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Optimal Energy Consumption for Communication,
Computation, Caching and Quality Guarantee
Faheem Zafari∗ , Jian Li∗ , Kin K. Leung, Don Towsley and Ananthram Swami

Abstract—Energy efficiency is a fundamental requirement of
modern data communication systems, and its importance is
reflected in much recent work on performance analysis of system
energy consumption. However, most work has only focused
on communication and computation costs without accounting
for data caching costs. Given the increasing interest in cache
networks, this is a serious deficiency. In this paper, we consider
the problem of energy consumption in data communication,
compression and caching (C3) with a quality-of-information
(QoI) guarantee in a communication network. Our goal is to
identify the optimal data compression rates and cache placement
over the network that minimizes the overall energy consumption
in the network. We formulate the problem as a Mixed Integer
Non-Linear Programming (MINLP) problem with non-convex
functions, which is NP-hard in general. We propose a variant
of the spatial branch and bound algorithm (V-SBB) that can
provide an -global optimal solution to the problem. By extensive
numerical experiments, we show that the C3 optimization framework improves the energy efficiency by up to 88% compared to
any optimization that only considers either communication and
caching or communication and computation. Furthermore, the
V-SBB technique provides comparatively better solution than
some other MINLP solvers at the cost of added computation
time.

I. I NTRODUCTION
The rapid growth of smart environments, and the advent
of Internet of Things (IoT) has led to the generation of
large amounts of data. It is a daunting task to transmit such
enormous volume of data through traditional networks due
to limited bandwidth and energy [1]. These data need to be
efficiently compressed, transmitted, and cached to satisfy the
Quality of Information (QoI) required by end users. In fact,
many wireless components operate on limited battery power
supply and are usually deployed in remote or inaccessible
areas, which necessitates the need for designs that can enhance
energy efficiency of the system with a QoI guarantee.
A particular example of a communication system that
requires high energy efficiency is wireless sensor network
(WSN). Consider a WSN with various types of sensors that
can generate enormous amount of data to serve end users. On
the one hand, data compression has been adopted to reduce
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Fig. 1. A general wireless sensor network.

data volume and thus transmission (communication) cost at
the expense of computation cost. On the other hand, caches
can be used as a means to reduce transmission costs and
access latency, thus enhancing QoI but at the expense of an
added caching cost. Hence, there exists a tradeoff in energy
consumption due to data communication, computation and
caching. This raises the question: what is the right balance
between compression and caching so as to minimize the total
energy consumption of the network?
In this paper, we study an optimization problem to determine the optimal data compression rates and data placement that minimize energy consumed by data compression,
communication and caching subject to a QoI guarantee in a
WSN. We formulate the problem as a Mixed Integer NonLinear Programming problem, which is NP-hard in general.
We propose a variant of the spatial branch and bound algorithm
that guarantees -global1 optimality. Each node has the ability
to compress and cache data subject to a finite cache storage
capacity. In particular, as shown in Figure 1, we assume that
only edge sensors generate data, and that there exists a single
sink node to collect and serve requests for the data generated
in this network.
Computation: Data aggregation [2], [3] is the process of
gathering data from multiple generators (e.g., sensors), compressing them to eliminate redundant information and then
providing the summarized information to end users. Since only
part of the original data is transmitted, data aggregation can
potentially conserve a large amount of energy. A common assumption in previous work is that energy required to compress
data is smaller than that for data transmission. Therefore, data
compression was considered a viable technique for reducing
energy consumption. However, it has been shown [4] that
computational energy costs can be substantial and may cause
1 -global optimality means the obtained solution is only a small value 
away from the global optimal solution.
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an increase in energy consumption if data are compressed
beyond a certain threshold. Hence, it is necessary to consider
both transmission and computation costs, and it is important
to characterize the trade-off between them [1].
Caching: Caches have been widely used in networks and distributed systems to improve performance by storing information locally, which reduces access latency and bandwidth requirements, and hence improves user experience. Content Distribution Networks (CDNs), Named Data Networks (NDNs)
and Content Centric Networks (CCNs) are important examples
of such systems. The fundamental idea behind caching is
to make information available at a location close to endusers where possible. Again, most previous work focused on
designing caching algorithms to enhance system performance
without considering the energy cost of caching. Caching can
reduce transmission energy by storing a local copy of the
data at or close to the requesting node, hence eliminating the
need for multiple transmissions from the source node to the
requesting node. However, caching itself can incur significant
energy costs [5]. Therefore, analyzing the impact of caching
on the overall energy consumption in the network (along with
data communication and compression) is critical to system
design.
Quality of Information (QoI): The QoI perceived by end users
is affected by many factors. In particular, the degree of the
data aggregation in a system is crucial for QoI. It has been
shown that data aggregation can deteriorate QoI in some
situations [6]. Thus an energy efficient design for appropriate
data aggregation with a guaranteed QoI is desirable.
We focus on a tree-structured sensor network where each
leaf node generates data, and compresses and transmits the
data to the sink node in the network, which serves the requests
for these data from devices outside this network. Examples of
such a setting are military sites, or wireless sensors, where a
large number of devices gather data, and must transmit the
gathered information to any device outside this network that
requires this information. The objective of our work is to
obtain optimal data compression rates at each node, and an
optimal data placement in the network for minimizing energy
consumption with QoI guarantee.
A. Organization and Main Results
Section I-B presents a review of relevant literature. In
Section II, we describe our system model in which nodes
are logically arranged as a tree. Each node receives and
compresses data from its children node(s). The compressed
data are transmitted and further compressed towards the sink
node. Each node can also cache the compressed data locally. In
Section III, we formulate the problem of energy-efficient data
compression, communication and caching with QoI constraint
as a MINLP problem with non-convex functions, which is
NP-hard in general. We then show that there exists an equivalent problem obtained through symbolic reformulation [7]
in Section IV, and propose a variant of the Spatial Branchand-Bound (V-SBB) algorithm to solve it. We show that our
proposed algorithm can achieve the -global optimality.
In Section V, we evaluate the performance of our optimization framework and show that caching combined with data

