanisms that can provide for an efficien t storage capacit y allocation in a distributed manner. A distributed computation has several advantages, including better scaling prop erties and reduced exchange of information and would be particularly suitable for net works not operating under a central authorit y (as in a CDN) but rather having to cater to multiple local utilities. Finally , although it has been shown that the optimal storage capacit y allocation in a tree can be derived in polynomial time, it remains to be seen whether the same is possible when considering per-no de load constrain ts (Sect. 4.1) or allowing for cooperating peers (Sect. 4.2).

References

[1] Cao, P., Irani, S.: Cost-a ware WWW proxy caching algorithms. In: Pro ceedings of the USENIX Symp osium on Internet Technologies and Systems. (1997) 193–206

[2] Fan, L., Cao, P., Almeida, J., Bro der, A.Z.: Summary cache: a scalable wide-area web cache sharing proto col. IEEE/A CM Transactions on Networking 8 (2000) 281–293

[3] Krishnan, P., Raz, D., Shavit, Y.: The cache location problem. IEEE/A CM Transactions on Networking 8 (2000) 568–581

[4] Li, B., Golin, M.J., Italiano, G.F., Deng, X., Sohrab y, K.: On the optimal placemen t of web proxies in the internet. In: Pro ceedings of the Conference on Computer Comm unications (IEEE Infocom), New York (1999)

[5] Qiu, L., Padmanabhan, V., Voelker, G.: On the placemen t of web server replicas. In: Proceedings of the Conference on Computer Comm unications (IEEE Infocom), Anchorage, Alaska (2001)

[6] Cronin, E., Jamin, S., Jin, C., Kurc, A.R., Raz, D., Shavitt, Y.: Constrain t mirror placemen t on the internet. IEEE Journal on Selected Areas in Comm unications 20 (2002)

[7] Pan, J., Hou, Y.T., Li, B.: An overview DNS-based server selection in conten t distribution net works. Computer Networks 43 (2003)

[8] Fonseca, R., Almeida, V., Crovella, M., Abrahao, B.: On the intrinsic localit y prop erties of web reference streams. In: Pro ceedings of the Conference on Computer Comm unications (IEEE Infocom), San Francisco (2003)

[9] Kelly, T., Reeves, D.: Optimal web cache sizing: scalable metho ds for exact solutions. Computer Comm unications 24 (2001) 163–173

[10] Rodriguez, P., Spanner, C., Biersac k, E.W.: Analysis of web caching architectures: Hierarc hical and distributed caching. IEEE/A CM Transactions on Networking 9 (2001)

[11] Gadde, S., Chase, J., Rabino vich, M.: Web caching and conten t distribution: A view from the interior. Computer Comm unications 24 (2002)

[12] Saroiu, S., Gummadi, K.P ., Dunn, R.J., Gribble, S.D., Levy, H.M.: An analysis of internet conten t delivery systems. In: Pro ceedings of the 5th Symp osium on Op erating Systems Design and Implemen tation (OSDI 2002). (2002)

[13] Chesire, M., Wolman, A., Voelker, G.M., Levy, H.M.: Measuremen t and analysis of a streamingmedia workload. In: Pro ceedings of USITS. (2001)

[14] Gribble, S.D., Brewer, E.: System design issues for internet middlew are service: Deductions from a large client trace. In: Pro ceedings of the First USENIX Symp osium on Internet Technologies and Systems. (1999)

[15] Wolman, A., Voelker, G., Sharma, N., Cardw ell, N., Brown, M., Landra y, T., Pinnel, D., Karlin, A., Levy, H.: Organization-based analysis of web-ob ject sharing and caching. In: Pro ceedings of the Second USENIX Symp osium on Internet Technologies and Systems. (1999)

[16] Gibson, G.A., Van Meter, R.: Network attac hed storage architecture. Comm unications of the ACM 43 (2000) 37–45

[17] Turner, D.A., Ross, K.W.: A lightweight currency paradigm for the P2P reseource mark et (2003) [submitted work].

[18] IBM Corp.: Autonomic Computing initiativ e (2002) http://www.research.ibm.com/autonomic/ .

[19] Cohen, E., Kaplan, H.: Balanced-replication algorithms for distribution trees. In: Pro ceedings of the 10th Annual Europ ean Symp osium on Algorithms (ESA), Rome, Italy (2002)

[20] Williamson, C.: On filter effects in web caching hierarc hies. ACM Transactions on Internet Technology 2 (2002)

[21] Wessels, D., Claffy , K.: ICP and the Squid web cache. IEEE Journal on Selected Areas in Comm unications 16 (1998)

[22] Ranganathan, K., Foster, I.: Identifying dynamic replication strategies for a high performance data grid. In: Pro ceedings of the International Workshop on Grid Computing, Denver, Colorado (2001)

[23] Garces-Erice, L., Biersac k, E.W., Ross, K.W., Felber, P.A., , Urvoy-Keller, G.: Hierarc hical P2P systems. In: Pro ceedings of ACM/IFIP International Conference on Parallel and Distributed Computing (Euro-P ar), Klagenfurt, Austria (2003)

[24] Bartal, Y.: On appro ximating arbitrary metrics by tree metrics. In: Pro ceedings of the 37th Annual IEEE Symp osium on Foundations of Computer Science (IEEE FOCS). (1996)

[25] Guha, S., Meyerson, A., Munagala, K.: Hierarc hical placemen t and net work design problems.

