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Abstract the efficiency of network-bound query processing. We
presennetwork-awareoperator placement algorithms that

This paper investigates the benefits raftwork utilize such characteristics to identify the network locations

awarenesswhen processing queries in widely- where the operators of a given query plan should be exe-

distributed environments such as the Internet.  cuted. The algorithms differ in which nodes they consider
We present algorithms that leverage knowledge  as candidates for operator placement and how they take net-
of network characteristics (e.g., topology, band- work knowledge into account.

width, etc.) when deciding on the network lo- Specifically, we present two novel network-aware ap-
cations where the query operators are executed. proaches for push-based continuous queries and distributed
Using a detailed emulation study based on realis-  stream processing. The first approach uses heuristics that
tic network models, we analyse and experimen-  exploit pair-wise server communication latencies. The sec-
tally evaluate the proposed approaches for dis-  ond approach extends the first one by identifying and in-
tributed stream processing. Our results quantify  yolving in processing “well-located” servers that would

the significant benefits of the network-aware ap-  otherwise not participate in the process, thereby imple-
proaches and reveal the fundamental trade-off be-  menting “in-network” query processing.

tween bandwidth efficiency and result latency that

: ) ) We describe the basic design of a distributed query pro-
arises in networked query processing.

cessing system, built on top of a Distributed Hash Table

. (DHT) [22, 26], that implements the proposed placement
1 Introduction algorithms. We have fully implemented the system and
The need for widely-distributed query processing is becomthe algorithms, and use the code base to conduct a detailed
ing increasingly apparent with the proliferation of appli- emulation study under realistic network models. Our re-
cations that require sophisticated processing of data gersults show that, compared to representatives of traditional
erated or stored by large numbers of distributed sourcesetwork-unaware approaches, the proposed approaches can
(such as data streams generated by sensor networks significantly reduce the overall system bandwidth con-
Internet-based data collections). Existing query processsumption, a key efficiency metric for large-scale networked
ing approaches commonly address relatively small-scalsystems. Furthermore, the algorithms can be tuned to sat-
systems and fail to exhibit good network scalability, a de-isfy target query-result latency bounds, typically at the ex-
sign goal that has only recently started to receive attentiopense of extra bandwidth consumption. Even though our
within the database community [8, 12] and that we believework assumes push-based continuous queries, the results
will be central to next-generation data processing systemsare more general and apply to pull-based pipelined queries

In this paper, we study the benefits métwork aware- — as well.

nesswhen processing queries in widely-distributed envi-  Our work is done in the context of tHf@AND(Scalable
ronments such as the Internet. We argue that exploitingidaptive Network Databases) project that strives to de-
knowledge of the underlying network characteristics (suchselop a highly-scalable and adaptive network-oriented
as topology and link bandwidths) can significantly improve database system and tBerealisproject that strives to ex-

tend core data-stream processing functionality to heteroge-
This work has been supported in part by the National Science Foundatiopeous distributed environments.
under the ITR grant 11S-0325838.

The rest of the paper is organized as follows: Section
Permission to copy without fee all or part of this material is granted pro- 2 describes the basic system and network model that we
vided that the copies are not made or distributed for direct commercialagssume throughout the paper. Section 3 presents the cen-
advantage, the VLDB copyright notice and the title of the publication a”dtralized versions of the network-aware operator placement

its date appear, and notice is given that copying is by permission of the . . . .
Very Large Data Base Endowment. To copy otherwise, or to republish@lgorithms. Section 4 describes how these algorithms can

requires a fee and/or special permission from the Endowment. be effectively implemented in a distributed manner, lever-
Proceedings of the 30th VLDB Conference, aging basic DHT primitives. Section 5 analyzes the pro-
Toronto, Canada, 2004 cessing and message complexity of both the centralized
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and distributed approaches. Section 6 characterizes the gfoxy) that is responsible for forwarding these tuples to the
ficiency and effectiveness of the approaches using an emuelevant application(s).

lation. Section 7 summarizes prior research relevant to our

work and highlights the main differences. Finally, Section2-2 Server and Network Model

8 provides concluding remarks and directions for future re-Our system consists of an application-level overlay net-

search. work (e.g., [19, 20, 22, 26]) of geographically dispersed
) cooperating servers, interconnected physically by IP net-
2 Basic System Model works, and logically, through a DHT infrastructure. We as-
() Sensor Real-time ~§ sume that the overlay servers communicate via IP unicast.
et 3 it "]Ne‘“’"f[ks ’ gy L §-pla The DHT infrastructure acts as a networking substrate,
) (e Q‘ - o - = providing localized knowledge of the server space and flex-
) o) 03 O ) 2 O ibility in our routing and search operations. This flexi-
% ““"“O bility is core to supporting a variety of placement mecha-
Financidl - ON* \onitoring nisms when investigating algorithmic tradeoffs in optimiz-
foeds o Pl Y center ing bandwidth usage. While the algorithms presented here

- ' are not reliant upon a specific DHT, we describe our sys-
' L? ' tem generating placement overlays on top of the Tapestry
* - system [26].
' In Tapestry, overlay servers are assigned an identifier
Figure 1: A widely-distributed stream processing obtained from securely hashing the servers’ IP addresses.
environment. Overlay servers co-ordinate themselves into a connected
We consider a widely-distributed query processing ennetwork, and maintain local routing tables referring to
vironment with geographically dispersed data sources thatervers whose addresses prefix match the local address,
produce high-volume, fast data streams. Our target appliat varying lengths. Using this routing table construction,
cations require sophisticated processing (e.g., fusion, agrapestry offers a lookup mechanism designed to reach its
gregation, correlation) of the source data streams. Our syslestination inO(log n) overlay hops (where denotes the
tem consists of a large number of cooperating servers, cdiumber of overlay participants), while ensuring a bound
pable of executing stream-oriented query operators (e.g9f O(nlogn) on the system space requirements. Further-
[4, 5, 18]) The servers are Organized into an over]ay netmore, Tapestry servers’ routing tables are created utilizing
work and C0||ective|y provide processing services for mu|_netW0rk |Ocality information, making it well-suited for our
tiple concurrent stream-based applications. purposes. Incorporating locality cues reduces the routing
Figure 1 illustrates the basic application and environ-stretch factor, and as such, will transitively affect stretch
mental model. In the figure, the small clouds represent datégctors in our placement overlays, and the response time
sources (such as sensor networks and financial feeds) affef its construction.
the big cloud represents the networkgq stream processing,  ~ 4ol Model
system. The system transparently partitions the queries that ™ - ] ]
describe the processing requirements of applications acro§®" improved scalability and parallelism, we use a dis-
its nodes, multiplexing its distributed resources in order toffibuted control model. For each processing tree, we create
improve the overall performance, scalability, and availabil-a correspondingontrol treeof coordinator nodes as fol-

ity. lows. When a processing tree is up for execution, it is log-
) ically partitioned into a number of subtrees, callazhes
2.1 Data and Processing Model Each zone is assignedcaordinatornode that is responsi-

