
Multi-interface Communication: Interface Selection
under Statistical Performance Constraints

Sounak Kar
Multimedia Communications Lab

Technische Universität Darmstadt

sounak.kar@kom.tu-darmstadt.de

Amr Rizk
Multimedia Communications Lab

Technische Universität Darmstadt

amr.rizk@kom.tu-darmstadt.de

Markus Fidler
Institute of Communications Technology

Leibniz Universität Hannover

markus.fidler@ikt.uni-hannover.de

Abstract—Recent advancements of multipath communications
have made a new dimension of resource management accessi-
ble focusing on balanced and efficient utilization of available
communication alternatives. Dynamic strategies in this context
leverage the most up to date information on available interfaces
to outperform comparable static versions. In this work, we
propose an adaptive strategy that seeks to improve the worst-
case performance of a multipath communication system by
periodically looking at waiting time bounds of respective sub-
systems. We compare the performance of the proposed adaptive
assignment with established round-robin and join-the-shortest-
queue strategies numerically where we observe that our strategy
tends to be superior in heterogeneous environments.

I. INTRODUCTION

Following the recent evolution of multipath communica-

tions, modern mobile devices have been endowed with a new

degree of freedom, i.e., the ability to utilize combinations of

multiple network interfaces for communications. This ability,

which has been present in data center networks among others,

now carries over to mobile systems that are able to leverage

different wireless technologies such as LTE, WiFi, Bluetooth,

and mmWave. Each wireless technology is, however, exposed

to strongly varying and fundamentally different channel condi-

tions and features significant differences in the PHY and MAC

layer implementations. Hence, we seek an adaptive system

that leverages these different communication technologies to

benefit from the diversity of these technologies that provide

statistically independent service.

A system that takes this approach is a transition-based

adaptive system (TBS) that switches the actively used commu-

nication technology during run time, as depicted in Fig. 1. On

a flow level, we consider each of the depicted subsystems to

provide a time-varying service Si to the flow arrivals A that

are to be transmitted. Given an optimization metric for the

communication quality, e.g., the delay, the adaptive system

continuously chooses the most appropriate subsystem. As a

consequence, each subsystem receives a thinned stream from

the common system input process.

In this work, we present an analytical approach to such

a transition-based system that builds on a service curve de-

scription [5] of different subsystems while taking into account

the queue lengths at the different subsystems simultaneously.

More precisely, the TBS takes a decision in the beginning

of every epoch of length Δ based on delay bounds that are
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Fig. 1: Transition-based system: Subsystems provide different

service S1, . . . , SN and the system decides at the beginning

of every epoch which subsystem to transmit the arrivals A on.

calculated for the different subsystems i ∈ {1, . . . , N} to

determine the most suitable interface. In case the properties of

the service processes are not known beforehand, the TBS takes

into account inference results of the service it has witnessed

on different subsystems so far.

The contributions of this work are twofold: First, we provide

an envelope for general discrete time Markov modulated ser-

vice processes. Secondly, we provide an analytical description

of the adaptive assignment strategy showing a formal criterion

to choose a specific subsystem i.

Our results particularly show that for heterogeneous multi-

interfaces, the adaptive assignment strategy provides better

worst case performance, i.e., in terms of the maximum wait-

ing time across the subsystems. We note, however, that the

performance differences between the assignment strategies in

terms of the maximum and average waiting times diminish

with lower system utilization.

