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Abstract—Application areas like global sensor networks
and data stream processing involve the on-line processing of
large amounts of data in an overlay network of operators
on top of the Internet infrastructure. Trying to fulﬁll QoS
guarantees in such networks is a challenging task that should
be realized under the requirement for optimal usage of common
resources in the network. Therefore in this paper, we formalize
a constrained optimization problem for the placement of
operators in an overlay network which strives for satisfying
user QoS constraints subject to latency, while minimizing the
network load induced by the deployment of the operators in
the network. Since the initial problem is NP-hard, we solve
at a ﬁrst step the problem in an intermediate continuous
latency space and then we map the continuous solution to
its discrete variant. Our evaluations provide an analysis about
the inherent interdepedence between the two metrics, network
usage and latency, subject to this paper and furthermore show
that our algorithm achieves a good balance between the user
requirements and the usage of the network resources.
Keywords-stream processing, operator networks, quality of
service (QoS), optimization, constraint, placement algorithm,
overlay networks

I. I NTRODUCTION
Operator networks are a powerful abstraction to model the
distributed processing of data streams. In such networks,
streams of data originating from distributed sources are
processed in an overlay network of operators on top of
a communication infrastructure like the Internet, and the
result is delivered to a set of applications (sinks). Operators
enclose the functionality that is speciﬁc to the application.
For instance, the operators of a large-scale sensor network
[3, 5] might implement functions such as data selection and
aggregation in order to jointly ﬁlter and process streams of
sensor data. Other application areas include complex event
processing [13] and distributed reasoning systems [11].
In large-scale operator networks, the placement of operators onto physical hosts has to be chosen carefully since
it strongly impacts the performance of the system. On the
one hand, the operator placement determines the scalability
of the system with respect to the load put onto physical
resources, namely processing load of operator hosts and
communication load of network links. On the other hand, the
placement inﬂuences the quality of service (QoS) delivered
to the application, for instance, the end-to-end delay of
messages transmitted through the overlay network from the
sources to the applications.
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In general, the operator placement problem can be seen
as a constrained optimization problem that optimizes resource usage to maximize the scalability under certain
QoS constraints speciﬁed by the application. In this paper,
we consider a speciﬁc constrained optimization problem.
As optimization criteria, we consider the network usage
denoted by the bandwidth-delay product of inter-operator
data streams, that is a measure for the network load induced by the deployed operator networks. Obviously, the
minimization of this metric minimizes the stress of communication resources. Therefore, it is particular well-suited for
applications producing large amounts of small data items
like global sensor networks that require the in-network
processing of data produced by many sensors distributed in a
wide-area network. As QoS constraint we consider the endto-end delay of messages between sources and applications.
A guaranteed maximum end-to-end delay is critical for
instance for control systems based on a global network
of widely dispersed sensors that have to react in a timely
manner to sensor information to control physical processes.
The main contribution of this paper is an operator placement algorithm that guarantees a given end-to-end delay
while minimizing the network usage. Our algorithm is based
on a two-phase process. First, we ﬁnd an operator placement
that minimizes network usage (unconstrained optimization
phase). Second, we distort the optimal solution such that the
QoS constraint is fulﬁlled while minimizing the impact onto
the network usage (constraint satisfaction phase). This basic
approach is different from related constrained optimization
approaches that usually ﬁrst enumerate a set of feasible
solutions with respect to the QoS constraint and from this
set select the best solution with respect to the optimization
criteria [6, 7, 9]. In constrast to these approaches, our
approach enables us to calculate the costs in terms of
the optimization metric that we have to pay to fulﬁll the
given QoS constraint. The knowledge about the individual
costs for achieving the speciﬁc constraint can be a useful
information for the system in order to negotiate the level of
QoS provision. For instance, if achieving the QoS guarantees
involves negligible cost, it can be acknowledged without
further negotiation. However, if it would require large costs,
a re-negotiation could be initiated to relax the QoS constraint
in favor of a less costly solution.
Since our constrained optimization problem is an NP-hard
problem, we provide a heuristic solution. We ﬁrst deﬁne

the problem in a continuous search space called the latency
space that models the communication latencies between
nodes. First, we solve the uncostrained optimization problem
in the continuous space as described in [10]. Then, during
the constraint satisfaction phase we calculate a solution for
the constrained optimization problem by moving operators
in the latency space along a path of minimal increase
of network usage to a new position fulﬁlling the delay
constraint after the mapping of the continuous solution to
the distrete set of physical nodes.
We will both show, how operators can be placed at the initial deployment, and how operator positions can be adapted
to dynamic network conditions during runtime. Moreover,
we will show in extensive simulations that our heuristic
achieves a good approximation of the optimal solution.
The rest of the paper is structured as follows: In Section II
we discuss the related work. In Section III we introduce our
system model. In Section IV we formalize our problem and
then in Section V we propose an algorithm that solves this
constrained optimization problem. In Section VI, we discuss
the adaptation of our solution to dynamic changes and ﬁnally
in Section V-D we show the results of our evaluations before
we conclude our work in Section VIII.