For our purposes, a data stream is a continuous sequenbée for the placement (and periodic dynamic re-placement)
of tuples generated by a stream source (or sinsplyrce. of the operators in the zone. Coordinators are also respon-
Data streams are processed according to a processing netble for ensuring correct and highly-available execution of
work, which is a collection of (potentially overlapping) their zones. The application proxy is always assigned as
processing trees. Arocessing treés a directed dataflow- the root coordinator and decides how many zones to cre-
style tree of stream-oriented operators that collectively repate. Each zone is then assignedaame id which is used
resent a query plan. Users build such query networks eito identify the node (through the DHT) that will serve as
ther directly using a GUI, through a scripting languagethe coordinator for the zone. Coordinators communicate
(e.g., [4, 12]) or indirectly through the compilation of high- among themselves and the nodes that execute the operators
level SQL-like language statements (e.g., [18]). In ei-in their zones in order to dynamically optimize processing.
ther case, queries are built using a standard set of opera- Figure 2 provides a high-level view of this basic model,
tors [1, 18], which can also include user-defined functionsillustrating a processing tree and the corresponding control
We assume that the specified processing tree is final and dond processing networks overlayed on top of the physical
not consider further semantic opportunities. We plan to exdP network. The processing tree is partitioned into three
plore this in future work. The output tuples that result from zones, each assigned to a coordinator node. Each coordina-
processing are delivered to application proxy(or simply  tor decides on the placement of the nodes in its zone using
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...... g where

processing - e e(a) = { 0 iffor a = (m,n): A(m) = A(n) 3)

tree g _control B(a) otherwise

Yy o network
: - g o T e . .
o . o :6““5;3 - In our cost function:(a) above, we state that processing
i /1 7T network tree edgesq € A, incur no cost if both endpoints of an
& edge are placed at the same location, and a cos{of
~T.e6 E‘;tij';akl otherwise. We use the terniree costandoverlay costo

_ ) ) refer to the functiong andc, respectively. We regardl as
Figure 2: A processing tree and the corresponding controlefining a query overlay, whose members are given by the
and processing overlay networks. range of)\, and edges are the network edges corresponding

appropriate algorithms. An advantage of this approach i4° mapped tree edges. Figure 3 provides an overview of the
that zones can be optimized locally, concurrently and asynSYMbols used in this model, along with their definitions.

chronously. Symbol | Definition

3 Operator Placement 0 processing tree operator.

. . ! ! ¢ arbitrary child of operatos.
In this section, we first formally define the operator (a) cost of processing tree edgédtree cos}
placement problem for processing widely-distributed data . a) cost of mapped tree edgg(overlay cost
streams. We then describe three algorithms to construct d(u,v) | network distance between locationandv
processing overlay network; The first algorithEdge ~(o,v) | cost of operatoo at locationy
considers only source locations and the proxy for place- A(0) mapped location of operator
ment. Edge is an adaptation of the standard pull-based site-¢ ) candidate location set of operator
selection approaches to push-based streaming data. The Figure 3: Model terminology.
second algorithm, callefidge+ is a network-aware ver-
sion of Edge. Edge+ takes into account the pair-wise “net-
work distances” (i.e., transmission latencies) between th@.2 Edge Placement

servers. The third approach, calledNetwork considers a  The Edgealgorithm strives to find a good placement when
carefully selected subset of all network locations, in addithe candidate locations are constrained to the sources and
tion to the sources and the proxy, when making placemenhe proxy. Because the optimal solution of a simpler ver-
decisions. Finally, we describe an extension that imposesjon of the problem is known to be NP-complete [16], we
bounds on the processing delays. _ propose a greedy algorithm that traverses the processing
In order to focus on networking-related costs, we ig-tree operators in post-order, optimizing progressively larger
nore operator processing costs and other related overheaggptrees as it proceeds.
that arise during query execution. We also assume that the As our algorithm encounters operators in its traversal, it
placement algorithms are applied periodically to dynami-p|aces operators at the minimal cost location identified us-
cally adapt to changes. ing one of three cases: placement at (1) one of its children’s
31 Problem Statement Ipcations, (2) acom_monlocation, or (3) the pro>_<y’s loca-
tion. We now describe how to compute the partial overlay’s
cost at each of these cases in greater detail. Note that the
cost of an operator depends upon the placement of its chil-
dren. We use the terconfigurationthroughout the text to
denote the placement and cost of an operator, and the place-
Wment of its children (and subsequently the entire subtree).
Let us consider an operatowith children{c;, ..., ¢, }.
case (1) above, we place the operator at a location that
maximizes the total tree cost between the operator and all

o

Consider a processing trde = {O, A}, defined by a set
of stream-oriented operatof and their connected inputs
and outputsA. Our model also consists of a network topol-
ogy G = {V, E}, of peer noded/, and their linksE. A
function, 3, on processing tree edges yields the data-flo
bandwidth between operators. In our modgis defined as
a product of the input bandwidths and selectivity (or more, |
generally productivity) of the input operators. Our goal is

to place each operator at a peer, while minimizing the band(-)f its children. This configuration eliminates the maximal

width utilized in the network. . . tree cost from our overlay cost. Formally, this is:
We assume that the leaves in our processing tree repre-

sent stream sources, and that a functidf 7" yields the N (o) =arg max Z Blo,ci)  (4)
sources’ locations on the topology. We attempt to find a veUiaMed o S =o)

mapping function\ defined on the operatore), yielding ) o )

network locations i/, Our objective on the network edges ~ This local minimization clearly does not yield a glob-

between the resulting placements follows: ally optimal processing overlay. In case (2), we check for
) locations where we may potentially place all children of an
min Z c(a) (1)  operator. Placing an operator and its children at this com-

a€A mon location ensures that all edges between the operator

st.  A(1)=DHT() Vil € leaves(T) (2)  and its children incur zero overlay cost. We defiiethe
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set of common locations as an intersection of each child'€hoose configurationgw; € di(c;)}™, (of cardinalityn),
dl (the set of descendant leaf locations) of an operator  such that:

aoy= | A0, CZ(O)z_ﬂdZ(ci)

l€leaves(o)