compression and communication can significantly improve the
energy efficiency of a sensor network. More importantly, we
observe that with the joint optimization of data communication, computation and caching (C3), energy efficiency can
be improved by as much as 88% compared to only optimizing communication and computation, or communication and
caching (C2). The improvement depends on the energy cost
model and parameters used in the model. While improvement
in energy efficiency is important, our framework helps to
characterize and analyze the enhancement in energy efficiency
for different network settings. Furthermore, our framework can
be used to obtain operation regions2 that provide heuristics.
We also evaluate the performance of the proposed V-SBB
algorithm through extensive numerical studies. In particular,
we make a thorough comparison with other MINLP solvers:
Bonmin [8], NOMAD [9], Matlab’s genetic algorithm (GA),
Baron [10], SCIP [11] and Antigone [12] under different
network scenarios. The results show that our algorithm can
achieve the -global optimality, and the achieved objective
function value is mostly better (we achieve a lower objective
function value for the minimization problem) than that of
stochastic algorithms such as NOMAD, GA, while it performs
comparably with deterministic algorithms such as Baron, Bonmin, SCIP and Antigone. Furthermore, our algorithm provides
a solution in varying network situations even when other
solvers such as Bonmin, and SCIP are not able to. We provide
concluding remarks in Section VI.

B. Related Work
To the best of our knowledge, there is no prior work that
jointly considers communication, computation, and caching
costs in distributed networks with a QoI guarantee for end
users.
Data Compression: Compression is a key operation in communication networks and has been supported by many dataparallel programming models [13]. For WSNs, data compression is often performed over a hierarchical topology to
improve communication energy efficiency [2], whereas we
focus on energy tradeoff between communication, computation
and caching.
Data Caching: Caching plays a significant role in many
systems, e.g., WSNs, microprocessor systems, CDNs etc.
There is a rich literature on the performance of caching in
terms of designing different caching algorithms, e.g., [14],
[15], and we do not attempt to provide an overview here.
However, none of these works considered the cost of caching,
which may be significant in some systems [5]. The recent
paper by Li et al. [16] is closest to the problem we tackle here.
There are two differences between our work and [16]. First, the
mathematical formulations are quite different and we consider
energy tradeoffs in C3 while [16] focused on C2. Second, we
can provide an -optimal solution to a MINLP problem while
[16] aimed at developing approximation algorithms.
2 Operation region characterizes the system performance with different
parameters. For example, how many requests for the data will result in the
data being cached rather than being transmitted multiple times?
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Fig. 2. Tree-Structured Network Model.

Energy Costs: While optimizing energy costs in wireless
sensor networks has been extensively studied [17], existing
work is concerned primarily with routing [18], MAC protocols
[17], and clustering [19]. With the growing deployment of
smart sensors [1], in-network data processing, such as data
aggregation, has been widely used as a mean of reducing system energy cost by reducing the data volume for transmission.
II. A NALYTICAL M ODEL
We represent the network as a directed graph G = (V, E).
For simplicity, we consider a tree, with N = |V | nodes, as
shown in Figure 2. Our framework can be generalized to a
general network topology, provided that routes between any
given pair of the source and requesting nodes are known.
Node v ∈ V is capable of storing Sv ≥ 0 amount of data. Let
K ⊆ V with K = |K| be the set of leaf nodes, and without
loss of generality, let K = {1, 2, · · · , K}. Time is partitioned
into periods of equal length T > 0 and data generated in
each period are independent of each other. Without loss of
generality (W.l.o.g.), we focus on one time period in the
remainder of the paper. We assume that only leaf nodes in K
generate data. All other nodes in the tree receive and compress
data from their children nodes, and either cache or transmit
the compressed data to their parent nodes during a period. Our
framework can be extended to allow any node besides leaf
nodes to be the data source at the cost of added notational
complexity.
Let yk be the amount of data generated by leaf node k ∈ K.
Data generated at leaf nodes are transmitted up along the tree
toward sink node s, which serves requests for data to the end
user. We define QoI as the total amount of data received at the
sink node. Let h(k) be the depth of node k in the tree: the sink
node is located at level h(s) = 0. We represent a path from
node k to the sink node as the unique path Hk of length h(k),
which is the sequence {hk0 , hk1 , · · · , hkh(k) } of nodes hkj ∈ V
such that (hkj , hkj+1 ) ∈ E, where hk0 , s (i.e., the sink node)
and hkh(k) , k (i.e., the node itself).
We denote the per-bit reception, transmission and compression costs at node v ∈ V as εvR , εvT , and εvC , respectively.
Each node hki along path Hk can compress the data generated by leaf node k with a data reduction rate δk,i , where
0 ≤ δk,i ≤ 1, ∀i, k. δk,i is the ratio of volume of output data

from a node to the ratio of volume of input data received by the
of output data
node from its children nodes, i.e., δk,i = VVolume
olume of input data .
Here the reduction rate characterizes the degree to which a
node compresses the received data, which plays an important
role for determining the QoI.
The larger the value of δk,i , the lower the compression will
be, and vice versa. The greater the degree of data compression,
the larger will be the amount of energy consumed by compression. During time period T , we assume that Rk requests are
made at sink s for data yk generated by leaf node k. Caching
data closer to the sink node can reduce the transmission cost
for serving the requests, however, each node only has finite
storage capacity. We study the trade-off among the energy
consumed at each node for transmitting, compression, and
caching data.
Denote the total energy consumption at node v as Ev ,
which consists of reception cost EvR , transmission cost EvT ,
computation cost EvC , and storage (caching) cost EvS ; it takes
the form
Ev = EvR + EvT + EvC + EvS ,
where EvR = yv εvR ,

EvT = yv εvT δv ,

EvC = yv εvC lv (δv ),

EvS = wca yv T.

