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ABSTRACT requiring substantial effort and investment to “get it right” for each
specific case. XPORT addresses this problem by providing the core

lay Routing Trees), a profile-driven distributed data dissemination application agngstic facilities, and Iet.ti.ng the developgrs cusFomize
system that supports an extensible set of data types, profiles, an@nd_ ext_end_ thelr_ _system for a specific target domain. This cus-
optimization metrics. XPORT efficiently implements a generic tree- tomization Is fa(:|!|tat_ed throug_h a sma_ll number .Of 'methods that
based overlay network, which can be customized per application €NcaPsulate application-specific behavior and optimizations.
using a small number of methods that encapsulate application-specificX” ORT supports two types of extensibilitirofile-related ex-

data-profile matching, aggregation, and optimization logic. The tfensibility refe(s to the ability t(.) easily Qefine new .dat?‘ and pro-
clean separation between the "plumbing” and "application” enables file types and is key to supporting a variety of applicatiofest-

XPORT to uniformly and easily support disparate dissemination- related extensibilityefers to the ability to express application-specific

based applications such as content-based data feed disseminatioR€"formance goals, allowing applications to define their own crite-
and multicast-based content distribution rion of an efficient and effective dissemination network. Moreover,

We first present the basic XPORT model and its built-in meth- users have the ability to extend certain optimization rules. Given
ods. We then describe in detail XPORT’s extensible optimization user-defined data and profile types, performance metrics and opti-

framework that facilitates easy specification of a wide range of use- mlzaFlon ru_Ies,.XPORT automgtlcally builds gnd maintains an over-
ful performance goals. XPORT uses a continuous, adaptive op- !ay dissemination tree consisting of the avallable_ broker machines
timization model to achieve these goals under changing network in the system. 'I_'he system_ls contlnuously_reconflgured through lo-
and application conditions. We finally demonstrate the flexibility Cal fransformations, adapting to changes in the network and work-
and the effectiveness of XPORT through real-world data and re- load conditions, and incrementally converges to an overlay config-

sults from both prototype-based LAN emulation and deployment uration tha}t is "optimal” l(as definfed by the applicatjon). .
on PlanetLab. The main focus of this paper is on the design, implementation,

and evaluation of XPORT's basic optimization framework, which
uses a novel two-level aggregation model to define the system’s
1. INTRODUCTION cost. The first level computes the cost of each node as an aggrega-
XPORT is a generic profile-driven distributed data dissemina- tion of an application-defined cost metric computed over the node’s
tion system. Extensibility is the central design consideration for local neighborhood. The second level computes the system cost by
XPORT, which supports an extensible set of data types, profiles, aggregating the node costs. This model allows the uniform spec-
and optimization metrics. XPORT is designed to provide the core ification of several useful, commonly used cost functions, as well
data dissemination infrastructure for a growing set of dissemination-as new ones, through various combinations of different aggrega-
based applications and services, including web feed disseminationtions functions and local cost metrics. During run time, the system
(RSS/Atom), multicast-based content distribution, large-scale col- Uses a continuous optimization model, where it iteratively applies
laborative applications, massively multiplayer network games, and local transformations to converge to a minimal cost configuration,
stock ticker distribution. optionally subject to constraints (specified similarly). XPORT pro-
XPORT is motivated by the observation that even though many Vides a set of built-in base transformation rules, which can be ex-
dissemination-based applications exhibit diverse application logic tended by composition.
and performance requirements, they all require common basic fa- The key contributions of the paper can be summarized as fol-
cilities. These include dissemination overlay construction and main-10ws:
tenance, (content-based) routing logic, and membership manage- 1. we introduce the basic design, architecture, and API of XPORT,
ment. Currently, these applications are often developed from scratch,  which, to the best of our knowledge, is the first dissemination
system that provides data-profile and cost extensibility.

In this paper we introduce XPORT (eXtensible Profile-driven Over-

2. We present in detail XPORT’s core optimization framework

Permission to make digital or hard copies of all or part of thirknfor that uses a metric-independent protocol to optimize user-defined
personal or classroom use is granted without fee providatdbpies are cost functions (subject to constraints). The framework in-

not made or distributed for profit or commercial advantage aatidbpies cludes a grammar that allows the specification of a large set
bear this notice and the full citation on the first page. Toyooiherwise, to of cost functions and constraints, as well as an extensible

republish, to post on servers or to redistribute to listguies prior specific set of transformation rules. We also describe the operational
permission and/or a fee. :

SIGMOD 2006 June 2729, 2006, Chicago, llinois, USA. details of an adaptive iterative optimization protocol that im-
Copyright 2006 ACM 1-59593-256-9/06/000655.00. plements the framework.



<DEFAULT METRICS>: path latency | incoming data rate | ...

3. We present experimental evidence, based on real-world data . ’ X i
<DEFAULT STATE>: profile set | merged profile | merged client profile | ...

(RSS feeds) and prototype-based results from both LAN em-
ulation and dep|oyment on PIanetLab that demonstrate the <LOCAL VALUE>:f(<DEFAULT STATE>I<DEFAULT METRICS>, link | node, <NODE COST SET>) |

T . . . f( link | node, <NODE COST SET>)l
ﬂeXIblllty’ praCtlcallty’ and effectiveness of XPORT. <DEFAULT STATE>I<DEFAULT METRICS>, <NODE COST SET>

. . . , . . . <NODE COST SET>: path | children
We begin by introducing the system’s APl in Section 2. We intro-  \opg cost FUNCTIONS: min | max | sum | product

duce our optimization framework and provide a detailed diSCUSSION <NODE COST>: aggregate(<NODE COST FUNCTION>,<LOCAL VALUE>,
of its non-operational aspects in Section 3. We follow up in Sec- (<L0CA;§Z§E§:’(S<TNS£;"COST N
tion 4 by describing the basic XPORT architecture and run-time '
system behavior. We describe our experiments and present our re-figgx ggg iETNE’;g';T“'?“el"“'bfl""e“f“e"‘s
. . . . . < >:min | max |sum laverage
sults in Section 5, describe related work in Section 6, and conClude _ygrpy costs: agsreate(<SYSTEM COST FUNCTIONS, <NODE COST>.
the paper with final remarks and our plans for future work in Sec- <SYSTEM COST SET>)
tion 7. <CONSTRAINT METRIC>: <SYSTEM COST> I<NODE COST>
<CONSTRAINT>: <CONSTRAINT METRIC> <OPERATOR> threshold

2. XPORT APl <OPERATOR>: < |>I<=1>=|!=

In the first part of this section we motivate XPORT's basic API,
by discussing the common characteristics of dissemination-based
applications. We then describe the methods an application needsvice (€.9. @ maximum end-to-end latency constraint) or control re-
to define to express its “native” data and profile types and perfor- Source usage(g, a maximum bandwidth consumption constraint).

mance targets. 2.2 Application-defined methods
2.1 Background: Dissemination-based Systems Based on the main functionality of data dissemination applica-

To introduce XPORT, it is helpful to review profile-driven data tions, we identified two types of methods an application needs to
dissemination systems in Simp|e terms. The goa| here is to h|gh- define in XPORT,profiIe-reIatedand cost-relatedmethods. For
light the common functionality in these systems and, using this Simplicity of exposition, we abstractly describe these methods, with-
commonality, motivate the general methods used by XPORT. out providing their full signatures or semantics.

Profile-driven data dissemination applications typically adopt a -
declarative, publish-subscribe API that decouples data producers 2.2.1 Profile-related methods
(SOUTCG$ and Consumerscnents and isolates both parties from Profile methods describe how the matching of messages and pro-
the details of the underlying implementation. The key abstraction is files will be performed. Optionally, the application can also specify
that data producers generate da’[@bWishingand data consumers how profiles should be Iocally stored, indexed, and maintained at
subscribeto data by specifying their profiles. The underlying dis- €ach node. By default, XPORT stores every new profile received as
semination system is responsible for delivering to each subscribera separate entry, and uses a simple disjunction operator for profile
the data that matches her profile. merging.

