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Abstract—The emergence of delay sensitive and computationally demanding data analytic applications has burdened the
core network with huge data transfers and increased computation load. Furthermore, the increasing number of Internet
of Things deployments rely significantly on the execution of
such applications. We propose an architecture where devices
collaboratively execute data analytic tasks in order to improve
their execution delay and accuracy. This is possible by exploiting
the aggregate computation capabilities of the abundance of small
devices. We design an optimization framework where the nodes
decide where their data analytic tasks will be executed, in order
to jointly optimize their average execution delay and accuracy,
while respecting power consumption constraints. We propose
a distributed dual ascent solution to the formulated convex
problem, so that the nodes can make the outsourcing decisions
by exchanging local information. The results indicate that the
nodes can achieve better performance when collaborating than
when they locally compute the tasks, depending on the network
load.

I.

I NTRODUCTION

A. Background
The Internet of Things (IoT) aspires to deliver a new set of
services by integrating large numbers of heterogeneous devices
in proximity with the end-users [1]. Among the most promising
IoT services are those which collect and process data in order
to make some type of inference or decision, often in real time.
Indeed, today we see an increasing number of IoT scenarios
that involve data analytics [2]. From interconnected sensors
which detect various events or system operation anomalies,
to IoT cameras performing face recognition or any other
machine learning task, there is a plethora of suggestions (even
deployments) for IoT-based analytics.
These services are as challenging to implement as they are
important. On one hand, they create a huge amount of data
that is very costly to transport to distant cloud servers where
the analytics can be effectively executed. Large portions of this
collected data is ephemeral with negligible payload and should
ideally be filtered at the edge [2], [3]. On the other hand, these
services require heavy-duty computing, and most often prior
information that might require preprocessing and significant
memory space (e.g., a large training dataset is needed for face
recognition apps). Hence, implementing them at the IoT nodes,
which are usually energy-constrained with limited computation
capabilities, might induce significant performance degradation,
e.g., low accuracy or high error rate.
A strong candidate solution for this problem is to leverage
resources that are available at the edge, namely at nearby IoT
devices or even at small edge servers (Fig. 1a), a concept
also known as fog computing [2], [3]. For example, an IoT

camera that performs face recognition, could transmit some of
the captured pictures to another camera in range, in order to
expedite the task execution or improve its accuracy (if the other
camera has, say, a larger training dataset). This approach comes
with several advantages: it is scalable, reduces data transfer
costs and task completion times, satisfies privacy criteria since
the data is not transferred to the cloud, and so on.
Nevertheless, enabling a group of resource-limited IoT
devices to jointly execute their analytic tasks is an intricate
goal [4]. Some devices might be able to execute certain
functions with higher accuracy, but might not have enough
computation resources to support all nearby devices. It is
therefore difficult to decide where to execute the tasks, even
more since their execution is often delay-sensitive. Clearly,
there is here an inherent trade off between accuracy and task
execution delay. On top of that, the IoT nodes usually have
limited communication capabilities, e.g., small transmission
range, and tight energy constraints (average power limitations).
Hence, they need to wisely decide how to allocate their power
budget among computations, data collection and transmissions.
Our goal in this work is to address the above challenges
by designing a framework for the collaboration of energyconstrained IoT devices which jointly optimize the execution
delay and accuracy of their analytic tasks.
B. Related Work
Mobile computation offloading. Existing mobile cloud
offloading frameworks partition demanding mobile apps and
offload tasks to the cloud [5], [6]. These techniques however
cannot easily support real-time applications due to large delays
between the users’ devices and the cloud. Cloudlets reduce
delay by bringing server infrastructure at the network edge,
closer to mobile and IoT devices [2], [7], [8]. Such solutions
however need to be pre-deployed in locations where a specific
real-time application is needed. In contrast, we consider a
collaborative computing model where proximal IoT devices
can spontaneously execute data analytics.
Distributed collaborative mobile computing. Another
class of solutions relies on collaborative execution of the
tasks. Misco [9], and CWC [10] implement frameworks for
parallel task execution on phones, catering to MapReduce-like
batch processing models rather than tasks modeled as data
streams. On the other hand, MobiStreams [11], Swing [12]
and [13] enable collaborative computations on data streams.
Nevertheless, these systems either do not optimize the task
distribution [11], or use heuristic policies that do not cater
for energy consumption or execution accuracy [12], [13].