The remainder of the paper is structured as follows: In

Sect. II we provide the queueing model that lays the ground-

work for the transition-based system. In Sect. III we first

review service models for wireless systems before introducing

the transition-based system together with the inference mod-

ule. We provide numerical results in Sect. IV before discussing

related work on adaptive queueing systems in Sect. V and

conclude by summarizing our findings in Sect. VI.
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II. QUEUE AWARE SCHEDULING

First, we describe the notation of the queue aware schedul-

ing system where we assume time is discrete. Arrivals to the

system between time points τ+1 and t are denoted by A(τ, t)
whereas the departures of the system in the same period are

denoted by D(τ, t). We model the time varying service offered

by the system in the period [τ+1, t] using the random process

S(τ, t). If we define A(t) = A(0, t) and D(t) in the same vein,

the backlog at time t can be expressed as B(t) = A(t)−D(t).
Using the notion of dynamic server [4], the departures from

the system can be expressed in terms of the arrivals and the

time varying service as

D(t) ≥ min
τ∈[0,t]

{A(τ) + S(τ, t)}. (1)

This, in turn, gives us a bound on backlog of the form

B(t) ≤ max
τ∈[0,t]

{A(τ, t)− S(τ, t)}. (2)

The stochastic analogue of the above bound introduces a

notion of violation probability, i.e., the bound can be breached

with probability ε, which is typically small. For the discrete

time model, this probability can be computed making a sample

path argument that makes use of union bound [5], [7], [9].

In this work, we look at a system (cf. Fig. 1) offering

alternative service guarantees and devise a scheduling strategy

that sways between available subsystems each defined by a ser-

vice curve, with the objective of minimizing the waiting time.

More specifically, at epoch beginnings lΔ, with l ∈ N and

epoch length Δ, the decision module of the system chooses

the subsystem i among alternate subsystems with service

processes {S1, S2, ..., Sn}, such that i = argmink=1,2,...,n wk

where wk’s are smallest reals satisfying P [Wk > wk] ≤ ε for

a predefined service quality ε. Here, Wk denotes the waiting

time at the end of the epoch if the kth subsystem is chosen.

The assignment problem becomes more complex when the

decision module does not possess a characterization of the

service processes {S1, S2, ..., Sn}. Here, it takes samples from

the observed service to infer about the parameters that describe

the candidate service curves as depicted in Fig. 1.

III. TRANSITION-BASED SYSTEM

Our construction is based on the assumption that the arrivals

and service processes adhere to the envelopes similar to [9],

[7], [21], [13], [5]; i.e., we consider arrivals admitting an

(bA, ρA) envelope of the form

P[∃τ ∈ [0, t] : A(τ, t) > ρA(t− τ) + bA] ≤ ε(bA). (3)

Further, we consider service processes that adhere to (−bi, ρi)
envelopes in the sense of [9], i.e.,

P [∃τ ∈ [0, t] : S(τ, t) < ρi(t− τ)− bi] ≤ ε(bi), (4)

for all subsystems i ∈ {1, . . . , N}. Note that the service

processes envelopes above satisfy the notion of service curves.

Further, the service envelope can be expressed in a tighter form

as max{ρi(t−τ)−bi, 0} as the service process is always non-

negative.

A. Transition Scheme
Given that the arrival and service processes admit envelopes

(bA, ρA) and (−bi, ρi), respectively, with violation probability
ε
2 , where ρi > ρA, ∀i, it holds for the delay W (t) at time t:

P [W (t) > w] ≤ ε,

where w = (bA + bi)/ρi [9].
Following this, our strategy aims to achieve shorter waiting

times by making transitions to the subsystem which has the

smallest waiting time bound at each decision epoch. Once

we determine the envelope parameters {(−bi, ρi)}Ni=1 for each

subsystem, together with the arrival envelope (bA, ρA) and the

existing backlog at each subsystem {Bi}Ni=1, the waiting time

bound can be written as: wi = (bA + Bi + bi)/ρi. This is

due to the fact that the arrival envelope can be reconstructed

incorporating existing backlog of a subsystem as additional

arrivals at the first time point in the epoch. To sum up, at the

beginning of the epoch we choose the mth subsystem as

m = argmin
i=1,2...,N

bA +Bi + bi
ρi

. (5)

Here we assume each backlog Bi is observable in the begin-

ning of each epoch. In the special case of arrival and service

processes being governed by independent Poisson processes

with parameters λ and μi respectively, it can be shown that(− log ε, λ(eθ − 1)/θ
)

and
(
log ε,−μi(e

−θ − 1)/θ
)

are valid

envelopes, where ε denotes the violation probability for each

envelope and θ > 0 is a free parameter to optimize.

