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Reinforcement Learning With Network-Assisted
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Abstract— Future wireless networks (e.g., 5G) will consist of
multiple radio access technologies (RATs). In these networks,
deciding which RAT users should connect to is not a trivial prob-
lem. Current fully distributed algorithms although guaranteeing
convergence to equilibrium states, are often slow, require high
exploration times and may converge to undesirable equilibria.
To overcome these limitations, this paper develops a network
feedback framework that uses limited network-assisted infor-
mation to improve efficiency of distributed algorithms for RAT
selection problem. We prove theoretically that a fully distributed
algorithm developed within this framework is guaranteed to
converge to a set of correlated equilibria. Our framework
guarantees convergence in self-play even when only a single user
applies the algorithm. Simulation results demonstrate that our
solution: 1) is highly efficient with fast convergence time and low
signaling overheads while achieving competitive, if not better,
performance both in fairness and utility, as well as achieving
lower per-user switchings than state-of-the-art algorithms; and
2) can flexibly support a wide range of network-assisted feedback.
The simulations demonstrate the effectiveness of our solution in
a heterogeneous environment, where users may potentially apply
a number of different RAT selection procedures.

Index Terms— RAT selection, heterogeneous wireless networks,
reinforcement learning, network feedback, game theory,
correlated equilibrium.

I. INTRODUCTION

TO COPE with the exponential growth of mobile traffic,
network operators are continuously looking for ways

to leverage spectrum across available radio access tech-
nologies (RATs) [1]. Multiple wireless network architectures
(e.g., LTE, UMTS, WiFi, femto, etc) are being deployed
concurrently in the current and next generation wireless net-
works [2]. At the same time, mobile devices are increasingly
equipped with multiple RATs that can connect to and choose
among the different base stations (BSs) with different access
technologies. Deciding which technology, and which individ-
ual BS supporting that technology mobile users should connect
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to, is known as the RAT selection problem [3], and is a topic
of much current research in LTE and 5G [4].

RAT selection is often addressed in the literature by using
either a network-centric or a user-centric approach. In a
network-centric approach [5]–[7], a centralised controller
assigns BSs to users in a service area. This approach is
suitable in a software defined networking environment where
a controller has a complete logical view of the network [7].
It, however, requires collaboration between all wireless net-
works and users – exchanging significant communication
overheads. When the networks are run by competing operators,
such close collaboration may not at all be possible. A user-
centric approach can overcome this problem by implementing
the network-selection algorithms at the user side [8]–[16].
When intelligence is pushed to the network edge, rational users
select their RAT in order to selfishly maximize their utility.
However, as users have no information on BS load conditions,
their decisions may be in no user’s long-term interest, causing
performance degradation and sometimes oscillation or insta-
bility. To guarantee convergence, most existing distributed
RAT selection algorithms [8]–[14] require that all users know
the selection histories of other users, and are able to deter-
mine their own throughputs given other users’ choices. This
assumption implies that each user knows the instantaneous
rates of the other users. The guaranteed convergence therefore
comes at the cost of increased complexity, signalling and
communication load.

To reduce the communication overheads, a fully distrib-
uted algorithm such as a reinforcement learning (RL) based
algorithm [15]–[17] can be used. This algorithm does not
require the users to know anything about other users. Indeed,
users do not even need to know that they are parts of a
RAT selection “game”. Each user learns about the game by
observing only its own achieved payoffs. Over time, using
only this information, a user can rationally choose the best
course of actions to maximize its utility. Under mild conditions
of finite payoffs and of unchanged network conditions, the
RL-based regret minimisation algorithm in [17] is guaranteed
to converge to a stable set of equilibria. We refer to the
algorithm [17] as Hart’s RL-based algorithm throughout this
paper. Despite this attractive property, Hart’s RL-based algo-
rithm suffer from problems of slow convergence, and of
convergence to socially sub-optimal equilibria, making them
unsuitable for RAT selection in real networks where the
environment can change quickly [16].

One of the promising ideas to overcome the shortcomings of
the Hart’s RL-based algorithm is to use external information to
aid users in their estimation of the game [18]. In engineering
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systems such as wireless networks, such external information
is often readily available at the network BSs. We there-
fore propose to use such information to improve distributed
RAT selections. A real challenge is to design a method
that guarantees fast convergence and good performance,
while signalling and processing burden remains acceptable.
To achieve this balance, in our solution users select their
RAT depending on their individual observations, as well
as feedback provided by the network. By tuning the net-
work information, operators can also influence user decisions
to achieve their objectives and avoid undesirable network
states.