Serendipity [14] focuses on distributed computing in mobile
networks with intermittent connectivity, and proposes a greedy
task allocation scheme to minimize completion time. However,
it does not take into account accuracy or energy constraints,
and does not provide optimality guarantees. Contrary to these
important prior works, we introduce a multi-objective (for
delay and accuracy) optimization framework and devise a
provably-optimal cooperation policy.
Energy-aware Solutions. Energy constraints in IoT systems are very important and several prior works have proposed solutions for reducing their power consumption. In [15],
for example, the authors propose a dynamic algorithm that
minimizes energy costs by leveraging green energy sources;
and similarly, [16] and [17] propose cooperative solutions
that reduce energy costs. Contrary to our approach, these
prior works do not consider data analytics (and the respective
collaboration constraints) nor minimize the task execution
delay. On the other hand, [8] decides the task offloading based
on delay only, but does not account for the power consumption
or the execution accuracy, which perhaps is the most important
factor for such services.
C. Contributions
In this work, we introduce an optimization framework for
devising a data analytic task execution policy in an energyconstrained IoT environment. Our policy determines how the
tasks of each node are distributed to the network for execution
to obtain optimal performance. The framework allows the
policy designer to balance execution time and accuracy, based
on the system’s priorities (or, mission). Our model is detailed:
it captures transmission and reception energy costs that might
vary across nodes; caters for the inherent heterogeneity in link
capacities; and uses a generic model for the task execution
accuracy that covers a rich set of data analytic scenarios. We
place emphasis on delay, which is apparently very crucial for
this problem, and use a load-dependent delay metric, instead
of average constant delay parameters.
In order to solve the resulting challenging mathematical
program, we rely on Lagrange duality which effectively decomposes it to a set of subproblems (one per node). Furthermore, we use a primal-dual algorithm to allow the coordination
of these subproblems in a distributed and scalable fashion.
Indeed, we prove that our solution finds the optimal cooperation policy with minimal exchange of messages, involving
only one-hop neighbours. Finally, we conduct a trace-driven
evaluation of our solution, using measurements from a small
testbed of Raspberry Pi 3 devices which run a Java-based face
recognition app. Our experimental analysis reveals the potential benefits of such cooperative IoT solutions, and provides
interesting insights for the arising trade offs. The contributions
of this work can be summarized as follows:
•

We introduce the problem of jointly optimizing the
average execution delay and accuracy of data analytic
tasks in IoT networks. Our model is generic in the
sense that it captures a variety of network parameters.

•

Our analytical multi-objective framework enables the
designer to prioritize one objective over the other,
based on the system’s requirements.

•

We design a scalable algorithm for solving the problem in a distributed fashion. Our algorithm requires

minimal exchange of messages among only neighbouring nodes to converge to the optimal solution.
•

We conduct an extensive trace-driven evaluation of our
optimization framework, showing that the collaborative solution can be up to 60% faster and 23% more
accurate than local task execution.

The rest of this paper is organized as follows. In Sec. II
we introduce the system model and state formally the problem.
In Sec. III we formulate and solve the optimization problem
using a novel distributed algorithm. In Sec. IV we present an
experimentally-driven evaluation of the proposed system and
solution, and we conclude in Sec. V.
II. S YSTEM M ODEL AND P ROBLEM S TATEMENT
A. System Model
Network. We consider a wireless IoT network represented
by a directed graph G = (N , L) of N nodes and L links. The
nodes are IoT devices of low resource footprint. We assume
they are equipped with half-duplex radios, hence each node
can transmit to, or receive from at most one other node at each
time instance. They also operate with existing IoT technologies
such as Wi-Fi, Bluetooth or ZigBee. Each link li,j ∈ L, if node
j is within communication range of node i. All nodes within
range of node i, including i, are called its neighbours and
are denoted by the set N(i) , which contains Ni nodes. Each
link li,j is characterized by its average capacity ci,j measured
in bits/s. We assume that ci,j is measured by higher layer
capacity estimation mechanisms [18] and accounts for channel
fluctuations on the link, and MAC layer scheduling1 .
Each link li,j is characterized by its average (Tx/Rx) energy
consumption eti,j (ci,j ), eri,j (ci,j ) measured in Joules/bit, for
transmission and reception respectively. We assume that energy
consumption is dominated by the transmission at node i over
(the attenuated) reception at node j. In general, energy consumption depends on the link capacity ci,j since it is affected
by the channel quality and the transmitters’ bit rate [19]. We
assume that the nodes experience a certain average bit rate
with each of their neighbours and, for simplicity, use eti,j and
eri,j do denote the resulting energy consumption. We consider
the general case where ci,j 6= cj,i , eti,j 6= etj,i , eri,j 6= erj,i since
nodes i and j may have different wireless adapters.
Computing and Data Analytics. We assume that NT ⊆
N is a subset of the network nodes that need to execute
computationally intensive data analytic tasks. The tasks may
correspond to two types of compute models. In a data stream
processing model the tasks are data (e.g., images) that are sent
to operator function modules (e.g., face recognition) deployed
at the nodes. Alternatively, in a SPARK/MapReduce model
the tasks may consist of operators that are sent to process data
deployed at the nodes. Our model captures both scenarios.
Each node i ∈ NT generates tasks for processing at a
rate of λi tasks/sec. The tasks generated by each node i,
are characterized by the amount of average input data Si in
1 Our focus is on data analytic task scheduling techniques at higher layers
that are MAC agnostic. Optimizing MAC scheduling for IoT systems is an
orthogonal problem that is beyond the scope of this paper.
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Fig. 1: (a) The IoT environment where devices have embedded different types of sensors. The computationally demanding applications that arise in such
scenarios can be efficiently handled in the fog level by exploiting the increasing computing capabilities of the devices. (b) Example of network graph where
the nodes with data analytic task arrivals are highlighted with blue color. (c) Network graph representation, where i and j’s optimal decisions regarding (i)
execution delay and (ii) execution accuracy, are highlighted with red and green for i and j respectively. Optimizing delays and execution accuracies may result
to different (in case of i) or similar (in case of j) execution decisions.