B. Markov Modulated Service
Following [17], we adopt the Finite State Markov Chain

framework for modelling the service increments in wireless

fading channels. We assume that the service increment Xj

at time slot j is modulated by a Markov chain {Zj}j , with

Zj ∈ {0, 1}. If the service increments are given by (Xj |Zj =
0) ∼ Y0 and (Xj |Zj = 1) ∼ Y1 with moment generating

functions E[eθYk ] = Mk(θ), k ∈ {0, 1}; we see that

E[eθS(τ,τ+t)|Z] =
τ+t∏

j=τ+1

(
M0(θ)

)1−Zj
(
M1(θ)

)Zj

=
(
M0(θ)

)t−∑τ+t
j=τ+1 Zj

(
M1(θ)

)∑τ+t
j=τ+1 Zj

,

where Z denotes the random vector (Zτ+1, . . . , Zτ+t). Thus,

E
[
e−θS(τ,τ+t)] = E

[
E
[
e−θS(τ,τ+t)|Z]]

= E
[(
M0(−θ)

)t−∑τ+t
i=τ+1 Zi

(
M1(−θ)

)∑τ+t
i=τ+1 Zi

]
=

∑
z∈{0,1}t

(
M0(−θ)

)t−|z|(
M1(−θ)

)|z|
pt(z)

≤
( ∑

z∈{0,1}t

(
M0(−θ)

)lt−l|z|(
M1(−θ)

)l|z|)1/l

·
( ∑

z∈{0,1}t
pmt (z)

)1/m

≤
(
M l

0(−θ) +M l
1(−θ)

)t/l(
p̃t

)1/l

. (6)
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Here |z| =
∑

i zi, pt(z) = P [(Zτ+1, . . . , Zτ+t) = z],
and p̃t = maxz P [(Zτ+1, . . . , Zτ+t) = z]. The derivation uses

Hölder’s inequality in the second last step with 1/m+1/l = 1
and m > 1, l > 1. Further, the final step exploits the fact that

pmt (x) ≤ pt(x)(p̃t)
m−1 and substitutes m in terms of l. There

are two free parameters that can be optimized, i.e., θ > 0 and

l > 1.

One can see that the bound (6) can be further generalized

when the modulating variable Z has K states. Assuming

respective moment generating functions E[eθX |Z = j] =
Mj(θ), j ∈ {1, 2, ...,K}; one can deduce

E
[
e−θS(τ,τ+t)

] ≤
( K∑

j=1

M l
j(−θ)

)t/l(
p̃t

)1/l

, (7)

where θ, l and p̃t bear the same meaning as in (6).

Application to MIMO Channels: The bound in (7) can be

used to derive envelopes of the form (−bi, ρi) as in (4) for

MIMO wireless systems under spatial multiplexing. Here, the

K states correspond to the available degrees of freedom due

to the multiple antennas.

C. Markov Modulated On-Off Service

The case of Markov modulated On-Off service is a special

case of the derivations from Sect. III-B where we have Zi = 0
and Zi = 1 denoting the Off and the On states, respectively.