Our main contributions in this paper are as follows:
1) A Network Feedback Model: We develop a network

feedback model that uses network-assisted information
to improve the performance of the Hart’s RL-based
algorithm in [17] for RAT selection. We show that
our framework can be applied to multiple types of
feedback. To our best knowledge, this is the first work
that introduces network-assisted information in a RL-
based algorithm for distributed RAT selection. Our
framework accommodates a heterogeneous environment,
where not all users have the same learning strategy
and utility function. In practice, different users pursue
different objectives and thus may use different learning
strategies or utility functions. Our solution guarantees
no-regret payoff in the long run for any user adopting
it, irrespective of the behaviour of other users. Using
our self-learning technique, any independent user can
individually interface with networks to obtain the desired
feedback and implement a no-regret based strategy.
This adaptive scheme does not require any modification
of the current mobile network standards and can be
easily implemented in software running on a end-user
device.

2) A Novel Fully Distributed RAT Selection Algorithm:
Using our framework, we develop a fully distributed
algorithm which computes a correlated equilibrium solu-
tion. If all the users follow our algorithm, the empirical
distribution of joint actions is guaranteed to converge to
a set of correlated equilibria (CE), which are generalised
Nash equilibria (NE).

3) Comprehensive Practicality Study: We perform exten-
sive simulations with realistic network scenarios to
evaluate our algorithm. Simulations demonstrate that
our solution is highly efficient with fast convergence
and low overheads. Our solution achieves competitive,
if not better performance, both in fairness and utility,
as well as per-user RAT switching, compared to state-
of-the-art algorithms. A thorough evaluation of adaptive
RAT selection algorithms including the one presented in
this paper is provided in [19].

The rest of this paper is organised as follows. In Section II,
we discuss the related work. In Section III, we present our
game model. We formally propose our reinforcement learning
with network-assisted feedback in Sections IV. The evaluation
is presented in Section V. Finally, we conclude the paper
in Section VI.

II. RELATED WORK

This section discusses the major differences between our
solution and the most recent distributed RAT selection
schemes.

A. Game Theory Applications in RAT Selection

Game theory is a mathematical tool to model the interaction
of decision makers with conflicting interests, and has been
widely used to both design, and to study the dynamics of
network selection problems in wireless networks (for a survey
refer to [20]). Most related works formulate the problems
as non-cooperative games and propose iterative procedures
that converge to NE [8], [9], [16]. Unfortunately, most
algorithms that aim to reach NE do not always guarantee
convergence [21]. Substantial modifications of Nash-based
algorithms are often required to achieve guaranteed behaviours
for RAT selection games [8]–[14]. A hysteresis mechanism,
where a user changes its RAT only if its expected throughput
is higher than a threshold or if a network controller allows the
move [9], is used in [8]–[10] to guarantee convergence to NE.
Authors in [11]–[14] propose a network-assisted scheme,
where additional knowledge of the network conditions is
broadcast to all users, to aid them in their decisions.

Only a number of previous works [14], [18] consider the
situation where players achieve co-ordination between their
strategies, either directly or indirectly, in order to get better
payoffs at the correlated equilibria. A CE is a generalised Nash
equilibrium where each player chooses their actions based on
their common knowledge of the game’s history [22]. By allow-
ing the players to coordinate their actions, a CE can provide
a balance between the non-cooperative solution (where all the
players work independently but may yield poor performance)
and the fully cooperative solution (which requires coordination
between players but can be highly efficient). In fact, the set of
CE is more natural than the set of NE in decentralised adaptive
learning environments since the common history observed by
all players can serve as a natural coordination mechanism [17].

Several distributed algorithms can be used to achieve con-
vergence to stable CE in a RAT game, including regret match-
ing in [23] and its fully distributed variant – a reinforcement
learning based regret minimisation algorithm in [17]. In Hart’s
RL-based algorithm, a user learns to make optimal decisions
directly from its own past rewards without requiring any
extra information. Contrary to the uncertainty of algorithms
that aim to achieve convergence to NE, the Hart’s RL-based
algorithm in [17] converge to the set of CE almost surely.
The main drawback of the Hart’s RL-based algorithm in [17]
is that although guaranteeing convergence to the CE set,
it often requires long convergence time and can converge to
a sub-optimal equilibrium. By this, we mean an outcome that
yields lower payoffs, unfair resource allocation, or inefficient
utilisation of available resources [18].

There are several possible approaches to theoretically
analyse the convergence of RL-based algorithms. A method
based on direct analysis was developed in [17]. Majority of
subsequent proofs have been based on the stochastic approxi-
mation technique (i.e. averaging theory), such as the one used
in [16]. More recently, Benam et al. [24] use the theory of
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differential inclusion (DI) to prove the convergence of adaptive
procedures used in game theory. The proofs in this paper are
an application of [24] to RAT selection games. The use of
DI technique yields a considerably simpler and shorter proof
as compared to the classical approach in [17].

The DI based stochastic approximation method is a gen-
eralisation of ordinary differential equation approach used in
standard adaptive systems. DI is particularly suitable to study
the asymptotic trajectory of the iterative process in game-
theoretic learning where the information available to a player is
inaccurate or missing. It provides a rich set of theoretical tools
that allows us to study the convergence behaviour of multiple
game settings including games with imperfect rewards that
must be estimated from noisy observations, and when the
strategies of the other plays are unknown. DI has been used
in [25]–[27] for RL-based algorithms but to the best of
our knowledge, this is the first work that this method is
applied in RL procedure in which the “external” information
is incorporated in the decision rule.

