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Abstract

We are presenting the Architecture for Interac-
tive Arts (ARIA) middleware architecture for sen-
sory/reactive environments, such as interactive perfor-
mances. ARIA processes, filters, and fuses sensory in-
puts and actuates responses in real-time while providing
various service guarantees. ARIA is deployed on a cen-
tralized stream processor that monitors and queries
over distributed media sensors and outputs of the me-
dia workflows are sent to actuators with video and au-
dio presentation capabilities. Due to rapid updates and
the continuous nature of sensory data streams, ap-
proximation and adaptation techniques are necessary
to optimize resource usage. We propose a mecha-
nism that adapts media workflows by adjusting parame-
ters of filters and fusion operators that dynamically con-
trol the speed of data streams and the sampling rate. In
[1], we developed the ARIA middleware model, includ-
ing the operators, performance models, and the opti-
mization techniques for chain structured (single-sensor,
single-actuator) media workflows. In this paper, we fo-
cus on development of flow optimization techniques in
adaptive multi-sensor, multi-actuator workflow sys-
tem. We experimentally evaluate the efficiency and the
effectiveness of the algorithms.

1. Introduction

In [1, 2], we introduced the Architecture for In-
teractive Arts (ARIA) which is a sensor-to-actuator
middleware architecture for sensory/reactive environ-
ments. ARIA processes, filters, and fuses sensory in-
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(a) An adult and a child performer on iStage

(b) qStream Workflow representation of the example scenario

Figure 1. An example interactive performance

puts and actuates responses in real-time while provid-
ing certain service guarantees. The Intelligent Stage at
ASU is equipped with various sensors including: floor
mat sensors to generate data for object localization and
motion classification, microphone arrays for sound lo-
calization and beamforming, Vicon 8i Realtime system
with 8 cameras for tracking the position and motion
of human body that is appropriately marked with re-
flective markers, ultrasound sensors for object track-
ing, and video sensors for determining the presence or
absence of marked persons, their relative spatial posi-
tions, and detecting certain simple events. Interactive



performances that use this stage require an informa-
tion architecture that captures, and processes various
types of audio, video, and motion data while provid-
ing appropriate service guarantees. ARIA is designed
for the purpose to be deployed in sensory/reactive en-
vironments. The following example scenario illustrates
the tasks ARIA is being designed to accommodate:

• Interactive Movement Poses. Two performers, an
adult and a child, are tracked by 3D-motion track-
ing devices and their locations on the stage are
tracked using pressure sensors (Figure 1). ARIA
continuously monitors the position of the body
markers of the performers in 3D space, their posi-
tions and details of their gestures. The output of
the 3D motion tracking is filtered through ARIA
to obtain the shape and degree-of-confidence of the
pose. The shapes are recognized by ARIA with
the degree-of-confidence and the recognized shape
drives the image from media repository to be pro-
jected on the stage. The degree-of-confidence of
recognition and relative spatial locality of the per-
formers are fused to generate the color pattern of
images to be projected. The image and color in-
formation is transferred to projection actuators.

Currently, artists and choreographers are using best-
efforts tools, such as Max/MSP and Pure Data (Pd)
to develop such scenarios. Max/MSP [3] is an object-
oriented graphical programming environment for mu-
sic and multimedia in the MIDI standard format. Pro-
grams or patches are created by connecting objects to-
gether with patch cords. Events, which could be any-
thing from a MIDI note to a mouse click, flow through
the patch cords from one object to another. Pd is a
real-time graphical programming environment for au-
dio and graphical processing [4]. MAX and Pd provide
a visual language framework to describe the connectiv-
ity amongst sensors, media filters, media fusion opera-
tors and actuators. However, both tools are very lim-
ited in their expressive power. Importantly, they lack
the capability of describing realtime application con-
straints and operator properties. Consequently, they
cannot take advantage of alternative media-flow strate-
gies to provide realtime and Quality of Service (QoS)
guarantees. In effect, they are best-effort solutions,
where the use is limited to very specific hard-coded sce-
narios. In contrast, ARIA middleware architecture pro-
vides an adaptive flow management kernel, qStream ,
consisting of various adaptive filters and fusion opera-
tors to ensure service guarantees. The adaptive nature
of qStream is due to the components of the data flow ar-
chitecture that are programmable and adaptable: delay
and quality characteristics of individual operators can

be controlled via a number of parameter values. Prop-
erties of each object streamed between components are
therefore subject to changes based on these parame-
ters. The quality of an output object and the corre-
sponding delay and resource usage depend on parame-
ters assigned to the operators in the object’s filter and
fusion path.