Z d(?)l, Ui) < Z d(>\(0)7 A(Cz))

Above, we see a configuration’s total separation is a sum
To facilitate this heuristic, we need to compute the costof distances from one location to all other locations. Note

of placing an operator at a specific location: we leverage our symmetry assumption here. Our intuition
) in selecting these configurations is to optimize for cost by

Y(v,0) = oo if o€ leaves(T) Nv# DHT(o) reducing distances between our operator-child mappings.
v(v,0) = Z v(v, ¢;)+ otherwise Providing the magnitude of this reduction is greater than

(cromn(en)} any increase in the overlay cost of placing the child op-
_ erators with the desired permutation, we are left with an
Z min {y(A(¢;), ¢i) + B0, ¢;),v(v, ¢i)} (5)  overlay of lower total cost.

{ecwAMen} 3.4 In-Network Placement

This isy (Equation 5), yielding the overlay cost of a subtree Using the techniques described above, we now describe the
rooted by operatos, with o placed aty. We consider two  In-Network algorithm that considers placing operators at
configurations to achieve this, the minimized sum (over allarbitrary network locations. In-Network extends on the
children) of either (i) the existing child configuration cost previous algorithms by considerirgelectconfigurations
and the cost of any additional edge required to place thérom a set of candidate locations other than just the sources
operator at, or (ii) the cost of placing the child at and the proxy. A greedy, global search strategy would con-
In the case (3), we consider the cost of placing an opsider configurations from all locations. However this is
erator at the proxy’s location. Our motivation here is that,computationally intractable for large topologies. We here
in placing an operator, we do not account for its outgoingdescribe a heuristic to effectively prune the configurations
tree cost. Considering this configuration helps when treeonsidered.
costs are higher near the root of the processing tree. In this In-Network pursues a similar line to Edge+ in select-
scenario, all operator-child tree edges add to the overlaing configurations of small total distance. Given that con-
cost (assuming that the proxy is not a stream source).Witfigurations may include arbitrary locations, we reduce the
a proxy locationr, we now have our final mapping func- candidate set size with the following heuristic. A location

tion, A, for an operatoo: is removed from an operator’s candidate set, unless its dis-
tance to all current child placements is less than all pairwise
DHT(o) if o € leaves(T) distances between child placements. Formally, operator
0) =1 arg . lur?ip( ) }7(1},0) otherwise with children{cy, ..., ¢, } has a candidate set:
’ (6) o(0) ={v; €V :Vey,¢j € C.
d(l)i, A(Cl)) < d()\(C,),)\(CJ)) A
3.3 Network-Aware Edge Placement: Edge+ d(vi, Mcj)) < d(M(ci), Mcy))}

The Edge algorithm does not utilize any network knowl- o . .
edge in making placement decisions. To better model costs O intuition, the current child placements defineom-
on a large-scale network, we extend the original approacﬁgxset of locations, and our selecfced cqnflguranons lie in
to include a symmetric distance functiah,that represent this convex set. Hence, these co_nflguratlons have a smaller
the network latencies between locations. In the extendefPt@! separation, in an appropriate part of the topology.
algorithm, Edge+ this change is reflected in the cost func- HOWever, this may still resultin a large number of potential
tion. Our modified overlay cost is a product of tree cost and-onfigurations, especially in scenarios where distances be-

the distance between overlay edge endpoints. We replad¥/€€n stream sources are relatively large. We further rank
Equation 3 with: configurations by their separations and select a nuniber,

) of these configurations in increasing order of our ranking.
c(m,n) = { 0 if A(m) = A(n) Selecting a minimal cost configuration is the same as in

’ B(m,n) - d(A(m),A(n)) otherwise Edge+. Once we have chosen our configuration, we place

o each child at a location corresponding to our configuration,

The control flow of Edge+ is similar to that of Edge In and add the cost of any edges needed to connect the map-
Edge+, we consider configurations from the three cases ifing of the operator to its children.
Edge, and additionally examine a distance-oriented case. .
In this fourth case, given a child’s descendant locations3-5 Latency-Constrained Placement
we selectively enumerate location permutations that meet A desirable property of our mapping functionwould be
distance criterion. We select permutations whose total seghe ability to place a path-based constraint on the sequence
aration is less than than the total separation of the operataf locations a path in the processing tree is mapped to on
configuration selected by the Edge algorithm. Formally, wethe overlay network. A straightforward example is a delay
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constraint indicating a desired response time on the proeperator is assigned a globally unique identifier. As de-
cessing tree. We now abstract this into our model. Let uscribed earlier, we subdivide our processing tree into zones,
consider a path constraint, of valleFor a set of leaf-to- and assign mapping responsibilities for each zone to a co-

root pathsP, we model the constraint as: ordinator. Coordinators are chosen as the Tapestry peer
whose address matches a zone’s (or subtree’s) identifier.

> d(Ma),Ab) <1 VYpeP For now, we assume that a subtree’s identifier is that of the

(a,b)ep subtree’s root. Thus, in our distributed algorithm we sub-

divide the optimization search space, and the collection of
The above inequality states that the total distance of anetadata to drive our search. Once a coordinator has placed
mapped leaf-to-root path must be bounded by the conits subtree, it communicates with its upstream coordinator
straint value. We add this to our constraint in Equation(j.e., the coordinator responsible for the subtree rooted at
2, in this version of the problem. Our updated defini- an ancestor operator). We ensure that an operator is aware
tion of A, to meet this Constraint, follows. First we define of its ancestors by appending |eaf-to-rdeI paths to spe-
our set of valid locations, for an operatowith children  cific messages. These paths, along with lists of operators’

{er, .. en}: common locations, are precomputed at the proxy. This dis-
L= o¢(c;)—{vi € d(cs): 6(e;) + d(vi, Mes)) > 1} tribut_ed mapping process repeats until the root of the pro-
cessing tree is placed.