(1)

In (1), lv (δv ) captures the energy cost of compression. The
above energy consumption models for data transmission, compression and caching have been used in the literature [1], [5],
[20] and are suitable for highlighting the energy consumption
in a communication network. However, our formulation can
be extended to incorporate other energy consumption models
as well. Energy consumption increases with the amount
of compression performed, hence we assume that lv (δv ) is
a continuous, decreasing, and differentiable function of the
reduction rate. One candidate function is lv (δv ) = 1/δv − 1
[1], [20]. Moreover, we consider an energy-proportional model
[5] for caching, i.e., EvS = wca yv T if the received data yv is
cached for a duration of T where wca represents the energy
efficiency of caching, which strongly depends on storage
hardware technology. W.l.o.g., wca is assumed to be identical
for all nodes. For simplicity, denote
f (δv ) = εvR + εvT δv + εvC lv (δv )

(2)

as the sum of per-bit reception, transmission and compression
cost at node v per unit time.
For simplicity, we assume that the number of requests for
data from node k is constant. We introduce caching variable
bk,i , which is one if data from node k is stored along the path
Hk at node hki , otherwise 0. We only allow data to be cached
at one node along the unique path between the leaf node and
root node. For ease of notation, we denote bk,h(k) as bk . Let
Cv denote the set of leaf nodes k ∈ K that are descendants of
node v. We also assume that the energy cost for searching for
data at different nodes in the network is negligible [1], [15].
For convenience, let fk,h(k) , fk and δk,h(k) , δk . Parameters
used throughout this paper are summarized in Table I.
III. E NERGY E FFICIENCY O PTIMIZATION
In this section, we first define the cost function in our model
and then formulate the optimization problem. Data produced
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Notation
yk
δk,v
γ
εvR
εvT
εvC
bk,v
Sv
wca
Rk
N
Cv
T
φu
L
R
φR,u
φR,l

wiR,l
wiR,u
j
wbc
wb
wb∇
bt
lft
Tbt
Tlft
NS

TABLE I
S UMMARY OF NOTATIONS
Description
number of data (bits) generated at node k
reduction rate at node v, is the ratio of amount of output data
to input data
the QoI threshold
per-bit reception cost of node v
per-bit transmission cost of node v
per-bit compression cost of node v
1 if node v caches the data from leaf node k; otherwise 0
storage capacity of node v
caching power efficiency
request rate for data from node k
total number of nodes in the network
set of leaf nodes that are descendants of node v
time length that data are cached
upper bound of the objective function
list of regions
any sub-region in L
upper bound on the objective function in subregion R
lower bound on the objective function in subregion R
difference between the upper and lower bound
lower bound on auxiliary variable wi in subregion R
upper bound on auxiliary variable wi in subregion R
j th candidate variable for branching
chosen branching variable
value at which the variable is branched
bilinear terms
linear fractional terms
set of bilinear terms (bt)
set of linear fractional terms (lft)
No Solution

1) times, which is captured by the first term in (4) and the
second term is 0. Otherwise, the Rk − 1 requests are served
by a cached copy at vk,i , and the corresponding caching and
transmission costs serving from vk,i are captured by the second
term in (4), and the corresponding RCT cost from vk,i−1 up
to the sink node is captured by the first term. Note that the
first time cost of receiving, compressing and transmitting the
data from leaf node to vk,i is already captured by (3). The
total energy consumed in the network is E total ,
E

i=0

m=i+1

Qj
where m=i δk,m := 1 if i ≥ j. Here (3) captures the onetime3 energy cost of receiving, compressing and transmitting
data yk from a leaf at level h(k) to sink node (level 0). The
amount
Qh(k)of data received by any node at level i from leaf k is
yk m=i+1 δk,m due to compression from level h(k) to i + 1.
The term f (δk,i ) in (2) captures the reception, compression
and transmission (RCT) energy cost for a node at level i along
the path from leaf node k to the sink. Let EkR be the total
energy consumed in serving the next (Rk − 1) requests. We
have
(


h(k)
h(k)
i
X
Y
X
R
Ek = yk (Rk − 1)
f (δk,i )
δk,m 1 −
bk,j
i=0

+

 h(k)
Y

m=i+1

j=0

)


wca T
+ εkT
.
δk,m bk,i
Rk − 1
m=i

(4)

Note that the remaining (Rk − 1) requests are either served
by the leaf or a cached copy of data yk at level i for i =
1, · · · , h(k). W.l.o.g., we consider node vk,i at level i. If data
yk is not cached from vk,i up to the sink node (level 0), i.e.,
bk,j = 0 for j = 0, · · · , i, a cost is incurred at node vk,i
due to receiving, transmitting and compressing the data (Rk −
3 During every time period T , data is always pushed towards the sink upon
the first request.


X
C
R
(δ, b) ,
Ek + Ek ,

(5)

k∈K

where δ = {δk,i , ∀k ∈ K, i = 0, · · · , h(k)} and b =
{bk,i , ∀k ∈ K, i = 0, · · · , h(k)}. Our objective is to minimize
the total energy consumption of the network with a QoI
constraint for end users by choosing the compression ratio
vector δ and caching decision vector b in the network G.
Therefore, the optimization problem is,
min E total (δ, b)

(6a)

δ,b

h(k)

s.t.

