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Abstract

Existing stream processing systems are designed for clustered deplsyrand cannot adequately meet the
scalability and adaptivity requirements of Internet-scale monitoring apiplicaa Furthermore, these systems are
optimized for a specific metric, which may limit their applicability to diverselaagions and environments.

This paper presents XFlow, a generic distributed data collection, pingessd dissemination system that
addresses these limitations. XFlow can express and optimize a varietybal glatimization metrics and con-
straints. It uses decentralized algorithms that work on localized, aafgibgiews of the system, while avoiding
local optima. The system progressively refines the query deployrienstructure of the underlying overlay
network, as well as the statistics collection process, based on the desjeetives. To facilitate light-weight
dynamic changes, XFlow uses a publish-subscribe model to decouplees and clients, as well as process-
ing operators. The result is a loosely-coupled, flexible architectursistong of multiple overlay trees that can
gracefully scale and adapt to churn in system membership and workload

We provide an overview of XFlow’s architecture and discuss in detall itewlealized optimization model.
We demonstrate the flexibility and the effectiveness of XFlow using redidvetreams and experimental results
obtained from deployment on PlanetLab. The experiments reveal flatwXcan effectively optimize various
performance metrics in the presence of varying network and worldoaditions.

1 Introduction

The confluence of ubiquitous, high-performance networking increased availability of receptors that report
physical or software events has led to the emergence of alasw af distributed, large-scale applications, which
we collectively refer to as Internet-Scale Monitoring (IBMn ISM application is a networked system that con-
sists of large numbers of geographically dispersed estigeurces that generate large volumes of data streams
and consumers that register large numbers of queries ogee thhata streams, which are acquired, processed
and then distributed in real-time to consumers. Exampldi@ns include planetary-scale sensor networks
or “macroscopes” [3, 11], network performance and secumonitoring [1, 2], massively multi-player online
games, and feed-based information mash-ups [4]. ISM agdpits are currently implemented using custom,
ad-hoc approaches that hinder their scalability and miaiaibélity. Going forward, there is a need for general-
purpose infrastructures that can effectively support adspectrum of ISM applications. We introduce such an
infrastructure, namexFlow, which is an extensible, data stream acquisition, prongsand distribution system.
Several goals and capabilities guided the design of XFlow:

1. Scalability ISM systems need to provide network and workload scatgbithey should gracefully deal
with geographically distributed system components argelaumbers of simultaneous queries. To achieve
this, the system should scale out and distribute its praogssross multiple nodes.

2. Adaptivity. ISM systems are expected to operate over the public Intenits large numbers of unreliable
receptors, on commodity machines, some of which may cantitheir resources only on a transient basis
(e.g., in peer-to-peer settings). In general, they shodégbeto churn, time-varying workload, and resource
availability.

3. Extensibility While many ISM applications share common characterisgag. ( stream-based processing,
overlay networks, membership management), they ofterbéxdiverse application-specific logic and per-
formance requirements and constraints. For example, arealbased surveillance application may need to



perform feature extraction over MPEG streams, whereasdkdgented application may involve XPATH
gueries over RSS streams. Similarly, a network intrusiopliegtion may have strict result latency re-
quirements, whereas an environmental monitoring appdicatnning in a peer-to-peer setting may care
more about fairness in bandwidth consumption. An ISM syssbould be easily customized to support
application-specific data types, processing logic, perforce expectations, and constraints.

Existing stream processing systems [5, 27] partially asklsome of the above requirements. These systems
support complex continuous queries, while distributedcsiosrs [6, 8, 22, 30] allow for queries to be transpar-
ently distributed across multiple nodes. However, mostentrapproaches implicitly assume a small number of
sources and destinations, and, thus, do not provide mesharior “massively” distributing and parallelizing pro-
cessing to take advantage of the large number of computergezits available in the network (e.g., via operator
replication and partitioning). Furthermore, they focusame performance measure, which they optimize using
hard-wired approaches, making it extremely difficult tceefively incorporate new optimization metrics. Imple-
menting mechanisms for new metrics is a challenge when thiibumetric is not the “right one” for a given
application.

This paper describes XFlow, an extensible, highly-scalalpld adaptive framework for distributing and op-
timizing stream processing queries. XFlow creates, maistand optimizes an overlay network, given dynamic
stream sources, clients with stream-oriented complexiegiand application-specific performance expectations.
The network consists of multiple, potentially overlappmgerlay stream dissemination trees, created dynamically
depending on the degree of stream sharing. XFlow can exanesety of optimization metrics and constraints. It
progressively refines the placement and execution of theats, the structure of the underlying overlay network,
as well as the statistics collection process, to meet thiesdlesbjectives.

A key feature of XFlow’s optimization framework is that ities onlocalizedstate and interactions to reduce
the global system cost. The optimizations are guided by a set of opedistribution operations (migration,
replication, partition) and use localized, aggregatetlyork and workload statistics. Nodes apply these operation
on their neighborhood as well as on specific promising nétwagions which they discover through dissemination
of selective statistics. One of our key results is that eweple aggregations of statistics are sufficient to achieve
efficient operation with low overhead (network traffic pedeas below 300bytes in a network of 200 nodes), as
well as allow XFlow to avoid local optima and converge to reptimal configurations. Moreover, we employ
probabilistic statistics dissemination techniques thahage to keep the network traffic within constant bounds
independent of the number of queries and nodes with low pegnce degradation. This characteristic allows for
high scalability and efficiency.

XFlow relies on the pub-sub paradigm [12, 17] as the undeglyiommunication model. This model allows
XFlow to effectively decouple sources and destinations geegraphy and time: sources publish their data with-
out knowing where and when the consumers will access thent@amslmers subscribe their stream processing
queries [5, 27] without knowledge of specific sources. Ihistesponsibility of the system to collect and process
the data and distribute the results to the clients, whiletimg@pplication-specific performance expectations. This
flexible, loosely-coupled architecture allows for scadatlissemination of high stream volumes to large number
of consumers and robustness in the presence of high quesgriutinn/unsubscription rate.

One of the key features of XFlow is that it uses the pub-subehtmalso decouple the query operators. It
treats operators as regular stream sources and consumeis-egeaator subscribes to the stream generated by its
upstream operator in the data flow and also publishes thanstitqoroduces. This approach unifies and simplifies
the overall system model while at the same time facilitaipnthe sharing of intermediate processing results and
(i) light-weight dynamic query modifications, such as adgiremoving, migrating, and replicating operators.

The contributions of this paper can be summarized as follows

1. We introduce a novel architecture that consists of mleltigynamic overlay trees, for data collection, pro-
cessing, and result dissemination.

2. We present genericcost model that can express a range of optimization goal®tladuate the efficiency
of user queriess well as variougesource utilizatiormetrics.

3. We describe a generic distributgdery optimizatiorframework that relies on local, aggregated state and
dynamically modifies the structure of the overlay as well pfecement and processing of the operators
through a set of migration, partition and replication opieres. To the best of our knowledge, XFlow is the
first system to allow this combination of query optimizaton
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Figure 1:XFlow's system model.

4. We introduce a metric-independent statistics seleamhdissemination mechanism that utilizes the seman-
tics of the cost functions to identify available networkaesces. Based on this approach, we can carefully
target our optimization towards low-cost, promising netwegions and avoid local optima that may result
from localized operations.

5. We demonstrate the effectiveness, flexibility, praditigaf XFlow through a prototype implementation.
The results are obtained through experiments processatguald feeds on 150 PlanetLab sites. We show
that XFlow’s localized statistics allow the system to cameeto near-optimal configurations for a variety of
metrics.

The rest of the paper is structured as follows. We describeatbhitecture of XFlow in Section 2. We
introduce our cost model in Section 3 and describe our gepgtimization framework in Section 4. We present
our experimental results in Section 5, the related work ictiSe 6, and conclude the paper with final remarks and
plans for future work in Section 7.