where 4(0) = max Z d(Ma), A(b)) Deciding on the number and selection of zones is an
pepaths(subtree(o)) =L open research issue, which should account for factors in-
) . ) cluding the relevant network state, the load on the potential

We now redefine our mapping function: coordinators, and how much parallelism is feasible. Our
DHT (o) if 0 € leaves(T) intuition also indicates that the number of sources plays

o) = argmin y(v,0) otherwise a significant role in terms of determining divisions of the

vel workload that optimize control overhead. We here inves-

tigate one extreme of subtree assignment, a finely-grained

h ngle’ We ensure thqrtheach r::ember of the/seteets . scenario where a subtree is a single operator, leaving a more
the delay constraint. Thus, when we come to mappingenera| investigation of this issue to future work.
the root location, we only consider configurations meet-

ing the constraint. Clearly, this constraint reduc_es the siz_ 11 Local State

of our search space. We assume the processing tree will o .

meet the delay constraint when all operators, except leave§Vverlay peers maintain two tables, indexed by operator
are placed at the application proxy. If this is not the caseidentifiers, to participate in the mapping protocol. The first
then we have an “infeasible” mapping, given the appnca_t_able, knpwn as théoundary childrentable maintains a
tion proxy is unable to even access the desired sourcdist of children for every subtree the peer is responsible
within the given constraint. This leads to a source placefor mapping. Our definition of a subtree is one where the
ment problem, which may be potentially be solved with Subtree does not necessarily extend to the leaves. Bound-
replication techniques. This issue lies outside the scope Gy children are thus defined as the children connected to

this paper. subtrees created during workload assignment. The second
table, theoperators mappedable, maintains feasible op-
4 Distributed Query Placement erator configurations and their associated costs. We now

Itis evident that placing tree operators at arbitrar Iocationsdescribe how these data structures are used in our proto-
. placing P rary col. For convenience, Figure 4.1.1 summarizes the mes-

requires substantial network state to be fed into the map- .
; : ; . T : sages used in the protocols .

ping algorithm. This requirement significantly restricts the

scalability and effectiveness of centralized approaches i

the presence of a large number of highly distributed strear%"l2 -Edge Placement. _

sources. In this section, we describe the distributed verDistributed placement is a two-phase process: (1) the appli-

sions of Edge, Edge+, and In-Network. In the rest of thegauon proxy distributes the' mapping worquad to the coor-

paper, unless otherwise noted, we will use these namednators, gnd _(2) the_co_ordlnators communicate to perform

to refer to the distributed versions of the protocols. All the mapping, instantiating an overlay.

the distributed protocols use basic DHT primitives for im-  Coordinator initialization. Workload distribution is

proved scalability, look-up efficiency, and fault tolerance.performed in two steps. In the first step, we populate the

As described before, we use the Tapestry as the underlyingoundary children tables of all coordinators. We traverse

lookup substrate. the processing tree at the proxy, sendind@®DSUBTREE
. message to every coordinator. This message consists of
4.1 Overview a coordinator’s assigned subtree, and its boundary chil-

In the distributed version of our algorithms, we constructdren. In the second step, we initiate our decentralized tree
the processing overlay in a bottom-up manner, concurrentlynapping at the sources. Here the application proxy sends
determining placements for siblings. We assume that eachoth anOPERATORIAPPEand aMAPmessage to each
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Message type Message contents

ADDSUBTREE subtree workload, boundary children list

OPERATORIAPPED operator, min-cost configuration, alternate configurations, constraint metadata

MAP operator, child configuration, common locations, LR path, network view, candidates, constraint metadata
INVALIDATE _MAP operator

OPERATOREMAPPED operator, configuration

Figure 4: Protocol messages and their contents.

source. TheOPERATORIAPPEDNessage, used to pop- prove the control efficiency. Following this, the mapping
ulate the operators mapped table, includes a configuratioprocess repeats itself when we serddAPrequest from the
of placing the operator at the recipient, as well as a list ofsubtree root’s location, to the location of the next ancestor
alternative configurations. This list is empty for sources, asn the LR paths received from the boundary children.
they reside at fixed locations.
. . . 4.3 Edge+

Iterative mapping step. The MAPmessage contains o i
an operator, its present configuration, and the application N€ distributed version of Edge+ follows the same strat-
proxy’s address. Th&lAPmessage also contains the LR €9Y s the distributed Edge, but is augmented to incorpo-
path used by coordinators for algorithm control. Twap  rate topology information into the protocol. The protocol
message triggers our placement mechanism. Mappin %mploys a Slmlla_lr placement deC|S|_on to its correspondmg
subtree requires all boundary children to have already beef€ntralized version. The protocol is thus responsible for
placed in the network. Thus, an operator's last mappe(ﬂ)rowdmg the necessary network state for every operator to
boundary child completes the placement of the operator itOU Placement mechanism.
self. Once a coordinator receivedvlAPmessage, it com- In Edge, a coordinator mapping a subtree collected an
putes a minimal cost placement for the operators within th@Ptimal configuration for each of the subtree’s boundary
subtree assigned to it, using the placement metadata. TK&ildren, in addition to the configurations for common lo-
MAPmessages are sent only for subtree roots based on oftions. In this version of the algorithm, we extend this
workload assignment. We implicitly assume that sourced® include the configurations at each boundary child's de-

are thus coordinators for leaves, and simply forward thescendant locations. We also aggregate each child's lo-

map message based on the LR path they receive. calised network view. The network vievy contains meta-

: : data on the network state, such as latencies between partic-

In the Edge algorithm, computing the least cost map-
ular nodes. Furthermore, we collect metadata as necessary,

ping of an operator occurs as described in Section 3. In thﬁamely pairwise distances between descendant locations.

decentralized scenario, we may potentially have to recon-., . RS
fiqure the manoing of the tree below this point. to ensureThls network view is initially empty, and transported by our
9 pping . point, OPERATORMAPPEDandMAPmessages. This configura-
that our overlay is correctly built. We turn to how we per- _;
. , . tion cost and topology metadata for each descendant loca-
form this reconfiguration step shortly. Recall that the com-.~ . . ! )
tion is used in the Edge+ placement mechanism described

mon location metadata was included in LR paths. Follow-. .
in section 3.3.