X

yk

Y

δk,i ≥ γ,

(6b)

i=0

k∈K

h(v)

X
k∈Cv

by each leaf is received, transmitted, and possibly compressed
by all nodes on the path from the leaf node to the root node,
consume energy
h(k)
h(k)
Y
X
δk,m ,
(3)
yk f (δk,i )
EkC =

total

bk,h(v) yk

Y

δk,j ≤ Sv , ∀ v ∈ V,

(6c)

j=h(k)

h(k)

X

bk,i ≤ 1, ∀k ∈ K,

(6d)

i=0

0 < δk,i ≤ 1, ∀k ∈ K, i = 0, · · · , h(k),

(6e)

bk,i ∈ {0, 1}, ∀k ∈ K, i = 0, · · · , h(k),

(6f)

where h(v) is the depth of node v in the tree. The first
constraint in (6b) is the QoI constraint, i.e., the total data
available at the sink node [1]. The second constraint in (6c)
is on what can be cached at each node. The third constraint
in (6d) is that at most one copy of the generated data should
be cached on the path between the leaf node and the sink
node. The fourth constraint indicates that our caching variable
bk,i is binary. The optimization problem in (6) is an MINLP
problem with M continuous variables,
P the δk,i ’s and M binary
variables, the bk,i ’s where, M = k∈K h(k).
A. Properties
We first analyze the complexity of the problem given in (6)
and show that it is NP-hard.
Theorem 1. The optimization problem in (6) is NP-hard.
Proof. We prove the hardness by a reduction from the 0 − 1
Knapsack problem (KP). Given a set of items numbered from
1 up to n, each with a weight wi and a value vi , along with a
maximum weight capacity W . Let xi represent the number of
instances of item i to be included in the knapsack, which is
restricted to a maximum non-negative integer value one. Then
the KP is defined as:
n
X
max
vi x i
i=1
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s.t.

n
X

wi xi ≤ W ,

i=1

xi ∈ {0, 1}.

(7)

We can reduce the 0 − 1 Knapsack problem to our problem (6) as follows. Suppose there are a set of data K with
K = |K|. Let bk be the number of instances of data k ∈ K in
the network where only the sink node (knapsack) has ability to
store data. Each data k can be allocated to the sink node in the
network. Let bk ∈ {0, 1} indicate if data k is in the knapsack
v or not. We consider the case that
P the QoI threshold required
by the system satisfying γ = k∈K yk . Therefore, in order
to achieve a feasible solution (satisfying the first constraint
C
of (6)), we have δk = 1, ∀k ∈ K. From the definition,
P Ek
R
becomes constant. Similarly, we can rewrite −Ek = k vk bk ,
where vk is the value of data k, and a constant. Note that the
value of vk depends on the function of f (·), we can choose
the value of the parameters in f (·) to ensure that vk > 0,
∀k ∈ K. If data k is allocated to the node in the network
(i.e., bk = 1), then a constant weight yk is associated with
it. There is a maximum
weight capacity associated with the
P
node, satisfies k yk bk ≤ Sv .
Without loss of generality, we assume the value of each
data satisfies v1 ≥ · · · ≥ vK . Then we claim that the KP
is feasible if and only if we can store the data achieving
the maximal values with weight constraint
satisfied, i.e., the
Pj
optimal objective value of (6) is k=1 vk , where j satisfies
Pj
Pj+1
k=1 yk ≤ Sv , and
k=1 yk > Sv . First, given a feasible
solution to the KP, storing the data in the network with
the maximal values satisfying the maximal weight capacity
give a feasible solution to (6). Furthermore, given a feasible
solution to (6), that achieves the maximal objective values
with a maximal weight capacity constraint satisfied gives a
feasible KP. As the KP problem is NP-hard, the optimization
problem (6) is NP-hard.
Remark 1. The objective function E total defined in (6) is
monotonically increasing in the number of requests Rk for
all k ∈ K provided that δ and b are fixed.
Notice that (3) is independent of Rk and (4) is linear in Rk ,
and its multipliers are positive. Hence, for any fixed b and δ,
(5) increases monotonically with Rk .
Remark 2. Given a fixed network scenario, if we increase the
number of requests Rk for the data generated by leaf node k,
then these data will be cached closer to the sink node or at
the sink node, if there exists enough cache capacity, to reduce
the overall energy consumption.
For fixed δ, observe from (4) that energy consumption
decreases when the data are cached closer to the root as nodes
deep in the tree do not have to repeatedly transmit the data
after the first request.
B. Relaxation of Assumptions
In our model, we make several assumptions for the sake of
simplicity. In the following, we discuss the relaxation of these
assumptions.