1.1. Related Work

In media networking and application management
domain, it has long been recognized that transmission
of multimedia objects over networks must satisfy a set
of quality of service (QoS) requirements. In addition,
QoS-aware middleware, such as QOS Broker [15] and
DQM [16], provides efficient QoS architectures for net-
work resources. Q-RAM provides a set of QoS opti-
mization schemes with discrete QoS options in the con-
text of video-conferencing [11, 12]. Unlike ARIA which
considers workflows, Q-RAM considers tasks as inde-
pendent applications and imposes the quantification of
the system utility on users via weighting the linear com-
bination of all quality dimensions of all applications.
[13] alleviates the requirement of explicit quantifica-
tion by relying on a tunability interface. Aurora [18]
focuses on QoS- and memory-aware operator schedul-
ing and load shedding for coping with transient spikes
in data streams.

In a media service composition framework [5, 6, 7, 8,
9, 10], the task is usually to communicate a media ob-
ject or a stream from a source server to a media con-
sumer, while the overlay routing nodes provide mostly
application level services, such as transcoding and mix-
ing. Recently, there has been a number of efforts in
automatic composition of such distributed multimedia
services. These include, SpiderNet [5], SAHARA [6, 7],
SPY-Net [8], CANS [9], and Infopipes [10]. The focus
of most of these works is to optimize the network re-
sources and to prevent congestion. Most relevantly, Spi-
derNet [5] models a composite service using a directed
acyclic graph with adaptive multimedia service com-
ponents and aims finding mappings that satisfy the
users’ multi-constrained QoS requirements. In fact, it
has been shown that, generally, this class of problems
are NP-complete. We note that these works , [5] and
others generally ignore the interdependencies between
parameters where, for instance, resource consumption
at a given node may depend on the size and precision
of its inputs.

Various forms of multi-constrained optimal routing
(MCOR) problems have been studied in the litera-
ture [19, 20, 21, 22] and it has been shown that gener-
ally this class of problems are NP-complete. In this
paper we do not address explicit multi-criteria opti-



mization problems where multiple QoS criteria are be-
ing optimized simultaneously. Instead, we address im-
plicit dependencies where resource consumption at a
given workflow node may depend on the size of its in-
put which in turn depend on the path followed by the
workflow to reach this node. The multi-criteria opti-
mization challenge is still there due to the dependen-
cies. In [23, 24, 25] we developed multi-objective rout-
ing techniques for multimedia networks where node
contributions to the path metric are non-Markovian
(memory-ful) in nature. This is also the case in ARIA
where depending on the properties of input objects an
operator may take different actions.

1.2. Contributions of this Paper

In this paper, we introduce multi-sensor, single-
actuator and multi-sensor, multi-actuator workflow
routing for promoting creation and delivery of high
precision, small delay, and small resource-usage me-
dia processing workflows. We term the adaptive
flow management component qStream. The work-
flow in qStream is modelled as a flow graph, where
nodes represent scalable sensors, filters, fusion op-
erators, external sources, and actuators, whereas
edges represent object flows. Service specifications in-
clude sensor-to-actuator delay, precision, resource,
and frequency constraints. It is essential that the
workflow optimization executes in real-time. There-
fore, due to real-time optimization requirements, we opt
for heuristic solutions that provide very-close to opti-
mal solutions as demonstrated by the experiments
in Section 6. In [1], we developed static optimiza-
tion techniques for chain structured (single-sensor,
single-actuator) media workflows and showed that
even this relatively simple problem requires care-
ful treatment due to the adaptive nature of the
underlying middleware components. In this pa-
per, we focus on the resource optimization of workflow
plans for a larger class of workflow models, includ-
ing tree-structured (multi-sensor, single-actuator) and
directed acyclic (multi-sensor, multi-actuator) work-
flows. The algorithms presented in this paper address
implicit dependencies where, for instance, resource con-
sumption at a given node may depend on the size of its
input which in turn may depend on the past transfor-
mations applied to the input objects in the workflow
before reaching this node.