ing p!acement, we compute the .pa.rent’s cost at all COMMON " \j5te however that this approach is not entirely equiva-
locations for each ancestor. This is a precomputation steP . . . .
ent to the centralized version. In the centralized version,

that we utilize when placing the parent’s ancestors. ; o
) we were able to compute an operator’s cost at any of its sib-
Backtracked placement. We take the following steps  jings' gescendant locations. Since we precompute place-
should our subtree placement require a reconfiguration ghent costs in the decentralized algorithm to produce a two-
its poundary ch|Iquen (e.g., if it is placed at a common |°'phase protocol, we cannot precompute the cost of an op-
cation shared by.'t‘.c’ ch|Idren)._ A(DPERATOHREMAPPED erator at its siblings’ descendant locations unless we know
message, containing a configuration, is sent to each r§ese |ocations a priori. This implies both a larger search
configured child’s coordinator. The coordinator Ve”f'esspace and, more importantly, more number of rounds for
that the placement is valid by checking for its existence,,, algorithm to operate, given that we would have an extra

in the possible configurations for the child. The place-rqnq of all pairs of siblings exchanging descendant loca-
ment is then invalidated at its previous location with tion metadata.

an INVALIDATE MAP message, and sent to the newly

mapped location via ®@PERATORIAPPEDnessage. We 4.4 In-Network Placement

check if further reconfiguration is necessary, to enable thgye now describe the distributed version of the In-Network

desired placement and cost. If so, this remapping procesgpproach, which enables operators to be mapped and exe-

continues down the tree. cuted at arbitrary peers. Earlier, we observed that a coor-
Final placement. The final step in subtree mapping dinator performing a mapping requires optimization meta-

simply involves sendin@PERATORIAPPEDnessagesto data containing configurations and distances between po-

the locations of each operator in the newly mapped subtredential locations. With this information, the existing place-

We batch our reconfigurations and placement notificationsnent mechanism is sufficiently general to place an operator

until an entire subtree is mapped by a coordinator, to im-at any of the given locations.
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The question we address involves selecfimgresting a baseline cost. This baseline cost is viewed as the cost
peers a set of locations from the topology, that are po-of evaluating the processing tree in a centralized manner,
tentially good candidates upon which to place the operatomamely at the proxy itself. Our first analytical result is to
in addition to the stream sources locations. This requiregjuantify the probability,Ps, that our mapping algorithms
performing a “walk” on the network discovering the exis- are able to achieve any reduction in bandwidth over this
tence of peers and tracking their distances. Our selectiobaseline cost.
of such “interesting” locations is based on a shortest path We now introduce more terminology for this analysis.
tree between the application proxy and the source server$ve define the baseline cost as the bandwidth incurred dur-
Specifically, this is a shortest path tree on the Tapestry oveiing transfer of each source to the proxy. These costs are
lay, and is simply obtained using the routes to each sourcdenoted{c}’, ¢4, c%,...c",}, and correspond to costs for
server. We collect this location information while initially operators{o, o, ol . .. ,Ogh}. Furthermore, in the algo-
distributing the workload to each source. This set of canyithms incorporating topo|ogy information, we need to dis-
didate locations is included in evefAPmessage, and is tinguish between costs of operators at different locations.
used during the placement of each operator. This is represented by a prefix subscrigt] , giving the

4.5 Delay-Constrained Placement cost of operatop! at locationl. The baseline cost is thus,

We now describe protocol modifications to handle theCs = >_i", . We assume that the costs of sources cor-
delay-constrained placement problem. Under our modurespond to the rates of the data streams they represent, and
lar approach to distributed optimization, we simply adaptas such are chosen uniformly at random between two size
the content of messages in our protocol, to feed additionapounds. Our mapping algorithm allows us to state that op-
metadata into our local heuristic to find a solution. To pro-erators are mapped to a child location only if the cost at that
vide this input to our optimization mechanisms, we firstlocation is less than the cost at the proxy location. There-
modify our local state. We now require that each peer mainfore we are interested in the probability that each operator
tains constraint metadata, for each configuration in its opat heighth + 1 has a smaller cost at the proxy location,
erators mapped table. For delay bounds, this is a list othan at the locations of operators at heighfor the base-
running totals of path delays, of operator-source paths iine cost to apply. For an arbitrary operator at heiglhis
partially constructed overlays, as well as the constraint itholds if its cost is larger at the location we are considering
self. In our protocol, this list of path delays is added to themapping to, than the minimum cost of any its children at
OPERATORMAPPERNdMAPmMessages. this specific location, i.gc? > min{,c’;*, ..., it ).
In the OPERATORIAPPEndMAPmessages sent to  Furthermore, this must hold over all locations, implying

:jhe sources, we start with a path delay list containing the A > max min{lc;‘fl, . 025111_1

elay between the source and the proxy. During placement, l
path delays are aggregated at each operator, and undergo > max{ci;"",.... ¢t} } (fixed leaf locations)
a triangulation transformation. Specifically, we consider
each delay list element in turn, and remove the path de- Above, we note that for leaves, this minimum is sim-
lay between the corresponding child’s placement and thely the cost of the leaf actually at the location (since we
proxy. We then add the delay between the operator’s placeassume leaves are at fixed locations) and we drop the lo-
ment and the proxy to every list element. This triangulationcation prefix. For the baseline overlay to be output by our
is performed whenever an operator is mapped to a differeralgorithm, this must additionally hold across all operators
location than any of its children. This approach ensures thaat levelh — 1. Choosing all of these costs from a uniform
we provide correct path delays for partially built overlays random distribution, we may state the probability of the
of subtrees, whenever we search for valid configurations. above condition as:

5 Algorithm Analysis Pr(cl > max{cii™, ... it )= %H
In this section, we briefly analyse our algorithms in order
to provide approximate bounds on their (1) bandwidth effi-This yields a probability that our algorithm improves over
ciency (i.e., the ability to reduce the bandwidth necessary téhe baseline cost of: .
execute a processing tree), (2) computational complexity, 1\
and (3) message complexity (in the distributed scenario). Ps=1- ( )