While we assume that the network is structured as a tree,
this assumption can be easily relaxed as long as there exists
a simple fixed path from each leaf node to the sink node.
The tree structure represents a simple topology that captures
the key parameters in the optimization formulation without
the complexity introduced by a general network topology.
Furthermore, for simplicity, we assume all parameters across
the nodes are identical, which is not necessary as seen from the
cost function. We also assume that only leaves generate data.
However, our model can be extended to allow intermediate
nodes to generate data at the cost of added complexity. Finally,
rather than having a constant Rk , we can generalize our
approach to the case where Rk is stochastic, for example it is
drawn from a distribution such as a Zipf distribution [5].
IV. VARIANT OF S PATIAL B RANCH AND B OUND
A LGORITHM
We present a variant of the Spatial Branch-and-Bound
algorithm (V-SBB). Instead of solving the MINLP problem
in (6) directly, we reformulate the MINLP (6) into a standard
and equivalent form, which is needed by the V-SBB, by
using an approach called Symbolic Reformulation [21] that
is suitable for small problems. We omit the details here due
to space constraint and refer readers to [22] for a detailed
discussion.
Remark 3. The number of variables in the symbolic reformulation is O(n2 ); where n = 2M is the number of variables in
the original formulation.
From [23], a way to transform an optimization problem
into a standard form is through basic arithmetic operations
on the original variables. To be more specific, any algebraic
expression results from the basic operators including the five
basic binary operators, i.e., addition, subtraction, multiplication, division and exponentiation, and the unary operators (i.e.,
logarithms etc.) Therefore, in order to construct a standard
problem consisting of simple terms using these binary or unary
operations, new variables are added corresponding to these
operations. From the symbolic reformulation process [21],
[23], [24], any added variable results from the basic operations
applied to two (including possibly the same) original variables
or added variables. Hence, based on the basic operations, there
are at most n2 combinations of these variables, given that
there are n variables in the original problem (6). Therefore,
the number of added variables in the symbolic reformulation
is in the order of O(n2 ).
A. Variant of Spatial Branch-and-Bound Algorithm
In contrast with the conventional Spatial Branch-and-Bound
(SBB), our newly proposed V-SBB eliminates the boundtightening steps. This takes care of two issues in the SBB: (i)
Bound tightening step does not always guarantee faster convergence; (ii) Removal significantly reduces the computational
complexity of the algorithm. Algorithm 1 gives an overview
of the V-SBB.
Let us briefly describe the key steps below. A detailed
explanation of each step is given in [22].
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Step 2: We use the least lower bound rule4 to select a
subregion R from L among all feasible subregions. This
lower bound is obtained by solving a convex relaxation of the
reformulated problem. McCormick linear over-estimators and
underestimators [25] are used to obtain the convex relaxation
for the bilinear terms (bt) and linear fractional terms (lft).
Denote the optimal solution of this subregion as φR,l . Note
that if the convex relaxation is infeasible or the obtained lower
bound is greater than the current upper bound φu , we move
to Step 5; otherwise we move to Step 3.
Step 3: We compute an upper bound φR,u for the subregion R
using a local MINLP solver such as Bonmin [8]. If this upper
bound cannot be obtained or is greater than φu , we move to
Step 4. Otherwise, we set it as the current best solution φu , and
delete all other subregions that have larger lower bounds than
this region’s upper bound. If the difference between the upper
and lower bounds for this subregion is within the -tolerance,
we delete this subregion by moving to Step 5, otherwise move
to Step 4.
Step 4: Known as the branching step, it is used to select
a variable and the corresponding value at which the region
is further divided. Here, we use the variable and the value
selection rule specified in [21], under which the variable for
the branching decision is the one that causes the maximal
reduction in the feasibility gap between the solution of Step
2 and the exact problem. Then we partition R into Rright and
Rleft , and add them into L as well as delete R. Detailed
discussion of the algorithm can be found in [22].

Algorithm 1 Variant of Spatial Branch-and-Bound (V-SBB)
Step 1: Initialize φu := ∞ and L to a single domain
Step 2: Choose a subregion R ∈ L using least lower
bound rule
if L = ∅ then Go to Step 6
if for chosen region R, φR,l is infeasible or φR,l ≥ φu −
then Go to Step 5
Step 3: Obtain upper bound φR,u
if upper bound cannot be obtained or if φR,u > φu then
Go to Step 4
else φu :=φR,u and, from the list L, delete all subregions
S ∈ L such that φS,l ≥ φu − 
if φR,u − φR,l ≤  then Go to Step 5
Step 4: Partition R into new subregions Rright and Rleft
Step 5: Delete R from L and go to Step 2
Step 6: Terminate Search
if φu = ∞ then Problem is infeasible
else φu is -global optimal

B. -global optimality of V-SBB
Theorem 2. The V-SBB described in Algorithm 1 leads to the
-global optimal solution.
Though we have made modifications to obtain our VSBB algorithm, the proof for -global optimality follows an
argument similar to that of the Branch-and-Select method in
[26]. We present the poof in [22] for completeness.
The V-SBB algorithm is assumed to be run in the cloud or
on a central node with abundant power supply. All the required
information is provided to the central entity, which determines
the optimal compression rates and caching decisions, and
then provides them to the tree nodes for operation. That is,
we do not consider the energy consumption for solving the
optimization problem in this work.

Fig. 3. Candidate network topologies used in the experiments: (a) one sink
node and one leaf node; (b) one sink node and two leaf nodes; (c) one sink
node, one intermediate node and two leaf nodes; and (d) one sink node, two
intermediate nodes and four leaf nodes.

optimal caching locations and data compression rates is also of
importance. We also compare the performance of our V-SBB
algorithm with several existing MINLP solvers (methods).
The highlights of the evaluation results are:
•

V. E VALUATION
We evaluate the performance of our joint communication, compression and caching (C3) optimization framework
through a series of experiments on several network topologies
as shown in Figure 3. Our goal is to study the performance of
C3 and assess the improvement in energy efficiency that can
be achieved by considering jointly the C3 costs when compared with only optimizing C2 cost. While highlighting the
performance gain is valuable, characterizing the performance
of C3 for different settings and parameters, and obtaining the
4 Select a subregion R ∈ L , whose convex relaxation provides the lowest
objective function value.

•

•

Our C3 joint optimization framework improves energy
efficiency by as much as 88% compared to the C2
optimization over communication and computation, or
communication and caching. This reveals the significance
of jointly considering the C3 energy costs for networks
with limited energy supply.
The improvement in energy efficiency using the C3
framework increases as the number of requests or the
network size increase. Furthermore, as expected, data
that has the largest number of requests is cached at the
sink node or closer to the sink node in order to reduce
communication costs.
In comparison with different MINLP solvers, the V-SBB
algorithm obtained an -global optimal solution. We vary
the network parameters and find that the V-SBB is able
to obtain a feasible solution for all settings. Existing
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A. Methodology
To highlight the improvement in energy consumption by
the C3 framework when compared with that in C2, we define
energy efficiency as:
E=
total∗

E total∗ (C2) − E total∗ (C3)
× 100%,
E total∗ (C2)