2. Background: ARIA Architecture

ARIA media processing and integration workflows
describe how a specific media processing task can be
performed by combining various sensors, media filter
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Figure 2. (a) An example qStream multimedia
workflow: “S” denotes sensors, “F” denotes fil-
ters, “χ” denotes fusion operators, and “A” de-
notes actuators; (b) a scalable filter (the imple-
mentation of the filter and the example figure is
provided by Prof. Hari Sundaram)

and information fusion operators, and actuators avail-
able [1, 2]. Unlike traditional workflows, a media ser-
vice workflow captures (a) the continuous nature of
the processing required at the nodes due to streaming
nature of the sensory information, (b) inherent redun-
dancy and imprecision in media, in terms of alternative
ways of achieving a given goal, and (c) various qual-
ity of service requirements. In Figure 2(a), the vertices
(or nodes) represent scalable sensors, filters, fusion op-
erators and actuators, and edges represent connections
that enable object flows between components.
ARIA Objects. The basic information unit is a data
object. An object is produced by a sensor or an exter-
nal data source. Depending on the task, an object can
be as simple as a numeric value (such as the pressure
values obtained from a surface sensor) or as complex
as an image component segmented out from frames in
a video sequence. O denotes the set of all object types.
ARIA Workflows. Each stream denotes a transmis-
sion channel of objects of the same type. For example,
a sequence of 2-byte surface pressure values, measured



within 99.9% precision and generated every 10 millisec-
onds by a floor sensor, form an object stream.
Scalable ARIA Sensors. Sensors act as stream
sources. For example, consider a motion sensor that
can either provide high-precision motion informa-
tion every 100 milliseconds or low-precision motion
information every 10 milliseconds. This sensor is scal-
able and can make objects of type O available at
different frequencies, sizes, and precisions.
Scalable ARIA Actuators. While sensors generate
object streams, actuators consume object streams and
map them to appropriate outputs. For example, con-
sider a monitor that renders the 3D-mesh objects.
Scalable ARIA Filters. A filter takes an object
stream as input, processes and transforms the object
stream, and outputs a new stream of the transformed
objects. For example, a module takes a stream of facial
images as its input and returns a face signature vec-
tor as its output. Note that the precision of the result
may depend on the number of consecutive faces consid-
ered or may depend on what type of a heuristic/neural-
net is used. Consequently, filters (Figure 2(b)) are scal-
able and may provide multiple precisions, each with its
own end-to-end delay and resource requirement.
Scalable ARIA Fusion Operators. A fusion op-
erator is similar to a filter, except that it takes as
its input multiple streams and returns as its out-
put multiple streams. For example, consider a module
which receives object-tracking information from multi-
ple redundant sensors and outputs fused highly-precise
object-tracking information. Fusion operators are also
scalable; the total fusion delay, as well as other re-
sources, would depend on the required precision.

2.1. qStream: ARIA Workflow Model with
Alternate Behaviors

Within the ARIA middleware framework, a
qStream workflow is an acyclic directed connected
graph, G(V, E, β):

• V is a set of nodes and E is a set of edges between
the nodes on V .

• each node vi ∈ V has a set of alternate behaviors

β(vi) = {b1,i, . . . bj,i},
Intuitively, vi has j levels of operation. 3

Figure 3(a) provides an example. Each node in this ex-
ample workflow is labelled with a number of alternative
behaviors. Figure 3(b) shows a node with two behav-
iors and each behavior contains precision attributes.

Example 2.1 (Behavior of a motion filter)
Consider a motion detector filter which receives
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Figure 3. (a) An example workflow; (b) A node
with two precision bevs; (c) the visual represen-
tation of the node

a stream of images (a video stream) and identi-
fies the motion direction of an object in this stream.
Let the following describe the operation characteris-
tics of this filter:

• input images are buffered in an input queue,
• w describes how many input images are to be used

together to identify the motion direction,
• the filter operates in a pipelined manner; how-

ever it has a phase parameter, φ, which denotes
the number of input images skipped between each
computation,

• the frequency of the input images is fin,
• the size of each input image is sin,
• the queue drops one out of every λ inputs,

Based on these, we can see that

• since the queue drops one out of every λ input im-
ages, the effective input frequency of the filter is
fin × λ

λ+1

• the operator needs enough input queue to hold
w input images; therefore, the buffer resource re-
quirement of the filter is r = w × sin,