2 System Model

XFlow consists of an overlay network of cooperatimgkers(or nodes) providing stream routing and stream-
based query processing services (e.g., [5, Z}{jernal data sourceeside outside system boundaries and publish
data streams according to a well-defined global schemantSlae also external and are eventual consumers of
query results: they subscribe their interests expresseathims of stream-based continuous queries on the global
schema. Each external source and client has a proxy runmirggreode acting on behalf of its corresponding
entity.

Pub-Sub model. XFlow relies on the pub-sub paradigm as the underlying umfmechanism for dissemi-
natingall data flows in the system. One implication is that each queeraipr publishes its output stream and
subscribes to its input stream(s). As operators also guliisa, we refer to them asternal sourcesBoth exter-
nal and internal sources are assigned system-wide uniguéfidrs and have well-defined schemas. The global
schema is the union of external and internal schemas.

Each source publishes its stream to an overlay tree whichkdiges it to the subscribed consumers. Nodes
hosting interested clients or operators must join this tféwmis, XFlow consists of multiple overlay dissemination
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Figure 2:XFlow node architecture.

trees, potentially one for each internal or external saukégure 1(a) shows a network of three tre@s:and73
publish the external streanss; and.Sp respectively, whilel, publishes the output of the operaty.

Source registration. When a source (internal or external) is first registered,rivéods its stream’s schema
to the registration service (referred to lagotstrap nodg For an external source, the bootstrap is contacted
through its proxy. The functionality of the bootstrap carebsily distributed across multiple nodes to improve the
availability and scalability. The bootstrap picks a broaeitheroot brokerfor that stream based on its topological
distance to the source, the available bandwidth of the lorakd the expected data volume. This broker will be
the root of the tree that disseminates the source’s puldistream.

Query registration. Clients also pick one XFlow node to host their proxy. To suibs; the client’s host
contacts the bootstrap and requests a list of the streanlishpedb by both external and internal sources. XFlow
currently requires the user to browse the existing quenyogtto manually identify common sub-queries, similar
to [4, 6], although it can also incorporate techniques faomatic detection of sharable computations [24]. Users
can inspect the streams’ schemas and define their queriasyaobection of external or internal sources. This
allows for intermediate results to be shared by multiplerigge For example, in Figure 1(b) quefd, uses the
output of operatof .

The bootstrap also informs the client’s host about the tpeddishing its query’s inputs. The host node joins
these trees, by connecting to a node in the tree. The choite ofode depends on the applications expectations
and constraints, e.g., for latency-sensitive applicatiomvill be the closest node, or for applications with fanout
restrictions we pick the node with the smallest number ofdcén. Once the node joins the tree, it requests the
query’s input streams published by that tree. We refer ® bguest as therofile of that node and is extracted
from the selection predicates of the query. This profile i&rded upstream to the root, creating a reverse routing
path to the node. Using the routing tree created, a node cae streams published through this tree only to its
children interested in receiving them.

Stream processing modelUser profiles are expressed as directed, acyclic data-flaphgrof stream-oriented
operators (e.g., [5]), operating over the global schemdowhas a built-in set of standard windowed operators
(filters, unions, aggregates, joins) and also allows foitr@ny user-defined functions to be linked as operators.
An example of three simple queries is shown in Figure 1(b). Ménelient registers a query, the operators of the
query subscribe to their input streams. This is done aloegiistream to downstream direction, in an order that
is consistent with a topological sort of the operators inghery plan.

While the external source and client proxies are “pinnedh#rtbrokers, the query operators are free to roam.
All operators of a given query are initially assigned to tame broker; however, as we describe below, operators
may be relocated, partitioned or replicated over time asgddhe optimization process.

Figure 1(b-c) shows three queries and possible deployntgris operators are distributed across two trees.
Fy’s host,ny, subscribes to streasly through tre€l’; and publishes its output to trd&. Hencengy, the host of
A,, joinsT,. Nodens, the host ofQ)-, joins alsoT,. Moreover, it joinsT; and subscribes to streafii. Finally
ng, hostingFy, joins treeTs.

Node architecture. The architecture of a XFlow node is shown in Figure 2. Queanglare parsed by the
guery managernd sent to the SPE for execution. Profiles are extracted asided to thgpub/sub manager
which joins the proper trees. Tree connections are handléddronnection managewhile therouter delivers
input streams to the SPE and publishes output streamsolt@lses maintenance data required by the connection



01. system cost:¥ (node cost, NODES) f (query cost, QUERIES)
02. node cost:F (local stats) f (operators cost, OPERATORS)

03. query cost:F (operator cost, OPERATORS)

04. operator cost:¥ (local stats, UBDOWN OPERATORS] local stats
05. f:= MIN|MAX |[SUM|AVERAGE

Figure 3: XFlow’s cost model.

manager as well as any subscription/subscriptions regjsesit by the pub/sub manager. Tdmimizeris the
extensible component in our architecture. Applicationgleers can specify the own performance criterion (see
details in Section 3), and XFlow customizes its functiotydbiased on these metrics. Using data on the query and
the overlay network, obtained from tetatistics manageXFlow identifies operations on the queries that improve
the cost metrics and sends any query changes to the quergearana

Tree management Conceptually XFlow creates one tree per each source (internal or exjeingractice, any
two pairs of brokers communicate through only a single TCiheation, independently of the number trees in
which they are neighbors. These connections create anagvereésh on top of whickogical application-level
trees are built that share the overlay links of this mesh.cdgtie cost of creating a tree is small, since nodes will
set up connections with their peers only the first time thegdrte connect on some tree.

We also employ techniques to control the number of treesst,Rire allow the definition of super-operators
that combine multiple connected operators in a single éng#ingle tree is created for each super-operator, as the
constituent operators will not publish data. Moreover, weeet that many trees will be entirely local to a single
node at the network level; for example, in the case when aratgreand its upstream parent are located on the
same node.

Finally, sources can be assigned to already existing tredacing the number of trees. For example, streams
requested by highly overlapping sets of subscribers camubksped through the same tree, while streams can be
periodically reassigned across root brokers or mergirestr@dapting to membership changes. A simple heuristic
could be merging trees that involve the same set of nodesh tBees could be easily discovered by exchanging
bloom filters among tree roots. The problem of effectivelyuging data sources and mapping them to a given set
of trees has been studied in [7, 28] and is beyond the scofwsgiaper. For simplicity of exposition, we assume
that this grouping is already done and use source to meagctolhs of sources.

2.1 Benefits of XFlow’s model

A distinguishing feature of XFlow is its support for dynantieation of multiple overlapping publish-subscribe
trees. XFlow treats query operators as producers and carswend thus, any optimizations (migrations, cre-
ate/remove replicas) are handled as subscriptions/uasptisns or addition (or removal) of trees. In contrast to
existing systems [6, 8, 30], XFlow decouples operators, e operator does not require any state regarding the
location of its upstream/downstream operators in the gqoetyork. This allows XFlow to be scalable and robust
in terms of the number of dynamic operator changes as theséeeno state updates on their neighbors in the
qguery network. Moreover, it can facilitate dynamic stredmargng, since operators can seamlessly subscribe to
any stream in the system. Note that high degree of sharingéw®rs previously shown for both external [25] and
internal streams [4].

Projects like SPC [20] and IFLOW [22, 23] also used the pub-semantics to facilitate reuse of streams.
However, XFlow goes beyond centralized implementationthefpub-sub semantics and realizes this loosely-
coupled model throughdynamiccreation of multiple overlay trees. The main advantage ofgumultiple trees
is to enable better network utilization and reduce redunhttansmissions by having clients become part of only
those trees that publish relevant data [21, 28]. One unijalenge we address is to perform optimizations across
multiple trees.

3 Generic cost model

XFlow is generic stream processing system can be custonfizdtie optimization metrics that meet an appli-



cation’s performance expectations. In contrast to exgssalutions [8, 30] that focus on specific metrics, our
cost model can express a variety of performance measugthia sequence of statistics aggregation steps. A
summary of our model is shown in Figure 3. In this section, egctibe XFlow’s approach in detail.