(8)

total∗

where E
(C3) and E
(C2) are the optimal energy costs
under the C3 optimization framework in (6) and the C2
optimization, respectively. E reflects the reduction of energy
consumption for the C3 over the C2. While the increase in
energy efficiency using C3 framework is noteworthy, characterizing the magnitude of the improvement and the parameters
that significantly impact the energy efficiency is important.
Such characterization identifies the operation regions for the
network and accordingly facilitates development of heuristic
algorithms for specific operation regions.
TABLE II
C HARACTERISTICS OF THE SOLVERS USED IN THIS PAPER
Solver
Characteristics
Bonmin [8]
A deterministic approach based on Branch-and-Cut
method that solves relaxation problem with Interior
Point Optimization tool (IPOPT), as well as mixed
integer problem with Coin or Branch and Cut (CBC).
NOMAD [9]
A stochastic approach based on Mesh Adaptive
Direct Search Algorithm (MADS) that guarantees
local optimality. It can be used to solve non-convex
MINLP and has a relatively good performance.
GA [27]
A meta-heuristic stochastic approach that can be
tuned to solve global optimization problems. We use
Matlab Optimization Toolbox’s implementation.
SCIP [11]
One of the fastest, non-commercial, deterministic
global optimization solver that uses branch-andbound algorithm for solving MINLP problems.
Baron [10]
A deterministic global solver for MINLP problems
that relies on Branch and Cut approach for solving
MINLP problems.
Antigone [12]
A deterministic global solver for MINLP problems
that relies on special structure of the problem and
uses Branch and Cut approach to solve the problem.

Setup: We implement the V-SBB in Matlab on a Core i7
3.40 GHz CPU with 16 GB RAM. Existing MINLP solvers
like Bonmin, NOMAD and GA, are implemented with OptiToolbox [28], while Baron and Antigone are implemented in
GAMS. We summarize the characteristics of these solvers in
Table II. Note that these solvers can be applied directly to
solve the original optimization problem in (6), while our VSBB solves the equivalent problem obtained through symbolic
reformulation. The required reformulation is executed by a
Java based module and we derive the bounds on the auxiliary
variables. The V-SBB terminates when -optimality is obtained
or a computation timer of 7200 seconds expires. When the
timer expires, the last feasible solution is taken as the best
solution. We set =0.001 in our study. Our simulation parameters are provided in Table III, which are the typical values
used in the literature [1], [17], [29]. For the results shown in

Increase in Total Energy Cost with Number of Requests
0.5

2 Node Network (
2 Node Network (
7 Node Network (
7 Node Network (

0.45

0.4

Objective Function Value

solvers such as the SCIP, Baron, Bonmin, and Antigone
are faster in obtaining solutions. However, they are either
not able to obtain solutions in some of the settings or
they provide an objective value higher than that obtained
by our algorithm, particularly for low QoI threshold γ.

0.35

=250)
=750)
=1000)
=3000)

0.3

0.25

0.2

0.15

0.1

0.05

0
0

100

200

300

400

500

600

700

Number of Requests

Fig. 4. Total Energy Costs vs. Number of Requests.

Tables IV, V, VI, and VII, we vary the QoI threshold value
of γ in (6) between 1, 25%, 50%, 75% and 100% of the total
data produced by all leaf nodes.
TABLE III
PARAMETERS USED IN SIMULATIONS
Parameter
Value
Parameter Value (Joules)
yk
1000
εvR
50 × 10−9
Rk
100
εvT
200 × 10−9
wca
1.88 × 10−6
εcR
80P
× 10−9
T
10s
γ
[1, k∈K yk ]

B. Efficacy of the C3 Framework
Figure 4 shows that energy consumption increases with the
number of requests for different network and compression
settings. We observe that the total energy cost increases, as
the number of requests increases, as reflected in Remark 1. An
important observation is that the increase in the energy cost is
large initially. However, when data are cached (i.e., when the
number of requests reaches ≈ 40), the slope of energy increase
decreases. This is because transmission cost is usually much
larger than caching cost (using the energy proportional model
for caching [5]) and once data are cached, the cached copy is
used to satisfy other requests.
We compare the total energy costs under the joint C3 optimization with those under the C2 optimization. We consider
two cases for the C2 optimization: (i) C2o (Communication
and Computation), where we set Sv = 0 for each node to avoid
any data caching; P
(ii) C2a (Communication and Caching),
where we set γ = k∈K yk , which is equivalent to δv = 1,
∀v ∈ V , i.e., no computation. Comparisons between C3, C2o
and C2a is shown in Figure 5. For the parameters that we used
in simulation, the energy cost for the C3 joint optimization is
lower than that for C2o optimization for the same parameter
setting. This highlights the improvement that can be achieved
using the C3 optimization. In other words, although C3 incurs
caching costs, it may significantly reduce communication and
computation energy costs, which in turn brings down total
energy cost. Similarly, the C3 optimization outperforms C2a.
Energy efficiency (Equation (8)) is as much as 88% better for
the C3 optimization over C2. These trends are observed for
other network topologies. Figure 6 shows the improvement of
C3 over C2 for a two-node network. Energy efficiency is as
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Solver
Bonmin
NOMAD
GA
SCIP
Baron
Antigone
V-SBB

