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Abstract

Device-to-Device (D2D) communication allows for users placed in a cell to establish direct connections with each other

using several connection modes. In this paper, we propose Multi-Path D2D (MPD2D), a mathematical optimization

framework that accounts for the availability of D2D modes under the requirements dictated by a process of flow

requests. MPD2D selects the combination of cellular and D2D links that boosts network performance as much as

possible. We consider Underlay and Overlay as Inband D2D modes reusing cellular frequencies with scheduled resources

and the Outband D2D mode exploiting WLAN frequencies and the 802.11 random access scheme to complement

cellular resources. We model throughput, energy consumption, interference, and per-flow network requirements, so to

define a network utility function that accounts for throughput and power efficiency. Moreover, we formulate a user

satisfaction metric that accounts for the history of users within the cell. Integrating such a metric in a throughput

optimization problem is lightweight yet very effective to drive towards almost complete fairness. Our optimization

scheme is formulated as a Binary Non-Linear Program, which results in higher throughput performance in comparison

to other state-of-the-art solutions we have tested. Finally, we propose two effective heuristics, whose performance is

near-optimal, whereas their complexity scales polynomially with the number of users.
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1. Introduction

Figure 1: D2D-enabled cellular network.

Fast advance in the design of 5G cellular networks has motivated

many research works in the recent years [2]. The main research chal-

lenges are given by the explosive growth of traffic burden [3], the rise

of energy consumption constraints, the unprecedentedly high demand5

for broadband mobile connectivity and Quality of Service (QoS) [4].

Therefore the appearance of new technologies and system designs is

vital to bear such high demand in networks infrastructures [5].

The appealing concept of Device-to-Device (D2D) Communica-

tions has been proposed in order to improve network performance in10

sight of the ambitious service optimization goals of 5G networks. D2D
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allows to widen the coverage of cellular networks at lower energy costs through direct links between devices in close

range without traversing a base station (BS) or the core of the network [6]. D2D-enabled networking has been an im-

portant topic of research during the recent years, due to its promising capabilities to accomplish networks requirements.

Both cellular (3GPP) and WLAN (e.g., WiFi) development organizations have produced specifications for D2D, e.g.,15

the eProSe in 3GPP [7] and WiFi Direct [8]; and Android developers now provide support for D2D through the Google

Nearby API [9]. Indeed recent research has demonstrated how D2D can be incorporated into cellular networks through

WiFi Direct and 3GPP cellular technologies for 4G and 5G [10, 11, 12]. In this paper, we exploit both WLAN and

3GPP cellular technologies in order to maximize throughput and energy efficiency while targeting flow fairness when

Inband Underlay and Overlay, and Outband D2D modes are enabled. Specifically, we derive an optimization scheme20

that allows the cellular network to coordinate D2D communications in the network.

Several studies have analyzed Inband and Outband D2D modes and identified their potential contribution (see,

e.g., [13, 14]). More specifically, D2D has been analyzed for what concerns cellular traffic offloading [15], QoS [16] and

for what concerns its application to traffic relaying [17]. However, a deep review on D2D literature shows that, despite

all struggles in optimizing the use of D2D, there is no D2D mode that clearly fits better than all others to its integration25

into cellular networks when the system requires the enhancement of traffic offloading and QoS conditions [18].

In order to determine which mode fits the best, in [19] we find one of the few works where multiple D2D modes

are enabled and coupled at once, exploiting their benefits and minimizing their drawbacks. Other approaches to relay

through D2D are available, which however do not exploit multi-homing of modern devices and multi-path possibilities

offered by D2D links, e.g., Group D2D Mode (GMD2D) [20], Underlay MSP [21] and Outband D2D [22]. The one30

in [19] was the first work that derived a theoretical model for an adaptive multi-mode framework in which Inband

Underlay and Overlay, and Outband connection modes are coupled in a cell. However, we find that the framework

proposed in [19], Floating Band D2D, relies on limiting assumptions for fitting into a real cellular scenario. In the rest

of this paper we refer to Floating Band D2D as FBD2D for convenience. We point out that FBD2D does not exploit

some key D2D features. For instance, FBD2D neither allows using both LTE (Long Term Evolution) and WiFi at the35

same time nor embeds flow demand requirements and user satisfaction in the D2D decision making process. Instead, we

incorporate more flexibility and the use of concurrent D2D modes in our proposal while accounting for user satisfaction

on a per-flow level.

Specifically, in this paper, we propose a theoretical framework to tackle the mode selection problem (MSP) for

D2D-enabled cellular networks in a stateful manner and under fairness constraints computed not just on individual40

throughputs but rather on network flows. We exploit both cellular and WLAN technologies to maximize throughput

and energy efficiency while targeting flow fairness when Inband Underlay and Overlay, and Outband D2D modes are

enabled. As main contributions, we develop an optimization scheme that adaptively selects in which mode each user

equipment (UE) will set links to D2D pairs or to the BS in benefit of a network utility function. Unlike past works,

we consider flow demands between D2D neighbors and with the BS, and impose their fulfilment through multi-path45

and relaying. Indeed, with our proposal, each UE may use simultaneously both cellular and WLAN interfaces for

either transmission or reception, thus obtaining higher throughput rates with respect to using only D2D or only cellular

connectivity. Moreover, flows can be served over multiple paths within the cellular network, through D2D paths. To

reduce complexity and lessen the negative impact on energy consumption and latency due to multi-hop routing, we limit
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the scope of our approach to direct cellular links and two-hop D2D paths. Besides, we derive a stateful satisfaction50

metric which is aware of past users’ opportunities and increases chances of connections in close future to UEs that

enjoyed less throughput. We summarize the main contributions of this paper:

• We introduce MPD2D, a multi-mode D2D framework designed to address the mode selection problem in cellular

networks in order to optimize network performance in terms of energy consumption and network data flows

throughput.55

• We propose to use multiple paths to deliver network flows by means of two-hop D2D relaying with several MAC

interfaces.

• We propose the implementation of a satisfaction metric that accounts for past users’ experience and increases the

connection opportunities in close future for those users that have experienced less benefits from the network in

the past. To this end, we derive the DEMA scheme, which has negligible computational cost and achieves very60

relevant gains in terms of fairness of users’ satisfaction.

• We mathematically formulate a Binary Non-Linear optimization program and reformulate it as an MILP in order

to solve it with standard tools.

• We propose two effective heuristics, DIMM and DEMM, that are shown to be close-to-optimal, and that reduce

complexity and make the deployment of the framework feasible in real cellular networks.65

• We perform extensive simulations in comparison to state-of-the-art proposals to show the high gains that MPD2D

reaches in terms of network throughput, user energy consumption, network efficiency and users’ satisfaction

fairness over time.

In Figure 1 we see how flows are split onto heterogeneous multiple paths to get to their destinations through relaying

and/or direct connections. For instance, the figure shows that there is a traffic flow from the BS targeting UE1. This70

traffic follows first a cellular link to UE2. Then, UE2 relays the traffic over two D2D links exploiting Inband and

Outband modes. Also, the traffic from the BS to UE3 splits over a direct cellular link and a relayed path through

UE4. UE4 downloads part of the traffic for UE3 and forwards the data over Outband D2D mode exploiting WLAN

resources. Hence, our proposed framework speeds up traffic flow deliveries reducing the effect of network bottlenecks,

by means of multiple traffic paths.75

We name our D2D scheme Multi-Path D2D (MPD2D), which results in an NP-hard Binary Non-Linear Program, and

propose two effective heuristics in order to approximate the optimal solution of the problem. As a result, we observe that

the heuristics for solving MPD2D dramatically increase the performance of cellular networks in comparison to several

benchmarks. Specifically, we compare our proposal to the following state of the art solutions/proposals explicitly

designed for relay networks based on D2D, namely FBD2D [19], Group D2D Mode (GMD2D) [20], Underlay MSP [21]80

and Outband D2D [22].

This paper updates and extends the content presented in [1] for MPD2D, and includes the following new technical

contributions: First, we have added the new Subsection 3.4, to provide deep insights on DEMA, our novel one-step-

memory filtering process used to measure the satisfaction of users when finite-duration traffic flows are served in the

network. Due to space limitations, we could not provide deep insights on DEMA in [1]. Here we analyze it and85
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compare DEMA to other approaches and provide three new plots (Figures A.7a, A.7b and A.7c) showing the benefits

of DEMA in Appendix A. Second, we have considerably extended the numerical evaluation by testing more scenarios.

We have included seven new figures out of fifteen in Section 6, so to provide a deeper performance evaluation of the

optimal behavior of MPD2D and proposed heuristics under realistic cellular and D2D technology options, and also with

respect to other state-of-the-art proposals. Third, we show in Appendix B how to turn the mathematical optimization90

framework presented in Subsection 4.3 (which is a Mixed-Integer Non-Linear Optimization Program) into a tractable

Mixed-Integer Linear Program, for which it is possible to find optima through efficient algorithms as Branch&Bound.

The rest of the paper is structured as follows. Section 2 provides a state-of-the-art discussion on D2D communications

and adaptive D2D networks. Section 3 shows our proposal: MPD2D. Section 4 presents the optimization formulation.

Section 5 provides two practical heuristics, while in Section 6 we numerically evaluate and benchmark MPD2D and the95

heuristics. Section 7 concludes the paper.

2. Background on D2D Networks and Related Work

Coupling D2D technology and cellular networks is not restricted to any wireless technology [6]. A D2D link is a

direct connection between two UEs without traversing a BS or the core of the network, thus providing infrastructureless

communications. There are main D2D modes proposed to set D2D links between UEs. A D2D mode specifies through100

which band devices connect (licensed or unlicensed) and how UEs access the physical resources. Finding the way of set-

ting the proper D2D mode is key in order to optimize a D2D-network under delay, throughput or energy constraints [18].