Other placement algorithms such as [9], [7] consider reuse of operators in order to reduce the end-to-end latency.
Although the problem of operator re-use is a challenging
problem, in this work we focus on the indepedent placement
of the stream processing tasks and we leave as future work
the extension of our algorithm to consider operator re-use.
III. S YSTEM M ODEL
In this section, we introduce our resource model and
present the execution model for stream processing.
In the underlying system, we assume a set of physical
nodes V distributed in the network that are able to host
operators. Here we follow the idea of the latency space
proposed initially by Pietzuch et al. [8], where each physical
host is assigned a coordinate in an n-dimensional Cartesian
space, such that the Euclidean distance between two nodes in
the latency space models the corresponding latency between
the physical hosts in the real world. In our context, we
model latency as the propagation delay L(νi νj ) between two
physical hosts νi , νj together with the packet processing and
queuing delays, without considering the transmission delay
to put the data ”on the wire”. This is a reasonable assumption
when messages with small sizes such as simple sensor values
are sent over long distances in the network. The coordinates
of the physical nodes P (V ) can be determined efﬁciently in
a distributed manner by algorithms that calculate network
coordinates using delay measurements between physical
hosts [4]. We assume that every physical node uses such
an algorithm to determine its position in the latency space.
In our execution model a stream processing task is modeled as a directed operator graph G = {Ω, S, A, P } that
consists of a set Ω = {ω1 , . . . , ωn } of operators that are
connected by a set L = {ω1 ωi , . . . , ωj ωn } of links. Set
S ⊂ Ω is a set of special operators called sources, which
generate data streams; therefore they have only outgoing
links. Set A ⊂ Ω denotes the applications (sinks) that
consume the ﬁnal output data streams. Typically sources and
sinks have ﬁxed positions in the network (pinned operators),
whereas the remaining operators of the graph can be placed
on any host in V (unpinned operators). A link ωi ωj ∈ Ω×Ω
is a directed connection that links one operator ωi to another
ωj . If there is no direct connection between ωi and ωj the
notation ωi ωj denotes the coressponding path, i.e. the union
of links that connects the two operators. Each graph contains
a set of end-to-end paths P = {ωi ωj , . . . , ωk ωl }, where
each end-to-end path ωi ωj connect a source operator ωi ∈ S
with one of the sinks ωj ∈ A of the operator graph.
If we do not allow the re-use of operators, we get a special
case of the operator graph, called operator tree T . Operator
trees are hierarchical structures that have only one sink.
Since operator re-use would raise a number of problems
that are not within the scope of this paper, we are going to
consider only operator trees for the rest of the paper.

II. R ELATED W ORK
Different operator placement algorithms have been proposed in the literature to address different metrics, such as
load balancing or minimal network usage. In our previous
work [10] we have presented an algorithm for minimizing
network usage based on the idea of the latency space
that was initially introduced by Pietzuch et al. [8], who
proposed a placement algorithm called SBON. Both of these
algorithms solve an unconstrained optimization problem that
strives for minimizing network usage using the continuous
latency space. However, as we show in [10] our approach
outperforms SBON both in the quality of the result as well
as in the communication overhead and migrations induced
by the placement algorithm. Therefore, we are going to use
this method for calculating the unconstrained optimum.
Other placement algorithms that consider QoS restrictions
use algorithms, which ﬁrst prune the search space by ﬁnding
a set of candidate nodes and then ﬁnd alternate placements
by calculating all possible placements starting from the
leaves and combining the candidate solutions in a bottom-up
fashion. Gu et al. [6] proposed an algorithm that optimizes
for load balancing while considering latency constraints.
This algorithm ﬁrst collects global information about all
physical nodes in order to deﬁne a set of candidate nodes that
can satisfy QoS requirements and then selects the best plan
according to a congestion aggregation metric that models
load balancing. Apart from having a different optimization
metric, in our approach we do not need to check exhaustively
all the nodes in order to ﬁnd good candidates.
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IV. P ROBLEM S TATEMENT
Our goal is to ﬁnd an operator placement to physical hosts
such that the network usage of inter-operator data streams is
minimized under a given latency constraint. Next, we give
a formal deﬁnition of the resulting placement problem.
The network usage of link ωi ωj is deﬁned by the
bandwidth-delay product r(ωi ωj )L(ωi ωj ), where r(ωi ωj )
speciﬁes the data rate of the stream communicated over that
link and L(ωi ωj ) is the delay of that link. The link delay
is deﬁned by L(ωi ωj ) = |xωi − xωj |, where xω denotes the
position of the operator ω in the latency space.
The so-called Single-operator Placement (SOP) Problem
and Multi-operator Placement (MOP) Problem [10] consider
the problem of optimal placement of a single unpinned
operator or multiple operators of an operator tree, respectively, subject to network usage. In particular, a SOP problem
seeks for the optimal position of an upinned operator with
ﬁxed neighbors, while the MOP problem considers the
optimal placement of all unpinned operators in an operator
tree T w.r.t. network usage. More formally, for a given
placement (xω1 , . . . , xωn ) T
’s network usage is deﬁned by
Uglobal (xω1 , . . . , xωn ) =
ωi ωj ∈L r(ωi ωj )L(ωi ωj ). This
expresses the function to be minimized, i.e. our optimization
goal. Network usage intuitively expresses the network load
put on the network links of the system. Therefore its minimization leads to the efﬁcient usage of network resources
and subsequently contributes to the scalability of the system.
In addition to this optimization goal, we introduce the
objective function to express the constraints in terms of
latency. As a ﬁrst step we introduce the latency of a path
ωi ωj as the sum of the delays
 of all the links participating
in the path L(ωi ωj ) =
ωk ωl ∈ωi ωj L(ωk ωl ). Note that
normally each operator introduces a certain processing delay.
As we have mentioned earlier we consider applications that
send small messages over long distances. Therefore we
consider the delay to process these small messages to be
negligible in comparison with the propagation delay.
Then, the latency of an operator tree will be the maximum latency of all the end-to-end paths of T : L(T ) =
L(ωi ωj , . . . , ωk ωl ) = maxωi ωj ∈P L(ωi ωj ). Finally we deﬁne our constrained optimization problem as follows:
Uglobal (xω1 , . . . , xωn ) = min, s.t. L(T ) ≤ C
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Figure 1.