In: Pro ceedings of the 41st Annual IEEE Symp osium on Foundations of Computer Science (IEEE FOCS), Redondo Beach, CA (2000)

[26] Kariv, O., Hakimi, S.: An algorithmic approac h to net work location problems, part II: pmedians. SIAM Journal on Applied Mathematics 37 (1979) 539–560

[27] Charik ar, M., Guha, S., Shmoys, D.B., Tardos, E.: A constan t factor appro ximation algorithm for the k-median problem. In: Pro ceedings of the 31st Annual Symp osium on the Theory of Computing (ACM STOC). (1999)

[28] Korup olu, M.R., Plaxton, C.G., Ra jaraman, R.: Placemen t algorithms for hierarc hical cooperativ e caching. In: Pro ceedings of the 10th Annual Symp osium on Discrete Algorithms (ACM-SIAM SODA). (1999) 586 – 595

[29] Rabino vich, M.: Issues in web conten t replication. Data Engineering Bulletin (invited pap er) 21 (1998)

[30] Laoutaris, N., Zissimop oulos, V., Sta vrakakis, I.: Join t object placemen t and node dimensioning for internet conten t distribution. Information Pro cessing Letters (2004) [to app ear].

[31] Vigneron, A., Gao, L., Golin, M., Italiano, G., Li, B.: An algorithm for finding a k-median in a directed tree. Information Pro cessing Letters 74 (2000) 81–88

[32] Tamir, A.: An O(pn^2 ) algorithm for p-median and related problems on tree graphs. Op erations Researc h Letters 19 (1996) 59–64

[33] Papadimitriou, C.H., Steiglitz, K. In: Combinatorial Optimization: Algorithms and Complexity. Dover Publications, New York (1998)

[34] Cormen, T.H., Leiserson, C.E., Rivest, R.L., Stein, C. In: Intro duction to Algorithms, 2nd Edition. MIT Press, Cam bridge, Massachusetts (2001)

[35] Breslau, L., Cao, P., Fan, L., Philips, G., Shenker, S.: Web caching and Zipf-like distributions:

Evidence and implications. In: Pro ceedings of the Conference on Computer Comm unications (IEEE Infocom), New York (1999)

[36] Sripanidkulc hai, K.: The popularit y of gnutella queries and its implication on scalabilit y (2001) white pap er online at http://www-2.cs.cmu.edu/ ∼ kunwadee/research/p2p/gnu .

[37] Nussbaumer, J.P ., Patel, B.V., Schaffa, F., Sterb enz, J.P .G.: Networking requiremen ts for interactiv e video on demand. IEEE Journal on Selected Areas in Comm unications 13,5 (1995) 779–787

[38] Nonnenmac her, J., Biersac k, E.: Performance modelling of reliable multicast transmission. In:

Pro ceedings of the Conference on Computer Comm unications (IEEE Infocom), Kob e, Japan (1997)

[39] Gummadi, K.P ., Dunn, R.J., Saroiu, S., Gribble, S.D., Levy, H.M., Zahorjan, J.: Measuremen t, modeling, and analysis of a peer-to-p eer file-sharing workload. In: Pro ceedings of the nineteen th ACM symp osium on Op erating systems principles, ACM Press (2003) 314–329

[40] Chen, Y., Qiu, L., Chen, W., Nguyen, L., Katz, R.H.: Efficien t and adaptiv e web replication using conten t clustering. IEEE Journal on Selected Areas in Comm unications 21 (2003)

[41] Che, H., Tung, Y., Wang, Z.: Hierarc hical web caching systems: Modeling, design and experimental results. IEEE Journal on Selected Areas in Comm unications 20 (2002)

[42] Bloom, B.: Space/time trade-offs in hash coding with allowable errors. Comm unications of the ACM 13 (1970) 422–426

[43] Bassali, H.S., Kamath, K.M., Hosamani, R.B., Gao, L.: Hierarc hy-aware algorithms for CDN proxy placemen t in the internet. Computer Comm unications 26 (2003) 251–263

[44] Xu, J., Li, B., Lee, D.L.: Placemen t problems for transparen t data replication proxy services.

IEEE Journal on Selected Areas in Comm unications 20 (2002)