The 3rd Generation Partnership Project (3GPP) provides on technical reports the technological specifications and needs

of Proximity-based Services (eProSe) for enabling D2D communications on current cellular networks [7]. 3GPP will

enable users to offload and relay traffic, share content, and ensure the D2D network by means of cooperative use of the105

different D2D connectivity modes.

We present the main D2D modes developed for a D2D-enabled cellular network. We incorporate the cellular mode

since it is the most common connection mode in a cell.

• Mode 0: Cellular mode. Cellular connection between a UE and the BS in either uplink or downlink.

• Mode 1: Inband Underlay. D2D connection between two UEs on the licensed band. UEs reuse cellular resources.110

Spectrum is shared with cellular devices.

• Mode 2: Inband Overlay. D2D connection between two UEs on the licensed spectrum over a resource portion

dedicated only to this D2D mode. Spectrum is reused only among D2D UEs over this mode.

• Mode 3: Outband. D2D connection between two UEs in unlicensed spectrum. Medium access control and

interference is not under the control of the BS.115

These modes have been widely studied in literature. Researchers have studied crucial matters in current networks,

such as spectral efficiency, power efficiency, QoS [16], cellular coverage [23], network offloading [15], etc. Each mode

enjoys technological properties and medium access opportunities clearly distinct, which originates a discussion about

which D2D mode fits better in a cellular network [18]. In Table 1 we show the main advantages and drawbacks

of each D2D mode, which motivates the integration of frameworks as FBD2D [19] or MPD2D, in order to exploit120

their advantages and reduce the effects of their drawbacks. As these frameworks account for switching from LTE
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Table 1: Pros and Cons of each D2D mode

Advantages Drawbacks

M
o
d

e
1:

U
n
d
er
la
y Rise of spectral efficiency. Hard interference control.

Same interface as cellular. No D2D plus cellular links.

SINR control is in BS.

M
o
d

e
2
:

O
ve
rl
ay

Same interface as cellular. Waste of cellular resources.

Spectrum control is in BS. No D2D plus cellular links.

No cellular interference.

M
o
d

e
3
:

O
u
tb
an

d No cellular interference. Two interfaces in UEs.

Own MAC protocol. Harder energy management.

Concurrent cellular & D2D links.

transmission modes to WiFi mode and viceversa, it is important to analyze the complexity overhead of supporting

multi-mode frameworks. Asadi et al. [11, 12] have experimentally computed the cross-platform delay suffered by a

packet that is received by the LTE MAC and processed to the WiFi MAC in a real FPGA-based testbed. This time

is of the order of very few milliseconds (below 3 ms), which jointly with the low delay incurred due to LTE and WiFi125

transmissions complies with the suggested 3GPP delay budget of 70 ms for end-to-end packet delivery [24]. As a result,

it is reasonable to assume that a UE is able to switch from one mode to another.

Li et. al. [21] propose the use of vertex coloring to jointly perform mode selection and resource allocation in underlay

D2D networks. Although they do not model the relay of traffic through underlay D2D, the insights of [21] are relevant

to us in order to compare our results with the MSP where the only D2D mode enabled is Inband Underlay. Conversely,130

Zhang et al. [20] propose GMD2D, a D2D framework where the network performs mode selection in the presence of

overlay D2D communications. In [20], D2D users establish connections either though cellular links or trough D2D overlay

links. In the latter case, the dedicated spectrum may be divided or shared among D2D users, but always orthogonal to

cellular channels. The insights of [20] are also relevant to us in order to compare MPD2D with frameworks where the

only D2D mode enabled is Inband Overlay.135

Wen et al. [25] develop a scheme for mode selection over both Inband D2D modes, but they focus on maximizing

aggregated network throughput with no energy constraints on users, and impose QoS constraints. Maghsudi et al. [26]

propose a distributed scheme to approach the MSP on both Inband modes where the users are the entities making

decisions. However, authors need to over-simplify their problem to find such a distributed solution. Khan et al. [27]

also study the same scenario, although they propose a scheme in which a circular cell is divided in inner and outer140

disks for cellular and D2D users, respectively. However, users cannot demand for traffic from multiple entities, only

from one neighbor or from the BS. Thus, cellular and D2D users sets are disjoint. Finally, Della et al. [28] propose

a convex optimization program to solve mode allocation in TDD (Time Division Duplex) systems with one D2D pair

transmitting under licensed spectrum.
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Table 2: List of acronyms

Acronym Meaning

3GPP 3rd Generation Partnership Project

4G, 5G Forth/Fifth Generation

AIIS Accumulated Individual Indicator of Satisfaction

BS Base Station

D2D Device-to-Device

DEMA Dynamic Exponential Moving Average

DEMM D2D Expeditious Multimode Multi-path

DIMM D2D Intensive Multimode Multi-path

EMA Exponential Moving Average

eNB evolved Node B

eProSe Proximity-based Services

FBD2D Floating Band D2D

GMD2D Group D2D Mode

IIS Individual Indicator of Satisfaction

LTE Long Term Evolution

MCS Modulation and Coding Scheme

MILP Mixed Integer Linear Program

Mode 0 Cellular Mode

Mode 1 Inband Underlay Mode

Mode 2 Inband Overlay Mode

Mode 3 Outband Mode

MPD2D Multi-Path D2D

MSP Mode Selection Problem

OFDMA Orthogonal Frequency Division Multiple Access

QoS Quality of Service

SDR Software-Defined Radio

SINR Signal-to-Interference-plus-Noise Ratio

TDD Time Division Duplex

UE User Equipment

Table 3: List of variables

Variable Description

α Parameter for EMA

αs Scaling factor: cost of bit per Joule

βlte Baseline energy of LTE

βWiFi
idle , βWiFi

active Baseline energy of idle/active WiFi

Bin,m(j) Number of RBs for link (n,m) in mode i

E Energy consumption

F Set of flows

fn(j), Fn(j) IIS in j, AIIS in j

Iix,m Interference from x to m in mode i

L(j), LD2D Set of potential links, Set of D2D links

µ Parameter for DEMA

N , N ∗ Set of users, Set of nodes

Nu Set of D2D neighbours of u ∈ N
Pf (j) Set of paths that flow f can follow

piTx(x) Power transmission of x in mode i

pk,MuM Energy in one subframe in LTE modes

p3,MuM Energy per bit in WiFi mode

RC , RD2D Cell radius, D2D range

Ri,CSIn,m (j) Bits sent per RB in LTE modes

R3,CSI
n,m (j) Bits per second in WiFi mode

T Time interval

θ Throughput

tactidle Time to activate an idle WiFi card

T im SINR threshold for m in mode i

Un(j) Utility of node n in time interval j

Unet(j) Network utility in time interval j

wk(j) Weights for DEMA and EMA

Y Binary variable: utilization of a link

z(j) Utility function of the optimization in j

Datsika et al. [22] propose a cross-network architecture of Outband D2D cellular networks, where D2D exploits145

unlicensed spectrum to relay traffic from the core of the network. By building on IEEE 802.11 mechanisms for channel

contention, the authors design an efficient cooperative protocol for Outband D2D in one cell. Traffic is efficiently

delivered to end-users by means of D2D relays. Here, the use of Outband mode as the only D2D enabled mode is

relevant to us in order to compare MPD2D to D2D schemes that only consider WiFi Direct when performing D2D

communications. Asadi et al. deploy and study in [29] an interesting architecture based on WiFi Direct integrated to150

5G networks. Although they do not consider Inband D2D modes, they analyze clustering of D2D users to relay cellular

traffic through Outband mode, and implement it with an SDR (Software-Defined Radio) testbed.

Authors of [19] propose FBD2D, an innovative framework in which the BS adaptively selects which D2D mode each
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UE should use for global benefit in a cell. Depending on the scenarios and users density, different D2D modes are

allocated to links. For instance, co-channel interference of a microcell spoils underlay D2D links, while outband WiFi155

D2D performs better due to the contention of the channel with collision avoidance strategies. Also, low D2D density

wastes the overlay portion, so that the cellular performance is uselessly decreased. Then, a scenario with heterogeneous

communication technologies emerges, facing the well-known D2D mode selection problem. However, assumptions of

FBD2D limit the capabilities of the network. First, FBD2D enforces UEs to use only one wireless interface at a time.

Second, FBD2D mainly aims to activate links (cellular or D2D) that connect two nodes without constraints on flows,160

so that some communications will be likely disrupted. Lastly, FBD2D operates in slotted time, so that every T seconds

the scheme optimizes network performance by means of activating links in the next time interval. Nevertheless, in a

static scenario the allocation remains the same, so there are links much less utilized that suffer unfair treatment from

the network.

All these works do not address the D2D mode selection problem as comprehensively as we do. In fact, we couple165

Outband mode through WiFi technology, exploit the capabilities of a network with multiple D2D modes enabled where

UEs can use several interfaces at once, and account for flow demands accomplished through relaying over multiple D2D

paths. Besides, we raise satisfaction of cell flows thanks to our newly designed satisfaction metric.

In order to ease the reading of the paper, we have listed in Table 2 the meaning of all the acronyms and in Table 3

the description of all the variables used along this paper.170

3. Using D2D Links to Create Multiple Data Paths

In this section we present Multi-Path D2D (MPD2D) as well as the system model and the assumptions we take on

D2D-enabled networks. We also model network features and maximize a network utility function based on throughput,

energy consumption, and user satisfaction. Finally we present our mathematical optimization problem.

3.1. System Model175

We consider a hexagonal 3GPP OFDMA D2D-enabled cell with an evolved Node B (eNB) placed in the middle as

the BS. The cell is inscribed in a circumference of radius RC>0 where a set of UEs N are placed (see Figure 1). The

technology used for outband D2D is WiFi. We assume that all UEs have both interfaces, cellular and WiFi, although

the scheme can be easily extended to having some UEs with only one interface, or more than two. When two UEs

are closer than a D2D pre-defined range RD2D>0 they can establish a D2D connection and become D2D neighbors.180

Given two UEs in D2D range, we assign to their link a probability of being D2D neighbors based on distance. Then,

let P : [0, RD2D] → [0, 1] be a decreasing function, two UEs u1, u2 ∈ N in D2D range will be D2D neighbors with

probability P (dist(u1, u2)).1 We define Nu as the set of D2D neighbors of UE u ∈ N in the cell.