3.1 Optimization metrics and constraints

The performance of distributed stream processing systemftan evaluated by query-related QoS targets [6] as
well as resource utilization metrics [8, 22, 30]. The formefers to the efficiency and performance of queries
(e.g., maximum output latency), whereas the latter addsetbe overhead of in-network processing on the system
nodes (e.g., bandwidth consumption, processing loadhlisitvn). Below we present our cost model, which is
designed to express both metric types, and provide exarophastric definitions using our grammar.

To facilitate the expression of broad spectrum of metriesheXFlow node evaluates a set of builtlatal
statisticsfor the overlay links it maintains, e.g., link latency/edility, bandwidth capacity, as well as the local
operators, e.g., input/output rates, selectivity, preitescosts. Application designers can combine local sitzgis
and define optimization metrics and constraints.

QoS metrics. XFlow expresses the performance of a query based on therpenfice of its operators. Specif-
ically, we define thequery costas an aggregation of itgperator costswhere thesystem cosis an aggregation
of the query costs. Applications can use the aggregatioctifums shown in Figure 3 and customize XFlow for
various metrics, e.g., average query output latency, goad; query throughput.

XFlow users can define the operator cost based on (i) lod#tita or (i) the aggregation of network statistics.
The former case can capture metrics like the processingdgter load of an operator. The latter can express
network-related metrics, like the total output latencyjaktincludes the dissemination delay for fetching the input
stream from its producer plus its processing latency. Nedgsegate statistics on the network links connecting
an operator to its neighbors in the query plan, that is thatlon of (i) its upstream operator or (ii) its immediate
downstream operator. If there exist multiple upstream evrdiream operators across multiple query plans, we
define the cost of each one independently and average tre cost

The maximum query latency is an example of upstream aggoegain operator’s latency is the sum of the
link latencies on the network path to its upstream operaligs jis processing latency. A query’s latency is the
sum of its operator latencies.

op |l atency= sum(l atency, UP OPERATORS) + processing del ay
query latency= sun{op | atency, OPERATORS)
system cost= nmax(query | atency, QUERI ES)

Resource utilization metrics. XFlow allows also the definition of metrics that measure therbead on the
system nodes. We refer to a node’s resource utilization @adde costand is defined based on (i) the local
statistics or (ii) the aggregation the local operatorstcbsthis case the system cost is the aggregation of the node
costs. An example is the processing load of a node, whicleitotlal load of its locally executed operators. Based
on this, we define below the maximum processing load acrbasdés:

node | oad= sun{operator processing | oad, OPERATORS)
system cost = max(node | oad, NODES)

Another resource utilization metric is the outgoing bardtiviconsumption of a node. We define this as the
data its local operators publisbf out r at e) plus the data it forwards in the network as part of the disgsem
nation treesf(wd r at e). Hence, the total bandwidth consumption can be expressed a

node out rate= sun(op out rate, OPERATORS) + fwd rate
system cost = sunm(node out rate, NODES)

Constraints. Applications can express constraints on the performanaguefies as well as the resource
utilization in the system. By using the same model they cdimeleost metrics for operators, queries or nodes and
specify bounds on them, e.g., the maximum processing loadimum query output latency, etc. For example,
XFlow users can express constraints to guarantee suffieétwidth capacity on the overlay links connecting an
operator with its upstream operator. This is crucial forlaggions with high input rates. The capacity between
two operators is the minimum bandwidth capacity of the neitiaks connecting them:
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operator capacity= mn(capacity, UP OPERATORS)
operator capacity>= operator input rate

We note here that generic cost models where also propos2d,if9]. In [22] they use a less expressive model
that simply sums network link costs. XPORT [29], a singketdata dissemination system, proposes a similar
aggregation-based model. XFlow differs from that modehgltwo non-trivial dimensions. First, it incorporates
high-level metrics that can express the efficiency of useriga as well the overhead of the query processing on
the network nodes, whereas XPORT focuses only on the digs¢ion cost. Finally, we express and optimize
performance targets and constraints across a general nkedfvnultiple overlay trees, whereas XPORT limits
itself to a single tree.

3.2 Statistics collection

XFlow nodes are customized to collect and aggregate statistquired for the evaluation of the performance
metrics and constraints. Each node collects only thoskstitatrelated to the cost of its local operators. Specif-
ically, each node:; maintainsonly twostatistical values for every dissemination tree in whigbaitticipates: (i)
the local statistic valud,, and, whenever required, (ii) the aggregation of netwoakistics,¢;. XFlow exploits
the aggregation-based model to reduce the metric collkeotierhead by computing the aggregating vatué a
decentralized fashion.

We will illustrate the above with an example. In order to megashe latency for operatot, in Figure 1,
instead of collecting the latencies of every link betweagrandn, every node measures the latency to its parent,
collects the path latency between the parent ap@nd adds them to get its own latencyrtg, namely theg,
value. Generally, depending on the operator cost definftipstream/downstream aggregation), each node on the
overlay path connecting two operators evaluates the redjlacal statistic on the link to its parent/children in
the dissemination tree and combines this with the aggrdgaggric of its parent/children respectively to derive
its final cost value. This approach reduces the statistilteation traffic as nodes evaluate partial results and
collaborate in order to derive the final cost metrics.

4 Distributed optimization

XFlow distributes the query operators, aiming to minimike global system cost. It continuously refines the
deployment and execution of the query network, by dynamichination of operator migration, replication, and
partition. We collectively refer to these aperator distribution operations

Our optimization framework strives to meet three requinetse First, it must bescalablein terms of the
number of operators and the number of nodes in our networkork our operations should leficientand
adaptiveto time-varying network or workload conditions. Finallyewequire ametric-independentnodel that
uniformly applies to and handles a variety of cost metrics.

To address these challenges, we designed a general, ddizedtframework that does not rely on global
information and has low communication overhead. Each nodmtains local, aggregated views of its own
“neighborhood” and periodically attempts to distribute libcal operators across the nodes within the scope of



this neighborhood. We refer to this operationdaslized optimizationsAn advantage of this approach is that
non-overlapping neighborhoods can be optimized localty@mcurrently.

To avoid local optima, we selectively distribute certailgiagated statistics of the network to any potentially
interested nodes and allow them to consider spedifiected optimizations. These operations consider only
network nodes that demonstrate a good performance andréseiurces could be used to improve the system
performance. XFlow exploits its structured cost-defimtimodel and the known semantics of the aggregation
functions to derive generic properties and equations thantify the benefits of any candidate optimization. In
the rest of the section, we describe our optimizations aed tbcus on our cost model.

4.1 Operator distribution operations

XFlow nodes distribute their operators across their naghin the overlay trees they participate it. For a node
n;, these are its parents and the nodes inithevel subtrees rooted at, wherek is a system parameter. In our
current implementation, each such subtree has at mostléwals, including alsa;’s children across the existing
trees. We denote ag’ an “logical” instance of node; in treeT},, and Figure 4 shows (a) the neighborhoodpf
which includes the nodes of the subtrees in two tréesndTs.

We distribute the operators with two types of operationsofierator placement operationashich migrate
operators to alternative locations and @perator execution operationsvhich change the implementation of
operators by replicating or partitioning them across midtnodes.

4.1.1 Operator placement and migration

Operator placement modifies where an operator is executscanfexample, if improving the query latency is
our performance goal, operators are continuously placedemel higher in the tree, i.e., closer to their upstream
operators, as that would reduce the network latency of ityeirt tuples. Moreover, if an application aims to reduce
bandwidth consumption, operators with selectivity lesmtlone (e.g., filters) migrate closer to their upstream
operators, while if the selectivity is more than one (ea@ng), they are pushed closer to the downstream operators.
This process reduces the overhead of forwarding tuplestaetwork.

We exploit our underlying pub-sub model to dynamically téeodata flows to the new locations of the oper-
ators. More specifically, the new host of the operator siibssito the inputs of the operator by joining the trees
that publish these streams (if they are not already parteshjhIf the operator is an internal source, then the new
host publishes the operator’s output to the correspondéeg t

4.1.2 Operator replication and partitioning

The primary goal of replication and partitioning is to péekke operator execution to utilize idle available re-
sources in the network.