Process ﬂow of the intial placement.

V. C ONSTRAINED O PTIMIZATION A LGORITHM
Next we present our approach for solving the constrained
optimization problem of Equ. 1. First we give an overview
of the whole process and then we describe in detail how
operator positions are calculated.
A. Constrained Optimization Process Overview
The whole process of our constrained optimization
method consists of two phases as shown in Fig. 1. In the
ﬁrst phase, called Unconstrained Optimization Phase we
ﬁnd the optimal position of the operators in the latency
space such that the network usage of the operator tree
becomes minimal, i.e. we solve the continuous version of the
optimization problem of Equ. 1 under no latency constraint.
In the second phase, called Constraint Satisfaction Phase,
we try to ﬁnd a solution that fulﬁlls the given latency
constraint on the one hand. On the other hand, the calculated
solution should deviate from the (unconstrained) optimal
placement w.r.t. network usage only minimally. Therefore,
we start at the optimal positions in terms of network usage
that were calculated in the ﬁrst phase, and move operators
towards the latency minimum on paths that increase the
network usage the least. This movement is executed in the
continuous latency space. After we have moved an operator
for a certain distance towards the latency minimum, we
map the continuous positions to the discrete positions of
physical hosts and check whether the latency constraint has
been fulﬁlled. If it is fulﬁlled, we have found a solution of
the constrained optimization problem (Equ. 1); if it is not
fulﬁlled, we initiate another iteration by moving operators
further into the direction of the latency minimum.
For the initial placement, we execute the algorithm centrally on one dedicated physical node, called coordinator
node. After the deployment of operators, the adaptation of
the solution is done in a distributed manner. This means that
an event-driven model initiates a new round of optimizations
each time it detects a change of the conditions of the
problem. In Section VI we are going to describe in detail,
how the algorithm is executed to adapt the placement of
operator to dynamic changes, after we have described the
centralized execution of the optimization and constraint
satisfaction phase in the next sub-sections.

(1)

,where C is a user deﬁned constraint for the maximum delay.
The problem can be solved for virtual and physical nodes,
resulting in continuous or discrete variations of the problem
respectively. In the continuous variation, we assume that
there exists a virtual node at every possible position in
the latency space, i.e., xω ∈ 3 . Whereas in the discrete
case, the operators can only be mapped to those positions
in the latency space that are occupied by physical nodes,
i.e. xω ∈ P (V ). As we see later, the continuous problem
will help us to efﬁciently calculate an approximation for the
initial NP-Hard discrete problem.
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B. Unconstrained Optimization Phase

latency constraint (line 2). If it fulﬁlls the constraint, we
have found a suitable operator placement and return this
mapping (line 2, 11). If the latency constraint is violated,
we ﬁnd new coordinates for the nodes. First, we determine
the maximum latency path (line 3) of the operator tree in
the continuous space. Then, we select one operator on this
path and determine a direction of movement that reduces
the latency of this path (line 4) and at the same time
increases network usage the least. Details about this step are
presented in sub-section V-D. If we cannot ﬁnd a direction
that reduces the latency, we cannot ﬁnd a solution that
satisﬁes the given latency constraint and return the current
mapping of operators (line 5-6). Otherwise, we move the
selected operator by a certain step length into the calculated
direction in the latency space (line 8). Then we repeat the
steps of calculating a mapping to physical hosts (line 9), and
checking for the satisfaction of the latency constraint.