In LTE, downlink and uplink operate separately with a fixed bandwidth. Inband D2D modes (either underlay

or overlay) use the uplink bandwidth. For uplink cellular connections the eNB schedules one UE per subframe in a185

portion reserved for cellular and underlay connections. A D2D inband link uses all the dedicated bandwidth to either

underlay or overlay mode, so that we manage co-channel interference based on Signal-to-Interference-and-Noise Ratio

1We assume that the closer two UEs are, the more likely is that they are willing to establish D2D connection.
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(SINR). Hence, cellular UEs do not interfere with each other, but they do with underlay UEs. Moreover, D2D users in

overlay mode do not interfere with cellular nor underlay users, but they do interfere among themselves. Additionally,

outband links will not cause interference since they operate in a different band exploiting WiFi technology. Thus, they190

contend for the channel with well-known collision avoidance strategies from CSMA/CA protocol for IEEE 802.11, as

also adopted in [22].

We introduce the presence of cell flows as those entities that need to be provided with a certain QoS. This is

important since optimizing per-user throughputs and fairness would not automatically provide per-flow guarantees.

When a UE wants to communicate with a device outside the D2D range (either inside or outside the cell) it will do it195

through the eNB according to the legacy system. Flows originated or terminated outside the cell are mapped onto the

eNB as source or destination, respectively. However, if two D2D neighbors wish to communicate, they set a cell flow

that must be served through a direct link and/or via the eNB. We define a set of flows F in which we can find three

types of flows:

(i) A cellular flow from the eNB to a destination d ∈ N .200

(ii) A cellular flow from a source s ∈ N to the eNB.

(iii) A D2D flow from a source s ∈ N to a destination d ∈ N in D2D range.

In order to serve such flows, we allow a key feature expected to be performed on D2D communications: relaying.

Then, a given flow f ∈ F may have several paths to follow. We only allow two-hop paths for each flow, and when

a path of two hops takes place it must contain the eNB. This approach allows for easy network management at the205

eNB. Otherwise, in a multi-hop path involving only D2D users, the eNB will hardly be aware of performance regarding

interference and signaling in these connections. For instance, WiFi Direct technology has been experimentally proven

to be capable of relaying cellular traffic to users with low cellular access rate [12], supported by cellular signaling with

the eNB. However, it poses some challenges for multi-hop D2D paths due to the hard signalling and synchronization

management at the eNB, which in contrast to two-hop relayed paths, may incur non-negligible delay and data rate210

drops [11, 12]. This fact reinforces our choice to consider only two-hop paths in which the eNB is involved. As a matter

of fact, if the eNB could have control of all D2D links, irrespectively of whether the traffic went through the eNB, it

would be possible to account for multi-hop routing in our framework; however this would imply adding extra and hard-

to-manage complexity in the final optimization: while two-hop paths let the optimization account for manageable (and

linearizable) quadratic constraints, multi-hop paths imply having polynomial constraints that make the optimization215

even non-convex, hence not solvable with off-the-self optimizers. In addition, extra constraints accounting for the extra

delay are needed, as well as avoiding loops in the paths. Therefore, since the goal of this paper is to analyze the

potentials of relaying in a D2D framework with all the state-of-the-art D2D modes enabled, allowing for relayed paths

of two-hops lets us study the gain and opportunities that this multi-mode D2D environment provides to D2D-aided

cellular networks.220

Clearly, users establishing D2D links for one-hop flows get the immediate benefit of performing direct and fast

transmissions at lower power consumption. Additionally, as shown later in Fig. 4.a, enabling D2D relay features allows

users in the system to experience much more throughput per consumed joule in comparison with non-D2D-enabled

schemes. Hence, two-hop relay becomes beneficial at system level. Hence, those users performing D2D communications
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for relay purposes may be offered bill discounts, and economic benefits in general, in order to incentivize sharing their225

battery and resources for the sake of system’s performance. Note also that D2D could be activated within trustable

communities (e.g., within the devices of a same group of family members, friends, etc.) where global D2D-enabled

communications benefit the community.

We define for each possible flow f = (s, d) ∈ F the possible paths that f can follow:

(i) If f = (eNB, d), d ∈ N , there are two types of possible paths for f :230

• A path {eNB, d} with downlink cellular mode.

• Any path {eNB, r, d} for all r ∈ Nd.

(ii) If f = (s, eNB), s ∈ N , there are two types of possible paths for f :

• A path {s, eNB} with uplink cellular mode.

• Any path {s, r, eNB} for all r ∈ Ns.235

(iii) If f = (s, d), s, d ∈ N , there are only two paths for f :

• A path {s, d} with D2D connection.

• A path {s, eNB, d} with uplink and downlink cellular connection where eNB acts as a relay.

We divide the time in intervals of length T seconds. At the beginning of each time interval the eNB first performs

mode selection and then resource scheduling. In the mode selection phase the eNB selects which links will be used240

according to technology, interference and flow constraints. The eNB selects these links based on the benefits for the

overall performance. Resource scheduling is out of the scope of this paper and we assume the following: (i) cellular

resources in mode 0 are allocated proportionally to the number of flows carried by the link; (ii) D2D underlay and

overlay (modes 1 and 2) re-use the full uplink bandwidth dedicated to each mode, in each active link. WiFi resources

are not scheduled and use instead a classical random access procedure with exponential backoff in case of collision.245

3.2. Modelling

In this subsection we model all the parameters, variables and metrics in order to analyze the best mode allocation

for links, so to maximize the network performance in terms of throughput, energy consumption and satisfaction of

users.

Binary decision variables. We assume that at the beginning of each time interval j ∈ N, the eNB knows the

set of cell flows F(j). Then, the eNB builds a set L(j) of potentially active links. Denoting by P any of the paths

described above, we define:

Pf (j) = {P | flow f can follow path P},

L(j) =
⋃

f∈F(j)

⋃
P∈Pf (j)

{(n,m) ∈ P},

so Pf (j) is the set of paths that f ∈ F(j) can follow. Over the set of links L(j) we define the decision variables for our250

scheme and whose values we want to find out in order to optimize the network.
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For all nodes n,m ∈ N ∗(j) such that (n,m) ∈ L(j), for all modes 0 ≤ i ≤ 3, and for all time intervals j ∈ N, we

define Y in,m(j) as:

Y in,m(j) =

1, if (n,m) is active in mode i during j;

0, otherwise,

where N ∗(j) = N (j) ∪ {eNB} is the set of nodes of the cell containing the base station. Then, {Y in,m(j)} is the set of

binary decision variables.

Furthermore, to evaluate the energy consumption of WiFi active links, we define an extra set of binary decision

variables to tell whether the state of the WiFi interface during time interval j ∈ N is idle or the transceiver is used.255

For mode i = 3 and for all UE n ∈ N (j) we define Y 3
n (j) as:

Y 3
n (j) =

1, if n uses the WiFi transceiver during j;

0, otherwise.

Throughput modelling. Given a link (n,m) ∈ L(j), θin,m(j) denotes the amount of bits that n would transmit

to m in mode 0 ≤ i ≤ 3 in time slot j. We model θin,m(j) as:

θin,m(j) = Bin,m(j)Ri,CSIn,m (j), 0 ≤ i ≤ 2; (1)

θ3n,m(j) = T ·R3,CSI
n,m Y 3

n (j − 1) + (T − tactidle)R3,CSI
n,m (j)

(
1− Y 3

n (j − 1)
)

; (2)

where Bin,m(j) is the number of resource blocks allocated to link (n,m) and Ri,CSIn,m (j) is the number of bits sent per260

resource block, which depends on the Modulation and Coding Scheme (MCS) and SINR, when 0 ≤ i ≤ 2. R3,CSI
n,m (j) is

the WiFi rate in bps and depends on the number of stations using WiFi. Our throughput model extends what derived

in [19] for FBD2D. Unlike previous models, we introduce the time tactidle needed to activate an idle WiFi card, which is

the price to pay for the routing context switch of (part of) a flow, e.g., to allow for (partial) traffic transfer from cellular

to WLAN interfaces in a multi-homed terminal. Hence, in case that a user activates its WiFi card in the current time265

slot, tactidle accounts for a small pause in service, so that the effective time in which we account for the throughput enjoyed

by the user is T − tactidle, as shown in Eq. (2).

Energy consumption modelling. To model how much energy UEs consume per each mode 0 ≤ i ≤ 3 during

j ∈ N, we denote as Ei,Txn,m (j) and Ei,Rxm,n (j) the energy spent by n ∈ N (j) when she connects to m ∈ N ∗(j) in mode i

during interval j to respectively transmit or receive data. Let M ∈ {Tx,Rx}, we model Ei,MuTx,uRx(j) as:270

Eκ,MuTx,uRx(j) = (βlte + βWiFi
idle ) ·

(
1− Y 3

uM (j)
)

+ pκ,MuM tBκuTx,uRx
(j); (3)

E3,M
uTx,uRx(j) =

(
βlte + βWiFi

active

)
+ p3,MuM θ3n,m(j); (4)

where κ ∈ {0, 1, 2}, βlte, βWiFi
idle , and βWiFi

active are the baseline energy consumptions in a time interval of length T by

LTE, idle WiFi and active WiFi interfaces respectively. For LTE (κ ∈ {0, 1, 2}), pκ,MuM (M ∈ {Tx,Rx}) is the energy

consumed in one subframe for transmission and reception of data, and tBκuTx,uRx
(j) is the number of used subframes.