Bandwidth efficiency. Let us consider a processing
tree with maximum fanout/, and heighth + 1. This Note that the probability that we choose the baseline
tree hasd" leaves, and let us consider that these leavegost decreases exponentially as our processing tree size in-
are placed ak distinct locations in our network topology, creases (in terms of width and depth). For our algorithm
where0 < k < d". We index operators in the process- that is capable of mapping operators to arbitrary locations,
ing tree a®!, representing an operator at heighand tree  this probability acts as a lower bound, since we may still
layer indexi. Operators within a tree laygrare numbered optimize the cost of our placement even if the costs of op-
left to right from {1,...,d’}. In the experimental evalu- erators at level — 1 are greater than at levk| but we omit
ation that follows, we compare the cost of our overlays tothe analysis of this scenario for brevity.
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Computational complexity. In the centralized algo- ward the map message, yielding a total of approximately
rithm, a simple greedy algorithm considering placing eachO(d* + (d — 1)d*(*=7%)) messages per map request (re-
Operator at each leaf location has Comp|ew % %) Iabelllng our helght and subtree SizeS). This sums over

Recall thatk represents the number of unique sources oufl” " coordinators, of varying subtree depth, yielding a to-

leaves are assumed to be placed at. The t%’r_ﬁi rep- tal complexity of m}a/i)ping all internal operators of:

resents the number of internal operators in our process- ' .

ing tree whom we must place. OEr algorithm perf%rming O(d" +(d— 1)) d*"=39) = O(d" + a""=D/")
placements on the sources alone (without topology infor- j=1

mation) reduces this complexity as follows. When we at-  |ntyitively, this reflects a smaller control overhead as we
tempt to map an operater, we consider only the mini-  increase the subtree size. Note that in many cases we may
mum cost placement for the childrén’ ", ... o’%} |},  utilise batching to deliver multiple messages to a single
and the cost at any common locations of these childrersource, reducing control overhead. Analytically this is re-
if they exist. Considering minimum cost placements hadlected above with bound8(min(k, d*)) replacingO(d*)
complexity O(d) per operator. We may also bound the whenever we consider the number of operators at depth
number of common locations an operator’s children mayHowever a tighter bound analysis lies outside the scope of
share based on the operator’s depth. Additionally, we statthis paper.

that the children of an operator at depttshare at most

min(|d"~7 |, £=£) common locations. The first term in

6 Experimental Evaluation
d—1

this value for the number of common locations captures th&.1 Experimental Setup

number of descendant leaves, while the second captures thge built an initial prototype system running the algorithms

greatest number of common locations that may arise giveaf Section 4 on top of Tapestry, using the OCaml lan-

k unique leaf locations. Combining these two, the com-guage. In the experiments, we simulated the underlying
putational complexity of our algorithm placing elements atnetwork: the network topologies used were obtained from

sources only without topology information is: the GT-ITM [25] topology generator. We generated ten in-
' b d—k dr —1 dependent transit-stub topologies (14 transit domains, with
O((d + min(|d*™], ——=-)) X ——") 500ms of longest pair-wise path delay between stub nodes).

We generated our workload of processing trees with spe-

Intuitively, from the analysis above, we notice that as thecific characteristics: unless stated otherwise, we considered
number of unique locations increases, we perform fewebinary trees with depths ranging from three to five. Oper-
computations of placements for common locations. In theator selectivities were also selected uniformly at random
algorithms utilising topology information, placing each in- from [0,1]. Unless otherwise specified, all results shown
ternal operator also requires computing placement costs fare averaged over ten independent runs, each mapping 100
permutations of descendant locations. For placement at aprocessing trees.
bitrary locations this is exponential in terms of the topology  In the experiments, we compare the distributed versions
size, motivating the need for a heuristic in selecting our sebf Edge, Edge+, and In-Network, to a naive approach,
of candidate locations. However, we omit the analysis ofcalled baseline Baseline simulates an on-line warehous-
our heuristic for the sake of brevity. ing model where all the streams are forwarded to the proxy

Message complexity. We finally briefly discuss the (using shortest paths) for processing.
message complexity of our distributed tree mapping algo- We control the placement of the data sources, to bet-
rithms. We start with the first phase, namely the work-ter understand the consequences of varying placements, us-
load distribution to the coordinators. We assume a coing two metrics:average proxy distance (APR@ndaver-
ordinators are responsible for mapping subtrees of sizage server distance (ASDAverage proxy distance repre-
d**1, implying mapping requireg"—* coordinators. Pop- sents the average distance between the application proxy
ulating the boundary children tables requir€§d"—*) and each source. Average server distance represents the
ADDSUBTREEmessages. Subsequently we séidP  average distance between a source and every other source,
and OPERATORIAPPEDmessages to the sources, of for all sources. Using these two metrics, we define three
whom, in the worst case, there at®(d"). The two interesting configurationsuniform star, andcluster In
stages yield our initialization overhead @¢¥(d") mes- uniform, as the name implies, all servers and proxies are
sages. We now consider a map request sent to a cooumniformly spread (APD and ASD values to be equal to 0.4
dinator whose subtree depthjse {1,..., %}. First  of the length of the network diameter). In the star place-
we collect the necessary topology information, requiringment, the proxy lies near the “centroid” of the sources. In
O((d — 1) x @?P+1-i(t+1)) messages. The first com- the experiments, we fix the APD to be approximately half
ponent represents the partitions between whom we colef the ASD. In the cluster topology, the sources each has
lect pairwise distances, and the second represents the num-considerably larger distance to the proxy, than between
ber of locations in each partition. We also incur mes-themselves. We achieve this configuration with an APD
sages to notify operators of their placements, specificallyapproximately twice that of the ASD. Figure 5 illustrates
O(d'*') OPERATORIAPPEDMmessages. Finally we for- these source-proxy location configurations.
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cial, especially in the loosely constrained cluster scenario.
It is difficult to differentiate Edge+ and In-network for the
star and uniform scenarios. This result arises because the
proxy acts as the ideal intermediate location where the

QO =server A\ - Froxy, uniForw: streams can be pushed and executed.

0.1 ASD, 0.1 APD 3

0.25 APD, 0.1 ASD = PROXY, CLUSTER: i

0.6 APD, 0.35 ASD w o o

. . . . 261
Figure 5: Source-proxy location scenariggar, uniform,

cluster.