The dissemination infrastructure consists of a set of nodes (often
called broker9 organized into an overlay network. This network
usually consists of one or more data dissemination trees [3, 8, 13].
Clients register their profiles with brokers. Profiles are propagated
upstream to the root of the tree, creating a reverse routing path. Op-
tionally, profiles aremergedwhen possible to reduce routing state
requirements and filtering costs.

Using the routing tree, a broker can now send a message only
to the subset of its children that is interested in receiving the mes-
sage, instead of forwarding the message to all its children, thereby — init(): declares and initializes the index structure
elimingting the “flooding” problem. This routing sc_heme works by — add(p): adds a new profile to the index
matchingeach message with the routing table entries that represent i )
the aggregated profile for each subtree. — removef): removes a profile from the index

Depending on the data types and the complexity of the profiles
demanded by the application, data dissemination systems may choose *
to use their own algorithms ariddexing structuregor efficiently

storing profiles on every broker and matching incoming messages e match(m, ind): Given a message: and an indexnd used

against them. For example, ONYX [8] uses YFilter [7] for match- for storing profiles, it returns the set of profiles that match
ing, whereas SIENA [3, 4] uses a custom index [4] for storing and the message.

matching relational profiles.

Different dissemination-based systems and applications can have
widely varying efficiency targets and constraints. Various latency- 2-2-2 Cost-related methods
related metricsd.g, matching times, forwarding costs), bandwidth- XPORT allows applications to specify their own performance
efficiency metrics€.g, per-node bandwidth consumption), fairness criteria for the dissemination network created. It usewea:level
metrics €.g, uniform bandwidth utilization across nodes), reliabil- aggregation modetio specify system cost. The first level computes
ity metrics €.g, message loss rates), data quality metricg,(fi- the cost of each node as an aggregation of an application-defined
delity), as well as composite metrics.§, product of bandwidth cost metric. The second level computes the cost of the whole sys-
and latency) have been used and studied. Moreover, many systemsem by aggregating the node costs. Both aggregations are defined
have commonly limited certain metrics to maintain quality of ser- by the general signature:

Figure 1: XPORT's performance metric grammar.

e mergep, q): Given two profilesp andg, it returns a more
general queryw covering the two profiles. This function
could be used for merging profiles received from clients or
child brokers, reducing the routing entries maintained in ev-
ery node as well as the matching costs.

e Index-related methods XPORT allows applications to inte-
grate an index structure by specifying the following methods:

match(m, p): Given a message: and a profile expressign
returns true ifm matche9 or false otherwise.



aggregate(aggregation function, value, aggregation set)

Similarly, applications can also define constraints for each node.

Constraints are defined in the same way as the system’s cost and ad

ditional a threshold can be specified for the constrained metric. Fig-

ure 1 shows the XPORT's grammar for defining the performance

Aggregation System Cost| Node Cost Example

Combinations Function Function Metrics
Type | sum sum /product total (average) path latency

- Typell sum min / max total path bandwidth bottleneck|

Type Il min/max sum / product maximum path reliability
Type IV min /max min / max min path bandwidth bottleneck
Type V variance sum/product variance of path latency
Type VI variance min/max variance of bandwidth bottlenec

criteria. In the rest of the section we describe in more detail this

grammar and the cost-related methods.

At this point, we note that XPORT nodes maintain some built-
in performance metrics like path latency, incoming data rate, etc.
Moreover, they maintain some profile-related statg, the node’s
profile, its client profiles, its children aggregated profiles. These
are denoted in the grammar by the tdbEFAULT METRI CS and
DEFAULT STATE, respectively.

e Local value: Initially, the application defines the node’s lo-
cal performance metric, which we cédical value Applica-
tions can either pick a built-in metric, or they can provide a
method for computing this metric. As shown in Figure 1, this
method can also have as input some of the predefined state
variables or metrics. An example local value is the expected
incoming data rate, which could be defined as a function of
the selectivities of the node’s profiles.

The local value can be a metric referring either to the node
itself (e.g. CPU usage) or to the links of the node with its
neighbors €.g. latency to the parent). This option is speci-
fied by the parametarodeor link in the metric implemen-
tation function. The exact link on which the local value is
determined by th&lODE COST SET term of the grammar.

If this term is set tgpath then the local value is measured
on the link to the node’s parent, and if it is setdoildren,

it is measured on the links to the children. We note that our
definition for the local value allows applications to specify a
local value as the combination of optimization metriesy,
product of latency and bandwidth. Such combinations cus-
tomize XPORT to create a multi-metric overlay network.

Node cost: The next metric to define is the node’s cost.
The node cost could be a) the local value defined previously,
b) a built-in state variable, or ¢) an aggregation of the local
values of some neighboring nodes. This aggregation function
is defined as:

aggregate(node cost function, local value, node cost set)

The node cost functioman be SUM, PRODUCT, MIN and
MAX. There are two options in terms of thede cost set

it could be either the nodes on the path to the tree’s root (re-
ferred asaggregation over pafh or the node’s immediate
children in the tree (referred aggregation over children

Table 1: Combinations of aggregation functions

MAX) and c) statistical functiongVARIANCE).? The ag-
gregation setsystem cost seallows the system cost to be
aggregated over the broker or client set. The definition for
the system cost permits applications to define a large variety
of system cost measures, like maximum latency, total band-
width consumption, or average matching overhead. An ex-
ample metric is the average path latency. In this case each
node’s cost is the path latency and XPORT’s cost is defined
as the average over all nodes in the dissemination tree.

e Constraints: Constraints can be defined as:

constraint(metric, operator, threshold)

This method allows a threshold to be specified for every node.
The definition of the constraint metric follows the 2-level ag-
gregation model, and it can be specified in the same way as
the node cost or the system cost. For example, an application
might want to impose an upper bound on the path latency of
every node, which is one-level aggregation of the link latency
over the path to the root, as we mentioned above. Similarly,
a dissemination system might try to guarantee a lower bound
of the maximum path latency. This a two-level aggregation
on the path latency of every node in the system. XPORT
customizes its functionality and optimization framework to
respect these constraints.

We categorize the combinations of aggregation functions used for
node and system cost calculation into six types. These types, along
with some example metrics, are shown in Table 1.

2.2.3 Cost metric examples
In this paragraph we provide some example metrics. In the first

example, we calculate treverage path latencyEvery node mea-
sures the link latency to its parent and adds this to the path latency
of its parent:

syst em cost
path latency

aggregat¢AVG, path latencybr oker s)
aggregat¢SUM, link latency pat h)

If the system cost is theandwidth bottleneckf the system, ev-

The above method allows applications to define a large set ery broker measures the bandwidth bottleneck of its path to the root
of metrics, used frequently for the evaluation of dissemina- (i.e. the link with the minimum bandwidth capacity) and the cost
tion based systems. An example metric defined as aggrega-definition is:

tion over the path is the path latency; this is the sum of the
latency of every link on the path to the root. Outgoing band-
width consumption is a metric defined as an aggregation over
the children; it is the sum of the incoming data to each child.

system cost
bandwidth

aggregatéMIN, bandwidth br oker s)
aggregatéMIN, link bandwidth pat h)

An example of a metric with no aggregation for the node cost

is thetotal superfluous incoming datdn this case the application

System costFinally, the application defines the system cost.

wants to minimize the undesired data each broker receives and pro-

This is an aggregation of the node cost over all the nodes in cesses. This is the data the node is not interested in receiving, and

the system:
aggregate(system cost function, node cost, system cost set)

We distinguish three categories for the system cost function:
a) additive functiongSUM)!, b) bottleneck functiongMIN,

simply has to forward it to its descendants.

syst em cost aggregat¢SUM, superfluous data
br okers)

(extral ncom ng(),parent)

superfluous data

!Average can also be expressed as the sum divided by the size onSt_andard deviation
variance.

the aggregation set

can also be expressed as the square root of



Level 1

Level 2

Level 3

subj, suby, suby, Subp,
Figure 2: 3-level optimization unit for n;. Only nodes in levels 1, 2

and 3 belong to the unit.