• the filter computes one output for each φ input im-
ages, therefore the output frequency of the opera-

tor is f =
fin× λ

λ+1
φ

• the oldest input image used to generate an out-
put has been in the queue until all the required
w − 1 input images have been gathered in the
queue; if we add the actual processing delay to
this, we can compute the operation delay (the
maximum delay observed by an input image be-
fore the corresponding output is generated) as
d = (w − 1)× 1

fin× λ
λ+1

+ dprocessing(sin)



• the output precision of the operator is a func-
tion of the processing precision of the motion fil-
ter, the window size, the precision of the input ob-
jects, and the rate at with which inputs have been
dropped from the queue before they are processed:
p = pin × pwindow(w)× pdrop(λ)× pprocessing

• the size of the output objects, sizeof(motion object),
is fixed and independent of the input size. 3

As illustrated in the above example, node behaviors
can be described as a set of functions that operate on
the characteristics (precision, size) of the objects in the
workflow. Clearly, these functions depend on the im-
plementation of the node as well as application seman-
tics. In general, the node behavior functions for me-
dia operators include additive metrics (such as delay
and jitter), multiplicative metrics (such as reliability
and loss ratio), and concave/minmax metrics (such as
bandwidth) [20]. Traditionally, within networking con-
text, individual node/edge contributions are assumed
to be independent of the path followed by the object be-
fore reaching the particular node. In various domains,
however, node contributions to the overall path metric
are memoryful in nature [23, 24, 25]. This is also the
case in qStream; for instance, depending on the size of
an in- coming object (which may depend on the preci-
sions of the operators applied in earlier nodes) a node
may require a different amount of time to operate.

Self-dependent Attributes: In Figure 3(b), the
precision attribute of each behavior is self-dependent.
The precision outcome of each behavior is represented
with relative (for instance wp,1 denotes that the out-
put precision of a node is wp,1 times the input preci-
sion) or fixed weights (wp,fx,1 denotes that the output
precision of the operator is fixed at wp,fx,1, indepen-
dent of the input). The first behavior in the example in
Figure 3(b) will result in an output object with a fixed
precision of 0.7, whereas the second behavior will re-
sult in an output with half of the precision of the input.
If wp = 0 this gives us a behavior with fixed precision
outcome, whereas if wp,fx = 0, this equation gives us a
behavior with a relative precision. If a node has multi-
ple input objects one alternative is to assume that the
resulting precision is the weighted average precision of
the inputs [26].

Dependent Attributes: Some attributes of behav-
iors depend on other attributes, complicating the over-
all planning and optimization process. For instance, the
resource consumption of an ARIA node is a function of
the input and output object sizes. The total amount of
resources consumed at a given node, k, can be stated
as a function of its input and output sizes.

x x x x
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x x
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xx
x

x

Figure 4. A chain of 4 nodes: the visual represen-
tation explicitly shows that each node has multi-
ple behaviors.

3. Overview of Routing in Chain Work-
flows

In this section we provide an overview of chain work-
flows (with one sensor, one actuator, multiple adaptive
filters, and no fusion operator) presented in [1]. In the
following sections we will extend these results to work-
flows with fusion operators.

We denote chain workflows with C. Figure 4 shows
visual representation of a chain-like workflow (where a
series of filters are applied on the sensor output). In this
figure the behavior chosen for execution is marked with
“X”. These nodes constitute a path on the workflow
chain. Given a path, ρ = v0 → v1 → v2 → . . . → vn,
from the source, v0, to the destination, vn, we can cal-
culate its various outcomes as follows [1]:
Precision outcome of a chain: If we denote the in-
put precision to the path as pin, we can summarize the
precision outcome of the path, ρ, as

pre(ρ) = Rp,ρ × pin + Fp,ρ,

where Rp,ρ is the combined relative precision weight of
the entire path ρ and Fp,ρ is its fixed precision weight,
i.e, precision transformations are self-dependent.
Size outcome of a chain: Size outcome of a chain de-
pends on the size of the input object to the chain, as
well as the size parameters of the nodes on the chain.
Consequently, the size outcome of the path can be for-
mulated similar to the precision outcome,

size(ρ) = Rs,ρ × sin + Fs,ρ.

Frequency outcome of a chain: Frequency outcome
of a chain depends on the input frequency, as well as
the frequency parameters of the nodes on the chain,

freq(ρ) = Rf,ρ × fin + Ff,ρ.