For WiFi (i = 3), p3,MuM is the energy consumed for M ∈ {Tx,Rx} per bit during j. Regardless whether a user had

her WiFi card activated in the previous time slot, βWiFi
active accounts for the full energy consumption in the time interval275
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when the user uses the WiFi interface during the full time slot, as well as when the user spends a fraction of the time

interval, tactidle, to activate the WiFi card. Please note that in the latter case, we account for user energy consumption

while the card is being activated (i.e., during the pause in service).

Interference. We build an array Iix,m(j) that stores the interference that x ∈ N (j) causes to m ∈ N ∗(j) when

she transmits in mode i during j. We consider the well-known path-loss model for wireless transmissions [30]:280

Iix,m(j) = piTx(x) · 10
−PL(dist(x,m))

10 , (5)

where piTx(x) is the power of the signal that x used to transmit in mode i, and PL(dist(x,m)) is the path-loss in

decibels (dB) which depends on the distance between x and m during j [31].

3.3. System utility functions

First, we define a node utility function Un(j) for all users and for the base station. Un(j) plays a vital role in

the definition of the satisfaction metric that we will define later. We make Un(j) account for throughput enjoyed and285

energy consumed during a slotted time interval j:

Un(j) =

3∑
i=0

∑
m|(n,m)∈L(j)

(
θin,m(j)− αsEi,Txn,m (j)

)
· Y in,m(j) +

3∑
i=0

∑
m|(m,n)∈L(j)

(
θim,n(j)− αsEi,Rxm,n (j)

)
· Y im,n(j), (6)

where θ represents throughput, E energy, αs > 0 is a scaling factor for the cost of energy per bit, Y is a binary variable

representing the utilization of a link, and the summations extend over network links. Only those links (n,m) ∈ L(j)

that are active (set to 1) have relevance on the node’s utility, which is expressed in bits (per interval T ). With the

above, the global network utility function of the system in a time slot is:290

Unet(j) =
∑

n∈N∗(j)

Un(j),

where N ∗(j) = N (j) ∪ {eNB} is the set of nodes in the cell at time j jointly with the base station itself.

Unet(j) accounts for the aggregated throughput and energy consumption of all nodes in the cell. Our aim is to

decide link activations in order to maximize Unet(j). Then, Unet(j) will be the main part of the objective function of

our optimization problem, jointly with the satisfaction metric defined next.

3.4. System satisfaction.295

We introduce satisfaction indicators to measure how users exploit the network over time in order to bias link

allocation decisions by following the principles of proportional fair schedulers. When using such schedulers, links

acquire priority when they are in good transmission conditions and if they have been underutilised.

For every time interval j ∈ N, and for every node n ∈ N ∗(j), we compute an individual indicator of satisfaction (IIS),

namely fn(j). This indicator tells how good the experience of node n was during interval j. Since the node utility300

function Un(j) depends on the decisions made during j and on throughput experienced and energy consumed, a natural

definition for IIS is fn(j) := Un(j).
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Depending on the history of a user, we derive an accumulated individual indicator of satisfaction (AIIS), namely

Fn(j). This value Fn(j) indicates how good the experience of n has been in the previous j−1 time intervals. Then, we

filter {fn(k)}j−1k=1 to obtain Fn(j) with a weighted average:

Fn(j) =

j−1∑
k=1

wk(j)fn(k), where

j−1∑
k=1

wk(j) = 1.

Weights increase with k in an exponential-shaped form, thus concerning more about the satisfaction enjoyed in

recent past. This results in a one-step-memory filtering process, which avoids having to store each user’s full history.

Let µ > 1 be a real number. Using the geometric sum result we define:305

wk(j) :=
µ− 1

1− µ1−j · µ
k−j , ∀1 ≤ k < j, (7)

so the sum of weights {wk(j)}j−1k=1 for a fixed j is 1.

Let ξ(j) := µj−1−1
µj−1 for all j ≥ 1. Then, the following recurrence for Fn(j) values holds and enables a one-step

memory operation:

Fn(j + 1) = ξ(j)Fn(j) +
(
1− ξ(j)

)
fn(j), ∀j ≥ 1. (8)

We name our proposal of a one-step-memory filtering process as Dynamic Exponential Moving Average (DEMA),

since it results to be a novel extension of the well-known exponential moving average (EMA) [32]. Unlike EMA, we

have dynamic coefficients for each IIS that are adapted to the lifespan of a flow in the system. As we show below,

thanks to the use of dynamic weights, DEMA reacts very quick to changes in nodes’ satisfaction. For convenience, we310

also name as wDEMA
k (j) the weights and FDEMA

n (j) the AIIS values of the DEMA scheme.

In order to average satisfaction values over time with no bias on new arrivals and short-lived flows, we have derived

DEMA with no intention to resemble EMA. Hence, to remark the differences between both schemes and the novelty of

DEMA, we provide a comparison discussion between both schemes in Appendix A.

4. Optimization of Flow Allocation over D2D Links and Modes315

4.1. Objective Function

We maximize the network utility Unet(j) in a proportional fair way. Therefore, we include AIIS values Fn(j) in the

objective function in order to prioritize users not only according to their instantaneous utility, but also according to

their satisfaction history. Then, the lower Fn(j) is for a user’s flow n, the higher we make its contribution to the overall

performance:

z(j) =
∑

n∈N∗(j)

Un(j)

Fn(j)
.

Please note that the utility function is a combination of throughput and energy metrics, weighted by means of

AIIS values and binary decision variables (Y ). As we aim to maximize system throughput while minimizing energy

consumption, we have combined the throughput achieved in the reference interval (θ) and the energy consumption (E)

by means of a scaling factor (αs), as shown in Eq. (6), which expresses the economical value of a bit of data with320
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respect to the cost of energy. Once formulated the optimization program, such an approach on the utility function

provides Pareto-optimal solutions, i.e., the found optimal solution is such that throughput cannot be increased without

increasing energy consumption and energy consumption cannot be deceased without decreasing throughput [33]. Hence,

our formulation provides the optimal solution searched in such a multi-objective optimization problem. Please see

Appendix C for further details.325

4.2. Network Constraints

MPD2D is restricted to some conditions that result in three kinds of constraints for the optimization problem:

Technology constraints. In LTE (and 3GPP cellular networks in general) a node can set a direct link (either

cellular or D2D) with only one other node of the cell. Then, a node n can only use one of the LTE modes: mode 0

(celluar), mode 1 (underlay) or mode 2 (overlay). Independently she can use also mode 3 (outband).330

Interference constraints. In a D2D-enabled network there is co-channel interference that can spoil network

performance. Then, we impose SINR thresholds in the form of optimization constraints.

Let n ∈ N (j), m ∈ N ∗(j), and 0 ≤ i ≤ 2, and let T im > 0. We want that the SINR experienced in link (n,m) in

mode i is above T im in order to ensure good QoS in cellular connections. We give values to these thresholds according

to the implication they have in the lowest MCS guaranteed to users [34].335

Flow constraints. We impose the service of flows in F(j), defined in Section 3.1, through relaying data over

multiple D2D paths.

4.3. MPD2D Optimization Problem

The resulting MPD2D optimization problem is shown in what follows. For ease of readability we denote e = eNB

and omit j-dependence.340 

max z =
∑

n∈N∗

Un

Fn
;

∑2
i=0

∑
m|(n,m)∈L Y

i
n,m ≤ 1, ∀n ∈ N ;∑

m|(n,m)∈L Y
3
n,m ≤ 1, ∀n ∈ N ;∑2

i=0

∑
n|(n,m)∈L Y

i
n,m ≤ 1, ∀m ∈ N ;

∑
n|(n,m)∈L Y

3
n,m ≤ 1, ∀m ∈ N ;∑

(t,r)∈L Y
0
n,eY

1
t,rI

1
t,e ≤ γ0n,e, ∀n ∈ N | (n, e) ∈ L;∑1

i=0

∑
(x,y)∈L\{(n,m)} Y

1
n,mY

i
x,yI

i
x,m ≤ γ1n,m, ∀(n,m) ∈ L;∑

(x,y)∈L\{(n,m)} Y
2
n,mY

2
x,yI

2
x,m ≤ γ2n,m, ∀(n,m) ∈ L;

Y 3
n = min

(
1,
∑

m | (n,m)∈L Y
3
n,m +

∑
m | (m,n)∈L Y

3
m,n

)
, ∀n ∈ N ;

∑3
i=1 Y

i
s,d + Y 0

s,eY
0
e,d ≥ 1, ∀(s, d) ∈ F | s, d ∈ N ;

Y 0
e,d +

∑
r | (r,d)∈L

(
Y 0
e,r

∑3
i=1 Y

i
r,d

)
≥ 1, ∀d ∈ N | (e, d) ∈ F ;

Y 0
s,e +

∑
r | (s,r)∈L

(
Y 0
r,e

∑3
i=1 Y

i
s,r

)
≥ 1, ∀s ∈ N | (s, e) ∈ F .

(9)

The first four constraints model technology constraints. The first two are for transmitters and the next two for

receivers. It follows the set of three interference constraints. First, we manage interference from cellular users in uplink
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with underlay D2D users in the eNB. Second, we manage interference between cellular and underlay D2D users in

each of the D2D users. Third, we manage interference for overlay D2D users. The last three constraints force the345

optimization to serve all flows over at least one path.

The optimization problem is binary and non-linear in the objective function and in the constraints. All non-

linearities can be linearized with additional binary variables and linear constraints that increase the complexity of the

formulation. Hence, as shown in Appendix B, we turn the non-linear optimization program onto a Mixed-Integer Linear

Program (MILP). Therefore, we can apply standard approaches as a combination of interior-point methods [35] with a350

Branch&Bound search [36] in order to solve it.

In order to reduce complexity, we propose two effective heuristics in order to approximate the optimum provided by

MPD2D.

5. Heuristics: DIMM and DEMM

Algorithm 1 DIMM: D2D Instensive Multimode Multi-path

Input: N , L, F : Sets of users, links and flows.
{Iin,m}, {γin,m}: interference parameters.