Replication. Replication is applied to operators that subscribe to pleltirees. Instead of collecting all
streams and executing the operator on a single node, reéplicaxploits processing resources of multiple trees.
The goal is to process each input stream independently dntese and combining the results to construct the
final output. To implement this, a replica is created for eafcthe trees the operator receives input from. Each
replica will receive one of the inputs of the original operafTo guarantee correctnesdjral operator receives
the outputs of all replicas and produces the final result. gitesub network easily routes stream flows from the
replicas: they publish their outputs through a tree, anditiag operator’s host subscribes to them by joining these
trees.

Depending on the semantics of the replicated operator, weé tteuse a different implementation for the final
operator. For example, for filters we merge the already éittesutputs of our replicas using a union operator,
while for count operators, the final operator sums the raplicesults. Replication for the count operator is shown
in Figure 4(b). A union operator precedes the count mergireamsA; and A, into streamA. We count the
attributez, thus, after replication, we apply the count independeaiiyd; and A, and carry the results in the
c attribute of their replicas’ outputd) and A,. We sum the: value from both streams (after we merge them)
in order to get the final result. We omit the implementatiotadg of replication for our operators due to space
limitations.

The benefits of replication primarily depend on the locatibrthe replicas. For example, if improving the
query latency is our objective, then placing the replicaBigure 4(b) on the same node as the original operator
will not decrease latency. To increase the benefit, nodesigirate the replicas . Since each replica corresponds



to a different tree, a node can place the replica on its neightin this tree. Note that we do not requatereplicas
of an operator to be migrated, only the ones that can imptoy@érformance.

Replication can also increase the opportunities for og@tion. Replicas are single input operators that can
be handled independently by our framework. Thus, they aneifbexible to migrate as they affect fewer nodes
and trees than operators with multiple inputs and multiplessriptions. For example, each replica can be placed
closer to its own data source, reducing the query latencies.

Operator partition. Partition is applied on the input stream of an operator. litssfhe stream into two flows
and each sub-flow is processed by a different replica of ttezadpr, thereby exploiting data parallelism. The
output of the replicas are processed by a final operator witotuces the final results. Its type depends on the
original operator, similarly to the case of replication.

Partition is shown in Figure 4(c) for the count operator. Nng splits strean¥ and publishes two sub-streams
Ay and As. These streams are routed to the two replicas and their supel merged and processed by the final
operator. For this example, we assume that nodparticipates in tree$; and7, and it places the replicas on
some instances of its neighbors andn,, on these trees.

Partition can be applied to reduce the processing requirtesrad the original host and move a portion of
the processing to another node. Each replica is an indepengerator that processes half of the initial stream.
Moreover, assuming a selectivity less than one for thecagithe incoming rate of the final operator is also lower
than that of the initial stream, thus the processing ovetloééts host node is decreased.

4.2 Local optimizations

XFlow attempts to apply the above optimization operationthe scope of its local neighborhood. An advantage
of this approach is that for a given operator (or replica),reguce the search space of candidate migrations by
considering only nodes in the neighborhood of its currerst.hé-urthermore, non overlapping neighborhoods
can be optimized locally and concurrently. During the ojtation process, nodes will consider migrating their
operators to their parents, children or siblings acrossstreSimilarly for the cases of operator replication and
partition, nodes attempt to migrate the new operator rapheithin their neighborhood.

We employ a hill-climbing-based local search that applies ltest of all possible localized optimizations.
Although at each step we consider a small network regionpWklan gradually migrate operators to arbitrary
network areas. Our experimental results reveal that faaitetypes of metrics this localized search has very small
communication overhead and can converge to near-optintdigeomations. For example, for non-constrained
additive metrics, like average network latency, or totaldwidth consumption, our optimizations can migrate all
gueries close to their external sources.

4.3 Directed optimizations

Although local optimizations can yield significant improvents for some metrics, we also discovered that certain
measures are more prone to local optima. XFlow selectivedgethinates network statistics, on the basis of
the optimization metric, that allow nodes to efficientlyr¢iéy promising non-local operations. These operations
focus on specific low cost network areas and we refer to thetdirestedoptimizations. We describe this approach
in the next section.

4.3.1 Statistics collection

As a result of the statistics collection process, XFlow rodw®intain certain local and aggregated metrics. We
selectivelydisseminate these metrics across nodes, allowing thewvdiscof alternative neighborhoods that could
be utilized and improve the system’s performance. XFlovesabn the definition of the cost metrics, specifically
on the semantics of the aggregation functions, in order tergene: (i) which nodes may be interested in the
statistics, and (ii) which statistics could be of potentigerest. Moreover, it utilizes the dissemination trees
to create filter-based routing paths that forward statidtiom their producers only to the interested consumers.
Nodes can exploit these statistics in order to identify gsimg optimization areas.

Statistics selection. As mentioned in Section 3.2, each nademaintains, for every dissemination tree in
which it participates, the local valug and an aggregation of network statistigs, Examples of local values
include the processing load of a node or link-based measargs latency, capacity, reliability, data rate, etc.
Aggregated value examples include path latency, path bigtid\wottleneck, outgoing bandwidth consumption.



Operator | Disseminated | Statistics | Query | System Condition

Aggr Statistics Filters Aggr Aggr
SUM l; <l; SUM SUM

MIN MIN (¢i =c£9)
MIN i, & > ¢ SUM SUM

MIN MIN (¢, =cE9)

l; <l SUM -
MAX - (l; =cE9)

Table 1:Statistics dissemination & filteringc:(system cost)

We note here that nodes maintain statistics required by pienzation and constrained metrics and thus our
system can exploit both metrics.

Table 1 summarizes which statistics each node distribatéisel network. Every node will forward its local
value, which reveals the resource utilization of the noslelfitor its overlay links. Moreover, the aggregated value
¢; may provide some insight on the performance of the ovesiiisleading ton;, depending on its aggregation
function. Intuitively, when additive functions are usek tost of the overlay paths will be much higher than the
cost of a single link and thus unlikely to be of interest to anges. However, for bottleneck-based functions, like
MIN or MAX, overlay paths do not necessarily have higher ¢ban their individual links, making them equally
reusable as each individual link. For example, the bandwédpacity of a path depends on the connection order
of its nodes. In these cases, XFlow informs the network abgstpath properties by forwarding its aggregated
valueg;.

Selective dissemination.XFlow applies optimizations that can improve the globaltegscost. Therefore,
statistics are selectively distributed only to nodes thataffect the system cost. Table 1 shows the conditions that
should hold in order for a node to receive any statistics.s€fenditions are agnostic of the actual optimization
metric and depend on the aggregation functions for the qamedysystem cost. Intuitively, if the optimization
metric is the average query latency, then every node carowgjthis metric by reducing the processing or network
delay of all the queries it serves. On the other hand, if werdesested in the maximum query latency, then only
the nodes that serve the query with the highest output lgatenéor the ones with small differenceé from the
highest latency) will receive the statistics.

Furthermore, nodes are interested only in statistics afort components (links, paths, nodes) that perform
better than their own local neighborhood. Table 1 shows tkdipates used by each nodgto filter statistics.
XFlow uses the aggregation semantics to automaticallyoouige these filters. Additive functions imply that the
aggregated value will be higher than the local value, thaddiver-bound filter is their local value. For example,
for the query latency case, nodes want to receive statiatiost link latencies lower than its local links. In the
case of the MIN function, the valug provides the lowest value the node is interested in. For pi@modes will
receive the link and path bandwidth capacities that aredrniifat the capacity of its local paths.

Probabilistic dissemination. In order to reduce the statistics emitted in the network, g@aly a probabilistic-
based technique for selecting only a subset of the availaldemation. Specifically each node propagates the
statistic of only k nodes (we refer to them as top-k) whichgacket based on the lottery scheduling algorithm [19].
Each nodes value is assigned a number of tickets proportionita utility. For example, nodes with less load or
latency will be given more tickets, thus having higher ptabty of winning the lottery and hence being selected.
The algorithm guarantees no zero probability for selectimgnodes statistics. Our experiments revealed that this
approach keeps the statistic traffic within constant boundspendent of the number of queries and nodes with
low performance degradation.