Resource consumption of a chain: Unlike the
above self-dependant attributes, the resource consump-
tion of a chain depends on the object sizes in addition
to the resource consumption weights of the nodes on
the chain, i.e. resource consumption is size-dependent,

res(ρ) = Rr,ρ × sin + Fr,ρ.



res(τ) =

res(c0)+ res(c1)+

res(c2)+ res(c3)+

res(c4)

=


(1.0)︸︷︷︸

sin,0

×Rr,ρ0 + Fr,ρ0


 +


(1.0)︸︷︷︸

sin,1

×Rr,ρ1 + Fr,ρ1


 +


(1.0)︸︷︷︸

sin,2

×Rr,ρ2 + Fr,ρ2


 +


(Rs,ρ0 + Fs,ρ0 + Rs,ρ1 + Fs,ρ1 )︸ ︷︷ ︸

sin,3=sout,0+sout,1

×Rr,ρ3 + Fr,ρ3


 +


((Rs,ρ0 + Fs,ρ0 + Rs,ρ1 + Fs,ρ1 )× Rs,ρ3 + Fs,ρ3 + Rs,ρ2 + Fs,ρ2 )︸ ︷︷ ︸

sin,4=sout,3+sout,2

×Rr,ρ4 + Fr,ρ4




Figure 5. Resource usage of the example flow tree, τ , in Figure 6

Delay of a chain: Similar to resource consumption,
the delay of a chain depends on the object sizes. Thus,

del(ρ) = Rd,ρ × sin + Fd,ρ.

delay is size dependent.
For maximum-precision chain routing problem,

the condition that enables Dijkstra-like optimiza-
tions hold and there exists an O(E) greedy optimal al-
gorithm. The maximum/minimum-frequency and
maximum/minimum-size routing problems are simi-
lar and can be solved very efficiently.

Resource and delay requirements of chain workflows,
on the other hand, depend on the sizes of the objects ar-
riving at the nodes of the workflow. Objects may be fil-
tered and fused, and object characteristics change de-
pending on the workflow paths they follow. Among the
variety of object characteristics we have to account for
the size changes and their effects on resource consump-
tion and delay. Optimal solutions to these single-sensor,
single-actuator workflow problems require expensive
non-linear mixed-integer programming (NLMIP). In [1]
we have shown that carefully designed heuristic solu-
tions can provide very-close to (within 1 − 2% of) the
optimal solutions in real-time.

4. Resource-adaptive Routing in Tree
Workflows

In this section, we discuss optimization of tree-
structured (multi-sensor, single-actuator) workflows.
We use T to denote tree workflows. We represent a
tree workflow, T , in the form of a number of chains, Ci

that are connected to each other in a hierarchical fash-
ion (Figure 6). Consequently, a flow, τ , on a given tree
workflow, T , is a tree that is composed of paths (ρis)
contributed by the individual chains (Cis). Most short-
est path algorithms, like Dijkstra’s shortest path algo-
rithm, rely on the observation that “each subpath of a

C2

C1

C0

C3

C4

Figure 6. A tree workflow with multiple sensors,
filter and fusion operators, and a single actuator

shortest path is a shortest subpath” and use this ob-
servation to eliminate non-promising paths. Unfortu-
nately this condition does not always hold for the var-
ious behaviors of the qStream . For example, given the
flow tree τ on the chain tree in Figure 6, we can com-
pute its total resource usage res(τ) as shown in Fig-
ure 5. Here, each ρi corresponds to a path on the cor-
responding chain Ci. The paths ρ0 . . . , ρ4 form the tree
τ . The figure shows that to choose a path, ρi, with
the smallest resource consumption for a given chain,
Ci, one needs to know the sizes of the input objects,
which could depend on the paths followed by the indi-
vidual objects before reaching the chain Ci. An optimal
solution to this problem requires expensive NLMIP.

Let us reconsider the chain, C4, in the above example
and assume that we have already calculated the max-
imum (sin,4,max) and minimum (sin,4,min) possible in-
put object sizes to this chain. qStream would adapt the
behavior of this chain to the size of the input. Let us de-
note the path parameters qStream would choose when
provided with the largest objects, Rr,ρmax

4
and Fr,ρmax

4
,

for the worst-case scenario. Let us denote the param-
eters it would choose when provided with the smallest
objects, Rr,ρmin

4
and Fr,ρmin

4
, for the best-case scenario.
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Low resource routing algorithm in tree workflows.