Output: Y = {Y in,m}: Set of decision variables.
Initialize:
Y 0
s,e = Y 0

e,d = 1 ∀ (s, e), (e, d) ∈ F
for (s, d) ∈ F | s, d ∈ N do

Y 0
s,e = Y 0

e,d = 1

if Y 3
s,u = Y 3

u,d = 0 ∀ u ∈ N then

Y 3
s,d = 1

Y? = Y; max = z = Unet(Y).
while Yold 6= Y do

Yold = Y
for (n,m) ∈ LD2D do

for i ∈ {1, 2} do
Y i,?n,m = 1; Y k,?n,m = 0 ∀ k ∈ {1, 2} − {i}
Y k,?n,u = Y k,?u,m = 0 ∀ u 6= n,m;∀ 0 ≤ k ≤ 2

z = Unet(Y
?)

if z > max & SINR and Flows satisfied then
Y = Y?; max = z

else
Y? = Y

for i=3 do
Y 3,?
n,m = 1;Y 3,?

n,u = Y 3,?
u,m = 0 ∀ u 6= n,m

z = Unet(Y
?)

if z > max & Flows satisfied then
Y = Y?; max = z

else
Y? = Y

Solving the MPD2D optimization problem shown in Eq. (9) is computationally hard. Hence we propose DIMM355

and DEMM, two heuristics that perform a sequential search of multiple D2D paths through multi-mode selection. As

described in Algorithm 1, D2D Intensive Multimode Multi-path (DIMM) executes a full search of multi-paths checking

SINR violation at each decision. Instead, as described in Algorithm 2, D2D Expeditious Multimode Multi-path (DEMM)
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makes preliminary decisions based on link allocations that potentially violate SINR thresholds, so SINR constraints are

assumed to be respected and no longer checked in the algorithm. Thus, DIMM performs more accurate mode selection360

while DEMM has lower complexity, which is desirable for scalable decision making.

Algorithm 2 DEMM: D2D Expeditious Multimode Multi-path

Input: N , L, F : Sets of users, links and flows.
{Iin,m}, {γin,m}: interference parameters. ρ ∈]0, 1[.

Output: Y = {Y in,m}: Set of decision variables.
for (n, t) ∈ N ×N | I1t,e > ρ · γ0n,e do θ1t,r = 0, ∀ r ∈ N
for (n,m) ∈ LD2D do

for x ∈ N − {n} | I0x,m > ρ · γ1n,m do
θ1n,m = 0

if θ1n,m > 0 then
for x ∈ N − {n} | I1x,m > ρ · γ1n,m do

θ1x,r = 0, ∀ r ∈ N
for (n,m) ∈ LD2D do

for x ∈ N − {n} | I2x,m > ρ · γ2n,m do
θ2x,r = 0, ∀ r ∈ N

Do DIMM withouth SINR checking.

Both heuristics first allocate all cellular connections to UEs to serve all flows and then add as many WiFi links

among D2D users as possible in order to give flexibility when trying to move and split flows during the algorithm. Then

they iterate over the set of D2D links LD2D, i.e., links that do not involve the eNB, and try to allocate sequentially each

of the D2D modes to each of those links, provided that all flows are served. Besides, DIMM checks the SINR thresholds365

in order to provide feasible solutions. Conversely, DEMM a-priori bans any possible allocation that likely spoils any

SINR constraint. To this end, we randomly sort potential links for fairness in terms of energy cost distribution across

potential relays, which is also convenient since it incurs low complexity overhead. When a link allocation increases

utility, DIMM and DEMM activate the link and deactivate other incompatible links, according to MPD2D constraints.

Hence, the main differences between DIMM and DEMM are the following. While DIMM directly iterates to find370

the best combination of allocation modes to links that maximize the utility, DEMM performs a previous banning of a

set of links that potentially incur too much interference to the system, so that enabling them would not be potentially

beneficial for the final performance. Such a banning is performed by means of checking a-priori whether the incurred

link interference is higher than a portion of the maximum allowed interference (modelled with the parameter γ). Hence,

while DIMM checks at each decision point if the whole set of interference constraints are violated or not, DEMM takes375

advantage of the a-priori banning and is able to assume that such constraints do not need to be checked at each decision

making. Of course, this is an approximation used to considerably save complexity by using DEMM, as detailed in the

complexity analysis.

Complexity Analysis. We iterate over all D2D links in L and calculate up to one utility per D2D mode and per

link: 3|LD2D| utilities. The cost of each utility computation is linear with the number of users |N |, since technology380

constraints do not allow the system to have more that 5|N | active links in the cell.2 Besides, DIMM has to check SINR

2Each node can have one downlink connection from the eNB, two WiFi links to transmit and receive packets to relay using the random
access technique of IEEE 802.11, and one or two links using the uplink licensed band: either a connection to the eNB or a pair of
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constraints, whose amount is linear with |L|. Therefore, complexity of DIMM is O(5 · 3|LD2D||L||N |), while DEMM

has complexity O(5 ·3|LD2D||N |). Since LD2D ⊂ L and the sizes of the two sets are at most quadratic with the number

of users, the complexity of DIMM goes with the fifth power of |N | while DEMM has a cubic dependence on |N |.

6. Numerical Evaluation385

In this section we present results for solving MPD2D and for its heuristics through numerical simulations. We

study the gain of MPD2D and heuristics in comparison to the benchmarks based on D2D schemes that consider

only one D2D connection mode, as GMD2D [20] (only Inband Overlay is enabled), Underlay MSP [21] (only Inband

Underlay is enabled) and Outband D2D [22] (only Outband is enabled). Also, we compare to the cellular legacy system.

Additionally, we compare FBD2D [19] (all D2D modes are enabled). We mainly study performance of throughput,390

energy consumption, fairness and evolution of satisfaction over time. Error bars in the graphs represent 95% confidence

intervals. We allocate cellular resources to LTE links proportionally to the number of flows they carry. The amount of

D2D users is not limited. Unless otherwise specified, every user has a flow coming from the eNB, and half of them have

a flow towards the eNB. We place users uniformly in a hexagonal cell inscribed within a radius RC = 175 m. Any pair

of devices become a D2D pair with a probability that decreases linearly with their distance and becomes 0 at distances395

larger than RD2D. Such a D2D range has to be short since it represents a reasonable distance in order to achieve high

transmission gains as well as perform communications at high rates (as expected and demanded for D2D to be viable),

in any of the modes. Note that long D2D ranges would require unsustainably high transmission power and incur high

interference, which would impact the system performance by consuming more energy and adding extra computational

cost due to harder interference management. For simplicity, in our numerical experiments, we set RD2D = 20 m for all400

D2D modes, which is in line with what commonly considered in the literature [19, 21, 37, 38]. All D2D pairs may have

a flow from one to the other. Any flow can follow multiple paths, as detailed in Section 3.1.

We consider as benchmark schemes for MPD2D the following cases: Overlay, Underlay and WiFi. In Overlay,

the only D2D mode enabled is Inband Overlay, as done in GMD2D [20]; in Underlay, the only D2D mode enabled is

Inband Underlay, as done in Underlay MSP [21]; and in WiFi, the only D2D mode enabled is Outband, as done in [22],405

by means of WiFi technology. We also compare to Cellular, a scheme that corresponds to sending all traffic through

cellular connections, as in the cellular legacy system (D2D is not enabled). In WiFi scheme, the devices may also use

cellular and WLAN interfaces at the same time. We adapt DIMM and DEMM to work with these three benchmarks,

e.g., by disabling the selection of non-allowed D2D modes in each case.

Table 4 gathers the main parameters of the system model. We dedicate 30% of cellular resources to overlay mode,410

but leave this portion to cellular and underlay modes when overlay mode is unused. Carrier frequency for LTE is

the 800 MHz band, since it is one of the bands used to deploy 4G+ in European countries (band 20) [39]. Bandwidth

for downlink and uplink is of 20 MHz each. The minimum threshold for SINR is 15 dB, so that nodes may use at least a

MCS with 16QAM modulation and coding rate of 3/4 [34]. The value of αs is an estimation of the relative cost of bit with

respect to the cost of a Joule in the market, as considered in the literature [19], although other values may be applied.415

We consider traffic queues under infinite offered load conditions in which users have always data ready to transmit, so we

incoming/outgoing D2D inband links.
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Table 4: Evaluation Parameters

Parameter Value

–Cell Deployment–

Cell and D2D Range RC , RD2D 175 m, 20 m

Carrier Frequency Band 20: 800 MHz

Cellular BW (UL & DL) 20 MHz

Overlay Portion 0.3

Time interval length T 2 secs

Time Activation WiFi Card tactidle 300 µs

Thermal Noise Power -174 dBm/Hz

WiFi Rate 60 Mbps

SINR Threshold 15 dB

–Power & Energy Consumption–

eNB/Cellular Tx Power 44 dBm / 24 dBm

D2D Inband Tx Power 10 dBm

LTE baseline βlte 1288.04 mW

WiFi baseline βWiFi
idle , βWiFi

active 77.2 mW, 132.86 mW

WiFi power Tx/Rx 460 mW / 440 mW

Relative Cost of Energy αs 1 bit/Joule

study the achievable performance of the system. We have used MATLAB R2018a to implement the MPD2D framework

and heuristics so to derive the results. Concretely, in order to find optimal settings, we have used CVX [40, 41], a

toolbox designed for solving optimization programs that integrates, for instance, interior-point and Branch&Bound

methods. We have simulated channel conditions according to the path-loss model used in Eq. (5). User positions420

have been simulated according to uniform distribution within a hexagonal cell inscribed in a circumference of radius

RC=175 m. D2D associations have been set according to the analyzed scenario (D2D pairs need to be always within

D2D range, but pairing depends on the scenario. For instance, we mainly test when pairing depends on a probability

function than decreases linearly with the distance, as detailed later. Also, we test that users in range are always paired,

et cetera). Moreover, when we test the performance of the framework over time, we simulate that users move at a425

speed of 4 km/h according to the well-known random way-point model, updated every T=2 s, in order to re-optimize

the network. We have simulated each scenario 1000 times in order to gather average results in a personal computer.