Statistics Routing. XFlow uses the structure of its data-flow network to distrébnetwork statistics across
nodes. It avoids flooding the network by using each nodetsstits filter to construct predicate-based routing
paths that filter out unwanted statistics as early as p@sdtar example, there is no benefit in distributing the load
statistics of the most loaded node in the system.

To construct these filtering paths, nodes propagate tredissts filters (Table 1) to their parents. Each node
aggregates the filters of its children in each tree and prteaghe aggregated filter upstream towards the root.
Nodes are aware of the interests of their descendants areffc@ently filter statistics and selectively route them
to the interested nodes. Since our overlay network consfdtger-connected trees, every participating node is
guaranteed to receive the statistics.

4.3.2 Directed operations

Our optimization framework uses the collected statisticdiscover specific low-cost neighborhoods that can be
utilized to improve the system performance. We categohese neighborhoods into two classes;a-tree and
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inter-treeneighborhoods.

Intra-tree neighborhoods. Dissemination trees connect nodes that receive and pridwesame data stream.
Moreover, our statistics distribution process allows reddadiscover which of these nodes have better cost metrics,
e.g., better path to the stream producer, less processialy ¢ less outgoing bandwidth consumption. Hence,
each node considers migrating its operators (or its replitma peer that receives its input stream through an
alternative path with better performance. Another benéfiti@cted optimizations inside a tree is that overlay
paths with good performance are re-utilized, improvingrésource utilization metrics.

Inter-tree neighborhoods. XFlow nodes also receive statistics regarding nodes, lamids paths that reside
outside their dissemination trees. Thus, they can exphyitreetwork component with low cost by incorporating
them in their own trees. To achieve this, they consider niigmeof their operators to any node with lower cost
and connect them to the tree through one of the existing nd@desduce the number of candidate locations each
node has to consider, we check only the topedes with the least cost.

XFlow goes beyond simple operator migration and explogsittwork statistics to replace existing links/paths
with ones that have a better performance. This is implenddmganigratingbothoperators connected through the
old link/path to the two ends of the new link/path in a singiiimization step. This operation could lead to faster
improvement as it does not rely on single operator migratioumt instead identifies beneficial overlay paths for
connecting pairs of operators. Examples include replaaingde’s path to the root by a path with better delay,
capacity, or reliability.

4.4 Evaluating global cost changes

Our optimization framework includes a generic cost modat tfuantifies the expected benefit of an operation. We
exploit the fact that our operations affect only a subsehefriodes and operators, and we evaluate the impact on
the cost metrics of only the affected entities. For thesiiestwe derive the metric-independent aggregated state
required to quantify an optimization step with small comication overhead. For the purposes of illustration,
we will describe our approach with respect to the SUM and Mgjgragation functions. Similar results can be
obtained for the AVG and MAX functions in a straightforwarénmer.

We start by providing the dependencies among nodes, opgatd queries. We assume a set of queies
Each queryy; € @ consists of a set of operators anddebe the total set of operators. Let alBp be the set of
queries that include operatoy € O. We denote the local metric of nodg as/;. Any operation that involves this
node could affect its local metric (e.g., adding an operattneases its processing load). We denote such changes
asA(n; : l; — I; +9). The cost of an operater, € O, oc;, is defined by aggregating the local metrics of some
nodes (e.g., latency of the nodes to the upstream operdthi3.cost could change due to changes on the local
metrics (e.g., increase on the link latency) or changes ersét of nodes (e.g., placing the operator on another
node.) The following definitions identify which non-locgberators and queries (that do not reside on this node)
may be affected by a change on a node’s local metric.

Definition 1. Thedependent operatord noden; is the set of operatord);, whose cost metrics depend on
n;'s local metric,i;:

1. If the cost of an operator is defined as an aggregation tdrepm operators, therD; is the set of the
first operators reached by;’s paths to the leaves of every treg participates and every tree in which it
publishes data.

2. If the cost of an operator is defined as an aggregation torgsgam operators, thed; is the set of first
operators reached by;’s path to the root of every tree; participates.

Definition 2. Thedependent queriex n; is the set of queriegy;, that include at least one dependent operator

of n;. In particular: G; = Ny,ep, Ej.

Let us consider the query plan and its distribution in Figbhyevhere the operator cost is its latency (i.e.,
upstream aggregation). Théwn = {04}, as changes on the latency betwegrandns, affects the output latency
of 04.

Each operation affects a set of nodes, : migration has an impact on the origin and destination nodb#e
replication and partition affect the origin node and theewdhere the replicas are placed. Changes on a node
n; € F, could change the cost of all dependent queries as well asodtet queries that include any operator
executed on this node. L& be the set of operators executedrgrand Z; the set of queries including an operator
in O,. XFlow does not evaluate the new cost of every dependent/goetr instead quantifies the impact of their
cost changes on the global system cost, expressed lagtregated dependent cost

Definition 3. Thequery dependent cqst(G;), of a query dependent sét;, is the aggregation of the cost of
every query;; € G;, using the aggregation function that defines the system cost
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Symbol Definition
l; local metric ofn;
oc; cost of operatoo;
qc; cost of queryy;
0; operators executed ar)
Z; the set of queries including operatorsin
E; the set of queries including operatgr
D; dependent operators of node
G; dependent queries of node
F, affected nodes from operatien
b benefit of operatiom

Table 2:Model Terminology
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Figure 5:Example of operator distribution.

For example, if we aggregate operators’ and queries’ cabkttive SUM function, then:

Z qCm = Z Z qCm- (1)

am€G; 0,€D; meE,;

Our cost model tries to estimate the change on the aggredafmhdent cost. In what follows, we illustrate
the detall of this approach. The following property ideesfthe effect of an optimization on the system cost.

System cost-effect property. Assume the system cost is defined bySbd/ function. Given an operator
distribution operationy, the expected change of the system’s performance is tevfoltk

bo= D (Y Agem+Ac(Gy)). @

ni€F0 qgm€Z;

If the system cost is defined by &N function, then:

bo = min { min {ge,, + Agen}, o(Gi) + Ac(Gy),
71/'iEFa qm€Z;

Cmt} —c 3

q”l¢ZL7QM¢ L{q }} ( )

wherec is the current system cost.
In the following section we discuss how we can evaluate tlwalequations.

4.4.1 Impact on the query cost

We begin this section by evaluating the change on the depéngerators of a node and continue with the change
on query costs and the aggregated dependent cost. We fiost docthe case where the operator cost is defined
based on the MIN function (i.e., we aggregate local metrfaseighbors using the MIN function). In this case,
whether a node can affect an operator’s cost depends onghefrthe nodes on the path to the upstream (or
downstream operator). We capture this in the following didin.

Definition 4 (CRITICAL VALUE). Letn; be a node. If the operator cost is defined by & function,
then thecritical valueof a dependent operater; € D;, W.r.t. n;, h;(0;), is the minimum local metric of all nodes
on the path between; and the current location af;.
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l; change Conditions
0<0 HllIl(,Jqu{hq(])}Zh
d>0 min, ep, {hi(j)} > i
5> 0 hi(j) > (li +0)

S RS RSW N

Table 3:Change on operator cost; upon change on local metrig (if oc; is defined by MIN).

To explain this, we'll use the example in Figure 5, and letasime that the operator cost is its input bandwidth
capacity, that is the minimum capacity of all the links coctirey it to its upstream operator. This is an upstream
aggregation, thuss haso, as its dependent. The local metric of each node is the capafdite link to its parent
andhs(o4) is the minimum capacity of all nodes connectimgandns.

Operator cost-effect property. Assume a chang&(n; : I; — [; +0) that triggers a changéoc; on the cost
of a dependent operater; € D;. If the operator cost is defined by t&&JM function, themrAoc; = ¢, while if it
is defined by th&1IN function, them\oc; = A, whereh = min{l; + 6, h;(j)} — min{l;, h;(j)}.