During the unconstrained optimization phase, we search
the minimum of the unconstrained optimization problem of
Equ. 1. A detailed description of this algorithm solving
the unconstrained optimization problem was given in our
previous paper[10]. Here we only give a short decription to
keep the paper self-contained.
To ﬁnd the minimum network usage for the whole operator tree, we let each operator autonomously ﬁnd its optimal
position in the latency space according to the current position
of the neighboring operators. Each operator indepedently
calculates a solution of the continuous SOP problem by
running an optimization algorithm based on a gradient
method and then it maps the continuous solution to the
discrete set of the physical hosts by performing a nearest
neighbor query. Subsequently the operator communicates
its new position in the latency space to its neighboring
operators and the neighbors optimize their own positions
based on the updated neighbor coordinates. This process
is done repeatedly until operator positions do not change
anymore, i.e. the system has converged to a global solution
for the whole operator tree.
The placement algorithm can be executed centralized as
well as distributed. During the initial placement, the above
mentioned coordinator node executes this algorithm centrally. We assume for the initial placement that the data rates
are derived from the type of application or estimated based
on statistics gathered from previous deployments. During
the execution of the operators, the adaptation algorithm
can adapt these values by measuring the data rates during
runtime as we see in Section VI.

Algorithm 1 Constraint Satisfaction Algorithm
Require: U (xω1 , . . . , xωn ) is minimal
Ensure: Finds a mapping (ν1 , . . . , νn ) such that L(T ) ≤ C
and U (xω1 , . . . , xωn ) is minimal
1: map each operator ωi to closest non-overloaded νi
2: while (L(T ) > C) do
3:
determine maximum latency path ωi ωj
−→
4:
select operator ω ∈ ωi ωj and direction dir to move
−→
5:
if dir = 0 then {already at latency minimum}
6:
return current mapping (ν1 , . . . , νn )
7:
end if
−→
8:
move operator ω by a step length step into dir
9:
map operator ω to closest non-overloaded νnew
10: end while
11: return current mapping (ν1 , . . . , νn )

C. Constraint Satisfaction Phase
After the unconstrained optimization, all operators are in
a position such that the induced network usage is minimal.
However, since the unconstrained optimization only solves
the unconstrained optimization problem, the maximum latency path in the operator tree might violate the given
delay constraint. Next we present the constraint satisfaction
algorithm that moves operators from their optimal position
such that: (1) the latency is reduced, (2) the deviation of the
network usage after re-placement is minimal compared to the
optimal network usage immediatelly after the unconstrained
optimization. First, we give an overview of this constraint
satisfaction algorithm before we explain it in detail.
The general course of actions of the constraint satisfaction
algorithm shown in Algorithm 1 is as follows. First, we
map the current continuous positions of the operators to the
closest physical hosts in the latency space, in order to be able
to check the latency constraint after the mapping to physical
hosts (line 1) rather than onto virtual hosts. Whenever
doing a mapping to physical hosts, we only consider nonoverloaded physical hosts to prevent bottlenecks. Then, we
check whether latency of the operator tree T fulﬁlls the given

The step size should be selected carefully since it affects
the accuracy of the solution. For our evaluation, empirically
we see that a step of 1 gives a good approximation of the
solution. In order to map the continuous solution to physical
nodes whose positions in the latency space are closest to
the calculated virtual node positions, we realize a nearest
neighbor search. For the implementation of this search, we
can utilize for instance a peer-to-peer infrastructure such
as [12], where the physical nodes manage their positions
in the latency space in a distributed peer-to-peer system.
The coordinator node queries this infrastructure to perform
the mapping step. Finally, it deploys the operators on the
physical nodes and the execution of the operator tree starts.
D. Operator Selection and Direction of Movement
Next, we explain in detail how we select the operator to
move and its respective direction (line 4–Algorithm 1). For
this purpose, we ﬁrst calculate the optimal direction for each
operator on the maximum latency path and then select the
one with the minimal impact on the network usage.
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Umin
on the plane SωA: (1) Umin
is outside the triangle
−→
ΔSωA (Fig. 2(a)). In this case, the direction dir should
−→
−→
be the direction of the vector ωA or ωS whichever has the
smallest angle θ to the projection of the gradient ∇U  (xω )
on the plane SωA and therefore maximizes the dot product,
−→
−→
→
−→
−
→ ∇U  (xω ) · dir}, where
i.e. dir = arg{max−
dir∈{u(ωA),u(ωS)}

u denotes the unit vector. (2) Umin
is inside the triangle
−→
ΔSωA (Fig. 2(b)). In this case, the direction dir should
be the direction of the projection of the gradient ∇U  (xω ),
since this will induce a maximal decrease of network usage.
In order to distinguish between the two cases, we have to

is inside the triangle. As we see in the
identify when Umin

is inside the triangle when vector
example of Fig. 2(b), Umin
−→
−→
ωA and ωS are on different sides of ∇U  (xω ). This condition (the relative position of ∇U  (xω )) cannot be identiﬁed
only through the dot product. Therefore, we need to calculate
−→
−→
the cross products2 ∇U  (xω ) × ωA and ∇U  (xω ) × ωS.
The result of the cross product is another vector which is
perpendicular to the plane containing the two input vectors.
−→ −→
If the two vectors ωA, ωS lie on different sides of vector
−→