bits.2 Each node j ∈ N requires a number of ρj cycles to
execute each task, depending on the algorithm it uses, based
on its CPU frequency hj . For example, in a face recognition
application, node i is a camera that captures images of size Si
with an average rate of λi images/sec, and computing node j
uses a specific recognition algorithm that yields a processing
capacity of hj /ρj tasks/sec. Combining the task arrival rate
with its input size, we define each node’s data generation rate
Ri = Si λi (b/s). Furthermore, each node j has an average
power budget of Pj Watts, which can be used for processing
or data transfers. Such power budgets arise in IoT networks
that employ energy harvesting mechanisms [17] or comprise
small form-factor power-constrained devices. In addition, the
nodes have energy requirement when performing computations
ecj (Joules/cycle). An annotated view of the model is depicted
in Fig. 1b.
Each data analytic task has a metric that determines the
quality of its outcome. In this paper we focus on machine
learning and predictive analytic tasks where the metric is the
accuracy of the prediction. The output accuracy of the data
analytic tasks depends on the executing node. We define by
wi,j ∈ [0, 1], ∀i ∈ NT , j ∈ N(i) the normalized output accuracy of node j when it executes a data analytic task requested
by i. Consequently, when node i executes locally its own tasks,
the execution accuracy is denoted by wi,i , ∀i ∈ NT . Thus
the notation wi,j is used to implicitly express j’s efficiency
to execute i’s tasks, and not j’s efficiency in general. In a
face recognition application for example, the nodes can use
different classifiers or different training data sets [20], which
will yield different execution accuracy in the classification task.
Note that our model is very generic as it allows performance
to depend on the node that generated the tasks, e.g. the image
resolution or the surrounding environment of the capturing
camera-node may impact the accuracy of the classification.
2 We assume that task properties are node-specific, e.g., in a face recognition
application it is the camera configuration of each node that determines the
size of the captured frames. However, our model can be directly extended to
include a set of task classes, each one with different data sizes, computation
load, and arrival rate.

B. Problem Statement
We design our system with the aim to devise a data analytic
policy which will: a) minimize the overall execution delay,
and b) maximize each node’s average task execution accuracy.
To this end, we formulate a rigorous mathematical program
with a multi-objective optimization metric, that respects power
budget, link and computation capacities in the IoT network.
The solution of this problem determines the portion of tasks
that the nodes will outsource to each of their neighbours. This
is an interesting problem where several trade offs arise.
The reasons that outsourcing can improve the overall
performance are multiple. The tasks arriving at the nodes can
be too demanding with respect to the required computational
capacity to be supported by their power budgets. In addition, these neighbouring nodes may be more specialized in
executing these tasks, so outsourcing can increase execution
accuracy. The additional communication delay when choosing
to execute at another node can be large, however there can be
some neighbouring nodes with large link capacity and powerful
processing speed that can render outsourcing faster than localonly execution.
It is interesting to note that minimizing the execution delay
and maximizing execution accuracy are not necessarily conflicting objectives. In some cases decreasing delays by routing
tasks to good channel quality neighbours can lead to increasing
execution accuracy, namely if the selected neighbours are very
good at executing the requested tasks. In other cases however,
it is impossible to optimize one criterion without degrading
the other. The latter cases are obviously more interesting, since
the produced solution will be determined by the importance of
each objective.
To further illustrate the above, consider a representation of
the network graph where task requesting nodes included in NT
are on one side and are connected to all the other nodes in N
based on (i) average delay and (ii) average execution accuracy
(Fig. 1c). For j, no matter how important each single objective
is, the ideal decision is to outsource. In i’s case however,
local execution is better in terms of delay minimization, but