//merged_client_p is the nerged profile of the
clients connected on that node

/Imerged_p is the merged profile of the
client and child profiles

extral ncom ng( nerged_client_p, nerged_p,link ){
doubl e total _i n=mat chi ng_rate(nerge_p);
doubl e desired_i n=mat chi ng_rat e(nerged_client_p);
return (total _in - desired_in);

}

3. OPTIMIZATION FRAMEWORK

XPORT strives to create dissemination trees that benefit appli-
cation specific performance metrics. Periodically, it modifies the
overlay tree using local transformations to adapt to changing net-
work conditions or data changes that might affect the system’s per-
formance. We define bcal transformationas one that requires
interactions among “nearby” brokers on the overlay tree. In our
current implementation, these brokers are at most three levels from
each other. These include a brokey, its parentn,, its children
and grandchildren, as shown in Figure 2, and we call thenophe
timization unitof brokern;, unit;.

Our local transformations do not affect the optimization unit's
interface with the rest of the netwdrkThis implies that the path
from n, to the root and the subtrees below the third level of the
unit in Figure 2 will not be affected, in terms of their topology and
profile. Thus, both the parent ef, and the brokers in the last level
will continue forwarding the same data to the same brokers, as be-
fore the transformation. The only brokers that might experience a
change in their connections and profile are those in the optimiza-
tion unit. However, any node’s cost might be affected by a transfor-
mation. Keeping the topological and profile-related effects of our
optimizations locali(e., only to the nodes in the optimization unit)
allows us to maintain information only for the nodes inside the unit
and reduces the cost of network reconfiguration, as fewer nodes ar
affected by each transformation.

3.1 Local transformations

A greedy approach for identifying the best transformation of an
optimization unit would be to consider all the possible reconfigu-
ration of this unit’s structure. There are two main drawbacks of
this approach. The first one is the exponential size of configura-

tions that have to be considered. The second drawback is the in-
creased communication overhead; the information exchanged be-

tween nodes trying to quantify the benefit of each transformation
would be significantly high. XPORT'’s optimization framework
uses a set of primitive transformations instead of performing an

3We note that our transformations do not migrate client connec-
tions.

Definition
demote(ny, nj)
promote(n;)
demote(n; )"
promote(n;) —
demote(n;,n;) —
promote(n;, )" —
demote(n;, ,n;)"
promote(n;, )" —
demote(n;, ,ng)”
promote(n; )" —
demote(n;,,ng)* —
promote(ng,)* —
demote(ny,,n; )"

Transformation
Demote child
Promote child
Subtree promotiofr ;)
Parent-child swaf ;)

Subtree migratiofn, n;)

Sibling swaggn ;, ny)

Table 2: Primitive and composite transformations.

exhausting search of all possible configurations. Moreover, it al-

lows applications to extend this set by defining their own transfor-

mations. As our experimental results show, even a small number
of transformation could lead to significant performance improve-

ments.

XPORT'sprimitive transformationarechild demotiorandchild
promotion shown in Figure 3 (a) and 3(b) respectively. We explain
these transformations with respect to the 3-level optimization unit
shown in Figure 2:

e Demote child. This transformation picks a nodsg, from the
second level of the unit, and moves it along with its subtree,
under one of its siblings;. This increases the number of
subtrees ofi;, leavingn; with one less subtree.

Promote child. This transformation picks a node;, from
the third level in the optimization unit and moves it along
with its subtreesub;, under its grandparent;. This in-
creases the number of subtreesngf leavingn; with one
less subtree.

3.1.1 Extending the transformation set

XPORT’s transformation set is extensible. Applications can de-
fine their owncompositetransformations by using the primitive
ones. Allowing composite transformations is important for our sys-
tem performance as they help avoid being stuck in a local optimal.
Thus, they can help the system improve its performance faster, than
if we were using only the two primitive ones. In our prototype, we
defined the following four composite transformations:

e Subtree promotion. In this operation the subtres:b; of a
noden; in the second level of the optimization unit is moved
under its parent;. This will increase the children of;,
leaving brokem; with an empty subtree (shown in Figure 3
(c)). This transformation can be derived by applying the pro-
mote child operation for every child;, of noden;.

Parent-child swap. As Figure 3 (d) shows, in this transfor-
mation the root of the optimization unit; and its childn;
swap positions, without moving the subtreengf This will
force every child and subtree previously underto have a
different parent. Parent-child swap can be derived from com-
bining the promote and demote child.

Subtree migration. In this case the subtree of a nodgin

the second level of the optimization unit, migrates under its
sibling noden;. Noden; remains with no children, while
n;'s subtree increases by the subtreewpf Subtree migra-
tion can be derived from the two primitive transformation,
by first promoting all the children of; undern; and then
demoting the same nodes undaey. This transformation is
shown in Figure 3 (e).



N~
suby, sub;
subj,  subj, subj,
(a) demote child (b) promote child (c) subtree (d) parent-child (e) subtree (f) sibling
demote(ny,n;) promote(n;,) promotionn; swapn migration v, 1) swap;, ni)

Figure 3: XPORT's transformations. (a) and (b) are the primitive transformations. (c), (d), (e), and (f) are composite transformtions specified as a
sequence of primitive transformations.

e Sibling swap. In this transformation two siblings; and over the children). We refer to memberdof as thedependentsf
n; swap positions. This will change the root node of the n;.
subtrees below these nodes, as shown in Figure 3 (f). Sibling
swap can be expressed as promoting the childrer ohder
n;, and then demoting them undey, and performing the
same for the children of;.

For example, for aggregation over path, a change; sflatency
to its parent, will affect the path latency of every node in its subtree.
Similarly, for aggregation over children, a change on a child’s pro-
file could affect the outgoing bandwidth consumption of the nodes
on its path to the root, as they may need to forward downstream a
different data set.

However, if XPORT uses only one level of aggregatios, there
is no aggregation for calculating the node cost, the dependence set
of a node may be all the nodes in the network. XPORT can limit
this set based on the definition of the local value used as the node
cost. For example, if the node cost is defined as a function of the
merged profile of;, then since a transformation could affect only
the profiles of the nodes in its path to the root, thels dependents
are the nodes in this path.

Table 2 shows how these transformations are created from the
primitive one$.

Extending the scope of the optimization unit. As mentioned
earlier, XPORT's optimization unit is limited to nodes within three
levels of each other. However, the optimization unit can be ex-
tended to multiple levels. Extending the scope of the unit, increases
the flexibility of the system, as it allows the application to extended
even further the transformation set. Although, such an extension in-
creases the opportunities for optimization, also increases the main-
tenance traffic and the state nodes need to maintain.

DEFINITION 2. Thedependence set casist(D;) of n,, is the
3.2 Quantifying a transformation’s benefit aggregation ofcost;,n; € D;, over D;, using the system cost

The goal of the local transformations is to improve the overall 29gregation function. Then a changecoki; may affectost(D).

system cost. Thus, XPORT calculates the cost benefit of every YW denote this change dscost(D;) and the new dependence set

transformation and applies the best one. Since the system cost i€0St ascost’ (D).

an aggregation over the node costs, the exhaustive approach for For example, if the system cost aggregation function is MIN,
quantifying the cost improvement of a transformation is to esti- then

mate the cost of every node after the transformation and aggregate cost(D;) = ]Uelgl {cost; }

them to get the new system cost. This approach has high commu- ’
nication cost, but since XPORT understands the semantics of the
aggregation functions, it can automatically quantify the effects of
a transformation. Moreover, XPORT automatically identifies the
state a node needs to maintain in order to quantify the benefit of
a transformation, and also the information to be exchanged among Ui = (e, i, 15 e My s Py T s Py oy Mg ey T
nodes during the optimization. In this section we will describe this

approach. In the first part we provide the general equations that es- Si =A{Djy;s sy Diyy ooy Dieyy ooy Dim, }

timate the cost benefit of every transformation. In the second part
we describe how we quantify efficiently, and with small communi-
cation cost, this benefit.