∇U (xω ), then their cross products ∇U  (xω ) × u(ωA),
−
→
∇U  (xω ) × u(ωS) have different directions, i.e. the dot
product of their cross products are negative.
Algorithm 2 shows the ﬁnal algorithm that we use to
determine the operator and the direction of the movement.
For all operators on the path, we ﬁnd the optimal direction
that maximizes the dot product φω (line 2-12). Thus, we
ﬁrst check if the projection of the network usage minimum
is inside the triangle, i.e. the dot of the cross products is
negative (line 2); then the optimal direction is the direction of the projection of the gradient (line 3-4). In any
other case, φω is set to the maximum of the dot products
−→
−→
∇U  (xω ) · u(ωA), ∇U  (xω ) · u(ωS) (line 6-7). Finally, we
compare φω to the current maximum dot product of the path
and if this exceeds the maximum, we keep the identiﬁer
for the operator to move as well as the direction of the
movement (line 9-11). The iterative process continues until
we have checked all the operators on the path. The output of
the algorithm is the identiﬁer of the best operator to move
ωopt , together with its optimal direction.




(b) Umin
inside ΔSωA.

Direction of the movement

−→
More formally, we ﬁrst search for a direction dir to move
each unpinned operator ω on the maximum latency path,
such that: (1) L(ωi ωj ) is reduced, (2) the increase of U (xω )
−→
is minimal if the operator is moved into the direction dir.
In general, the impact on the network usage when mo−→
ving into a certain direction dir is inverse proportional to
−→
−→
φω (dir) = ∇U (xω ) · dir, where · denotes the dot product1
of the network usage gradient ∇U (xω ) and the direction of
−→
−→
the movement dir. Note that since dir is a unit vector, φω
models the projection of the gradient onto the direction of
the movement. For instance, if φω < 0, then the operator
is moving inverse to the gradient and therefore the network
usage will increase proportional to the value of the gradient.
More formally, if D is the set of possible directions that
reduce the latency our goal is to maximize the function
−→
−→
→
{∇U (xω ) · dir}. Since L(ωi ωj ) is
φω (dir) = max−
dir∈D
a convex function, moving into the direction of Lmin will
certainly reduce latency and in the ultimate case will lead
to the minimum latency path. Actually, Lmin might not be a
single point but a line segment connecting a source S and a
sink A since obviously all positions on a direct connection
between S and A will lead to minimum latency.
Based on the observation that Lmin is a line segment
rather than a unique point, we show next how to calculate
−→
the direction dir that points towards Lmin and maximizes
−→
φω (dir). In Fig. 2(a) we see an example where an unpinned
operator ω should be moved towards the latency minimum
Lmin deﬁned by the line segment SA. As we see in this
ﬁgure, the possible directions that point to the latency
−→
minimum are inside the angle θ between the vectors ωA
−→
and ωS. Since the possible directions belong only to the
−→
plane deﬁned by the points SωA, the direction dir will
be only affected by the projection of the network usage
gradient ∇U  (xω ) on the plane SωA. Thus, in Fig. 2(a)
we see that the direction that maximizes the dot product
φω is the direction that has the smallest angle θ to the
projection of the gradient of the network usage. In general,
we can distinguish two different cases according to the
position of the projection of the network usage minimum

VI. DYNAMIC ADAPTATION OF PLACEMENT
After the initial placement of operators, the operator tree
is deployed in the network. During the execution of the
operators a change in network conditions or the data rates of
inter-operator data streams might degrade the initial placement by rendering the initial solution suboptimal or violating
the given delay constraints. Therefore, the placement of
operators has to be adapted to dynamic network conditions.
Next, we describe the dynamic adaptation during runtime.

 = {Ax , Ay , . . . , Ad } and B
 =
dot product of two vectors A
·B
 = (Ax ∗ Bx ) +
{Bx , By , . . . , Bd } in d dimensions is given by: A
(Ay ∗ By ) + . . . + (Ad ∗ Bd ).

2 The cross product of two vectors A
 = {A1 , A2 , A3 } and B
 =
 B
 =
{B1 , B2 , B3 } in three dimensional Euclidean space, is given by: A×
(A2 B3 − A3 B2 )i + (A3 B1 − A1 B3 )j + (A1 B2 − A2 B1 )k.