Optimality, Throughput and Energy Consumption. In Figure 2 we show a time interval snapshot of the

performance of the network utility, cell throughput and users’ energy consumption. We show optimum values from 15

to 40 users. Both heuristics DIMM and DEMM provide close approximations for MPD2D and for benchmarks, while430

allowing to evaluate performance under a larger range of users (up to 150 in the figures reported in this paper). As

expected, DIMM performs closer to optimum values, but it has higher complexity. Then we focus on DEMM for

heuristic results, since it offers good approximations at quite lower cost. MPD2D clearly outperforms any other case

with one single D2D connectivity path enabled. The gain of the network utility compared with Cellular with |N | = 40

users is of 218%, while for the densest scenario (|N | = 150) with DEMM rises up to 701%. Furthermore, DEMM gives435

a gain of 37% in comparison to Overlay, which offers the best results among the benchmark schemes. In conclusion,

as long as we add users, DEMM results approximating the optimal MPD2D solution and enjoys much more gain than

any other benchmark.
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(a) Network Utility Unet. (b) Aggregated cell throughput. (c) Aggregated energy consumption.

Figure 2: Impact of users density on system optimality, throughput and energy consumption.

In Figures 2b and 2c we can see the specific gain of throughput and energy consumption. The shape of the

throughput graph is similar to network utility since throughput is the main part of the utility function in the scheme.440

Throughput gain grows from 3.6% with |N | = 15 up to 66% with |N | = 40 in comparison with the closest benchmark,

WiFi. With |N | = 150, DEMM provides a gain of 36% in respect to Overlay, which for dense cells gives better

throughput due to resources reuse, while WiFi usage decreases due to contention for the channel. In comparison with

Cellular, throughput gain rises from 135% up to 702%. Besides, regarding energy consumption DEMM achieves up

to a considerable 203% of extra cost to Cellular. DEMM is the scheme with higher energy cost due to having two445

interfaces enabled, since the main usage of energy is due to baseline consumption, although it saves energy compared

to the exact solution of MPD2D. Nevertheless, the great gain of throughput is much higher than the extra energy cost

incurred. As we observe in Figure 3a, although energy consumption is significatively increased, the time required for

transmitting a full piece of data is much lower, resulting in a higher energy efficiency. Figure 3a shows how much

traffic the network can transport in a second (Mbps) at the cost of one energy unit (Joule). In general, DEMM is the450

most efficient scheme compared to any benchmark. DEMM achieves a throughput-per-energy efficiency gain from 32%

compared to Overlay to 82% compared to Cellular. Hence, the way of achieving the highest throughput and the most

network efficiency is by means of the MPD2D framework.

Figure 3b sheds light on the impact of the overlay portion for |N | = 30 users. We split throughput onto each

connection mode in order to understand why this is the behavior. Clearly, widening the overlay bandwidth results into455

higher data rates. This shows that reuse of resources in a band with low interference helps to increase very substantially

the total throughput. Moreover, with narrow overlay portions MPD2D and DEMM try to allocate D2D links over the

underlay mode when interference is not high. However, once the underlay spectrum is lower than 50%, the overlay

mode is much more preferred because it has higher bandwidth and much less interference problems, so that the underlay

mode is barely used. WiFi throughput is not affected since this technology does not use licensed band. As evident from460

the figure, the overlay portion should be maximum to achieve the highest data rates. However, widening the overlay

bandwidth implies reducing the band for cellular connections in uplink. MPD2D reflects this fact in the decrease of

cellular throughput. Here, the cellular throughput accounts for downlink and uplink, so when the overlay portion

is 90%, the cellular mode usage is mainly due to downlink connections. Since the QoS for uplink connections cannot
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Figure 3: Network efficiency, impact of overlay portion and impact of LTE channel bandwidth

be much reduced, a reasonable portion for the overlay mode is between 30% and 40%.465

In Figure 3c we show the impact of changing the LTE channel bandwidth on the network performance when we

apply all different D2D schemes (with |N | = 120 users). On the one hand, we observe that Cellular, Underlay and

Overlay schemes get to scale the utility accordingly with the bandwidth factor. This is because, as mentioned earlier,

throughput takes the major part of the utility function. Since the LTE channel is the only channel used in these schemes,

Figure 3c reflects the proportional scaling with the bandwidth. On the other hand, DEMM and WiFi schemes reflect that470

having more LTE bandwidth slightly affects the WiFi channel performance. Since DEMM and WiFi are the only schemes

using the orthogonal WiFi channel, they show that widening the LTE channel bandwidth helps on cellular mode and

the Inband D2D modes. However, utility increases less in these cases because, specially with the WiFi scheme, the

major part of traffic goes over WiFi D2D links, which are not affected by the LTE bandwidth widening.

We also mention that we have studied also the impact of using different LTE bands, namely the 1800 MHz band475

(band 3) and 2600 MHz band (band 7). However, while taking higher frequencies increases the signal attenuation, it

also diminishes interference issues. In practice, all the analyzed schemes provide almost the same performance (within

1% difference) on each of the LTE bands. Hence, we conclude that MPD2D framework works regardless the cellular

band used.

In Figure 4a, we analyze the throughput per flow performance in five different setups of the D2D network. Here,480

we consider five scenarios in which the probability of the establishment of D2D flows (i.e., flows that begin and end in

a user) follows different policies. These five scenarios are, as labelled in Figure 4a,

• All D2D flows: Every pair of users that is within the D2D range, RD2D, sets a D2D flow with probability 1.

• Distance-based D2D flows: Every pair of users in D2D range sets a D2D flow according to a probability that

decreases linearly with the distance, as studied in the rest of the article.485

• D2D flow probability = 30%: Every pair of users in D2D range sets a D2D flow with a probability of 0.3.

• No D2D flows: No D2D flow is set, although flows may use D2D relay.

• D2D disabled: No D2D flows and no D2D relay.

The first four scenarios correspond to D2D-enabled networks, while the last scenario corresponds to a legacy cellular
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Figure 4: Comparison of D2D flow distributions and comparison of DEMM Vs FBD2D.

system without D2D relay. In Figure 4a, first of all we observe that per-flow throughputs decay relatively fast as the490

number of users that share the same resources increases. However, we observe a large gap between D2D-enabled and

legacy scenarios. This happens because the D2D modes considered allow to reuse transmission resources and to add

extra resources (e.g., WiFi). Indeed, using D2D brings a large gain even in absence of D2D flows. Moreover, D2D

flows can further exploit spectral reuse and outband communications to establish fast links without harming cellular

flows and relay operations, as it is clear from the figure. This means that D2D channels offer extremely valuable and495

flexible resources in all cases. Figure 4a shows that the per-flow throughput achieved in the D2D-enabled scenarios is at

least double and up to ten-fifteen times higher than the one of the legacy scenario. The case of Distance-based D2D

flows behaves better than the other D2D cases reported here. Therefore, the result tells that extreme cases with all or

no D2D flows, or a case in which D2D flows are blindly established without accounting for the distance, are far from

being optimal in terms of throughput. Furthermore, we can observe that in non-extreme scenarios, as Distance-based500

D2D flows and D2D flow probability = 30%, MPD2D is able to wisely manage the resources and D2D opportunities

due to lower interference levels than the All D2D flows scenario, and higher traffic demand than the No D2D flows

scenario.

The analysis conducted in the manuscript focuses on single-cell scenarios, as formulated in the optimization (9).

Nevertheless, the MPD2D framework can be extended to apply to multiple cells coordinated under the same network505

using a network controller. Such an extension comes at the cost of extra complexity, due to user population increase,

the presence of cross-border D2D links, and the augmented number of links to consider for inter-cell interference

management in general. Yet the complexity would be manageable for few cells. However, DIMM will suffer severe

scalability problems, whereas most of the potential interfering links added because of considering multiple cells, e.g.,

the ones due to users located in different and distant cells, would be efficiently labeled as non-relevant by DEMM. Using510

DEMM in a multi-cellular scenario would therefore result in applying DEMM to each cell, in which a few extra links

from interfering neighboring cells are accounted for. Deploying a distributed DEMM would therefore be possible and

efficient. In general, light complexity approaches as DEMM would offer viable solutions for large scale deployments.

Comparison with Floating Band D2D. Now we compare MPD2D with FBD2D [19]. FBD2D restricts each

user to activate only one link for transmission and only one link for reception of data. Then, imposing that all flows515
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Figure 5: Impact of users density on DEMM and FBD2D throughput splitting, and impact of time on fairness of a dynamic cell.

from eNB were served would make very likely that most of the users activated a cellular link and missed lots of D2D

chances. Therefore, we deploy a different scenario in which users set half of all the possible cellular flows in uplink and

also in downlink. This deployment makes it possible to compare MPD2D and FBD2D when the latter can be used.

In Figures 4b and 4c we study the impact of network density jointly with mentioned benchmarks. Both DEMM

and FBD2D increase throughput because they raise D2D opportunities. Clearly, DEMM largely outperforms FBD2D,520

due to the main difference between both schemes: the permission to use two interfaces for D2D. Indeed, since WiFi also

allows two interfaces at once, FBD2D performs worse than WiFi until we get to a dense network and WiFi performance

decays, but FBD2D still outperforms the cellular and Inband D2D schemes. This proves the importance in MPD2D

for allowing both active interfaces (LTE and WiFi) so as to drive flows over multiple paths. Schemes like FBD2D and

schemes with only one D2D mode enabled hardly split flows over multiple paths due to limited use of interfaces. For525

instance, Overlay scheme does not allow a user to send data to the eNB and also transmit through Overlay D2D mode

because both links use the same interface (LTE). Neither FBD2D allows. In fact, FBD2D explicitly states that only

one interface can be used to transfer data. Conversely, MPD2D exploits the opportunity of enabling LTE and WiFi

interfaces at once. Hence, MPD2D speeds up communications by means of splitting flows over multiple paths.