%\ = PROXY, STAR:

E+
E+
E+

24

22 [ cstr=2.2nd

[ cstr=2.2nd
[ cstr=2.2nd

As the key efficiency metric, we udsandwidth con-
sumption ratig which quantifies the ratio of the overall - s ~0nd
bandwidth consumed by a given approach to that of the B cstr = 0.9nd
baseline. To quantify the effectiveness of the system, we
present results for overlagtretch which is the ratio of
the longest path length on the constructed overlay to the
longest path length from the sources to the proxy (path !
lengths are specified in terms of delay). For simplicity, we
ignore operator processing costs as well as operator queue-
ing delays. As a result, stretch is an estimate of the ex- i ) .
tra latency that the system incurs (when producing result !N Figure 7 we investigate the effects of the three al-
tuples) when yielding the bandwidth savings estimated byg0rithms on the stretch factor. The Edge algorithm ex-
the bandwidth consumption ratio. We also investigate ouhibits a worse stretch factor gnder all loosely constrained
algorithms’ behaviours by tracking the percentages of opScenarios. However, Edge is comparable to Edge+ and
erators placed at the proxy, at sources and inside the nef?-network under the tightly constrained scenarios. This
work. These two metrics are commonly used when evalulS @ direct effect of the tightness of the constraint requir-

Stretch factor

Figure 7: Latency stretch for various source and proxy
locations.

ating large-scale networked systems. ing placements similar to the baseline mapping. In the
loosely constrained placement, In-network consistenly out-

6.2 Basic Algorithm Comparison performs Edge+. Here, In-network yields a lower stretch
factor, due to the placement of operators between the clus-
w w ter of sources and the proxy. Operator placement gener-

ally occurs in the “direction” of the proxy, creating a map-
ping of tree paths tending towards shortest network paths.
Meanwhile, in Edge+, there is no such consideration of di-
rection, implying streams may be temporarily pushed away
from the direction of the proxy, lengthening the end-to-
end delay. In the tightly constrained scenario, In-network
tends to perform worse than Edge+, because it achieves
a better optimization for bandwidth consumption. Here
Edge+ is less capable of performing optimization, and has
a greater tendency to simply push streams directly to the
proxy, yielding a lower end-to-end delay.

0.9r

£ 0651

0.6

0551 [ cstr=0.9nd
[ cstr=0.9nd
[ cstr=0.9nd
[ cstr=2.2nd
I cstr=2.2nd
Wl cstr = 2.2nd

05

045

Uniform

Cluster Star
Placement schemes

Figure 6: Bandwidth consumption ratio for various source
and proxy locations.

Our first set of experiments compare the three place-
ment algorithms described in Section 3. Figure 6 shows
the bandwidth consumption ratio achieved by each map- £ ol
ping algorithm, for the three network configurations de-
scribed above, for tight and loose delay constraints (120
and 300 ms, defined as a ratio of the average network diam-

imptior

Bandwidth con:
o
>

eter,nd). We see thaj the algorithms perform similarly on i o Eager = 05na

both the star and uniform placement schemes. In turn, the § / X e o 2T
cluster scenario seems to offer greater scope for optimiza- °"‘ In-nework, cstr = 2.7nd
tion. Furthermore, relaxing the delay constraint has little ot B3 03 0%

Average server distance (1/nd)

effect on the bandwidth consumption ratio. Both Edge+
and In-network consistently offer advantages in the band-
width consumption ratio, over Edge, across all placement Figure 8 shows the effects of varying the ASD (as a ratio
schemes. Utilizing topology information is clearly benefi- of the network diameter) upon the bandwidth consumption

Figure 8: Source distribution effects on bandwidth.
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Figure 9: Impact of processing tree structure on Figure 10: Impact of processing tree structure on latency.

bandwidth. . , .
) _ _ _ stretch factor is a direct effect of the increased number of
ratio, for the cluster configuration. We see that, in generalgperators that must be mapped.

as sources are placed further and further apart, the band- o
width consumption ratio increases. Since our cost functiorf-4 ~ Selectivity Impact
representing bandwidth is proportional to distance, this re-
sult is to be expected. We also observe that for tight con-
straints, the rate of this increase is far greater. Under tight
constraints, we have little possibility of improving the cost,
and so as sources are separated, we tend to the baseline
approach. Under loose constraints, we may actually still
perform optimizations at larger source separations, result-
ing in a shallower gradient for the increase in the bandwidth
consumption ratio.

o
©
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o
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o
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o
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o
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6.3 Varying the Processing Tree Structure 2

We now study the effects of the processing tree structure Y% oz 05 1 0 o0z 05 o015 1
upon the bandwidth consumption ratio and stretch factor, __ seteeny seey _
when mapped by the In-network algorithm (we omit the Figure 11: Impact of operator selectivities on bandwidth
results for Edge and Edge+ to simplifiy the presentation, as and latency.
In-network dominates these algorithms in terms of band- \We now study the impact of operator selectivities on the
width efficiency). bandwidth consumption ratio and stretch factors. Figure
Figure 9 shows the bandwidth consumption ratio as a1 shows these effects for four selectivity values. Note that
function of the delay constraint, for three forms of process-these selectivities are an upper bound on the actual operator
ing trees. First, as the delay constraint gets looser, the bangelectivities, which are chosen uniformly at random from 0
width consumption initially decreases, prior to tailing off. to the bound. We see that as the selectivity approaches a
This occurs because the constraint becomes less and legslue of 1, the bandwidth consumption ratio for both the
restrictive on our feasible configurations, and stops interfereluster and star placement schemes increase. This is be-
ing with the optimization. We witness that deeper trees recause selectivity is a direct indicator for the scope of poten-
sult in lower bandwidth consumption, while wider trees re-tially optimizing a tree; operators with selectivities close to
sult in a larger bandwidth consumption ratio. Deeper treed incur similar bandwidth consumption regardless of where
offer scope for optimization since there are a larger numbethey are placed. We also see that star placements generally
of internal operators whom we may place into more elab-have higher bandwidth consumption ratios, consistent with
orate configurations. Operators with higher degrees (i.ethe results shown earlier. In terms of stretch factors, we
fanout) prove more problematic to place, we directly affectobserve that increasing selectivity results in a decreasing
data flows to a larger number of operators. Hence there istretch factor. Operators with unit selectivities cannot be
less scope for optimization, when the sources reside at placed using as elaborate a configuration as operators high
large number of unique locations. low selectivities. Hence the paths in our tree mappings tend
Figure 10 plots the stretch factor as a function of de-to more strongly resemble the baseline mapping, since such
lay constraint, for varying processing tree characteristicsoperators are generally tightly grouped.
Stretch factor behaves as a dual to the bandwidth consump- To provide a deeper intuition for these results, we show
tion ratio. As the delay constraint is loosened, the stretchin Figure 12 percentages of operators that are placed at
factor rises, but tails off as the constraint has less and leshe proxy, or inside the network, for varying selectivities.
effect. Both deeper and wider trees result in a larger stretclbperators that are placed at neither the proxy nor inside
factor, and a later tail-off point. In both cases the largerthe network are obviously placed at the sources (not ex-
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operator specific optimizations such as those presented by
PIER may still apply.