1 The
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Algorithm 2 Operator and Direction Selection
Require: Positions xω , S1 , A
−→
Ensure: Finds ωopt and diropt such that φω is maximum
1: for all ω ∈ ωi ωj do
−→
−→
2:
if ∇U  (xω ) × u(ωA) · ∇U  (xω × u(ωS)) < 0 then
−→
3:
φω (dir) ← ∇U  (xω )
−→
4:
dir ← ∇U  (xω )
5:
else
−→
−→
→
−→
−
→ ∇U  (xω ) · dir
6:
φω (dir) ← max−
dir∈{u(ωA),u(ωS)}
−→
−→
7:
dir ← arg φω (dir)
8:
end if
9:
if φω > φopt then
−→
−→
10:
φopt ← φω , ωopt ← ω, diropt ← u(dir)
11:
end if
12: end for

coordinator node performs the constraint satisfaction phase
centrally as described in the previous section. When it ﬁnds
a new solution of the constrained optimization problem,
the root propagates a message to the tree, containing the
mapping of the unpinned operators. After the propagation
of the message along the tree, all the operators are informed
about their ﬁnal position and initiate a migration if necessary.
The parameter Δt deﬁnes the time to respond to dynamic changes. If it is set very low, then the system will
react faster to dynamic changes by realizing the physical
mapping of operators more frequently and thus resulting
possibly in more migrations in the physical network. Since
the migrations are costly both in terms of communication
overhead and latency, we try to avoid entering the constraint
satisfaction phase before we reach a stable state by approximating an upper bound for the time to get the messages
transmitted along the operator tree. Thus, we propose to set
this parameter equal to the time to send a message from
the most distant source in the tree to the root plus a small
constant.
In very dynamic environments, the unconstrained optimization might take a long time to reach a stable state during
which the delay constraint is possibly not fulﬁlled. In order
to avoid being stuck in the unconstrained optimization phase
for a long period, we introduce an additional parameter ΔT
that deﬁnes the maximum time interval that the root should
wait until it executes the constraint satisfaction algorithm.
Finally, we analyze the communication overhead induced
by the adaptation algorithm. In general, the induced message
overhead mainly consists of the following messages: (1) The
messages required to distributedly solve the unconstrained
optimization problem during the unconstrained optimization
phase. A detailed analysis of this overhead has been presented in our previous paper [10], (2) The state information
propagated upwards in the aggregation tree to determine the
end of the unconstrained optimization. Actually, the additional overhead introduced for transmitting state information
is very small since we can re-use the information propagated
during the unconstrained optimization in step 1—in this
phase, nodes already exchange their coordinates. (3) The
notiﬁcation messages about new operator positions propagated downwards along the operator tree. This requires only
#unpinnedOperators − 1 messages. Overall, we see that
only Step (3) introduces a very small amount of additional
messages compared to the unconstrained optimization.

The adaptation process is based on an event-driven model
that triggers the re-placement of operators whenever the
position of neighboring operators change or if the data
rates of incoming or outcoming data streams change. In
case of such changes, the operator tree enters the unconstrained optimization phase where operator positions are
optimized for minimal network usage. The unconstrained
optimization is realized by running the algorithm presented
in Section V in a distributed manner [10]. In the distributed
case, each operator optimizes its local network usage and
exchanges messages with its neighbors to communicate its
new position, until the positions of its neighbors do not
change anymore. After a number of iterations, the distributed
algorithm yields the optimal solution for the operator tree.
Subsequently the operator tree enters the constraint satisfaction phase. However since the operators are distributed
on different hosts, the operators should coordinate to decide
when and how to enter the constraint satisfaction phase. For
this purpose, as for the initial placement, we again use a
coordinator node. For the initial placement the position of
the coordinator node is not crucial, whereas for the adaptation it is beneﬁcial to choose the root node as coordinator.
To detect the transition between the two phases, we create
an aggregation tree where state information (the current
position of operators) is propagated bottom-up towards the
root. To avoid additional message overhead, we piggy-back
this state information of a subtree onto the messages that are
communicated during the unconstrained optimization phase.
Thus, the coordinator node has a global view on the operator
tree at each point in time with a delay that depends on the
time to trasmit the messages along the tree.
Based on this global view, the coordinator node assumes
that the unconstrained optimization has reached a stable
state, when the positions of operators in the tree have
not changed for a certain time interval Δt. If this time
expires and no state update messages have been received, the

VII. E VALUATION
Next, we present the performance evaluation of our constraint satisfaction algorithm by comparing it to the theoretic
optimum and our unconstrained optimization algorithm.
A. Experimental Settings
To evaluate the performance of our algorithm we implemented our algorithm for the network simulator PeerSim.
6

optimization with minimum latency constraints and Umin is
the theoretic optimum of the unconstrained optimization.
To parametrize the heterogeneity of the operator tree,
we introduce the heterogeneity factor h. In detail, for an
operator connected to n sources, we set the output data
rates of n − 1 sources at the same random value r and the
remaining output data rate at h · r, i.e. proportional to h.
Moreover, the selectivity of the unpinned operators is set
to 1/h, i.e. inverse proportional to h. Thus for large h, the
input data rates of an operator are unbalanced, while the
output data rate of the operator are low.
Fig. 3 shows the results for varying values of the heterogeneity factor h. We see that as the heterogeneity increases,
the stretch factors both in terms of latency and network
usage are also increasing, since there are more high data
rate sources making the unconstrained network usage and
the latency minimum considerably different. Moreover, we
see that the network usage stretch is generally larger than
the latency stretch. This is due to the fact that the latency is
bounded by the distance between the sources and the sinks,
whereas the network usage is affected by the values of the
data rates that can eliminate or amplify some of the factors
of the total sum of an operator tree’s network usage.