To explain the above, we assume in Figure 5 that the operasbiicits output latency. Hence, we aggregate
the link latencies between nodes andns to get the latency of operatey. If the latency between, andns
increases, then the latency @f will have the same increase. If the operator cost is the mininbandwidth
capacity to its upstream operators, then the cost;0é the minimum capacity of the links betweeg andng.

A change on the capacity between andn., will change the cost 0f, by A. The A parameter identifies the
difference between the new minimum capacity between nogesdns and their current latency. This parameter
can be further simplified under certain conditions as shawfable 3. For instance, if the node with the minimum
capacity is the same node for all the dependent operatadsywaronly decrease further its capacity, then every
dependent operator will experience the same cost change.

Changes on the cost of an operatore O will affect the query costc; of any queryg; € E;. The next
property describes how changes on the operator costs caarstated to changes on the query costs.

Query cost-effect property. Assume a changl(o; : oc; — oc; + 6) that triggers a changé\gc; on the
query costy; € E;. If the query cost is defined by tB&M function, themAgc; = ¢ and if is defined by thMIN
function, themqc; = 7, wherer = min{3;(j), (oc; +0)} — qc; and B;(j) = min,,, e P, 0., #0:10Cm }-

Assume the query cost is the sum of its operator latencieen,Tin Figure 5, decreasing the latencyoef
will decrease the cost @fi andg.. If the query cost is defined as the minimum capacity of albfierators, then
decreasings’s capacity might create a new cost gy, depending on,’s capacity. Ther parameter takes into
account the minimum operator cost except(that is values;(j)) and identifies the change on the query cost.
Once we have evaluated the cost changes on dependent gueriesn derive the new aggregated dependent cost
based on the Definition 3.

Impact evaluation steps. The above properties allow us to estimate the benefit of amaattion through
a sequence of steps. First, we evaluate the change on the astvefcthe migrated operator (or replica) by
aggregating the local metrics for its potential new neigeb&iven a change on the operator cost, we can quantify
the impact on the query costs. In the next step, we estimgtet@nges on the local values of any affected nodes.
Since the local metric is a function on local statistics, waleate the new local metric based on the local statistics
of the affected nodes. For example, if the local metric isntbée’s processing load, and we migrated an operator
to the node, then we add on the destination node’s load theceegh processing load of that operator, as estimated
by its current host’s statistics. Depending on these charme protocol uses the operator and query cost-effect
properties to evaluate the impact on the dependent quefrith@se nodes and the new query dependence cost.
Based on this impact, we use Equation 2 or 3 to evaluate thefibefhthe operation.

4.5 Optimization protocol

Periodically, every node quantifies the benefit of all optition operations on its local operators. For each oper-
ator, it considers all possible migrations, replicationd gartitions in its local and directed neighborhoods. The
most effective of all pairs (operator, operation) is serthiroot of the tree. The roots of all trees collaboratively
identify the best operation which is applied by the opefatoost node. This hill-climbing optimization search
ensures improvement in every step, assuming there exigtasttone beneficial operation.

Dynamic operator modifications. Our system adopts the “pause-drain-resume” approach teatigr
change the execution of stateless operators. When a noddeddo modify an operator its pauses the data
flow to that operator and starts buffering any incoming tapl€he operator executes any remaining tuples and
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Oper Aggr SUM MIN
Query Aggr 1Zi] | O(IQl) | hi(o;),Vo; € Os | O(|O])
SUM IGi| | o(QlD) | hi(o;),VYo; € D; | O(|O])
|E;|,Yo; € D;i | O(|O])
c(Gy) o)
MIN system cost O(1) system cost O(1)
c(Gi) O(1) c(Gy) Oo(1)
Bi(4),Va; € Zi | O(|QI) | hi(o;),Vo; € Oi | O(|O])
Bj,Yo; € D; | O(|O)) Bi(3),¥Yq; € Z;i | O(|Q])
hi(oj),Yo; € D; | O(]O])
B;,¥o, € D; | 0(|0])

Table 4:Optimization state fon; (B; = {(3;(m), oc;)|gm € E;}).

after the operation is applied the node resumes the data flmlWwandle migration of stateful operators we adopt
exist solutions [34].

Optimization state & traffic. Table 4 shows the state nodes maintain in order to evaluatienbact on the
operator and query costs. This state is derived from Equattband 3 and the properties in Section 4.4. For
example, to use the operator effect property for the MIN fiom; nodes need to know the critical value of their
local and dependent operators. Maintaining this statevallas to reduce the communication traffic during the
optimization process. Note that this state is common foraegration of our framework and independent of the
actual performance metric. Moreover, it depends in mosisas the dependent entities of a node and not on the
global set of nodes, queries or operators in the system.

Periodically, nodes exchange data in order to calculaie tteal state. To minimize thimaintenance traffic
nodes gather and calculate this information in a hieraatlizshion. They aggregate the state from their children
and push the result to their parents across the trees. Fopdao maintain the size of the downstream dependent
operators, nodes aggregate the number of operators irstiteiees and forward the sum to their parents.

During optimization, nodes exchange statistics with theighbors in the trees. We refer to this as ¢ipsi-
mization traffi¢ which is the information required from our protocol to exate the changes on the local metrics of
the affected nodes and on the operator costs. This statadepa the definition of our cost metrics. For example,
for the query latency metrics defined in Section 3, nodes te&dow the latency between an operator’'s candi-
date location and the upstream operator. They collect tikelditencies from the nodes connecting the candidate
location to the location of the upstream operator. We ongitdétails due to space limitations.

Batching optimization steps. XFlow allows multiple operations to be applied during a #ngeriod, e.g.,
migrating multiple operators. This could speed up convergeo better configurations. We use a standard best-
first-search-like algorithm for identifying an effectivetof operations. At each step, we consider all possible
operations for each operator on the node and evaluate thieafits. The best operation that does not violate any
constraint is selected, and, given the new configuratiomee@fby this operation, we reevaluate the benefit of
distributing another operator from the remaining ones. df&ioue by picking the best combination of the (now
two) operations and execute this process iteratively foalle but fixed number of steps.

5 Performance Evaluation

We have implemented an initial prototype of XFlow in Java andlied its performance on the PlanetLab testbed.
We used a network of up to 150 PlanetLab sites and up to 900eguefhe input streams for each query are
chosen from a set of 700 real-world input streams using a dgifibution with the skew parameter set to 0.97.
Each input stream is an RSS feed pulled from its source witke@uency that creates an average stream rate of
3.2KB/sec.

Our queries are composed by a set of operators, similar togbheators of Yahoo!Pipes [4], a centralized
feed aggregator and manipulator that lets users mashupaatees. The operators may union, split, sort or filter
the RSS feeds with a variety of conditions. Each query takés@ut a random RSS feed (or two for the union
operator) and applies a chain of five processing operatarsexample query unions the input feeds, filters them
based on a string in the title, sorts the results by datecat@s them and returns the top-k items.

The external RSS sources are assigned randomly to a setrabfatibrokers, while the clients are hosted by
the remaining brokers. Grouping sources into four treemalimore nodes to connect to the same tree and leads
to larger neighborhoods. We assign clients to the remaibiogers randomly, when no constraints are defined.
Otherwise, we use an assignment that respects the comstr@epending on the inputs of their local queries,
nodes subscribe to the proper tree and picking as their paramdom node that respects the constraints from the

14



350
300
250
200
150

NT-TREE —+—
STAR -
Stre

amHFlow-locat - % -~ .
30000F SOURCE/GLGBAL (optimal) & CLIENT-TREE

s |

StreamFlow-local |
.

StreamFlow-directed-
1007 it
50

" GLOBAL

Average query latency (in msec

CmeT

2
000 .. - S
° (;%;—””\ L L L L L L g 0 L L L L L L
100 200 300 400 500 600 700 800 < Og 30 60 90 120 1c 0 30 60 90 120 150 1t
Number of queries Time (min) Time (min)
(a) Total bandwidth consumption. (b) Average query output latency.  (c) Query latency & load constraints.

Figure 6: Convergence for different metricg\|=100, |Q|=500). (a) Total bandwidth consumpticonvergego optimal
placement using only local optimizations. (b) Average query latenoyergeso optimal placement using local optimizations.
(c) Load constraints prevent migration of all queries to the source lowatirected optimizations allow XFlow to perform
better than GLOBAL.

ones already in the tree.