In the following sections, we assume that a transformation is per-
formed inn;'s optimization unit. LetU; denote the set of nodes in
n;’s optimization unit, ands; the dependence sets of the nodes in
the last level ofx; optimization unit. Thus, for Figure 2, we have:

Finally, we denoteAcost; asn;'s cost change after the trans-
formation, cost; as its new cost value, arig as the benefit of the
transformation with respect to the system cost.

We provide now the general formulas, that quantify the cost ben-
efit of a transformation im;’s optimization unit. These formulas
can be separated into two terms, one that calculates the cost change
of the nodes inside the optimization uriie{ n; € U;) and one that

DEFINITION 1. Letcost; denote the cost of node,. Thede-
pendence sdb; of n; is the set of nodes whose cost is affected by a
change ircost;. In particular, D; includes the nodes of the subtree
defined byn; (resp. the nodes of the path fram to the root) when
cost; is calculated as aggregation over the path (resp. aggregation ®|f change incost; results from a transformation, thep; can be
restricted to the path to the root of the optimization unit the transfor-
“In Table 2 * implies that the operation will be performed repeat- mation is performed on. This is due to the fact that transformations
edly for every node at the same level and with same parent as themaintain the same interface with the rest of the network, thus nodes
first parameter of the transformation. higher than the unit will not be affected.




calculates the cost change of the nodes outside the unit that can be3.2.1  Quantifying cost changes outsids optimiza-

affected by its transformationé. n; € S;)
Additive functions. In this case, the system cost is the sum of

tion unit
The formulas that quantify the benefit of a transformation, re-

the node costs. Thus, is the sum of the cost change of all nodes  qujre estimating the cost effect on nodes outside the optimization
affected by the transformation: unit. For the additive and bottleneck function, the formulas require
b; =(cost; — cost;) + Z (cost/j — cost;)+ the change on the dependence set cost of some nodes, and for the
j€U; statistical functions they require cost change of the nodes outside
>

the unit.
Acost(Dy)
kEDm|Dm€ES;

@

+ XPORT strives to incur the minimum communication overhead,
when estimating these cost effects. Therefore, it tries to avoid any
Formula 1 is the general formula that holds for every transforma- Metadata exchange with nodes outside an optimization unit. In-
tion. However, depending on the transformation, many of its terms Stéad, in order to be able to calculate the effect of the transforma-
are zero, so simpler formulas can be used. Examples of these for-tion on these nodes, nodes maintain some metadata regarding nodes
mulas are given in Table 3. For example, in the child promotion Outside the optimization unit they own. We refer to this state as the
operation, only the child to be promoted and the nodes in its sub- transformation state o _ _
tree are affected, so only these nodes can change the system cost. XPORT exploits the characteristics of the aggregation functions

Bottleneck functions For the bottleneck functions, estimates 10 identify both the minimum transformation state required and to
the new system cost and compares it with the current system cost derive general formulas that quantify the cost change of a node out-

Thus, ifc denotes the current system cost and the system cost func-Side an optimization unit. We provide the details of our approach
tion is MIN, then: in the following paragraphs, for the different types of node cost
aggregatiort.

~ min _{cost}, cost;-, cost' (D)} goreg
JjeU; ,kES;

bi:C—

3.2.1.1 Node cost function: SUM/PRODUCT.

For the purpose of illustration, we focus on the case of the SUM
function and an aggregation over the path to the root. Our results
are similar for the case of a PRODUCT function and an aggregation

Statistical functions. In this casen; calculates the new cost  over the children set. An example metric is the path latency.
of every node in the system, and estimates the new variance value. In this case, a change of a node’s cagt.(path latency to the
Thus: root) will change the cost of every dependeing.( every node in

/ /
=c— {cost;, costj,

@)

min
jeUiA,k’EDmr‘[%n Es'i

cost(Dy) + Acost(Dy)}

bi=c—{ 1 Z( ¢ — cost)?} its subtree) by the same amount. Given this, we describe the for-
i=c V] —1 + costj —cos mulas for quantifying the cost change of a dependence set, for the
eV different types of system cost functions.
=c— {M%l{ Z (cost — cost’)?+ Additive functions. Since the system cost is defined as the sum

of all node costs, we are interested in the total cost change over all
the dependents, which is :

Acost(D;) = Acost; X | Ds|

Bottleneck functions. Here, the system aggregation function is
either MIN (or MAX). Thus, we are only interested in the change
on the minimum (or maximum) node cost among the dependents.
This change is given by:

< 3)
((costj + Acost;) — cost’)*+

>

JEDm|Dm€ES;

>

J¢Ui,Dm|Dm€S;

(cost; — cost’)*}}

wherecost’ is the average node cost after the transformation.
~ Extending the optimization framework. We mentioned ear- Acost(D;) = Acost;
lier that the scope of the optimization unit and the transformation o )
set of XPORT can be extended. Here, we describe the impact of Statistical functions. Here, the cost of every dependent changes
these extensions to the way XPORT quantifies the benefit of every by
transformation.

Increasing the size of the optimization unit, will simply increase

the number of terms in Formulas 1, 2 and 3, adapting them to work 3.21.2 Node cost function: MIN/MAX

forth%]r;ﬁw r?g\f\llnt]rlgﬁg?cﬂ;ltibns is simple from the User perspec- We focus here on the MIN aggregation function, for the purpose
9 P Persp of illustrating our main ideas. Our results can be easily extended

g}/()eﬁgs\t]viethhgse E)egifgcri]ep:rlgiﬁtr;t(terrznslil;zrfir:iféogsn;chltrgising?;Tii?l for the MAX function. Again, we assume that an aggregation over
from the system perspective requi.res the definition of the equatior; the path to the _root, and for 5|mpI|C|ty we assume that the local
that quantifies its cost benefi{ This formula can be derived by using valug O.f anodeis mgasured overthe link to ts parent. An gxample
Formulas 1, 2 or 3 and aggr;agating them over all the transforma- metrlc_ 1S thg bandwidth bottleneck .Of a node.,_ t_he bandW|dtk_1
tions using t’he system cost aggregation function. For example, it is capacity of its path to the root. This is the minimum bandwidth

. ’ capacity over all the links on that path. Here on, we will refer to

straightforward to see that, for the subiree promotion, the equation this bandwidth capacity as the bottleneck value, and the link (node)

glsémﬂye?]il;?o%f;he ,f\?gr:;lgae?fftgfn%?;ng;iﬂ-g% %eézgg:)nc’)s;’:r with this bandwidth capacity as the bottleneck link (node). For
; 7 Ver, pi posi simplicity, we will present our solution with respect to this metric.

transformations, like sibling swap, more compact formulas will be

derived, as many of their terms are cancelled out. Providing com- éyyhen no aggregation is used for the node cost definition, XPORT
pact formulas implies less traffic during optimization, due to the uses Formulas 1, 2 and 3 to quantify the result of a transformation
smaller state exchanged among nodes in the optimization unit. by recalculating the cost of every node outside the unit.

Acost; = Acost;




demote child (cost), — costy) + Acost(Dy,)
promote child (cost} — cost;) + Acost(D;)
subtree promotion ZkECh“drmj Acost(Dy) + Zkechildmnj (cost), — costy)
subtree migration Ej&h”d,r,enk Acost(Dj) + Z]Gchild'v'enk (cost} — costj)
sibling swap Zseahildrcnk,chilrcnk Acos(Ds) + Eseahildrenk,childrcnj (cost, — cost)

Table 3: Cost formulas for local transformations (when system costggregation function is SUM).