In order to study the network satisfaction, we compute the Jain’s index [42] over satisfaction values. Let M⊆ N ∗530

be a subset of the nodes, the satisfaction rate over this set is:

JM =

(∑
m∈M Fm(j)

)2
|M| ·

∑
m∈M Fm(j)2

, (10)

where Fm(j) are the AIIS values from Section 3.4. As depicted in Figure 4c, DEMM performs quite better than FBD2D,

since with DEMM the satisfaction remains between 0.77 and 0.96, while with FBD2D it decays from 0.96 to 0.65 as the

network density increases. For cellular users we do not show the results because they are very similar. The integration

of our satisfaction metric increases satisfaction over time to all users to much higher indices, as shown later.535

Figures 5a and 5b compare the throughput allocation from FBD2D and DEMM into all the connection modes.

They reflect the advantages and drawbacks of each mode shown in Table 1 and why the system model of MPD2D is

more flexible to achieve higher data rates. Figure 5a shows that Inband usage rises up until SINR limits underlay links.

Instead, interference affects much less the overlay mode, and WiFi mode contributes significantly to overall throughput.
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In addition, Figure 5b shows that in FBD2D WiFi degrades very quickly in benefit of Inband modes, since FBD2D540

can choose only one technology. In particular, overlay links are more convenient due to easier SINR management. We

conclude that our scheme does not need to discard any D2D mode since MPD2D can couple and use them at the same

time, which results in a much higher achievable throughput.

Fairness and Satisfaction. Figures 5c and 6a depict the effects of integrating the satisfaction metric developed in

Section 3.4 onto the decisions over time in the cell. In Figure 5c we plot the Jain’s index for D2D flows satisfaction in545

a static scenario, in which the set of D2D users does not change over time. Conversely, in Figure 6a we plot the Jain’s

index over all flows in a mobile scenario. Note that mobile users can be D2D or cellular users in different time intervals.

For simplicity, we assume a fixed walking speed of 4 km/h for users moving during T = 2 s in random directions, for 40

consecutive time intervals.

Figures 5c and 6a show an great behavior of satisfaction over time with MPD2D and DEMM. Static D2D users550

increase by 18% their indices when |N | = 35, from 0.74 up to 0.92, while the dynamic users altogether raises the

satisfaction indices from 0.41 up to 0.54. In this case the Jain’s index cannot be as high as in the static case, since

connection opportunities are different for D2D and cellular users over time. The lesson learnt from this experiment

is twofold: (i) multi-path is key to boost fair satisfaction of static D2D nodes to the limit, whilst (ii) mobile nodes

experience a dramatic increase of satisfaction. Interestingly, our heuristic DEMM is fairer than the optimal solution555

of MPD2D, which is due to the fact that, as shown in Figure 6c, DEMM uses more WiFi and less underlay links, the

latter being the well-known cause of unfair behaviors among flows.

In Figure 6b we focus on a simpler example in order to make more visual the effects that the satisfaction metric has

on average on the network, as seen in Figures 5c and 6a. Here, we consider a cell with five users forming a circle inside

the D2D range, so that we can establish D2D flows. Since the network is small and not complex, we apply the optimum560

MPD2D scheme. We locate the users in a circle in order to balance D2D connection opportunities across users. Such

locations are at a distance of RC−2RD2D meters from the eNB. We take such location in order to decrease the quality

of signal from cellular connections. Otherwise, when users are too close to the eNB, cellular links are selected with

higher probability in this simple example and the effect of the satisfaction metric is less visible. In Figure 6b we observe

the individual behavior of the satisfaction of each of the five users, as well as the performance of the Jain’s index for the565

satisfaction of the network. The initial stage used in the experiment is a configuration under which the network utility

is optimized for flows started exactly one slot before. Afterwards, the satisfaction metric gathers the experience of the
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flows and, following the principles of proportional fair allocation of resources, it enforces the network to increase the

satisfaction while the global performance does not decay, as depicted in Figure 6c. We see that, despite some users have

better channel conditions and better paths for the flow demands, the satisfaction metric leads the system to make fairer570

decisions so that the individual satisfaction of the well-satisfied flows decays to leave space and increase satisfaction for

other flows. As a result, the global system satisfaction increases over time, achieving nearly complete fairness.

Finally, in Figure 6c we analyze the cell throughput enjoyed over time in a dynamic network. We show also how

throughput is split into connection modes to see how the satisfaction metric affects to allocation over time. This

graph is very important to see that, despite the objective function does not account for actual throughput and energy575

consumption, throughput does not decrease to low values as time passes by. Instead, we observe very positive results

in which throughput remains stable in a reasonable variation of 15 Mbps during 80 seconds. In order to increase

satisfaction, the number of overlay D2D links is quickly decreased in benefit of cellular connections. Still, each connection

mode remains quite stable over time as the aggregated throughput does.

7. Conclusions580

We have proposed Multi-Path D2D (MPD2D), a D2D framework in which D2D modes are accounted for adaptive

mode selection with flows split over multiple D2D paths. Results obtained show an extremely high gain in terms of

throughput in comparison to state of the art schemes facing the D2D mode selection problem. The use of multiple

paths is the first key contribution of this work. Although it comes with several technology restrictions, yet it shows

significant potential gain that it is worth exploring. As a second key contribution, we have derived a system analysis585

framework and in particular we have introduced a flow satisfaction metric that provides memory to the system to make

fairer link allocation decisions according to the proportional fairness paradigm, with no bias for freshly arrived flows

and for short-lived flows. By defining a new filtering technique, namely DEMA, we have reduced to the minimum the

implementation costs of fast reactive memory-enabled mode selection decisions in dynamic contexts. To further reduce

complexity, we have proposed DIMM and DEMM, two effective heuristics that achieve close-to-optimum results and590

carry out mode selection in a way that largely outperforms state of the art solutions.
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Appendix A. DEMA vs. EMA690

In order to average satisfaction values over time with no bias on new arrivals and short-lived flows, we have derived

DEMA with no intention to resemble EMA. However, note that EMA corresponds to the following recurrence:

FEMA
n (j + 1) = (1− α)FEMA

n (j) + αfn(j), α ∈ [0, 1], (A.1)

which is similar to the DEMA scheme in Eq. (8), although the factor α is constant. Having a constant factor α has a

key impact on the behavior of the EMA scheme, and provides substantial differences with DEMA. Indeed, the EMA
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Figure A.7: Performance of DEMA in comparison with EMA.

scheme does not update properly the AIIS values FEMA
n (j+1) because at each new time slot j+1, IIS fn(j) has the695

same relevance (α), regardless how long the n-th flow has lived in the network. We provide more details in what follows.

Note that using EMA corresponds also to apply a weighted average of the filtered IIS values {fn(k)}j−1k=1. The EMA

weights, namely wEMA
k (j), are the following:

w
EMA
1 (j) = (1− α)j−2, if k = 1;

wEMA
k (j) = α(1− α)j−k−1, ∀2 ≤ k < j.

(A.2)

The weights of the EMA scheme do not follow an increasing recurrence, neither are exponentially distributed.

Conversely, for DEMA we have conveniently derived increasing exponential-shaped weights (see Eq. (7)) that yield a700

dynamic scheme that adapts to the length of the time history—depending on j—following a one-stem recurrence (see

Eq. (8)). Although the weights of EMA, {wEMA
k (k)}j−1k=2, seem to follow also an exponential-shaped curve, the first

weight wEMA
1 (j) is out of such curve (see Figure A.7a). Such fact has a deep relevance into the performance of the

satisfaction metric under the EMA scheme, as we describe below with the help of an example.

Figure A.7a shows an example of the distribution of the weights of the average filtering of IIS values for both DEMA705

and EMA using µ = 1.2 and µ = 1.5, and with α = 1/6 and α = 1/3. While the DEMA weights follow a pure

(increasing) exponential curve—since DEMA has been designed with such purpose—we observe that EMA assigns an

unnecessarily high value to the first weight, the one corresponding to IIS fn(1). Such fact goes against the principles

of the desired satisfaction metric. The satisfaction metric is intended to gather the aggregate satisfaction of a flow over

time by means of assigning much more relevance to the recently past IIS values. Thus, such first weight assignment710

disrupts the purpose of a satisfaction metric based on EMA. The issue with EMA comes from the fact that the first

weight wEMA
1 (j) has a different expression with respect to other weights as shown in Eq. (A.2). Specifically, wEMA

1 (j)

does not include the α<1 factor of the other weights, and so it gives more importance to the oldest time slot. Moreover,

besides α, the weights in EMA only depend on the distance j−k, i.e., the time shift with respect to the current slot.

As such, the weights are not adapted to the lifespan of a flow. This would not be an issue with long flows, for which715

the first EMA weight is practically not biased due to the fact that limj→+∞ wEMA
1 (j) = 0. However, current cellular
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networks are extremely dynamic and mobile. Thus, the lifespan of a flow may be short or long—i.e., j may remain

small or become large—so distinct flows might experience distinct and variable satisfaction levels during their lifespans

in the cell, and thus the satisfaction metric should be flexible enough to account for lifespan. Also, new flows join the

cell over time, so that the first period of a flow in the network receives also an unfair treatment from an approach720

based on EMA. This issue is not present in the design of DEMA, as shown analytically in Eq. (7) and illustrated in

Figure A.7a.

As a consequence, DEMA reacts much better to changes in the individual satisfaction pattern of flows, as shown in

Figure A.7b. Here, we show a simple yet very illustrative example of the behavior of DEMA in comparison to EMA.