• Input: A directed acyclic graph G(V, E, l) corresponding to a tree

1. Gc(V c, Ec) = chain tree(G)

2. Grc(V rc, Erc) = reverse topologic sort(Gc)

3. for all (Ci ∈ V rc) do

(a) smin is the minimum possible size of the input to chain Ci

(b) smax is the maximum possible size of the input to chain Ci

(c) ρ′ = low resource path(Ci, smax)

(d) ρ′′ = low resource path(Ci, smin)

(e) calculate exp(∆Y,X)

(f) if exp(∆Y,X) ≥ 0 then path[i] = ρ′

(g) else path[i] = ρ′′

4. Return the resulting paths for each chain in Gc(V c, Ec)

(b)

Figure 7. (a) Best-/worst-case bounding of re-
sourceusageat a chainby theminimumandmax-
imum input sizes and (b) Low resource routing

These worst- and best-case scenarios are depicted as
two lines on the resource/size graph in Figure 7(a):

• Worst-case resource consumption on C4: Given
these, we can compute the worst case resource con-
sumption of the chain C4 as

res(ρmax
4 ) = sin,4,max ×Rr,ρmax

4
+ Fr,ρmax

4
,

where ρmax
4 is the path followed if the input size

is equal to sin,4,max. Then, for any feasible input
size sin,4, it follows that

res(ρmax
4 ) ≥ sin,4 ×Rr,ρmax

4
+ Fr,ρmax

4
.

In Figure 7(a), the righthand side of this inequal-
ity is denoted as point X.

• Best-case resource consumption on C4: Similarly, if
we consider the best case resource consumption of
C4, we can see that

res(ρmin
4 ) ≤ sin,4 ×Rr,ρmin

4
+ Fr,ρmin

4

In Figure 7(a), the righthand side of this inequal-
ity is denoted as point Y .

Therefore, given an optimal resource usage plan for the
entire tree, the resource usage res(ρ4) of chain C4 on
this tree must satisfy the following condition:

res(ρmin
4 ) ≤ res(ρ4) ≤ Y, X ≤ res(ρmax

4 )

Using this inequality, we can define the amounts of er-
ror that would be caused if we used paths ρmax

4 or ρmin
4

instead of ρ4 as

errY = Y − res(ρ4) and errX = X − res(ρ4)

Obviously, without actually having computed the opti-
mal tree yet and therefore not knowing the actual size
of the input to the chain, we can not directly calcu-
late errY or errX . However, if we closely look at the
error difference, ∆Y,X = errY − errX , we can see that

∆Y,X = errY − errX

= Y − res(ρ4)−X + res(ρ4) = Y −X

= sin,4 ×Rr,ρmin
4

+ Fr,ρmin
4−sin,4 ×Rr,ρmax

4
− Fr,ρmax

4

= sin,4 × (Rr,ρmin
4

−Rr,ρmax
4

) +
(Fr,ρmin

4
− Fr,ρmax

4
)

In the above, sin,4 denotes the size of the input object
to the chain C4 on the resource optimal tree. Since we
already know that any feasible input size must be be-
tween sin,4,min and sin,4,max, the expected difference
in error, exp(∆Y,X), can be calculated as

exp(∆Y,X) =
1

(sin,4,max − sin,4,min)

∫ sin,4,max

sin,4,min

(s×

(R
r,ρmin

4
− R

r,ρmin
4

) + (F
r,ρmin

4
− Fr,ρmax

4
)) δs

=
1

2
· (R

r,ρmin
4

− Rr,ρmax
4

)×
(sin,4,max − sin,4,min) + (F

r,ρmin
4

− Fr,ρmax
4

)

If exp(∆Y,X) ≥ 0, the expected error due to the
use of ρmin

4 (best-case) is greater than the expected er-
ror in using ρmax

4 (worst-case); therefore, substituting
ρ4 with ρmax

4 is more desirable. Otherwise, substitut-
ing ρ4 with ρmin

4 leads to a smaller expected error.
In Figure 7(b), we use this observation to develop an

O(V 2E) heuristic algorithm for low resource routing in
tree workflows. Low resource routing algorithm firstly
computes the minimum and maximum input sizes to all
chains. Then, for each chain, based on the correspond-
ing value of the expected error, exp(∆Y,X), it chooses
the appropriate execution plan.