In this case, a change in the bandwidth capacity of a link, may Ag%'ega}'on g S'Zle g S'Zle
affect the bandwidth bottleneck of the downstream nodes that have ype 1D:] @ cost‘i, 2L3t< 08
this link as their bottleneck link. Consequently, a change in a node’s Type i [D;] o) [D;] - o(1)
n; cost byAcost;, may affect the cost of every dependenti.e., hi(3) O(|D;) hi(g) | OUDiD)
a node in its subtree). Obviously, this effect depends on the links peTi st (D) o6 szts"t’(%’f)ti 88;
lying between the node; andn;. The metric we define below, ¢ o(1) costi, co’st; o(1)
allows to detect these links. Type IV cost(D;) o(1) cost(D;) o)

gi o(1) gi o(1)

DEFINITION 3. Thecost ofn;’s dependenty; relative ton,, c o) costi, cost; o)
hi(4), is the aggregation of the local values of all nodes lying on Type v cost; J €5 o(g|(sl7‘,)\) Cc"oszg Jcoests,i O(()‘g’?)h
the path connecting; andn;, in the dissemination tree, using the Type Vi cost;,j €5; [ O8] Cost;,’j €S, 005D
node cost aggregation function. The aggregation £g local value hi(4) O(|D;)) hi(4) O(|Dsl)
local value; and h;(5),¥n; € D, is referred to as theninimum costy, cost; | O(1)

local value ofn;, g;.
i Table 4: Transformation and optimization state (T refers to transfor-

In the case of the bandwidth bottleneck metfig(j) identifies mation state andO to optimization state)
the minimum bandwidth capacity link, betweepn and a node;
in its subtree, whilgy; identifies the minimum bandwidth capacity
of the links inn;’s subtree.

Each noder;, maintains the above metric, for every one of its
dependents. In order to reduce the amount of state, amosteres
only the uniqueh;(j) values along with the frequency for each

of the nodes that have a lower bottleneck link after the transforma-
tion. Bottleneck functions. In this case we are interested in the
minimum change among all the dependents. We distinguish again
two cases; one when the cost of nogdedecreases and one when it
increases. For the first case:

distinct value: Acost(D) Acost; p gi > cos?
. cos i g; — cost; g; > cost;
T; = {(\, @)}, whereX = [{n;|n; € D;, hi(j) = a}|. 0 9 < cost!

This is possible in the case of the additive and bottleneck system The first term refers to the case where the bottleneck value of the

agg(rjedgaﬂo? fungtlons.l i _ dinth | dependents do not change, the second to the case when a dependent
ltive functions. In this case, we are interested in the total 55 5 gifferent bottleneck value after the transformation, and the

cost change over all the dependents. We distinguish two cases; ON&hird one to the case where and its dependent share the same
when the cost ofi; decreases and one when it increases. For the |, wianack link

first case, the cost change is: Similarly if cost; increases then:

) ) > )
Acost(D;) = { Acosti x | Di| gzthierivolitez 0 gi < cost;
v Acost(D;) = ¢ Acost; gi > cost; andg; > cost;;

where cost; —g; g; > cost; andg; < cost;

v = z:(mim{costi7 a}—cost;)x A\, where(\, o) € T;, a0 > cost;’ Statistical functions. We distinguish two cases; one when the
o cos; decreases and one when it increases. For the first case, the

In the first casen; and its dependents share the same bottleneck cost change is:
I|nl(<j, SO t_helr cfost is affhected by tht? same amfjumbsté. The s_et::- i Acost; gi > cost;
ond option refers to the case, where some dependents with a WAcost; = { (min{cost;, hi(j)} — cost) hi(j) < costl, gi < cost} or

ferent bottleneck value before the transformation, share the same

- ) . hi(j) < costy, g; > cost;
bottleneck link withn; after the transformation. The termncalcu-

late their total cost change. In the first casep; and the dependent; share the same bottle-
In the second case, where the cosheincreases, the total cost ~ Neck link, so their cost is affected by the same amdwnist;. The
change is: second option refers to the case, where the dependent had a differ-

ent bottleneck value before the transformation, but shares the same

!
Acost; x |Di| - gi > cost;, andg; > cost; bottleneck link withn; after the transformation.

— . . . ’ .
Acost(D;) =< w gi > cost; andg; < cost; or In the second case, whetast; increases, the total cost change
gi < cost; is:
where Acost; hi(j) > costj, g; < cost; or
w= Acost; x A+ Y (o — cost;) x N, o gi > cost;, g; > cost,, of
za: %: Acost; = hi(j) > costj, g; > cost;, g; < cost;

’ . . ’ ’
where(\, a) € T;, o > cost; and(\, o) € Tj, o < cost; cost; — hi(j)  hi(j) < costi, gi > costi, gi < cost;
The termw calculates the total cost change of the dependents 3 2 2 Statistics approximation

that experience the same cost change.gasand the cost change . . S
P g&a 9 In the previous section, we showed that maintaining state for

'whena < cost}, then(min{cost;,a} — cost;) = 0 nodes outside;’s optimization unit {.e. dependence set cost, min-




imum local value) allows:; to quantify the effect of a transfor- Network

mation. In order forn; to calculate this state, its peers need to v (]
periodically broadcast some meta-data. This meta-data includes Profiles_| Router |
the node’s cost and local value. For the case of the additive and Data —
bottleneck functionn; needs to collect this data only from its de-
pendents, while in the case of the statistical functian variance,
nodes need to know the cost of every node in the system. To reduce
the high overhead of these broadcasts, we vary their frequency.
Thus, XPORT broadcasts more frequently the cost of nodes that
have higher impact on the system cost and on their dependents cost.
Each noden; is assigned a weight;, depending on this impact.
XPORT nodes broadcast their metadatarioadcast phaseDur-
ing each phase, only a subset of the nodes will send its metadata,
depending on their weight. Node participates in the broadcast
phases with period:

Application
|

‘Profile/Data Handler ‘ ‘Optimizer ‘

Local State

‘Profile—based‘ ‘ Optimization ‘

‘ Cost-related ‘ ‘ Trasformation ‘

Figure 4: Basic node architecture
w;i X p, (4)
wherep > 1 is a predefined constant, that allows us to increase the downstream broker or a client. For each entig the routing table,
period of each node’s broadcast. the matchifn,p) is invoked (or the match, ind) if an indexind is
The weight of a node depends on the node cost aggregation func-used). The output is the set of children or clients with profiles that
tion. We distinguish two cases; the first one is when this function is matchm, andm is forwarded to them.
SUM or PRODUCT. An example metric, is a node’s path latency.  Node architecture. The basic architecture of an XPORT node
In this case, the more dependents a node has, the more nodes it caig shown in Figure 4. Application defined methods are given to
affect, if its own cost or local value changas( changes on the  each node’parser, which customizes various system components
links closer to the root, affect more nodes, than the links of the leaf to implement the application specific profiles, data types and per-
nodes). Moreover, having a good estimation of the , allows us to formance metrics. Thdata/profile handleiis the component re-
approximate the cost of their dependents. the path latency ofa  sponsible for storing, indexing and maintaining profiles. It also
node will be at least as high as the path latency of its parent). Thus, performs the matching of incoming messages against the local pro-
we set the weight; to bew; = % files. Network transformations are identified and applied by the
The second case is for the MIN and MAX functions. An exam- optimizer All components communicate with the nodediter,
ple metric, is the bandwidth bottleneck of a node, the link on its which communicates data and metadata with other brokers. All
path with the minimum bandwidth capacity. Here, a change on the components have access to the local state of the node, which con-
link of every node on the path, could effect the system cost, as everysists of workload statistics, profile and data information and op-
link could potentially become the bottleneck. However, assuming , timization metadata. In the next paragraph, we describe in more
nodes with value closer to the bottleneck of their dependents have adetalil this local state.
higher change of becoming the bottleneck, thus they should broad- Local state. The local state includes four typeprofile-based
cast their cost more frequently, than the ones with high difference. state cost-basedtate transformatiorstate, anaptimizationstate.
Thus, we set the weight; to bew; = local_value; — g;. A broker’s profile-based state includes the profiles it receives
from each of its children brokers and clients, and the merged pro-
file of its children. Thus, the state fay; is O(|children;|) in size.
4. RUN-TIME FUNCTIONALITY The cost-based state includes the local value of the node (if this not
In this section we describe the run time functionality of XPORT. one of the profile-based state variables), and the cost of the node.
We start the section with the system model and the nodes’ archi- This state is of constant siz€,(1).
tecture and local state. Finally, we describe the control flow of our  The transformation state refers to the data that every node has to
distributed optimization framework. maintain in order to participate in the local transformations. This
. state allows a node to quantify the cost benefit of local transforma-
4.1 System model and node architecture tions. Optimization state refers to the information nodes need to
System model XPORT consists of a set of nodes organized into exchange with their neighbors during optimization. Optimization
an application-level overlay network. New nodes select an existing and transformation state along with their sizes are given in Table 4.
node as its parent in the dissemination tree. The parent selection . .
attempts to affect the system cost to the minimum degree, and also .2 Optimization data flow
to respect the system constraints. XPORT employs @ottleneck-basedpproach for optimization.
XPORT’s model is based on a publish/subscribe paradigm; sourcda our approach, the system tries to optimize the system cost func-
publish their data and clients express their data needs by providingtion, for the entire system. For example, if the optimization goal is
their profiles. Clients connect to an XPORT node and forward their to minimize the maximum CPU load, then the bottleneck approach

profile to it. Nodes add a new profileas a new routing entry, or
invoke the addf) function as described in Section 2 if an index is
used for storing the profiles. The new profile is merged with the
existing ones, using the merge function of XPORT’s API. The new

will attempt to reduce the load of only the most loaded node in the
network.