executing at k is optimal regarding execution accuracy. In this
case, the routing decision will be significantly affected by the
relative priority of the two objectives.
III. P ROBLEM F ORMULATION AND S OLUTION
A. Problem Formulation
Let us define variable vector x = [xi,j ∈ [0, 1], ∀i ∈
NT , j ∈ N ]. Its values denote the execution policy of the
nodes so that xi,j represents the portion of tasks a node i
outsources to some neighbouring node j. As a result, xi,i
denotes local execution. In addition, we define a sub-vector
of x as xi = [xi,1 , xi,2 , . . . xi,N ] ∀i ∈ N , where N = |N |
that contains the execution policy variables related to node i.
The average execution delay per task involves two parameters,
i.e., the communication delay for input/output data transfer and
the computation delay.
In our analysis we consider load-dependent queuing and
fixed transmission delays. Namely, the queuing delay dQ
i,j is:
dQ
i,j

=

Si
, ∀ i ∈ NT , j ∈ N
− xi,j Ri

ci,j

(1)

as a result of Little’s theorem and assuming that the tasks
arrive in M/M/1 queues and experience a load dependent
delay. Transmission delay dTi,j is given by:
dTi,j =

Si
, ∀ i ∈ NT , j ∈ N
ci,j

(2)

Since the output of the execution is much smaller in size than
the input, it is omitted from (2) for simplicity. For instance in
a face recognition application, the input size (photo) is in the
order of a few MBytes while the result can be a few Bytes.
The task execution delay in node j is given by:
dC
j =

1
hj
ρj

−

P

k∈N(j)

xk,j λk

∀j∈N

matrix is positive semi-definite, provided that the transmission
and execution queues are stable. Instead of directly maximizing
the accuracy, we use a convex utility approach for two main
reasons. First we capture the diminishing returns effect that
naturally arises in such systems. Namely, a certain improvement in accuracy is more important if the accuracy is low
compared to the case that it is already high enough. The same
holds for the delay since it is a convex function, in the sense
that a certain delay deterioration is more negative/impactful
if the delay is already high. Moreover, by using such utility
for the accuracy we ensure a balanced dispersion of the
collaboration benefits across the IoT nodes, satisfying this way
a fairness criterion. In particular a fairness utility commonly
used in network utility maximization is the a-fairness function
[21]. Such function is the logarithmic, which we apply to
the average execution accuracy, and by using its convex form
− log Wi (xi ) we formulate the objective function as a sum of
the two objectives:
Ui (x) = βDi (x) − γ log Wi (xi ), ∀i ∈ NT

where β, γ are balancing parameters between the two objectives. For the balancing parameters we follow a scalarization
approach where certain weights are assigned to the two objectives that we have. This ensures that the obtained solution is
aligned with the priorities of the designer (delay or accuracy)
and in any case they will be Pareto optimal [22, Sec. 4.7].
Regarding the total power consumption for any given node
j ∈ N we define the following:
X
c
pC
(7)
xi,j λi ,
j (x) = ej ρj
i∈N(j)

pTj (x) =

X

etj,i xj,i Rj ,

pR
j (x) =

We follow the same M/M/1 queuing approach in modeling
the computation queuing delay at the nodes. The service and
arrival rates are the task execution and arrival rates for all the
neighbouring nodes that outsource tasks to some node j. The
queuing delay at each node j considers the task’s load and
the CPU speed at the executing node to produce the average
task execution rate of j. Notice how increasing variables xk,j
increases the task arrival rate, hence affecting apart i, all
of j’s neighbours as well. As the task arrival rate reaches
the execution rate, the queuing delay is infinite and the task
queue becomes unstable. The average total (communication
and computation) delay is then defined as:


X
C
xi,j dTi,j + dQ
(4)
Di (x) =
i,j + dj , ∀ i ∈ N .
j∈N(i)