In these two states, respective constant rate service increments

provided by the channel are Y0 = 0 and Y1 = r. Further,

plugging in l = 2 in (6) gives

E
[
e−θS(τ,τ+t)

] ≤ (
1 + e−2θr

)t/2√
p̃t. (8)

Further, we have p̃t ≤ max(P)t−1, where P is the one-step

transition matrix of Z. Therefore, we can write

P [S(τ, τ + t) < Es(t)]

≤ eθEs(t)(1 + e−2θr)t/2p
(t−1)/2
∗ . (9)

Here, we have used the shorthand notation p∗ for max(P).
Now, if εs denotes the violation probability on the right hand
side of (9), we can derive the service envelope Es(t) as

Es(t) =
1

θ

(
log εs +

log p∗
2

− t

[
log(1 + e−2θr)

2
+

log p∗
2

])
,

(10)

where θ > 0 is a free parameter that can be optimized. The

parameter p∗ above can be inferred from observed service

information if it is not known a-priori. We describe the

estimation procedure in the appendix.

Application to Gilbert-Elliot Channels: The On-Off service

model described in Sect. III-C is known in the literature as

the Gilbert-Elliott [11] channel model. Here, a wireless fading

channel is modeled as being in either a good (On) or a bad

state (Off ). Successful transmission is possible in the good

state while the bad state denotes no possible transmission.

The channel memory is modeled using the transition matrix

P which together with the On rate r characterizes the model.

IV. NUMERICAL EVALUATION

In the following, we illustrate the performance of our adap-

tive algorithm that uses the subsystem selection rule given in

(5) in comparison to Round-Robin (RR) and Join the Shortest
Queue (JSQ) subsystem assignment. For JSQ the expression in

(5) reduces to taking the subsystem m = argmini=1,...,N Bi at

the beginning of the epoch. We consider two distinct cases: i)
subsystems characterized by memoryless Poisson service and

ii) subsystems that possess channels with memory captured

using the MMOO model. For simplicity, we assume Poisson

arrivals to the entire system. If not stated otherwise, we set

the number of simulation runs to 103, each spanning 104 time

slots and fix the decision epoch length at 10 time slots.

A. Poisson Service

Here we consider the case when both the arrival and subsys-

tem service increment processes follow a Poisson distribution.

In particular, the arrival and service increments are iid with

parameters λ and μ = [μ1, . . . , μN ], respectively. Here, μi

denotes average service increment rate of ith subsystem.

Next, we explore the effects of the following factors on

system performance: (i) heterogeneity of subsystems (ii) the

number of subsystems N , and (iii) the epoch length Δ.

We present CCDFs of the waiting times at the different

subsystems, as well as, the CCDF of the maximum waiting

time across different subsystems. The rationale here is to show

the impact of the assignment strategy on the worst case waiting

time within the system.

To begin with, Fig. 2 depicts the CCDF of the maximum

waiting time as well as the subsystem-specific waiting times

for a system with N = 2 subsystems with arrival rate

λ = 1.5 and heterogeneous service rates μ = [1, 2]. This

heterogeneous scenario captures the case of two subsystems,

e.g., two technologies such as WiFi and LTE, having different

average bandwidths with convenient iid assumptions on the

service increments. We observe that in this heterogeneous case

the adaptive strategy strongly enhances the performance in the

worst case, measured by the maximum of the waiting times

of the two subsystems. Looking at Fig. 2c we observe that

this improvement comes at the cost of higher waiting times

at the faster system. We observe here that for the individual

subsystems the adaptive system is not generally superior.

Next, we aim to quantify the performance benefit of in-

cluding a new subsystem. To this end, we show in Fig. 3

CCDFs of average waiting times for an increasing number of

homogeneous subsystems N with mean service rate μi = 1
each. Interestingly, we observe a comparable performance of

the average waiting times in the system for all three assignment

strategies, i.e., RR, JSQ and our adaptive assignment. We

infer, first, that differences between the assignment strategies

diminish with decreasing utilization and that the adaptive strat-

egy performs comparably to the other assignment strategies,

especially JSQ, in homogeneous settings.

To assess the impact of heterogeneity on how the adap-

tive assignment strategy utilizes the available subsystems we

consider N = 2 subsystems and fix the mean service rate

9



of subsystem 1 at μ1 = 1 and vary μ2 ∈ [1.5, 16]. We

plot the average waiting time in Fig. 4a and 4b showing

that the adaptive system clearly favors the faster subsystem.