5. Resource-adaptive Routing in Di-
rected Acyclic Workflows

In [24], we developed a resource-adaptive routing al-
gorithm for active networks. The algorithm in [24]
considers the largest (and smallest) cost change that
a unit increase in the size of an object being deliv-
ered through a given network node can cause and ap-
plies this in the edge relaxation policy to decide the
direction of routing. The strategy is analogous to the
steepest decent search method in a continuous solu-
tion space. In this section, we built on this obervation
to develop a resource-adaptive routing scheme for di-
rected acyclic (DA) workflows and extended the stat-
egy by computing an upper bound and a lower bound.

First, given a unit size of object generated at each
sensor, the largest and smallest input object sizes that
an intermediate node can expect are calculated respec-
tively at each node in the workflow. We label the largest
and smallest input object sizes of node i as smax

i and
smin

i . We then compute the resources consumed at each
intermediate node in the workflow for both, smax

i and
smin

i , respectively. The smallest and largest object size
estimate break the dependency on the traversed path
for the calculation of the resource consumption at each
node in the workflow. Thus, we can compute the lower-
and upper-bounds on the total resource consumption
of the workflow using these estimates.

Unlike the tree-networks, in general directed acyclic
workflows, nodes can multiplex the output objects to
several receiving nodes. Furthermore, in ARIA, their
destination nodes can have different levels of Quality
of Service requirements on their outputs (Figure 8).
To deal with the resulting complexity, we decompose
the routing problem into a set of sub-workflows where
only one actuator is present in the sub-workflows; each
sub-workflows is a multi-sensor, single-actuator tree as
discussed in the previous section. Thus, for each sub-
workflow, the upper bound and lower bound of re-
source consumption of a sub-workflow can be calcu-
lated as discussed earlier and the corresponding behav-
ior is marked. Next, for each sub-workflow, nodes of a
sub-workflow are traversed in a topological order and
the differences between the resource consumption us-
ing the actual input object size and the pre-computed
bounds are calculated. Similar to the tree optimiza-
tion algorithm in Section 4, the behavior which corre-
sponds to the bound with the smaller difference is se-
lected. At the end of the step, for each node, we sum up
its resource consumption. Finally, we identify the most
costly actuator, fix paths for that actuator and visit all
actuators in the decreasing order of expected cost un-
til the paths to all actuators are taken.
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Figure 8. (a) a node with two behaviors and two
outputs; (b) the visual representationof thenode

6. Experimental Evaluation

For our evaluating the efficiency and effectiveness of
these algorithms, we created data sets corresponding
to various qStream tree workflows:

Experimental Workflow Properties

Chain length 2. . . 50 nodes
Tree depth 2. . . 6

Avg. Tree fanout 1.5. . . 3
Number of behaviors per node 2. . . 4

Precision weight 0.5. . . 1.0
Size weight 0.2. . . 2.0

Resource weight 1.0. . . 10.0
Delay weight 1.0. . . 10.0

In order to observe and interpret the performance of
the proposed optimization mechanisms, in addition to
our heuristics, we used two alternative optimization ap-
proaches for comparisons: NLMIP using LINGO opti-
mization software and bruteforce enumeration of all al-
ternatives. The bruteforce enumeration enabled us to
obtain not only the best solution, but also the worst
and average solutions, allowing us to observe the rel-
ative performance of our techniques while NLMIP en-
abled the comparison for larger workflows.

To analyze the performance of the resource-adaptive
routing algorithm in DA workflows, we modified the
random network generator in [27]. The modified net-
work generator starts with a chain of n nodes, ran-
domly adds and removes arcs provided the graph is
still acyclic and connected. For the purpose of the per-
formance comparison, we varied the number of nodes,
n, in the staring chain to create various qStream DA
workflows. We formulated Non-linear Integer Program-
ming Models in LINGO to compare the relative perfor-
mance of our algorithms with the results that Multi-
start Solver and Global Solver of LINGO generated.
Multistart(5) restarts the LINGO built-in heuristic al-
gorithm 5 times from different initial points and takes
the best result as the optimization solution. LINGO’s
Global solver takes use of range bounding and range re-
duction techniques within a branch-and-bound frame-
work to find global solutions. The algorithms were im-
plemented in Java and ran on Redhat 7.2 Linux work-
stations, with 1 GB RAM, 1.8 GHz processor. LINGO
with Nonlinear Global Solver was installed on a Win-
dows PC, with 256 MB RAM, 2.0 GHz processor.