We used our prototype to implement three query distribsti@ach one optimizing a different metric which
are: (i) average query latency, (ii) maximum processing Beoss all nodes and (iii) total bandwidth consumption
(defined in Section 3). Our experiments demonstrate XFlefféstiveness, as it manages to improve these metrics
significantly over a sequence of local and directed optitiomeoperations.

5.1 Extensibility and Efficiency

We start our discussion by demonstrating the efficiency ofoperator placement approach. We examined four
alternative placement approaches (note that similar agpes were used for comparison in [8, 30]). CLIENT-
STAR assigns operators to the location of their client ardr thost nodes connect directly to the root brokers,
creating a star topology for every tree. CLIENT-TREE alssigss the operator to the host of the client, however,
nodes connect to the trees through a random member of theS@ERCE places operators to the root brokers
publishing their input stream. The root brokers processjtiegies and forward the results to the clients. GLOBAL
applies a greedy strategy that considers all existing gaeén the order they were registered to the system and
places each after an exhaustive search over all possilderpknts. This requires global knowledge of the query
set and workload and is not infeasible in practice but it gigetarget upper bound for the performance of our
algorithms. For each metric, we used a different implenteraf GLOBAL.

We compare these approaches with XFlow and show that, gjththe best placement depends on the opti-
mization metric, XFlow consistently performed very closettie best placememegardlessof the performance
metric. Furthermore, we show that certain metrics can agiev® the optimal placement by using only localized
operations, while for the rest of the metrics, directedrojtations allow XFlow to achieve the optimal placement
or a configuration with performance better than that of GLQBA

Bandwidth consumption. Figure 6(a) shows the total bandwidth consumption for vayyiumber of queries.

In these experiments each query is a chain of five filter opesdor which we manualy set the selectivity to be
uniformly distributed in [0,1]. The best performance instbase is achieved by placing operators with selectivity
less than one close to the sources. This approach eliminatgttuples close to their sources, reducing the amount
of data forwarded in the network. Thus, both SOURCE and GLOBMace the operators on the root brokers and
represent theptimal placement. CLIENT-STAR consumes more bandwidth as alltityples are forwarded to
the clients for processing. CLIENT-TREE performs worse;ause input tuples are forwarded to their clients
through multiple hops. However, XFlow manages to contirslptefine the operator placement by using only it
local optimizations XFlow-loca). It converges to a distribution that requires low bandtvidbnsumption, i.e.,
over time, it moves almost all operators to the root brokeesforming the same as GLOBAL. We note here that
previous approaches [10, 30] reported solutions that chieee only 10-14% from the optimal placement.

Query latency. Figure 6(b) shows the average query output latency for 5@@iegideployed on 100 PlanetLab
sites during the date 10/11/07. We compare XFlows perfocmavith theoptimalin which each node has one
overlay link to the root broker that publishes the inputastneof its operators. This is the provided by the GLOBAL
as well the CLIENT-STAR placements. In these cases, asgun@twork latency dominates processing latency
and no constraints on the node load, we execute each queng oadt and forward the results to the node where
the client is connected. This reduces the query latencypas taples do not travel in the network. CLIENT-TREE
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uses multiple overlay links to connect an operator to itss®thence, its performance is worse. Figure 6(b) shows
that XFlow manages to converge very close to the optimal gardtion after a number of local migrations, which
incrementally move our operators closer to the root of egash t

Constrained metrics. One way of achieving the benefits of pushing all operatorsaelto the sources, without
saturating the processing resources of the root brokershendodes close to them, is by adding constraints on
the maximum load of the nodes. These constraints will pregperators from migrating to the root brokers.
Moreover, nodes limit their fanout in the tree, as a largefamwould increase the overhead of processing and
matching incoming tuples going to downstream nodes. Thesswith height higher than one will be constructed.
We created such a network by imposing a upper bound of five &) 6/cles per time unit on the processing load
of each node. Figure 6(c) shows the average output latens§®eueries on 100 PlanetLab nodes. In this case,
not all operators are be migrated to the root since this woiadlidte its upper load limit.

We use this constrained metric to demonstrate the effedsg of directed optimization. Figure 6(c) shows
that, when only local migrations are applied, XFlow can ioyarover the CLIENT-TREE placement but is out-
performed by the GLOBAL. This is because our optimizationvages to local optimum: nodes cannot migrate
their profiles to a better network region because their r@ghcannot accept any new operators without violating
their load constraint. However, when directed optimizagiare used{Flow-directed nodes do not rely only on
their neighbors for gradually improving the system’s perfance. Network statistics disseminated by their peers
informs them about the performance of other nodes, i.eir, ldtency and load. Hence, XFlow directly migrates
operators to nodes with less load and better location. Ttlieseted operations allow our system to converge to a
configuration that outperforms GLOBAL.

Processing Load.We also studied the maximum processing load across all fod&§0 queries (Figure 8).
For this metric, placing all operators on the root brokel®RCE) leads to worse performance, as it utilizes
all the resources from the root brokers. CLIENT-TREE andENT-STAR distribute the load across all nodes
that host a client. However, they perform worse than XFloa @&L.OBAL which places every new query at the
least loaded node. For this metric, we also computed the KR Iplacement using an exhaustive search of the
solution space.

Figure 7(a) shows that XFlow converges to the OPTIMAL wheecated optimizations are used. If only lo-
calized optimizations are applied, XFlow can improve itSmjzation metric but converges to a local optimum.
However, by using the network statistics, the most loadeteroan easily discover less loaded nodes and migrate
part of its local processing, reaching eventually the ogtiresource allocation. Moreover, as network size in-
creases (Figure 7(b)), XFlow performs even better, sinceemodes are available for distributing the processing.
In all the cases, we converge to the OPTIMAL and outperfornOBAL.

Effect of initial placement. We use the maximum load metric to study the effect of theahfilacement of
operators. Figure 7(c) shows the improvements we can aclsi@wnpared with the system'’s performance when
we initially place the operators (i) on the clients’ hostd={@w-Client), (ii) on the root brokers (XFlow-Root),
and (iii) on the least loaded node (XFlow-Greedy). XFlowngigantly improves the maximum load for all cases.
The improvement is higher for the XFlow-Root case since maxn load for the initial performance is already
high (see Figure 8). Our protocol migrates as many operatopossible from the root brokers and distributes the
processing overhead across the network. XFlow-Client aRtb(-Greedy demonstrate smaller improvements
as we already start with a good initial placement. Howevegnen the case of XFlow-Greedy, we manage to
improve the performance by 28% when the network size ineseas 150 nodes, by utilizing better the available
nodes in the system.

Probabilistic statstics. We used the maximum load metric to evaluate the effect of mabilistic statistics
dissemination. Figure 8 shows the progress of our optinoizarhen we propagate all statistics (k=100) and the
cases where only the top-40 and top-80 values are sent. Vhksss are picked as described in Section 4.3.1.
The results show that limited statistics do not incur sigaifit performance degradation as XFlow is able to reach
a configuration with performance close to that of OPTIMAL.

5.2 Scalability

In Section 4.5 we discussed tbptimization traffi¢i.e., the information exchanged due to the optimizatian pr
cess. Intuitively, this traffic is a measure of the optimimatoverhead. Moreover, in order for nodes to maintain
their optimization state they periodically exchange dataiGtenance traffic In our current implementation,
nodes are set to exchange this data every second but thisaratee much coarser in a real deployment. Finally,
to support directed optimizations, nodes selectivelyatisaate certain statistics (Section 4.3.1).
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XFlow aggregation model allows nodes to maintain and exgéatate of small size. This allows our system
to be highly scalable with the number queries and nodes imetwork. We demonstrate XFlow's scalability in
Figure 9 which shows the traffic incurred for the maximum pssing load metric. This traffic includeptimiza-
tion traffic, the maintenance traffi¢described in Section 4.5), and the statistic dissemintatesdipport directed
optimizations ((Section 4.3.1).