Regarding the average computation accuracy of each node we
use the following definition:
X
Wi (xi ) =
(5)
xi,j wi,j , ∀i ∈ N .
j∈N(i)

The system’s goal is to minimize the analytics’ execution
delay and maximize their execution accuracy. We notice that
Di (x) is convex with xi,j , j ∈ N since the respective Hessian

X

erj,i xi,j Ri , (8)

i∈N(j)

i∈N(j)

(3)

(6)

T
R
where pC
j , pj and pj are the total power spent on computation,
transmission and reception by node j respectively. Consequently, the joint execution delay and accuracy optimization
problem is:
X
P1 : min
(9a)
Ui (x)
x
i∈NT

s.t. g1,j (x) =

X xj,i Rj
− 1 ≤ 0, ∀ j ∈ N ,
cj,i

(9b)

X xi,j Ri
− 1 ≤ 0, ∀ j ∈ N ,
ci,j

(9c)

i∈N(j)

g2,j (x) =

i∈N(j)

T
R
g3,j (x) = pC
j (x)+pj (x)+pj (x)−Pj ≤ 0, ∀j ∈ N
g4,i,j (x) = xi,j − 1 ≤ 0, ∀ i ∈ NT , j ∈ N ,
g5,i,j (x) = −xi,j ≤ 0, ∀ i ∈ NT , j ∈ N ,
X
hi (x) =
xi,j − 1 = 0, ∀ i ∈ NT .

(9d)
(9e)
(9f)
(9g)

j∈N(i)

Eq. (9b)-(9c) guarantee the flow feasibility communication
wise, i.e. they respect channel capacities [23]. The power
budget constraint for each node is given by (9d). Note that
it accounts for energy spent on both computation and communication. Finally, the sum of decision variables for each node
i, over all its neighbours must be equal to 1 according to (9g)
so that our routing policy is formed.

P1 is a convex yet challenging optimization problem. Note
that Ui (x) includes load-sensitive delay components and a
logarithm of a summation. Moreover, the outsourcing and
routing decisions of each node affect the resource consumption
of its neighbours and through them, that of further-distant
nodes. Thus, there is strong coupling among the decisions of
nodes both in the objective and in the constraint set. Finally,
often such IoT systems comprise hundreds of nodes, and their
large size renders the above challenges more pronounced.

the Lagrange multipliers associated with each node i, i.e. those
appearing in each node’s partial Lagrange function given by:
Li (xi , yi , µi , vi , κi ) = Ui (xi , yi )+
3 X


 X
X
µk,j gk,j (xi ) +
κi,j yi,j − xj,i +
k=1

j∈N

5 
X

X

k=4

j∈N

(14)


µk,i,j gk,i,j (xi ) + vi hi (xi )

j∈N

B. Problem Solution
In order to solve the problem, we rely on Lagrange duality
that allows the decoupling of P1 . Furthermore we define a
new set of auxiliary variables for each node i, which serve as
local copies of the decisions of the neighbors of j that affect
its operation. This facilitates the decoupling of the objectives
of the different nodes. Namely, we define variables yi,j , and
introduce the necessary constraints:
yi,j = xj,i , ∀lj,i ∈ L

(10)

which ensure the consistent operation of the system. This
transformation allows the scalable and distributed solution of
the problem, which is particularly important for large IoT
systems.
We first define the Lagrange function by relaxing all
constraints:
L(x, y, µ, v, κ) =

X

Ui (x, y) +

i∈NT

+

5 X X
X

k=4

+



µk,i,j gk,i,j (x) +

i∈N j∈N

XX



3 X
X

µk,j gk,j (x)

k=1

j∈N

X

vi hi (x)





i∈N j∈N

(11)
where µ, v and κ are the Lagrange multiplier vectors for
the inequality, equality and local variable copy constraints
respectively. y is defined as: y = [yi,j , ∀i ∈ N , j ∈ NT ]
The dual problem is then defined as:
max ψ(µ, v, κ) = inf L(x, y, µ, v, κ)
x
µ ≥ 0, v , κ

(xi t , yi t ) = arg min Li (xi , yi , µi t−1 , vi t−1 , κi t−1 ) (15a)
xi , y i
t
t−1
+ θt gjt ]+ ,
(15b)
µj = [µj
t
vj t = vj t−1 + θt htj , κti,j = κt−1
i,j + θ (yi,j − xj,i )