We have used an artificial set of IIS values for one flow experiencing an abrupt change of instantaneous satisfaction725

from 0.1 to 1 at slot j=2. Values used in the example are normalized to one for ease of readability. In Figure A.7b, the

analyzed flow has received few resources in the first time slot (j = 1), so the first IIS value is quite low (fn(1) = 0.1).

From the second time slot on (2 ≤ j ≤ 9), the flow finds better signal conditions and receives much more resources,

and keeps a constant satisfaction of fn(j) = 1 over the rest of the time. We show the AIIS values {Fn(j)}10j=2 according

to the DEMA (blue in the figure) and the EMA (green) schemes. Here we note that the DEMA scheme immediately730

reacts to the drastic satisfaction change and increases the accumulated satisfaction Fn(j) over time very fast, according

to the IIS values. Thus, DEMA quickly approaches the constant IIS in few time slots. Conversely, the EMA approach

shows an undesired behavior in which the AIIS values provided by EMA scheme increase at a much slower rate. Indeed,

the EMA approach does not react properly to the drastic IIS change. Observe that after 9 time slots, out of which the

last 8 have provided a satisfaction of 1, we expect an AIIS value approaching 1. While DEMA reflects such a behavior,735

EMA remains approximately 50% far from the desired indicator value.

Finally, in Figure A.7c we show an example similar to the one of Figure A.7b. Here, we provide a longer and more

dynamic example of (artificial/illustrative) IIS values {fn(j)}40j=1 for one flow (again normalized to one). Here, the

channel conditions for the analyzed flow are very dynamic, and flow service opportunities vary over time depending

on new D2D discoveries, better eNB coverage, or less interference. Again, the DEMA scheme reacts quicker and740

more efficiently to the high dynamics of the network, while EMA scheme provides from the first time slot satisfaction

values that do not adjust to the network dynamism. While the first three flow IIS values (j ∈ {1, 2, 3}) are above 0.8

(fn(j) > 0.8), the EMA scheme averages an accumulated satisfaction of FEMA
n (4) = 0.22. This fact reveals how

undesired and unfair the EMA scheme is in dynamic D2D networks. Here we also show that the AIIS values provided

by DEMA and EMA converge to the same value in long-term history, as the time approaches to infinity. This shows745

again the importance of DEMA scheme for flows with a short lifespan in the network, and for those who have recently

joined the network. Thus, while EMA scheme may be appropriate for flows that stay forever in the cell (which is

not realistic), the best candidate for highly mobile and dynamic networks is DEMA. We prove such convergence in

Lemma 1.

Lemma 1. Let α ∈]0, 1[ and let µ := 1
1−α > 1. The asymptotic behavior of EMA and DEMA weights is the same, i.e.,750

lim
j→∞

∣∣wDEMA
k (j)− wEMA

k (j)
∣∣ = 0, ∀k ≥ 1. (A.3)
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Proof. Let j ∈ N be fixed and let 2 ≤ k < j. Since µ = 1
1−α , we have:

∣∣wDEMA
k (j)− wEMA

k (j)
∣∣ =∣∣∣ 1

1−α − 1

1− (1− α)j−1
· (1− α)j−k − α(1− α)j−k−1

∣∣∣ =∣∣∣ α

1− (1− α)j−1
(1− α)j−k−1 − α(1− α)j−k−1

∣∣∣ =

α(1− α)j−k−1
∣∣∣ 1

1− (1− α)j−1
− 1
∣∣∣.

Since for all j ∈ N and for all 2 ≤ k < j we have that α(1−α)j−k−1 is bounded, and it is clear that lim
j→∞

∣∣∣ 1

1− (1− α)j−1
−1
∣∣∣=0,

we finally have that:

lim
j→∞

∣∣wDEMA
k (j)− wEMA

k (j)
∣∣ = 0.

Now, let k = 1. We have that:

wDEMA
1 (j) =

µ− 1

µj−1 − 1
;

wEMA
1 (j) = (1− α)j−1.

Since µ > 1 and α ∈]0, 1[, we have that:

lim
j→+∞

wDEMA
1 (j) = lim

j→+∞
wEMA

1 (j) = 0.

Thus, the claim follows.

755

Lemma 1 shows the relation between the DEMA parameter µ, and the EMA parameter α. Thus, in order to provide

a fair comparison between both schemes, the equation µ = 1
1−α must be satisfied (note that we have properly selected

the parameters used in the examples of Figure A.7 according to Lemma 1).

Appendix B. From Non-Linear Optimization to MILP

The MPD2D optimization program derived in section 4.3 is non-linear because it has one minimum-like constraint760

and quadratic constraints. Both cases can be linearised by standard methods, as described in what follows.

Given a user n ∈ N , the constraint:

Y 3
n = min

1,
∑

m | (n,m)∈L

Y 3
n,m +

∑
m | (m,n)∈L

Y 3
m,n

 (B.1)

can be expressed in a linear way by means of imposing the following two constraints:
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2 · Y 3
n ≥

∑
m | (n,m)∈L

Y 3
n,m +

∑
m | (m,n)∈L

Y 3
m,n;

2 · Y 3
n ≤ 1 +

∑
m | (n,m)∈L

Y 3
n,m +

∑
m | (m,n)∈L

Y 3
m,n; (B.2)

given that Y 3
n ∈ {0, 1} is a binary variable.

Clearly, constraints in Eq. (B.2) are equivalent to the minimum-like constraint in Eq. (B.1) because each of the765

summations can take only values 0 or 1 (according to the rest of the constraints of the optimization program). Hence,

the equivalency follows.

Regarding the quadratic constraints, we have always the case in which the constraint contains the product of two

binary variables: Y in,m and Y i
′

n′,m′ . In general, the product of two binary variables x, y ∈ {0, 1} can be linearised by

means of introducing an auxiliary binary variable π ∈ {0, 1} and the following three linear constraints:770

π ≤ x; π ≤ y;

π ≥ x+ y − 1. (B.3)

Now, the binary variable π contains the value of the product of x and y, i.e., π = x · y. Thus, we can replace any

product of binary variables of the optimization program by an auxiliary variable that accomplishes the linear constraints

of Eq. (B.3).

The transformations described in this section turn the non-linear optimization program of Section 4.3 into an MILP.

Hence, we can apply efficient and fast algorithms to solve the MILP, which is less complex than the non-linear program.775

Appendix C. Pareto-optimality

Given the node utility defined in Eq. (6), it is easy to observe that parameters and variables indexation and notations

can be re-adjusted so to express Eq. (6) as:

Un =
∑
i∈I

(θin − αsEin) · Y in +
∑
j∈J

(θjn − αsEjn) · Y jn , (C.1)

where I and J are sets of indices. Hence, index sets I and J can be joined in K = I ∪ J and we can express Eq. (C.1)

as:780

Un =
∑
k∈K

(θkn − αsEkn) · Y kn =
∑
k∈K

θkn · Y kn − αs
∑
k∈K

Ekn · Y kn . (C.2)

Now, as the system utility accounts for the summation of all node utilities, we have that:

Unet =
∑
n∈N∗

Un =
∑
n∈N∗

(∑
k∈K

θkn · Y kn − αs
∑
k∈K

Ekn · Y kn

)
. (C.3)
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Again, if we re-adjust the indexation, we have that the system utility is a combination of a throughput decision

variable and an energy decision variable:

Unet =
∑
l∈L

θl · Yl − αs
∑
l∈L

El · Yl =
∑
l∈L

θYl − αs
∑
l∈L

EYl , (C.4)

where L = N ∗ ∪K, θYl = θl · Yl and EYl = El · Yl.

Now, denoting by Y the set of binary decision variables, and θ(Y) and E(Y) the throughput and energy functions785

depending on the binary decision variables, the network utility may be expressed as:

Unet = θ(Y)− αsE(Y). (C.5)

So far we have defined the system utility (Unet) as a combination of a throughput function (θ(Y)) and an energy

consumption function (E(Y)). In reality, what we aim in our framework is to solve a multi-variable optimization

problem in which we maximize users throughput and minimize energy consumption. Hence, we should maximize the

tuple (θ(Y),−E(Y)), i.e., we need to find those binary decision variables Y such that θ(Y) cannot be increased without790

increasing E(Y)) and E(Y)) cannot be decreased without decreasing θ(Y). This is a Pareto-optimal solution [33].

As we are indeed maximizing Unet = θ(Y) − αsE(Y), we need to prove that the solution Y found in this way is

Pareto-optimal. As linear combination of the multiple functions is the common way of finding Pareto-optimal solutions

(as done, e.g., in [17]), the proof of the following lemma is quite simple.

Lemma 2. The solution found in an optimization problem with Unet = θ(Y)−αsE(Y) as the utility function corresponds795

to the Pareto-optimal solution of the multi-objective optimization problem that aims to optimize the tuple (θ(Y),−E(Y)).

Proof. Let Y∗ be the optimal solution of the single-utility optimization problem. Assume, reduction ad absurdum, that

there is an alternative solution Ỹ that is the Pareto-optimal solution of the multi-objective optimization problem but

it is not the optimal solution of the single-objective optimization problem. Hence, we have that:

θ(Ỹ) ≥ θ(Y∗),

−E(Ỹ) ≥ −E(Y∗), (C.6)

where at least one inequality is not an equality. Hence, θ(Ỹ)− αsE(Ỹ) > θ(Y∗)− αsE(Y∗).800

Since, Y∗ is the optimal solution of the single-utility optimization problem, we have a contradiction and the claim

follows.

31


	Introduction
	Background on D2D Networks and Related Work
	Using D2D Links to Create Multiple Data Paths
	System Model
	Modelling
	System utility functions
	System satisfaction.

	Optimization of Flow Allocation over D2D Links and Modes
	Objective Function
	Network Constraints
	MPD2D Optimization Problem

	Heuristics: DIMM and DEMM
	Numerical Evaluation
	Conclusions
	DEMA vs. EMA
	From Non-Linear Optimization to MILP
	Pareto-optimality