For bottleneck optimization, we rely on the notion o€rétical
node A node is considered critical if its node cost change may

profile (or the merged one) is propagated upstream on the path toaffect the system performanaeg, if the system cost is the maxi-

the source, until a parent with a more general profike, (with no
changes in its profile set) or the tree’s root node is reached.
Upon receipt of a data message a broker checks all the entries

mum path latency, then the critical nodes are the ones on the path
with the maximum latency. Moreover, we maintain the notion of a
critical optimization unit We define a critical optimization unit as

in its routing table to determine whether it should be forwarded to a one that may affect the cost of a critical node, and thus the system



cost. At eachoptimization period nodes consider local transfor-  be the set of nodes affected topologically (i.e., have a different par-
mations. In the bottleneck approach, only nodes inside a critical ent or different children set) byrans; andtrans;, respectively.
optimization unit will attempt to optimize. Note that, our approach We say thatrans; andtrans; areindependentf unit; andunit;
guarantees cost improvement in every optimization period, given are independent or

that at least one beneficial transformation is identified.

During the optimization period, every node owning a critical op- ) o ]
timization unit, exchanges datae(, optimization state) with the ~ XPORT allows two transformations to be applied in paraiie,
nodes in the unit, and quantifies the benefit of every primitive and In the same optimization period, if they are independent. This en-
composite transformation defined. In every critical unit, the most Sures that these transformations can both be defined correctly on
effective transformation is selected and pushed to the root of the Overlapping optimization units. o ]
dissemination tree, which identifies and applies the transformation ~!dentifying which transformations can be parallelized is the first
with the maximum benefit. Nodes are informed about the new St€P fgr;upportlng concurrent transformatlons..The second step is
structure and change their connections to reflect the new tree or-duantifying the cost effect of these transformations when applied
ganization. in parallel. This cost effect will be compared with the affect of

During optimization and network reorganization, nodes keep re- @Pplying only one of the two transformations, in order to decide
ceiving data from the current tree. Once the new connections arethe best combination. _ _ _
set up, they switch to start receiving data from the new tree. To !f the transformations are applied on independent units, then the
avoid data loss after node disconnections or transformations of thetWo transformations can not negatively interfere with each other.
tree, every message pushed to XPORT is assigned a sequence nur@thermse, one transformation might affect. the cost of some nodes
ber. Nodes store the sequence number of the last message thelf the other unit. Thus, we need to quantify the benefit of paral-
have received. Once a node connects to a new parent, either duéelizing them. We denote this benefit &5 and we describe our
to a transformation or a lost connection with its old parent, it for- @Pproach for estimating this benefit in the next paragraphs.
wards the latest sequence number it has seen to this parent. This Additive functions. The total benefit of two parallelized trans-
node compares its own latest sequence number and either returnéormations is given the following equation:
the lost messages, if they are stored in its cache, or forwards the bij =b; +b;
request upstream in the tree, searching for a more updated nOde‘Bottleneck functions. For this case we distinguish two cases; the
This operation allows our transformations to be transparent to our first one is when themnit; andunit; are independent. Then: '
clients, as no messages will be lost from tree reorganizations. by = min{b;, b;}

o O ; ST i i, 05}

Opportunistic optimization . A different optimization approach
is theopportunisticoptimization. This approach optimizes the cost  For the second casenit; andunit; are not independent. Thus,
function locally for each optimization unit, as opposed to the bot- aSSUming that thenit; includes nodes in higher levels thanit;

(trans_set; Ntrans_set;) = @.

tleneck approach, which optimizes the system cost function for the bij =c— min _{cost + z,cost,, + z,cost (Dy)}
entire system. For example, if the optimization goal is to minimize meU;,kES;

the maximum CPU load, then the opportunistic approach will re- —c¢— min {cost; + z, cost., + z,

duce the workload of the most loaded node in each optimization meU;,keS;

unit. Moreover, all units would participate in the optimization pe- cost(Dy) + Acost(Dy) + x}

riod, as opposed to only the critical ones. The main benefit of the
opportunistic optimization it that it can indirectly lead the system to

a globally near-optimal configuration. However, it cannon guaran-
tee cost improvement in every optimization period. In our current
implementation, we used the bottleneck-based approach.

wherez is the cost increase of the,’s first ancestor that belongs
in unit; and not inunit;.

Statistical functions. Similarly, if the system cost aggregation
function is the variance, then:

1 P—

4.2.1 Concurrent transformations e T D (cost; - cost)"}

Another optimization issue is the number of transformation units 1 ey
that can be optimized in parallel. The main benefit of a single trans- =c—{ { Z (costh, — cost)’+
formation approach is that it is easier to handle, as we do not need to V-1 meU;
consider potentially interfering concurrent transformations across -9
multiple optimization units. However, serializing transformations Y ((costm + Acosty + x) — cost)*+
slows down the convergence to the “optimal” topology. We note k€S,
that, multiple transformations could be performed in a single op- Z (costm — cost)?}}
timization period as long as they are applied on independent opti- mis,U;

mization units.

Moreover, XPORT allows concurrent transformation to be ap- 5. PERFORMANCE EVALUATION

plied on non-independent optimization units. In the following para- .
graphs, we describe our approach. We start with the definitions for imV\Ilgrr:]:X'?atlinc?r?I:(r:?ggigeagI:nF;(t)LZE tper :ttl?é)(ljpflvaen:ls%e&ciﬁ/:i gérs
independent optimization units and independent transformations. P '

] ) o feed disseminates dissemination application using XPORT’s API.
DEFINITION 4. Letunit; and unit; denote the optimization  ysing XPORT’s API, we built an RSS feed dissemination tree. We

_units ofn; ar_ld n;, respectively. We say thawit; andunit; are implemented an XPORT proxy, which clients can use to instantly
independentt allow their existing feed readers to be part of the XPORT dissemi-
(U; US)N(U; US;) = 0. nation network.