• NLMIP1ST stands for
the 1st local optima
for the NLMIP; i.e.
the graphs in this fig-
ure reports the 1st

local optima for the
NLMIP.

• D stands for the tree
depth.

• F stands for the aver-
age fanout.

• L stands for the chain
length.

• Bruteforce results are
omitted where execu-
tions took more than a
day.

(a) (b)

(c) (d)
Figure 9. (a,b) resource routing algs on tree and directed acyclic workflowmultiple orders faster thanNLMIP
and (c,d) provide near optimal (within 1-2%) results.

6.1. Efficiency Analysis

Resource Routing in Tree Workflows: Obviously
the bruteforce approach did not scale beyond exceed-
ingly small workflows. For larger workflows, we solved
the non-linear mixed integer formulation of the prob-
lem and thus were able to make comparisons against
the optimal solutions. However, NLMIP did not scale
well either. For instance, for a tree of depth 4, average
fanout 2, and chain length 10, the global resource opti-
mum was achieved in 33 seconds and the global delay
optimum was achieved in 23 seconds using LINGO. For
larger workflows, global optimum took anywhere be-
tween tens of minutes (45 mins 3 seconds for a tree with
5 depth, 2 average fanout, and chain length 10) to many
hours, in contrast to less than a second required by our
heuristic. Therefore, while generating the NLMIP solu-
tions for comparison, in tree experiments, we settled for
the first solution (most of the time a local optimum) found
byLINGO. This took anywhere from 30 minutes to sev-
eral hours to execute, still unusable in real settings, but
significantly faster than bruteforce optimization as well
as finding the global optimal of NLMIP problems. As
Figure 9(a) shows, the qStream algorithms are multi-
ple orders faster than the bruteforce and NLMIP.

Resource Routing in DA Workflows: In this ex-
periment we scaled the size of the experimental work-
flows. From Figure 9(b), we see that the resource-

adaptive routing algorithm presented in this paper ex-
ecutes within 100 ms for different sizes of workflows we
experimented. In contrast, the multistart and global
solver operated consistently three to four orders slower.
Figure 9(b) also include the optimization times re-
quired for a self-dependent attribute (precision). As
this figure shows, the proposed algorithm for resource
optimization operates on the same order as the time re-
quired for optimizing this self-dependent attribute.

6.2. Effectiveness Analysis

Resource Routing in Tree Workflows: Our re-
source routing algorithm in tree workflows is sub-
optimal. However, the results returned by our algo-
rithm were always within 2.0% of the optimal as shown
in Figure 9(c) and most of the time better than the
first local optima returned by LINGO. Whereas our al-
gorithm ran for less than 30ms for a workflow of depth
4, avg fanout 2, and chain length 10, the bruteforce al-
gorithm ran for more than 2hrs for the same configura-
tion, whereas NLMIP required 33 seconds. In general,
our algorithm returns near-optimal results and is mul-
tiple orders faster than both alternatives (Figure 9(a)).
Resource Routing in DA Workflows: Figure 9(d)
shows the resource costs of various algorithms. Solu-
tions returned by the propose algorithm is within 1-
2% to the optimal solutions that Global Solver gener-
ates. In contrast, a resource-agnostic optimizer could



cost a significantly higher resources as depicted by the
resource behavior of the precision optimizer.
Summary: The experiments, as depicted in Fig-
ures 9(a) through (d), showed that the proposed
heuristic algorithms work efficiently (under 100ms)
and effectively (within 1-2% to the optimal). They
scale better than other formulations of the same prob-
lem, yet, return almost optimal results within a
time-frame suitable for real-time system.

7. Conclusions and Future Work

ARIA is a media workflow architecture, designed
primarily for real-time interactive art applications.
ARIA operators filter various features from streamed
data, fuse, and map media streams onto output de-
vices. The nodes in the workflow correspond to adap-
tive computing elements. We focused on this adaptive
nature of the workflows and presented algorithms that
efficiently identify small-resource tree (multi-sensor,
single-actuator) and direct acyclic (multi-sensor, multi-
actuator) workflows. For future work we will investigate
the resource-adaptive routing with explicit quality con-
straints. To handle the quality constraints, we opt for
defining a penalty function to combine (1) minimiza-
tion of the resource consumption and (2) satisfaction
of the quality constraints. We will also develop quality-
adaptive runtime correction techniques which rely on
the presented heuristics. These complement the opti-
mizer by modifying plans at runtime.
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