This preference becomes more pronounced with increasing

heterogeneity.

We combine the previous two scenarios in Fig. 4c and 4d

where we increase the number of subsystems N each with

a service rate i being μi = i. The figures show diminishing

differences between the assignment strategies with overprovi-

sioning. We note that at tightly provisioned systems significant

differences between the assignment strategies are apparent.

Finally, we focus on the reactiveness of the assignment

system which we capture through the length of the decision

epoch Δ. In Fig. 5 we show the CCDF of the maximum

waiting time as well as the subsystem-specific waiting times

for a system with N = 2 subsystems with arrival rate λ = 1.5
and heterogeneous service rates μ = [1, 2]. Varying the epoch

length in this heterogeneous scenario, we see that the adaptive

strategy outperforms RR and JSQ. We attribute this to the fact

that in contrast to RR and JSQ, the adaptive strategy takes the
statistical characteristics of the arrival and service processes
into account for the assignment decision as defined in (5).

B. MMOO Service

Next, we consider the case when the arrivals follow a

Poisson distribution with rate λ = 0.5 and the subsystems in

Fig. 1 possess channels with memory which we model through

service processes Si that are given as MMOO processes

with service increment rates at the On state r = [5, 50].
The underlying transition matrix at the first subsystem is

given by [0.8, 0.2; 0.25, 0.75], and at the second subsystem

by [0.85, 0.15; 0.2, 0.8]. Corresponding initial probabilities of

being in the On state are 0.5 and 0.3 respectively. Note that

the service envelope is dynamically estimated in the beginning

of each decision epoch by inferring the transition matrices

through service feedback from respective subsystems as de-

scribed in the appendix. The performance at both subsystems

together with the worst case is illustrated in Fig. 6 through the

CCDF of waiting times. We observe that the adaptive system

provides a higher decay rate of the worst case waiting times.

V. RELATED WORK

Although, in this work, we have presented a service-curve

based strategy for scheduling, our approach is essentially

different than the well-known SCED and SCED+ algorithm

described in [19] and [8]. While SCED and SCED+ discuss

the way multiple sessions should share a server given a set

of delay bounds and burstiness of arriving traffic, our work

focuses on choosing one among alternative subsystems with

an objective to reduce occurrence of longer waiting times.

Similarly, the authors in [12] prescribe a strategy that seeks

to minimize buffer overflow probabilities for individual ses-

sions and thereby improve the system throughput in wireless

networks. A closely related work is [15] which describes a

buffer based uplink strategy in relay-assisted LTE networks

with similar objective in mind. In this context, authors of

[16] also demonstrate a queue-aware uplink scheduling that

optimizes resource utilization that simultaneously asserts a

given level of quality of service (QoS).

Further related works deal with systems with adjustable

service rate that is dynamically determined to optimize some

cost. The authors in [10] devise an optimal strategy with

respect to the average long term cost. Such an approach of

dynamic control is also seen in [1] and [20]. While the service

rate is adjusted in the beginning of each decision epoch in [1],

[20] optimizes a linear combination of the expected cost and

the expected job response time.

In [14], the authors compute the average queue length and

waiting time for queues with Markov modulated service using

a matrix geometric method and demonstrate its application in

the context of web-servers with multi-class requests. Addition-

ally, there is a class of related work that specifically focuses

on rate and power optimization. Typically, the optimization

criteria in this sphere of work is the average queuing delay. In

[3], the authors optimize over power and rate policies to min-

imize the average delay under power constraints. Assuming

Gilbert-Elliot type channels and a linear relationship of power

and rate, the authors in [6] prescribe an optimal service policy

for a service path of finite length using a similar approach.