For the underlying (physical) network topology, we used
data gathered from a real network, namely the PlanetLab [2].
The PlanetLab topology consists of 226 physical nodes including real measurements of the delays between the nodes.
The coordinates of the physical nodes in the latency space
were found using a prototype implementation of the Vivaldi
algorithm [1] that maps the physical nodes in the latency
space with an average error of 15 ms w.r.t. to the measured
delays. The PlanetLab topology gives us the chance to asses
the practical performance of our algorithm in a real system.
For the structure of the operator trees, we use operator
trees of 6 nodes. Moreover, we assume that every operator
has two or three children since we assume that this represents the usual case of an operator graph well.
The data rates on the links are generated randomly by
varying the initial output data rates of the sources and the
selectivity of the operators in a certain interval. The output
data rates of the sources are distributed uniformly in the
interval between 100 and 200 kbps. The selectivity of an
operator is deﬁned as the percentage of the output data rate
with respect to the input data rate of the operator. Thus,
operators with a selectivity close to 0 act as highly selective
ﬁlters in the network and generate very low output data rates,
whereas operators with selectivity close to 1 generate output
data rates equal to the incoming rate. In our evaluation,
we vary the selectivity of the operators between 0 and 1,
depending on the concrete experiment.
Since there is no related approach that solves the same
constrained optimization problem, we compare our constrained optimization algorithm with the theoretic optimum
and our unconstrained optimization algorithm [10]. To ﬁnd
the real optimum, we execute an exhaustive search on all
possible placements. Therefore we use small operator trees
with 6 nodes, since the complexity of the exhaustive search
grows exponential with the number of nodes of the tree.

C. Performance of the Constrained Optimization Algorithm
Next, we continue with the analysis of the performance
of the algorithm for the constrained optimization problem
proposed in this paper. First, we evaluate the ability of
our algorithm to achieve a given latency constraint. In the
following experiment, we vary the given latency constraint in
the interval [Lmin , Lunconstr opt ], i.e. between the theoretic
latency minimum and the latency achieved by the unconstrained optimization algorithm. Choosing a lower bound
of Lmin ensures that in every case a solution exists. By
choosing an upper bound of Lunconstr opt we evaluate cases
with non-trivial solutions that would not be achieved by an
unconstrained optimization algorithm. Moreover, in order to
distinguish between ”challenging” cases, where the solution
of the unconstrained optimization algorithm is far from the
latency minimum, we classify our experiments according
to the achieved latency stretch factor of the unconstrained
optimization algorithm. For instance the class [1.0, 1.2]
contains all experiments, where the unconstrained solution
has a latency stretch of 1.0 to 1.2 compared to the theoretic
latency minimum. In general, as the latency stretch of
the unconstrained solution increases, the constraint interval
[Lmin , Lunconstr opt ] also increases, formulating thus a larger
spectrum of latency constraints.
For our experiment, we have generated 1000 operator
trees with varying heterogeneity factor h ∈ [2, 4] and
measured the performance of our algorithm by calculating
the percentage of the experiments that achieved a latency beexperiments
low the constraint by successrate = #successful
,
#experiments
i.e. successful experiments, divided by the number of all

B. Relation Between Network Usage and Latency
First we analyze the basic relation between the two
metrics subject to this paper, namely network usage and
latency. Since the network usage contains as one factor the
delay between operators, in this experiment we see how
close an unconstrained optimization of the network usage
can get to the latency minimum.
We have conducted 1000 experiments and measured the
latency and the network usage minimum. In detail, we
have calculated by exhaustive search the theoretic latency
minimum Lmin and the latency Lunconstr opt achieved by
the optimal unconstrained optimization of the network usage. In order to quantify the difference w.r.t. latency between the network usage optimum and the latency minimum, we calculated the latency stretch factor deﬁned by
L
opt
LSunconstr opt,min = unconstr
. Similarly the network
Lmin
U
opt
,
usage stretch is deﬁned as U Sconstr opt,min = constr
Umin
where Uconstr opt is the network usage of the constrained
7
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experiments. Furthermore, to evaluate the cost for satisfying
the constraint, we calculate the network usage stretch in
comparison with the network usage of the unconstrained
problem that we get after the unconstrained optimization:
Uconstr opt
U Sconstr opt,unconstr opt = Uunconstr
.
opt

while the cost is also low since even the unconstrained
optimization algorithm can achieve a good approximation
of the latency constraint, while for larger latency stretch our
algorithm performs better as the constraints become more
relaxed, resulting in higher success rates and lower costs.