(15c)

where the superscript t indicates a variable’s value at the t-th
iteration and θt > 0 is the step size. Vectors gjt and htj contain
the values of (9b)-(9f) and (9g) respectively of the constraints
related to j, while [x]+ denotes that x = max{0, x}. Each
node i ∈ N can then evaluate xi ∗ , yi ∗ after receiving the
dual variable updates in an iterative process, which is briefly
described in Algorithm 1.
Algorithm 1 Distributed Collaborative Task Execution

i∈N

κi,j yi,j − xj,i

The dual ascent method consists of a minimization step,
where the Lagrangian (11) is minimized with respect to xi , yi
for some given µi , vi , κi . After that, the Lagrange multipliers
are updated using the solution obtained from the minimization
step and sent to the neighbouring nodes before repeating the
minimization step in an iterative way, until xi converges to its
optimal value xi ∗ . Formally we can write:

(12)

In order to solve (12), we follow a primal-dual decomposition
method that gradually converges to the optimal solution. In
each iteration, a gradient method is used to obtain improved
values for the dual variables, and then use them to calculate
the current gradient through the minimization of (11).
First, we observe that the dual problem has a separable
structure and hence it favours a distributed solution. The latter
is beneficial since it is scalable and requires only minimal
circulation of coordination messages. Namely each node i ∈
NT can optimize xi , yi , so the Lagrangian is written as a sum
of partial Lagrangians Li over all nodes i ∈ NT such that:
X
Li (xi , yi , µi , vi , κi )
(13)
L(x, y, µ, v, κ) =
i∈N

where yi is defined as: yi = [yi,1 , yi,2 , . . . yi,N ] ∀i ∈ N .
µi , v i and κi are sub-vectors of µ, v and κ that only contain

Input: N , NT , β, γ, θ, µ0i , vi0 , κ0i
repeat
for each node i ∈ NT do
t←t+1
(xti , yit ) ← arg minxi ,yi Li (xi , yi , µt−1
, vit−1 , κt−1
)
i
i
t
Transmit xi to neighbours
end for
for each node j ∈ N do
Update µtj , vjt , κtj,i by using (15b), (15c)
10:
Transmit µtj , vjt , κtj,i to neighbours
11:
end for
t−1
12: until ||xti − xi
|| ≤ ǫ
1:
2:
3:
4:
5:
6:
7:
8:
9:

The algorithm’s input is the number of nodes, the balancing parameters, the step size and the initial values for
the Lagrange multipliers, all considered known to each node.
The step size is chosen as a sufficiently small positive value
to allow the algorithm to converge. Steps 2-12 describe the
distributed iterative process of converging to the optimal x∗i .
Each node i ∈ NT evaluates xi , y i (step 5), and transmits
xi to its neighbors, so they update their associated Lagrange
multipliers (step 9) and send them to their neighbours (step
10) so that a new iteration can commence. Termination of the
algorithm is achieved at some iteration t, for which it holds
|| ≤ ǫ, ∀i ∈ NT , where ǫ is a small positive,
that ||xti − xt−1
i
close to 0 value (step 12).
Proposition 3.1: Algorithm 1 solves problem P1 and converges to the optimal solution in a finite number of steps.

P ERFORMANCE E VALUATION

In this section we evaluate the performance of the proposed
system and the associated algorithm devised to obtain optimal
task outsourcing. We first describe the simulation setup, and
then conduct a sensitivity analysis for selected key parameters of our model. Finally, we demonstrate the distributed
algorithm’s convergence and scalability properties for different
network sizes.
Evaluation Setup. In order to evaluate our algorithm for
relatively large network sizes,in our evaluation we use a custom simulator whose parameters are based on measurements
on a small testbed of Raspberry Pi 3 Model B devices.
We measure compute and Wi-Fi power consumption using
a digital multi-meter connected to the Pis. We measured
compute power consumption by stressing the CPU of each Pi3
using a methodology similar to [25]. Wi-Fi power consumption
was measured by sending iperf UDP traffic at different data
rates between two Pis connected with a 802.11g link in ad hoc
mode. The power measurements are used to determine eti,j , eri,j
and ecj parameters in our simulator (See Table I).
The Pis are running a face recognition application, implemented in Java OpenCV [12]. The application has a source
that generates frames from a video feed, detects faces in each
frame and compares found faces to a local database. We ran the
application locally at each Raspberry Pi and measured throughput and accuracy for three different image resolutions/sizes
Si (5, 8 and 32 KB) and classification algorithms (LBP,
Haar), when the source sends frames in backlogged mode.
Each classification algorithm corresponds to a different type
of executing node in our simulator that affects the required
cycles per task ρj .
We used Matlab R2015a in order to simulate the behavior
of the system, and obtain a solution for P1 . The IoT network
is created using a random geometric graph model that is appropriate for such ad hoc networks. Namely, we have randomly
placed the nodes in a 100m×100m area, assuming that they are
in communication range when their distance is less than 50m,
while their link capacities are calculated based on path loss
and Rayleigh Fading. For each experiment we present results
by averaging 100 simulations that differ in node locations.
3 Each

Pi has a 1.2 GHZ quad-core ARM Cortex A53 processor.