In-network query processing has been studied in the
context of sensor databases. Recent work by Madtah
[17] demonstrated the advantages of in-network data ag-
02 04 05 08 1 o 02 04 05 08 1 gregation in a wireless multi-hop sensor network. In such a

seeeny seeeny resource-constrained environment, potential optimizations
[ s 2l o are severely restricted and network scalability is typically
not a key design goal.

Stream processing and continuous queriedkecently,
there has been much work on data-stream processing (e.g.,
[1, 4,5, 6, 18, 21]). Most of these efforts have commonly

Star

Cluster

% in-network placements
o

9% in-network placements
N

~

% proxy placements
-
% proxy placements

@

D TR YRRy ST o, - assumed an on-line warehousing model where all source
. seeeny o e streams are routed to a central site where they are pro-
Figure 12: Operator location distributions. cessed. There have also been some preliminary proposals

that extend the single-site model to multi-site, distributed

licitly shown). The algorithm generally tends to utilize
S ) g g y odels and environments [2, 7, 21]. Our work is also a

in-network placements when sources are clustered moredg°de's & St
than when sources lie in the star formation. FurthermoreSteP in this general direction. _

in a star placement scheme, operators are generally more NiagaraCQ [6] is a continuous query processing system
likely to be placed at the proxy than at sources, when comdesigned for Internet-scale query processing. Babcock and
pared to a cluster placement. Examining these values p&?!ston [2] investigated the use of adaptive filters that are
selectivity value, we see that less selective operators resufkécuted at the stream sources based on per-query preci-
in larger numbers of operators placed inside the networkSIon requirements registered at stream sources. Neither of
This trend is also true for the operators that are placed d€S€ work investigated network-aware operator placement

the proxy. As expected, highly selective operators are belSSues that we discuss here. _
ing pushed all the way to the sources. Overlay networks. Overlay networks [14, 22, 26] strive

to address scalability and fault tolerance issues that arise in
7 Related Work Iarge—scale content d!stributi'on, using the same principles
L . of in-network processing during message routing. Interme-
The work presented in this paper is related to several t0Pgiate routers are envisaged as having the capability to per-
ics in distributed and parallel databases and systems, anfgy certain functionality on the messages they forward.
netvv.ork.mg. ) . Our work can be regarded as addressing how to distribute
_ Distributed query processing. Distributed query op-  «5¢tive networking” functionality across the overlay net-
timization and in particular the site selection problem, . servers, an issue that has not yet been addressed.
are closely related to our work and have been explored Distributed task partitioning. The parallel comput-
extensively in the context of distributed and federa‘teding community has long studied the distribution and allo-
databases [9, 10, 15, 16, 23]. To the best of our Knowlason of tasks in homogeneous distributed environments.
edge, none of these approaches address widely-distributgd;, computing researchers have also developed architec-
processing and network awareness, and are thus well o5 ajjored to large-scale scientific applications, that per-
resented by the Edge approach. form resource allocation to servers much in the same way
More recent work addressed Internet-scale query Prog,e map operators to locations. One common approach
cessing and distribution scalability. IrisNet [8] focuses ony allocating tasks is a multilevel graph partitioning algo-
querying wide-area sensor databases using XPath queriggym (3, 11]. This approach partitions the computational
IrisNet relies on the DNS to |dgnt|fy the remote databas@%tructure of an application in an attempt to minimize the re-
relevant to a given query, which is then processed using, iing data flow across partitions. The models proposed do
XML and XPath specific optimizations. Similar t0 our ., |everage application specific characteristics, such as se-
work, PIER [12] addresses DHT-based h'ghly'd.'smbUtedIectivity, rather they are purely concerned with application
query processing, although in a pull-based setting. PIERctyre. Furthermore, these approaches have not yet ad-
discusses how CAN [19] can be used as a hashing funGresseq wide distribution and network scalability, our main
tion on the indexes of relations, distributing tuples across & ,ncerns in this study.
very large number of sites. While PIER and our work share
many common goals, there are also some significant dif .
ferences. Our algorithms attempt a finer-grained control 018 Conclusions and Future Work
the placement decisions, whereas in PIER, the operation/ith the proliferation of applications that involve sophis-
themselves are randomly distributed across peers by CANicated processing of large numbers of distributed data
The semantic details of our operators are abstracted awagpurces, there is a growing need for generic widely-
from the placement mechanism. Instead we focus on optidistributed query processing services. Such systems will
mizing the network positioning of operators, and as suchpe fundamentally network-oriented. We believe that net-
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work scalability, which has been largely ignored by previ- [7]
ous efforts, will be a key design goal for next-generation
data processing systems. This paper addresses one of the
key challenges towars achieving this goal. 8]

We argued that widely-distributed query processing can
greatly benefit fromnetwork awareness, terms of im-
proved bandwidth efficiency and result latency. Previous 9]
approaches largely ignored the impact of the characteristics
of the interconnecting network and the relative locations
of the servers on processing. We presented network-awa
operator placement algorithms and described in detail thei
distributed implementation, on top of a DHT infrastructure,
for distributed stream processing. We analyzed the algoH1]
rithms and experimentally evaluated them using a prototlz]
type implementation and realistic network models. Com-
parison with representative network-unaware approaches
verified the benefits that can be attained through the use
of network information and in-network processing. [13]

There are several important directions for future re-
search. One immediate direction involves exploiting op-[14]
portunities for sharing among multiple queries during the
mapping process. Another direction involves exploiting
semantic, operator-specific optimization opportunities. Fi-
nally, we would like to integrate our prototype with Bore- [15]
alis (follow-on to Aurora [1]) and verify the validity of the 16]
results presented here with a real application and deplo;l—
ment.

This work has been done in the context of the SAND
project. SAND strives to extend core data management and”!
processing functionality to highly-distributed environments
and applications. This work is an initial step in this general
direction.

To
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