Fig. 4 shows the success rate of our unconstrained optimization algorithm for different classes. Here we see that
for low latency stretch, e.g. below 1.2 of the unconstrained
solution, our algorithm has a low average success rate of
27%, while for more larger latency stretch e.g. between
1.4 − 1.6, the algorithm works better achieving an average
success rate of 62%. For even higher latency stretch e.g.
between 2.6 − 2.8 our algorithm can achieve an average
success rate of 79%. We can explain the poor average
success rate of our algorithm for low latency stretch of the
unconstrained solution since low latency stretch means a
narrow interval of the latency constraints and thus in such
cases all requested latency constraints are very close to the
real optimum. However as we see later, also in these cases
our algorithm returns a good approximation of the optimum.
Fig. 5 and Fig. 6 show the corresponding graphs for
operator trees with latency stretch between 1.0 and 1.2,
and 2.0 and 2.2 respectively. In each graph we see on the
x axis the latency constraints that are requested, varying
gradually in a step of 10% of the total constraint interval
[Lmin , Lunconstr opt ] at a time, i.e. C ∈ [Lmin + x ∗
(Lunconstr opt − Lmin )], where x ∈ [0, 1]. On the left y axis
we have depicted the success rate and on the right y axis,
the network usage stretch factors of the constrained solution.
On the one hand, we see that when the latency stretch is
low (Fig. 6), the average succes rate is increasing slowly
from 20% to 46% while the average cost is kept low and
decreases slowly from 1.13 to 1.1. On the other hand, for
large latency stretch (Fig. 5), we see that the success rate
increases gradually, going from 29% for strict constraints
where x < 0.1 up to 98% for relaxed constraints where x is
above 0.8 and the network usage costs decrease signiﬁcantly
from 1.37 to 1.09 for more relaxed constraints.
Thus, we see that for small latency stretch of the unconstrained solution, the success rate remains in general low,

D. Quality of Solutions
In this experiment, we have a closer look on the quality
of solutions by considering the distribution of the achieved
latencies around requested latency constraints. On the one
hand, this evaluation shows how far apart unsuccessful
solutions are from the requested constraints. On the other
hand, it also shows us the degree of ”overshooting” of
successful solutions.
For this experiment, we use a generic scenario with heterogeneity factor h ∈ [1, 5] and latency constraint randomly
set in the interval [Lmin , Lunconstr opt ] to get a general
picture of the precision of the algorithm.
The quality of a solution in terms of latency can be evaluated, by the latency stretch of the solution, LSconstr opt,C =
Lconstr opt
, i.e. the constrained optimum compared to the
C
requested latency constraint C, which intuitively shows how
close the solution is to the requested constraint.
Fig. 7 shows the cummulative distribution of the latency
stretch for a set of 4, 000 simulation runs. In detail, 70% of
the 44% of simulations that were below C have a latency
stretch between 0.9 and 1. Moreover 75% of the remaining
56% instances that are above C have a latency stretch below
1.15%. Thus, we see that the majority of the instances are
distributed closely around the constraint. However there are
some instances with larger deviation from C, e.g. 5% that
are above 1.4. Such bad approximations can be the result of
either the coordinates of the latency space that in (rare) cases
do not accurately reﬂect the real latencies between nodes.
Or it can be due to a sparsely populated latency space where
too few physical nodes are available close to the continuous
positions of the solutions.
Moreover, we calculate the network usage stretch
compared to the network usage of the theoretic
constrained optimum found by exhaustive search
Uconstr opt
. Fig. 8
U Sconstr opt,theoretic constr opt = Utheoretic
constr opt
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shows the corresponding cummulative distribution. We
see that there is a percentage of 41% that have a smaller
network usage than the constrained optimum. In these
cases, the latency constraint was not met by the solution.
Therefore, the network usage stretch can be even smaller
than the theoretical constrained optimum. Moreover for
the possibly successfull solutions that have a stretch
above 1, we see that our algorithm achieves a very good
approximation of the constrained optimum with an average
network usage stretch of 1.09%. In 80% of these cases the
network usage stretch is below 1.17%, showing that our
algorithm achieves its goal to keep the network usage low.
As a conclusion of our evaluation, we can say that
our algorithm achieves a very good performance when the
constraints are not very strict and in other cases it still
ﬁnds a very good approximation of the solution close to
the requested latency constraint, while minimizing the cost
in terms of network usage.
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Figure 8.

the problems that arise by allowing the re-use of operators
among different operator trees.
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VIII. C ONCLUSIONS AND F UTURE W ORK
In this paper, we have formulated a constrained optimization algorithm for fulﬁlling latency constraints under
the optimization of network load formally expressed by
the network usage of the inter-operator data streams of an
operator tree. Unlike previous approaches, our constrained
optimization strategy ﬁnds ﬁrst an unconstrained optimum
in a continuous latency space and then distorts this solution
by causing minimal loss of our optimization gains until
it achieves the requested latency constraint. Besides an
algorithm for the initial placement of operators, we also
presented an adaptive algorithm that adapts operator placements under dynamic network conditions, without inducing
signiﬁcant message overhead compared to the unconstrained
optimization algorithm. Our evaluation results show that our
algorithm performs well both for relaxed constraints where
it fulﬁlls the requested latency constraint with high success
rate as well as for strict constraints, where it achieves a good
approximation of the optimum.
In our future work, we intend to extend our model in order
to include the processing delay of operators, thus targeting a
larger variety of applications. Moreover we want to address
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