Clients request their desired RSS feeds, by forwarding their pro-
DEFINITION 5. Lettrans; andtrans; denote transformations  file to an XPORT node. XPORT nodes self-organize in a profile-
of unit; andunit;, respectively. Let alsbrans_set; andtrans_set; based dissemination tree, in which the root of the tree polls the
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RSS sources and forwards only new items to the dissemination tree.
Using XPORT for disseminating the requested feeds allows RSS 4000
sources to receive HTTP requests only from the bootstrap instead
from each individual client. Thus, the bandwidth requirements of
hosting an RSS feed are decreased. Moreover, since XPORT al-
leviates the load that would have been presented by many clients,
it is reasonable for the bootstrap to poll the RSS source more fre- 2000
guently that any one of the clients would have as traditional RSS ook

clients. In combination with XPORT'’s push-style distribution, the d ‘ ‘ ‘ ‘
end result is that clients receive more timely updates while present- 1000 2 4 6 8 10
ing less load on the RSS source. FeedTree [16] possesses a similar Time (i efeptimizaton per)

structure, though it is unable to perform XPORT’s wide variety of
optimizations.
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Figure 5: Total network latency of PlanetLab nodes. XPORT con-

verges to the optimal after approximately 8 transformatiors.
2000 T T T

5.1 Experimental results 1900/

We studied XPORT's performance through real-world data and 16008
results from both prototype-based LAN emulation and deployment Laoor
on PlanetLab. In our PlanetLab experiments we used dissemination 12000
trees up 40 randomly chosen PlanetLab sites. For our prototype-
based LAN emulation, we also used up to 100 nodes, but controlled

YPORT & transformations—+—
XPORT 4 transformatjons: %--- _{
XPORT 3 transformations-*- -

*
x

1000~
800

Redundant data(KB)

600

network latency and the bandwidth capacities between nodes. We 400F |
used values obtained from actual PlanetLab measurements, but “re- 200 E
played” these conditions for multiple experiments in order to obtain 05 S y 5 s I .
repeatable results. Time (units of optimization period)

We also created 100 clients and attached them randomly to the
XPORT brokers. Each client picks its profile from a set of 700 Figure 6: Superfluous incoming data. XPORT converges to the opti-
RSS feeds using the Zipf distribution, with the skew parameter set mal after approximately 11 transformations.
to 0.97. The total size RSS Feeds was around 19MB, and the av-
erage RSS Feed size was 27.7KB. We observed that each transforene when all five implemented transformations are applied and two
mation of an optimization unit requires around x? secs, and we setwhere the transformations are limited to only four and three trans-
our optimization period to y? minutes. The choice of y? minutes formations. We first remove the promote subtree transformation
is a compromise between rapid adaptivity to network changes andand then the parent-child swap transformation from our optimiza-
minimizing optimization traffic. The minimal practical interval de-  tion framework. The results reveal that in the first case XPORT
pends on the metrics being optimized. For example, it takes longer converged to the optimal solution (where the total redundant data
to assess available bandwidth than latency. is zero for every node), while for the other two cases the system
We have used XPORT to implement distribution trees that opti- cost improves but could not converge to the optimal case. Promote
mize a variety of metrics including total path latency, variance of subtree is the most beneficial transformation because it allows our
path latency, bandwidth consumption, bandwidth bottleneck, and tree to converge to the star topology. XPORT managed to improve
total redundant data received at each node. Our experiments demorits performance, even in the absence of this transformation. Finally
strate XPORT's flexibility and effectiveness, as it manages to im- the results show that the larger the set of transformations, the better
prove each of these metrics significantly through its local transfor- performance XPORT achieves.
mations. Adaptivity. While creating a star topology is optimal for the pre-
Convergence.Figure 5 shows the sum of the path latencies of vious metrics, it is not an optimal solution in terms of the resources
20 PlanetLab sites. This is an example of the Type | aggregation. required from the bootstrap node. To demonstrate this, we run the
We compare XPORT's performance with the optimal tree, which experiment on the total path latency metric, and included the CPU
is the star topology when no constraints are imposed and assumingime for processing and matching the incoming messages on ev-
the triangle inequality and lack of congestion. In the star topology ery node on this path. The more profiles that a broker must match,
all the nodes are connected directly to the bootstrap node. XPORTthe greater CPU latency that messages will observe when travel-
starts with a random tree and continuously applies local transfor- ing through that broker. In the case of the star topology, the root
mations. The figure shows that, while XPORT starts with lower of the tree has the overhead of matching the incoming messages to
performance than the star topology, after a small number of trans- the profiles of every node in the system. In the case of XPORT's
formations our tree converges to the optimal tree. chosen tree, this processing overhead is distributed across multi-
We also implemented a metric that measures the superfluous datgle nodes. The bootstrap node performs a few simpler matches on
received by the nodes. This is the amount of data each node re-aggregate profiles, one for each child.
ceives that matches the profiles of its descendants but not the in- Again we started with a random XPORT tree on 20 PlanetLab
terests of its directly connected clients. A system might want to nodes, which is outperformed at the beginning by the star topol-
minimize superfluous data to eliminate disincentives to joining a ogy. This difference is due solely to network delays. Earlier ex-
cooperative system. This is an example of a metric where no aggre-periments indicated that invoking the optimizer at this point would
gation is defined for the node cost. We used this metric to demon- allow XPORT to reconfigure a random tree to match the perfor-
strate XPORT’s convergence to the optimal solution and also to mance of the star topology. In this experiment we invoke the opti-
show the effectiveness of our transformations. mizer only after the bootstrap node begins to fetch and disseminate
For this metric we used our RSS feed application on 40 Plan- messages. When the bootstrap node starts fetching the RSS feeds
etLab sites. Figure 6 shows three different cases for this metric, requested by the clients the total path, latency is increased for both
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trees as shown in Figure 7. However, the increase is much higher @ 700 o fanouEI8 |
in the case of the star topology, as all matching is performed by the g o
root node. As a result, the random tree begins to outperform the g eor oo R
star tree. Moreover, when the optimizer is started, XPORT adapts £ ol g R e |
to the loaded nodes in the system, and after a number of local trans- g P ZQ
formations, obtains a tree that outperforms the original, unloaded 3 4°°T/D/ 1
random tree. XPORT creates trees that avoid highly loaded nodes, & ool |
continually moving subtrees to less loaded parents.

Constrained Topologies. We also studied the performance of W 5
XPORT when topology constraints are imposed by the application. Time (units of optimization period)

We implemented a Type | metric in which the aggregation for the
node cost is applied over its children set. We optimized the averageFigure 9: Bandwidth bottleneck under fanout constraints. Appli-
outgoing bandwidth over all nodes, where the bandwidth consump- cations may impose topology constraints, but these consirds limit
tion of a node is defined as the sum of the incoming data rate of its XPORT's ability to optimize.
children. We run our experiments on 100 nodes on our PlanetLab
emulation of the RSS feed dissemination application. Although a LAN emulation on 40 nodes. Figure 9 shows that XPORT identi-
better metric might be network utilization, in which the costs of fies bottlenecked portions of the tree and after every transformation
a transmission is multiplied by the number of links in the trans- increases the maximum bottleneck bandwidth in the system.
mission, it would be difficult to establish an optimal benchmark to ~ We start with very restrictive constraints (fanout of two) and re-
compare our tree with. Nonetheless, XPORT could easily optimize lax them to six, ten and infinite fanout. The results reveal that
such a metric. the stricter the constraints, the fewer transformations XPORT is

As we have defined bandwidth utilization, the optimal topology allowed to perform. For example, when the fanout is set to two,
for this case is again a topology where all nodes with a client profile XPORT cannotimprove after two optimization periods, while when
are directly connected to the root, because each message is emittethe fanout is set to six and ten the system improves for three and
by a broker exactly once. We also run experiments with path la- four periods respectively. These results demonstrate that the more
tency constraints on every node. In the path latency we included relaxed the constraints imposed by the application the better XPORT
the CPU time for processing and matching the incoming messages.can perform.

This constraint is implemented as aggregation over path. Table 5 shows similar results for the case of network latency

Figure 8 shows XPORT'’s performance when no constraints are and redundant incoming data metrics. In both cases, when no con-
imposed and two cases where the path latency threshold is set tostraints are imposed XPORT converges to the optimal solution while
exceed 300ms and 200ms, respectively. In the first case, XPORTas the constraints become stricter fewer transformations can be ap-
converges to the optimal configuration, after 34 transformations. plied and smaller improvement is achieved.