Solver
Bonmin
NOMAD
GA
SCIP
Baron
Antigone
V-SBB

Solver
Bonmin
NOMAD
GA
SCIP
Baron
Antigone
V-SBB

Solver
Bonmin
NOMAD
GA
SCIP
Baron
Antigone
V-SBB

TABLE IV
T HE B EST S OLUTION TO THE O BJECTIVE F UNCTION (O BJ .) AND A LGORITHM RUN T IME FOR TWO NODES NETWORK
γ=1
γ = 250
γ = 500
γ = 750
γ = 1000
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s)
100 × 10−4
0.076
180 × 10−4
0.07
260 × 10−4
0.071
320 × 10−4
0.077
390 × 10−4
0.102
120 × 10−4
1.036
380 × 10−4
0.739
330 × 10−4
0.640
380 × 10−4
0.203
390 × 10−4
0.263
100 × 10−4
0.286
180 × 10−4
2.817
260 × 10−4
7.670
420 × 10−4
11.020
640 × 10−4
3.330
Infeasible
0.07
120 × 10−5
0.07
500 × 10−5
0.05
110 × 10−4
0.087
390 × 10−4
0.05
100 × 10−4
0.91
18 × 10−3
0.79
26 × 10−3
0.77
32 × 10−3
0.87
39 × 10−3
0.49
10 × 10−3
0.195
18 × 10−3
0.18
26 × 10−3
0.175
32 × 10−3
0.19
39 × 10−3
0.2
10 × 10−3
18.231
18 × 10−3
17.389
26 × 10−3
12.278
32 × 10−3
7.327
39 × 10−3
19.437
TABLE V
T HE VALUE OF O BJECTIVE F UNCTION (O BJ .) AND A LGORITHM RUN T IME FOR THREE NODE NETWORK
γ=1
γ = 500
γ = 1000
γ = 1500
γ = 2000
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s)
500 × 10−5
0.26
100 × 10−4
0.14
190 × 10−4
0.10
280 × 10−4
0.10
383 × 10−4
5.56
450 × 10−4
12.42
250 × 10−4
11.14
330 × 10−4
9.30
290 × 10−4
46.41
380 × 10−4
5.45
500 × 10−5
0.69
250 × 10−4
26.11
190 × 10−4
16.85
340 × 10−4
40.56
440 × 10−3
10.34
500 × 10−7
4.96
560 × 10−6
0.16
540 × 10−6
0.18
280 × 10−4
0.07
380 × 10−4
0.05
500 × 10−5
0.1
100 × 10−4
0.09
190 × 10−4
0.09
280 × 10−4
0.1
383 × 10−4
0.1
500 × 10−5
0.11
100 × 10−4
0.09
190 × 10−4
0.08
280 × 10−4
0.21
380 × 10−4
1.51
500 × 10−5
46.1
190 × 10−4
45.34
190 × 10−4
8.1
280 × 10−4
56.3
383 × 10−4
12.2
TABLE VI
T HE VALUE OF O BJECTIVE F UNCTION (O BJ .) AND A LGORITHM RUN T IME FOR FOUR NODE NETWORK
γ=1
γ = 500
γ = 1000
γ = 1500
γ = 2000
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s)
200 × 10−5
0.36
200 × 10−4
0.11
390 × 10−4
0.11
600 × 10−4
0.10
800 × 10−4
0.16
300 × 10−5
112.5
230 × 10−4
97.68
400 × 10−4
59.86
600 × 10−4
52.8
100 × 10−3
2.28
400 × 10−5
1.01
200 × 10−4
24.94
400 × 10−4
13.02
120 × 10−3
27.7
140 × 10−3
35.33
200 × 10−5
7.05
200 × 10−4
1999.4
400 × 10−6
2.00
900 × 10−5
0.43
400 × 10−4
0.16
204 × 10−5
0.52
200 × 10−4
2.69
390 × 10−4
0.89
600 × 10−4
0.16
780 × 10−4
0.1
−5
−4
−4
−4
200 × 10
21.2
200 × 10
0.26
420 × 10
0.18
600 × 10
0.1
780 × 10−4
0.08
200 × 10−5
452
200 × 10−4
411
390 × 10−4
341
600 × 10−4
445
780 × 10−4
413
T HE B EST S OLUTION TO
γ=1
Obj.
Time (s)
200 × 10−6
0.214
400 × 10−5
433.988
430 × 10−4
44.538
NS
7200
200 × 10−6
0.74
200 × 10−6
3.57
100 × 10−6
1871.403

TABLE VII
O BJECTIVE F UNCTION (O BJ .) AND A LGORITHM RUN T IME FOR SEVEN NODES NETWORK
γ = 1000
γ = 2000
γ = 3000
γ = 4000
Obj.
Time (s) Obj.
Time (s)
Obj.
Time (s) Obj.
Time (s)
390 × 10−4
0.164
780 × 10−4
0.593
117 × 10−3
0.167
156 × 10−3
0.212
121 × 10−3
381.293
108 × 10−3
203.696
158 × 10−3
61.093
181 × 10−3
26.031
960 × 10−4
30.605
164 × 10−3
44.970
226 × 10−3
17.307
303 × 10−3
28.820
NS
7200
NS
4829.4
NS
7200
156 × 10−3
1.37
390 × 10−4
1002.14
780 × 10−4
7200
117 × 10−3
3.41
156 × 10−3
0.15
390 × 10−4
0.38
810 × 10−4
0.34
117 × 10−3
0.32
156 × 10−3
0.13
390 × 10−4
25.101
780 × 10−4
30.425
117 × 10−3
23.706
156 × 10−3
19.125

THE

much as 70% better for the C3 versus C2. The results for
three node and four nodes networks are presented in Tables V
and VI.
Remark 4. Note that the above results are based on parameter
values typically used in the literature, as shown in Table III.
From our analysis, it is clear that the larger the ratio between
εvT and εvR , εvC , the larger the improvement provided by the
C3 formulation.
C. Comparison with other solution techniques
We compare the performance of our proposed V-SBB with
other MINLP solvers with respect to:
1) Objective Function Value of the Best Solution: We
compare the performance of the V-SBB with several solvers
in the literature for the networks in Figure 3. The results for
two, three, four and seven-node networks are presented in
Tables IV, V, VI and VII, respectively. We observe that VSBB, Bonmin, SCIP, Antigone, and Baron achieve comparable
performance for large values of γ, while V-SBB outperforms

other algorithms for small values of γ (which will be discussed
in detail later). Furthermore, Bonmin and SCIP cannot generate a feasible solution even when it exists for some cases. For
the case of Bonmin, there are a number of probable reasons
for such a feasibility related problem: a) For MINLP problems
with non-convex functions, Bonmin relies on heuristic options
and does not guarantee -global optimality [30]. The heuristics
can cause such problems; b) The Branch-and-Cut method,
used by Bonmin, is based on the outer-approximation (OA)
algorithm [31]. For MINLPs with non-convex functions, OA
constraints do not necessarily result in valid inequalities for the
problem. Hence the branch-and-cut method in Bonmin sometimes deletes search regions where a better solution exists.
NOMAD and GA in general yield a higher objective-function
value than V-SBB does. This is because both NOMAD and
GA are based on a stochastic approach that does not guarantee
obtaining the -global optimum.
2) Algorithm Run Time: The time taken to obtain the
best solution is important in practice. The time an algorithm
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TABLE VIII
I NFEASIBILITY OF B ONMIN FOR NETWORKS IN F IGURE 3
(b)
2000
0
0