Further, in [2], results on regulating rate and power to control

average delay and transmission power have been provided

using concepts of Markov decision theory. Finally, as our

adaptive assignment was shown to be particularly effective

in case of heterogeneous systems, we note that some inherent

aspects of load balancing in such systems have been explored

in [18] using Reinforcement learning.

VI. CONCLUSIONS AND OUTLOOK

In this work, we proposed a queue-aware scheduling strat-

egy for multi-interface communications that switches between

available subsystems by looking at the respective service

guarantees together with the statistical properties of the data

arrivals. We illustrated the performance of this adaptive assign-

ment strategy for different statistical subsystem characteristics,

especially for subsystems providing bursty service. The numer-

ical comparison with the established Round-Robin and Join-

the-Shortest-Queue strategies showed that the adaptive strategy

enhanced the worst case system waiting times, especially

under subsystem heterogeneity. A logical next step could

be comparing this approach to other scheduling algorithms

such as choosing the subsystem with the lowest expected

backlog after one epoch or using weighted RR assignments

with weights proportional to average subsystem service rates.

Lastly, looking into interdependent subsystem service pro-

cesses will broaden the scope of the results.

APPENDIX

A. MMOO Inference
The parameters of the Markov chain Z in Section III-C can

be estimated in a straightforward manner since Zi = Xi/r
i.e., not hidden. Let P be the 2×2 transition matrix of Z, i.e.,

P =

[
p00 p01
p10 p11

]
.
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(a) Empirical CCDF of the maximum of the
waiting times at two subsystems.
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(b) Empirical CCDF of the waiting times at
the slower subsystem.
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(c) Empirical CCDF of the waiting times at
the faster subsystem.

Fig. 2: Two subsystems with mean service rates μ = [1, 2]. The empirical CCDF of the adaptive policy coincides with the

y-axis at the slower subsystem. Parameters: arrival rate λ = 1.5, violation probability ε = 10−4.
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(a) N = 2 subsystems.
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(b) N = 4 subsystems.
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(c) N = 8 subsystems.

Fig. 3: Empirical CCDF of the average waiting time at N subsystems: Strong impact of the number of subsystems N on the

average waiting time in the system. All three assignment strategies have comparable performance. Arrival rate λ = 1.5, mean

service rates μi = 1 for every subsystem i, violation probability ε = 10−4.

Mean service rate �2 at server 2
1.5 2  4  8  16 

E
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adaptive server 1
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(a) Slower subsystem

Mean service rate �2 at server 2
1.5 2  4  8  16 

E
[W

]

0

2

4

6

adaptive server 2
round robin server 2
JSQ server 2

(b) Faster subsystem

number of servers
2 4 8 16

E
[W

]

0

2

4

6

adaptive server slowest
round robin server slowest
JSQ server slowest

(c) Slowest subsystem

number of servers
2 4 8 16

E
[W

]

0

0.5

1

1.5

2

adaptive server fastest
round robin server fastest
JSQ server fastest

(d) Fastest subsystem

Fig. 4: Fig. 4a and 4b show the expected waiting time at subsystems 1 and 2 for a varying mean service rate of the second

subsystem. Fig. 4c and 4d show the expected waiting time at the slowest / fastest subsystem when increasing the number of

subsystems N . Here, subsystem i possesses a mean service rate μi = i. We fix μ1 = 1, λ = 1.5, ε = 10−4, and the number

of simulation runs to 104 .

Note that here we deal with the inference of the modulating
transition matrix for a certain subsystem. Since our algorithm
uses possibly different subsystems in different epochs we have
observations as {Xi

j}i,j where Xi
j denotes the jth observation

of an epoch when the relevant subsystem was chosen for the
ith time. If there are ni observations in the ith batch, we have

p̂00 =

∑
i

∑ni−1
j=1 1Xi

j>01Xi
j+1>0∑

i

∑ni−1
j=1 1Xi

j>0

.

Other elements of P can be estimated in a similar fashion.

The maximum of these elements then can be plugged in (10).
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