Parameter
N, NT

Value
25, 10

eti,j , eri,j

15-78, 5.5-38 nJ/b

ρj
ecj

52-889 Mcycles
0.2 nJ/cycle

Si
Pj
β, γ
λi

5-32 KB
0.4 W
0.5
1

TABLE I: Simulation parameters.
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0.2

0

0.2

0.4

0.6

0.8

1

70

Average execution accuracy (%)

IV.

Description
Number of nodes, Number of
nodes requesting tasks
Transmission and reception
energy consumption per bit
Number of cycles per task
Energy consumption per computation cycle
Data per task
Energy budget
Balancing parameters
Task arrival rate

Average execution delay (s)

Proof: The Dual Ascent method solves the Lagrangian
dual problem where the dual function is given in (12), by iteratively increasing the dual variables µ, v, κ towards maximizing
ψ(µ, v, κ). The maximum value of ψ(µ∗ , v ∗ , κ∗ ) = d∗
∗
provides a lower
P bound on the solution p of P1 . Since
the objective i∈NT Ui (xi , yi ) is strictly convex, if Slater’s
conditions apply strong duality holds so that d∗ = p∗ and
solving the dual problem, using steps (15a)-(15c), solves the
primal [22, Sec 5.3]. Algorithm 1 is the distributed implementation (dual decomposition) of the dual ascent method,
which has been shown to converge linearly to x∗ [24]. The
communication overhead from steps 6, 10 is upper bounded
by the maximum number of neighbours of each node, which is
at most N . In that case xi contains N variables, and the dual
vectors µ, v, κ contain 3+2N, 1 and N variables, respectively.
All together we get an exchange of M = 3(N + 1) + 1
variables, so the overhead is of O(N M ) order.

Fig. 2: The effect of balancing parameter β and γ = 1 − β on the task
execution time and task accuracy. Results are averaged for all nodes in each
network, and for 100 different random network instances.

Balancing parameters β, γ and objective correlation.
First we evaluate the impact of β and γ on the execution
delay and accuracy. As it is expected, when the ratio β/γ
is increased, the solution of P1 prioritizes delay (which is
reduced) over accuracy (which deteriorates). Fig. 2 quantifies
this effect, where we have averaged the delay and accuracy
for all nodes in 100 different random networks with the same
parameters except node location. We observe that when β
increases up to 0.4, the delay is reduced to less than 0.4 secs
(about 60% average improvement to β = 0), while for higher
β values this improvement is smaller (still monotonic). On
the other hand, the accuracy deteriorates with almost constant
rate, reduced down to 73% for the extreme case the system
gives full priority to delay (γ = 0, β = 1). Clearly, the exact
values of average delay and task accuracy as β/γ changes
depend also on the other system parameters shown in Table
I. Moreover, this trade off is largely shaped by the network
structure, in particular the properties of neighbouring nodes,
and it is important to understand this dependency.
To this end, we go a further step and use the Kendal rank
correlation coefficient [26] in order to predict, for a given
network, how steep this trade off curve will be. In detail, for
each node i ∈ NT we create two ordered lists of its neighbours,
ranking them according to delay (lower to higher) and accuracy
(higher to lower). In other words, the top-ranked node in the
delay list is the one that can execute node i’s tasks with the
lower delay, while the top-ranked node in the accuracy list
offers the highest accuracy. Then, for each node, we test for
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Fig. 3: Average network execution delay and accuracy for different levels of objective correlation in (a) and (b). The average gain in execution delay and
accuracy as a function of the task arrival load λ in (c) and (d). Power consumption of outsourcing and local execution approaches displayed in (e) and the
objective function at each algorithm iteration in (f).

all possible pairings between its neighbours, if they maintain
their order in the two lists or not and count the number of
concordant and discordant pairs. The Kendal rank correlation
coefficient for a node i with Ni neighbours is given by:
τi =