(c)
2000
1
0.05

(d)
4000
216
5.4

requires to obtain its best solution as discussed in Section V-C1
is shown in Tables IV-VII. It can be seen that Bonmin,
Antigone, Baron and SCIP (when it is able to provide a
solution) are the fastest methods. However, Bonmin, and SCIP
sometimes cannot find a solution even though it exists.VSBB takes longer to obtain a better solution, because our
reformulation introduces auxiliary variables and additional
linear constraints. The reformulation, however, also assists in
obtaining an -global optimal solution.
3) Sensitivity: As shown in Tables IV to VII, Bonmin is
faster but does not produce feasible solutions in some cases.
Recall from (6) that the threshold value of QoI γ determines
the acceptable degree of data compression. When the γ value
is small, the system can compress much less of the data relative
to the cases with large values of γ. For this reason, we further
examine the sensitivity of Bonmin performance with respect
to γ as follows. We fix all other parameters in Table III, except
varying the value of γ. Specifically, for each network topology
(a) to (d) in Figure 3, we choose the maximal value of γ and
then run the Bonmin method for all possible integer values of
γ from 1 to the maximal value. That is, the number of tests
(cases) for the Bonmin method equals the maximal value for
each topology. From the results in Table VIII, we see that as
the network size grows, the likelihood that the Bonmin method
fails to produce a feasible solution increases. For the topology
(d) and γ=4000, the Bonmin method does not yield feasible
solutions in 5.4% of the test cases.
Furthermore, from our extensive numerical experiments,
Bonmin and Antigone (and Baron to a much less extent)
can quickly provide feasible solutions for smaller values of
γ, but we observe that the solutions by these techniques are
not as good as those by the proposed V-SBB in terms of the
objective-function value of the solutions. Specifically for the
cases in Table IX, the energy consumption for the V-SBB
outperforms Bonmin, Antigone and Baron by as much as
52.45%, 50%, and 50%, respectively when searching for an
-global optimum. Note that Baron results for γ=5, 8 and 50
in Table IX represent the best solutions obtained so far by
Baron when it reaches the run-time limit of 7200s (2 hours).
VI. C ONCLUSION AND F UTURE W ORK
We have investigated energy consumption trade-offs among
communication, computation and caching (C3) with QoI guarantees in communication networks. We first formulated an
optimization problem that characterizes the energy costs for
communication, computation and caching. This optimization
problem is an MINLP with non-convex functions, which is
hard to solve in general. We then proposed a variant of the
spatial branch-and-bound (V-SBB) algorithm, which can solve
the MINLP with an -optimality guarantee. Numerically, we
observed that the C3 optimization, which to the best of our
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Fig. 5. Comparison of C3 and C2 optimization for the seven node network
in Figure 3.
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Fig. 6. Comparison of C3 and C2 optimization for the two nodes network
in Figure 3.

knowledge has not been investigated in the literature, leads to
energy reduction as large as 88% compared to either of the
widely studied C2 optimizations. Furthermore, we compare the
performance of the proposed V-SBB with some of the other
solvers and show the V-SBB is a viable and robust approach
for handling the C3 framework.
It is worth pointing out that the tree topology is only for
the processing and caching of data where the root node is
the requesting node of the processed data. It is well possible
that the network (e.g., wireless sensor network) can have a
general connectivity topology, even though the data processing
and caching follows the paths specified in the chosen tree
topology. Given the tree topology (for processing and caching),
it is trivial to relax the assumption made in this paper,
which requires data sources be the leaf nodes of the tree.
Arbitrary source nodes can be incorporated into the proposed
formulation at the cost of added notational complexity. On the
other hand, for a given requesting node, it will be complicated
to have a general topology for processing and caching. That
is so because, there may be multiple paths from each data
source to the requesting node for general topology other than
tree. As a result, parts of the data from a source may be split,
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Solver
Bonmin
Antigone
Baron
V-SBB

TABLE IX
C OMPARISON BETWEEN V-SBB AND B ONMIN FOR SMALLER VALUES OF γ IN SEVEN NODE NETWORK
γ =1
γ=3
γ =5
γ =8
γ =50
Obj.
Time (s) Obj.
Time (s) Obj.
Time (s) Obj.
Time (s) Obj.
Time (s)
210 × 10−6
0.214
300 × 10−6
0.211
300 × 10−6
0.224
500 × 10−6
0.23
210 × 10−5
0.364
201 × 10−6
3.57
310 × 10−6
2.47
395 × 10−6
6.53
510 × 10−6
15.61
210 × 10−5
2.71
200 × 10−6
0.74
310 × 10−6
4846
390 × 10−6
7200
500 × 10−6
7200
210 × 10−5
7200
100 × 10−6
1871
150 × 10−6
2330
190 × 10−6
1243
470 × 10−6
1350
200 × 10−5
3325

routed and processed along several multi-hop paths, which
makes data integrity and correctness challenging to achieve.
To further this reasoning, as long as there is always a unique
path (route) from a data source node to the requesting node of
the data, the proposed formulation and the V-SBB solution
techniques can be extended and is applicable to general
network topology with multiple requesting nodes (i.e., the
requesting nodes request different types of data) with arbitrary
data source nodes. In this way, the formulation becomes an
overlay of multiple processing trees, each defined for one
requesting node and one type of data, over a network with
general topology. This generalization and extension will be
part of our future work on the subject.
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