Figure 9(a) shows that XFlow scales with respect to the gsetyince the network traffic remains constant
with the number of queries. Figure 9(b) shows the total ndtvu@ffic for increasing number of nodes. Larger
networks require statistics to be disseminated to more s)adereasing the traffic with the number of nodes.
However, even in this case the maintenance and optimizatdiic do not increase and the overhead incurred
by statistics dissemination. To reduce this overhead weggate statistics using the probabilistic technique
described in Section 4.3.1. Figure 9(c) compares the cakesevall statistics all disseminated and when only
the top-20 and top-40 are selected. The experiments réhegahte probabilistic dissemination keeps the statistics
traffic independent of the number of nodes. Hence, XFlowsrlead is independent of the number of queries
and nodes, demonstrating the scalability and efficiencyuofpproach.

Figure 10(a) shows the average optimization, maintenandestatistics data sent per node for the metrics
we implemented. The results reveal that XFlow has very sowathead: it requires less thad0Bytes in the
worst case. The optimization traffic goes up UBytes. More specifically, for the query latency, each node
periodically sends its latency from the root of each treetgahildren, in order for them to evaluate their own
latency. Similarly for bandwidth, nodes send their inptieseo their parent in each tree, while they calculate their
processing cost locally. However, data is exchanged inrdadenodes to evaluate their optimization state (Table
4), e.g., the maximum load of their subtree and in the netwpsdct from their subtree.

During optimization, for the query latency metric, nodedlem only the latency of all candidate locations
for their operators or replicas, while for the maximum loaédtrit, nodes need to know the current load of the
candidate locations. Hence, the traffic for these casesisHowever, for the bandwidth consumption metric,
nodes exchange the profiles of their neighbors, the proffléiseir children, and statistics on the input rates of
their streams. This information is required in order for @@do evaluate how the output rate of the candidate
location will be affected. In any case this traffic does nobggond180 Bytes.

Finally, regarding the statistics related traffic, thererify an overhead af30 —240Bytes. For the latency and
bandwidth consumption, nodes send their link’s latencies@utgoing rate to every node with higher cost than
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their local cost, while for the max load they forward theiopessing load, but only to the node with the highest load
in the system. XFlow aggregation model allows nodes to mairdnd exchange state of small size. This allows
our system to be highly scalable with the number queries ad@sin our network. We demonstrate XFlow’s
scalability in Figure 9 which shows the traffic incurred foetmaximum processing load metric. This traffic
includesoptimization traffi¢c the maintenance traffi¢described in Section 4.5), and the statistic dissemintted
support directed optimizations ((Section 4.3.1). Thiffitas a measure of the optimization overhead.

5.3 Operator replication and partition

We now study our operator execution rules. In this sectioexamine first replication and then focus on operator
partitioning.

Replication. Figure 10(b) shows the improvement on bandwidth consumptiben replication is used on
operators with two input streams. We compare three casekichwe apply: (i) migration, (ii) replication, and
(iii) migration and replication together. The improvemanhieved with migration is very limited, since moving an
operator in one tree might not yield any benefit, as this noag mot be closer to the root of the second tree. When
only replication is used, the performance is better. Howesiace no migration rules are allowed, these replicas
are not reallocated and the bandwidth consumption can natowe further. Not surprisingly, best results are
obtained when replication and migration are combined. im¢hse, XFlow migrates each replica independently
and closer to each stream’s source, if this reduces the olatarfding.

Partition. Figure 10(c) shows results for the operator partition cakenwwve try to improve the maximum
load of the network. Migrating an operator incurs some b&diowever, since the load of a query depends on
its input rate, reducing this rate will reduce its load aslwe®lartitioning an operator can achieve this, as now
half of the input rate is processed by each replica. Moreavieen migration is allowed, these replicas can move
independently in their respective trees, utilizing mormgeissing resources and improving the performance metric.

6 Related work

Data Dissemination.Distributed publish-subscribe systems have been prodoseissemination of XML mes-
sages [16, 17, 19, 31] or relational data [13, 28]. Theseesystfocus on either reducing the bandwidth us-
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age [17, 28], improving the resource allocation [31], orvidiong efficient subscription processing mechanisms
[13, 16, 18]. Moreover, they commonly support subscriggianith only predicate-based filters, so they cannot
express complex stream processing queries. Applicagioal-imulticast systems [14, 15, 21, 35] have also been
proposed for scalable wide-area data dissemination usieday networks. However, these systems do not sup-
port stream processing and address neither query deplaymeide-area networks nor metric extensibility.

Distributed Stream Processing. Our work is directly relevant to distributed stream progegssolutions
like Borealis [6] and Medusa [9]. Neither Borealis nor Medwsldress overlay network management, which
we believe is critical to ensure network scalability andmiéty. Operator placement over wide-area networks
has been studied in SAND [8] and SBON [30] which focus on miring the bandwidth usage. Very recently,
COSMOS [33] combined the pub-sub model with stream prongssi order to improve load balancing among
nodes. Finally, in [10] they deploy queries on sensor ndtabased on a localized heuristic.

In general, all the above systems lack extensibility in ®eohtheir optimization metrics. XFlow can be cus-
tomized for a variety of metrics and constraints that expties desired query performance and resource utilization
tradeoffs. It also provides a self-tuning stream flow owetlzat can deal with run-time resource and workload
variations, a capability not present in many existing syste Furthermore, a distinguishing feature of XFlow
is its optimization framework, which can dynamically coméia variety of operations, like operator migration,
replication and partition, and overlay path replacementteNhat all the above systems can support run-time
operator migration but not replication or partitioning. rGxperimental results reveal that these operations can
lead to efficient, near-optimal configurations when coméiwéh exchange of selective aggregated statistics.

Extensible systems.The IFLOW messaging framework [22, 23] allows applicatiemsexpress their own
performance requirements. However, their can only expmestsics as the sum of link costs. Moreover, they
employ a hierarchical solution for assigning stream flowsdbwvork edges, where each level of the hierarchy
is configured by a centralized, exhaustive search of theisolgpace. Our cost model is more expressive and
can support a superset of the optimization metrics consitlar IFLOW. Furthermore, we use a decentralized
approach that incrementally improves the global cost basesimple, localized views of the network conditions.

Recent network-oriented efforts, such as MACEDON [32] a@dZ®], proposed systems promoting the ad-
vantages of generalization. MACEDON and P2 construct ayemnetworks by abstracting over commonalities
present in most overlay construction algorithms. FinIRFORT [29] is an extensible dissemination system that
adapts its structure to network conditions. It uses a gemast model with which we provided a detailed com-
parison in Section 3.1. Furthermore, XPORT uses a sing&edigation tree, an approach that is neither efficient
nor desirable, as it requires all external data to streawutir the root, leading to the standard scalability and
availability problems. Most importantly, the above syssaio not support complex stream processing. Therefore,
they can not express query-based performance metrics tioriop them through operator-centric operations.

7 Conclusions and Future Work

Sophisticated Internet-scale Monitoring (ISM) applioas are fast emerging. We proposed XFlow as a distributed
infrastructure able to support a variety of ISM applicatioXFlow can express a variety of query optimization and
resource utilization metrics, which it improves throughoadoverhead metric-independent optimization frame-
work. Nodes exploit the semantics of the optimization fiort to derive aggregated statistics and discover
promising network areas for applying query optimizatio@ur experiments show that XFlow can converge to
near-optimal configurations for a variety of metrics.

XFlow presents an initial step towards a robust ISM systeher@ are several areas for immediate exploration
and extension. First, we would like to implement a real ISMIaation and deploy XFlow as a public service on
PlanetLab. This experience will allow us to better debugsystem gather real user profiles and usage patterns.
First, we plan to extend our optimization with tree-centjperations (tree merges, splits, etc.) and optimizations
that affect the quality of query results (e.g., allowingdashedding operators). We would also like to provide
better support for user defined functions.We believe we gaimize them them as well as we do our built-in
operators by providing a narrow "hinting” interface whidtetuser can use to specify relevant properties of the
operator (e.g., whether/how the operator can be paradtbliz
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