Pic − Pid
, ∀i ∈ NT
Ni (Ni − 1)/2

(16)

where Pic is the number of concordant pairs and Pid the number
of discordant pairs. Since Ni (Ni − 1)/2 is the number of
possible pairs it holds that: −1 ≤ τi ≤ 1 and averaging for all
i ∈ NT we can obtain a unique objective similarity index τ
for our network.
In Fig. 3(a-b) we depict the average execution delay and
accuracy (mean values for 100 instances) of the solution of P1 ,
when parameters wi,j are chosen so that τ ∈ {−1, 0, 1}. We
observe that when τ = −1, i.e., the objectives are conflicting,
the choice of β plays a significant role in the solution. For
β = 0 we get high delay and accuracy, while for β = 1 the
opposite. As the correlation of the objectives becomes stronger,
the impact of β becomes smaller. In the extreme case of τ = 1,
the objectives are fully correlated and optimizing with respect
to delay is roughly the same as optimizing with respect to
accuracy.
Impact of load on cooperation benefits. Next, we explore
the impact of the average task load λ on the cooperation delay
gain of the IoT network. The latter is defined as the average
task delay improvement (%) when the nodes collaborate based
on the policy of P1 , over when they execute the tasks locally.
In Fig. 3c we plot this gain for different values of λ, where we
have set λi = λ, ∀i ∈ NT . Note that in order to fairly compare
collaborative with local execution, we have considered a large

power budget (Pj = 1W, ∀j ∈ N ), so that neither mode (local
or collaborative) violates the power constraints in P1 .
There are some interesting observations here. First, note
that the gain is positive, since some nodes expedite their
tasks by outsourcing them to neighbours with high processing
power with which they are connected with high-capacity links.
For larger values of lambda however, the queuing delays
increase fast (due to congestion) and hence our policy sacrifices performance (lower delay gains) in order to satisfy the
power consumption constraints. Interestingly, in some cases,
the cooperation might increase the delay for some nodes
(negative delay gain) in order to achieve higher accuracy.
Similarly, in Fig. 3d we depict the cooperation accuracy
gain, defined as the average task accuracy when the nodes
collaborate, minus the average accuracy when all tasks are
executed locally. Hence, the gain is positive if collaborative
performance is better. We see again that there are important
cooperation gains (few outliers are present), which are reduced
for high load values (even by 20%).
These results show that even if the network is not energyconstrained, our algorithm has merit as it improves both the
average delay and accuracy. However, as the load increases,
the outsourcing of all tasks becomes very costly in terms of
energy or bandwidth overheads, hence the average gains are
reduced.
Outsourcing feasibility gains. Clearly, more often than
not, the nodes will have tighter energy budgets than assumed
above. In these cases, the cooperation among the nodes not
only increases the system’s performance, but also ensures
the completion of the tasks even if they arrive at a (high)

rate that cannot be supported by local-only execution. This
is demonstrated in Fig. 3e, where we have averaged results
over 100 network instances. We observe that for λ < 0.8 both
the outsourcing and the local execution solutions are feasible
(white area), but for higher loads local execution
exceeds
P
the nodes’ aggregate power allowance, i.e.,
Pi . When task
outsourcing is allowed however, all nodes in N contribute to
the power budget which increases and allows the support of
more tasks. Finally, it is interesting to note that the cooperative
solution consumes more energy than the local-only execution
(focus on the white area), as it tries to minimize the objective
of P1 by achieving lower delay and higher accuracy than local
solution.
Convergence of Algorithm 1. Finally, in Fig. 3f we
evaluate the convergence of the distributed Algorithm 1, using
4 different network sizes and a fixed step size. We observe
that the optimal solution is reached after few iterations, even
for large networks of N = 150 nodes, which verifies the
scalability properties of the algorithm. Furthermore, we see
that in practice, the algorithm achieves approximately 95% of
the optimal solution after only 25 iterations for all experiments.
V.

C ONCLUSION

In this work we studied how the collaborative execution
of data analytic tasks in an IoT network can increase its
performance. We formulated an optimization problem that
minimizes the task execution delay and maximizes their accuracy, while respecting the devices power constraints. The
proposed distributed algorithm converges fast, even for large
networks and increases the performance compared to the localonly task execution. Furthermore, the algorithm provides feasible solutions for high load cases that local execution cannot
support (due to lack of computation or energy resources). A
trace-driven evaluation showed that indeed there is need for
such cooperative solutions, and that the designer needs to
carefully tune the priority parameters, especially for networks
where delay and accuracy are conflicting.
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