However, when latency constraints exist, bootstrap cannot accept Network traffic. Figure 10 shows the average maintenance traf-
direct connections from all nodes with a client attached, as that fic and the optimization traffic of every XPORT node for the differ-
would increase its own CPU latency and the path latency of its de- ent metrics we have implemented and various network sies-
scendants more than that threshold. Thus, XPORT cannot convergdenance traffids the data each node exchanges to maintain the dis-
to the optimal network configuration. It applies a small number of semination tree, and calculate its own cost. This state is exchanged
transformations than the no constrained case, and converges to a
configuration with higher cost. We note that, more relaxed con-

straints allow XPORT to perform closer to the optimal case, as Q";g;c ST J; é Perfo;“;;‘;rcnes
more nodes are allowed to connect to the root of the tree. P Y 51 8 3036ms

We also considered a maximum fanout constraint that limited the 1012 2670ms
children of every broker to a constant number. We used XPORT ____ o | 14 1691ms
to maximize the lowest bottleneck bandwidth in such a distribu- Redundant incoming cat é ;1 12??&5
tion tree. This is a Type IV aggregation. Every node calculates its 10| 8 304KB
bottleneck bandwidth, which is the minimum capacity of a link be- oo | 11 OKB

tween any two of a broker’s ancestors. The system cost is the mini- ]
mum bottleneck bandwidth over all brokers. The goal of XPORT is Table 5: Performance on constrained network ¢ refers to the number

to maximize this cost. These results are from our prototype-basedOf transformations and f to the fanout constraint). As constraints are
relaxed XPORT converges to the optimal tree.



Statistics Period | Performance differencg%) t Traffic reduction (%)
800 P = 0 15 0
) p= 0.07 20 0.97142
00 W Traffic (bytes/sec) p=2 0.14 26 0.9782
600 DIExchange(bytes/t) p=3 0.22 31 0.9797

Table 6: Statistics approximation affect on performance, convergace
time and network traffic, for the metric of path latency varia nce. Main-
tenance traffic is improved significantly.

Traffic per node
IS
5
3

j . ﬂ iments we varied the period parameter The results reveal that
Bandvidh consumpton Lateney Bandvidh botteneck et data even the period is smalb(= 1), the maintenance traffic can be de-
creased by 97%, while XPORT converges after 20 transformations
Figure 10: Maintenance and optimization traffic. to a configuration with cost around 7% more than the non approxi-
mated case.

every second.Optimization trafficis described in Table 4. This
state is exchanged between nodes in the optimization unit during6. RELATED WORK

an optimization period. The optimization state is also a measure of  Supporting extensibility in systems engineering has often been a
the optimization overhead. key research goal for the benefits brought via modularity and soft-
The results reveal that the maintenance traffic is low and similar ware reuse. In the database Community’ Concepts such as extensi-
for all metrics. Also the maintenance traffic remains the same as bjlity and declarative specifications have long been the norm as a
the network size increase. We omit the experiments for brevity. result of pioneering works such as System R [1] and Starburst [17].
Note that for the metric of redundant incoming data there is not |ndeed, the generalization process need not be restricted to the do-
cost-related traffic. This is because this metric requires only one main of large DBMS, perhaps best exemplified by GiST [9]. GIST
level of aggregation as every node’s cost is defined as a local value.provides a framework generalizing the problem of implementing
Thus, node do need to request any information from the parent or search indexes in a database. In many ways, our work draws its
child to calculate their cost. inspiration from GiST, striving to apply the same design principles
The optimization traffic, while higher than the maintenance traf- tg distributed data dissemination applications.
fic, has an acceptable size in all the cases. It is interesting to exam- Recent efforts from the networking community, such as Click [10],
ine here the difference in the optimization state required by differ- MACEDON [14], and P2 [12] provide examples of systems pro-
ent metrics. In the case of path latency, every node in the network moting the advantages of extensibility. Click provides a modular
is a critical node. Thus, every node checks for possible transfor- architecture for processing packets in routers using a flow-based
mations of its optimization unit. This implies that all nodes in the configuration specification. MACEDON and P2 both address the
system will exchange data with their peers. Moreover, nodes needchallenge of constructing overlay networks by abstracting over com-
to send their path latency to nodes in their local neighborhood, like monalities present in the large number of overlay algorithms de-
their siblings or nephews in the tree, to allow for various transfor- signed over the last few years.
mations.e.g.sibling swap, to be computed. To the best of our knowledge, we have yet to see extensible data
On the other hand, while optimizing bottleneck bandwidth only dissemination architectures capable of generalizing over the core
the nodes that are affected by the link with the minimum band- dissemination functionality and the system’s optimization objec-
width capacity try to transform their optimization unit. Thus, only  tive. Existing approaches such as SplitStream [5] and Bullet [11]
one optimization unit exchanges data, and so the average traffic pefconstruct application-level multicast networks that minimize the
node is much smaller. The cases of bandwidth consumption andforwarding load of internal nodes by constructing mesh overlays,
redundant incoming data are different. In both of these cases, thethereby enabling clients to receive different data segments from
cost of each node depends on its profile and the merged profile of myltiple parents in the mesh. ONYX [8] and XRoute [6] intro-
its children. Thus, the dependence set of a node is smaller, andduce content-based publish-subscribe solutions for XML data and
so fewer nodes exchange state during optimization. This results in Xpath-based profiles respectively, and they both focus on using
less exchanged state for these metrics. structures for efficiently storing profiles matching them to the in-
Statistics Approximation We implemented also a metric of Type  coming data. Siena [3] investigates a publish-subscribe framework
V, the variance of nodes’ path latency. We also implemented a for relational data and considers the system’s performance from a
version of the variance metric, where statistics on the node cost handwidth-oriented perspective. By abstracting over the matching
and local value are approximated. Our goal in these experimentsfunctionality, XPORT is able to support both the XPath and rela-
is to study the trade off between the traffic improvement and the tional profiles used by systems such as ONYX and Siena, in addi-
XPORT's performance. Obviously the more frequently nodes broad-ion to supporting a superset of the optimization metrics considered
cast their cost, the better estimation of a transformation’s benefit aby these systems.
node can compute, leading to a faster performance improvement. ~ Also closely related are those approaches that use the concept of
However, as nodes reduce the frequency of their cost broadaast, th |ocal transformations to perform continuous adaptive optimization
maintenance traffic will be reduced. of the dissemination tree [2, 18]. These systems attempt to optimize
Our results in 6 demonstrate this behavior. We run our experi- a specific metric, as opposed to the general optimization frame-
ments using 100 nodes on our PlanetLab emulation, and computeduwork provided by XPORT. Finally, AMMO [15] provides a similar
the variance when nodes participate in every broadcast ppa8p ( framework for constructing an adaptive multi-metric overlay net-
Our tree converges to a final configuration after 15 transformations. works. Their metric-independent framework focuses on minimiz-
We used the same tree topology and run the approximated statising the sum of a performance metric defined over all the overlay
tics version, where the participation of every node in the broadcast edges of the dissemination tree. Compared to AMMO, XPORT’s
phase is defined by Formula 4, where = % In our exper- model is more extensible, since we allow a wider variety of cost



functions and a generic means to combine them. [17] P. M. Schwarz, W. Chang, J. C. Freytag, G. M. Lohman,
J. McPherson, C. Mohan, and H. Pirahesh. Extensibility én th

starburst database systemQ@DBSs1986.
7. CONCLUSIO_NS AND F_UTU_RE WORK ~[18] Y. Zhou, B. C. Ooi, K.-L. Tan, and F. Yu. Adaptive reorggzation of
XPORT explores routing tree extensibility in the context of profile- coherency-preserving dissemination tree for streaming tata
based data dissemination systems. Our work is largely motivated ICDE, 2006.

by the growing number of medium-large scale dissemination-based
applications and services; addressing the needs of this broad appli-
cation domain requires a robust and flexible dissemination infras-
tructure that is also highly extensible and customizable. XPORT is
a step towards building such an infrastructure.

We have built an initial XPORT prototype system and will soon
deploy it on PlanetLab, where it will be running as a profile-based
feed dissemination service. This experience will allow us to better
debug our system and gather user profiles for further experimenta-
tion.

As future work, we have a full agenda. First, we will explore
how to extend our tree-based overlays to more general mesh-based
topologies, which will further improve the efficiency and reliability
of dissemination but complicate optimization. Second, we will ex-
tend XPORT to also serve as a data collection system. The interest-
ing challenge here is the seamless integration and optimization of
both collection and dissemination tasks. Finally, we will investigate
extensible profile specification languages to ease the specification
of complex, stateful profiles.
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