B. Using External Feedback to Improve RAT Selection

There have been several RAT selection algorithms proposed
that use some form of network feedback [8]–[14]. In all of
these approaches, the network runs a centralised algorithm
to determine the controllable parameters (such as users’
instantaneous rate [8]–[10], network suggestions [9], [11],
traffic loads [12], quality of services [13] and offered band-
widths and costs [14]) for each user. Each BS then broadcasts
these parameters to all the users in their coverage area,
including those that are not actively served by it. The high
amount of information exchange, excessive signalling and
communication load all contribute to make these approaches
unattractive in practice.

Several attempts have been made to ensure that the sig-
nalling overheads among BSs and users is kept at the minimum
level by using RL-based algorithms [15], [16]. Two problems
with these approaches are slow and arbitrary convergence [18].
Another major issue is that a very high number of RAT
switching per-user is required due to the lack of information on
global network load conditions. This is because each user must
try many different actions in order to develop an understanding
of the global structure of the RAT “game”.

Our solution in this paper follows the regret-based principles
with significant modifications to accelerate convergence speed,
reduce exploration times and avoid undesirable equilibria.
We show in this paper, using extensive simulations, that:

1) The overall signalling overheads of our algorithm are
significantly less than those in [8]–[16], which are the
state-of-the-art RAT selection algorithms.

2) Our algorithm has a fast convergence rate with a small
number of per-user RAT switchings, whilst achieving
competitive performance both in fairness and utility.

3) Lastly, our algorithm is one of the few algorithms
of which we are aware, that can flexibly support
a wide range of feedback, which can be defined
according to the network operators’ policies. Existing
algorithms [8]–[13] do not inherently support objective
functions that are not directly related to throughput,

and may require significant modifications to incorporate
other objective functions. This will be described in detail
in Section V.B.

III. GAME MODEL

A. Heterogeneous Network Throughput Model

We consider a heterogeneous wireless network (HWN)
consisting of M base stations (BSs) and N end-user equip-
ments (users). We use BS to denote any network node that con-
nects directly to users such as a base station in WCMDA/LTE
network or an access point in WiFi. In this paper, we are
primarily interested in user downlink throughput as the utility
and use the same models as in [8]–[10] for different RATs.
We divide the throughput models into two subclasses.

1) Class-1 (Proportional-Fair Model): Under this class,
each user obtains a different user-specific throughput which
is a function of its instantaneous physical (PHY) rate and the
number of users sharing the same BS. The throughput of a
user (i.e., user A) choosing BS k is

Ū k
A = Rk

A

nk
, (1)

where Rk
A is the PHY rate of user A on BS k and

nk is the number of users on k. This class is suitable
to model time/bandwidth-fair access technologies such as
3G/4G cellular networks.

2) Class-2 (Throughput-Fair Model): Under this class, all
users connected to the same BS will have the same per-user
throughput. The throughput of a user (i.e., user A) connected
to BS k can be expressed as

Ū k
A =

( nk∑
a=1

1

Rk
a

)−1

. (2)

This class is suitable for throughput-fair access technologies
such as WiFi.

3) Realistic Throughput Model: Most existing works
assume that the user knows its actual throughput in (1) and (2).
By actual throughput, we mean the long-term average through-
put that a user indeed experiences on a wireless network.
In reality, the actual throughput of each user is influenced by
not only the link quality (i.e., the signal to noise ratio) but also
many other factors such as traffic load and interference from
the surrounding environment. Therefore, in practice, the user
only knows its sampled throughput, not the actual value. The
sampled value can be modelled as a random variable where
the actual throughput given in (1) or (2) is the mean, which
is computed at the network side. At any one time, depending
on the number of users per base station, the distribution of
traffic load and sampling technique, instantaneous throughput
observed by the user may vary from the mean.

Assumption 1: To model the real user observed throughput,
we follow the most recently proposed instantaneous through-
put model in [10], where the user observed throughput is
assumed to follow a Gaussian distribution. Other distribution
could be used but is outside the scope of this paper.

Under the Gaussian assumption, the mean is equal to the
actual throughput and the standard deviation is equal to the
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TABLE I

SUMMARY OF MAIN NOTATIONS USED IN THIS PAPER

product of the noise value e and the actual throughput [10].
Thus, instantaneous throughput rate of a user A choosing
BS k is a Gaussian random variable:

Uk
A ∼ N(Ū k

A, σ
2),

where σ = e × Ū k
A and 0 < e < 1. In our game theoretic

solution, the network provides every user with the actual
throughput Ū k

A calculated at the BS (BS computed throughput)

rather than the randomly fluctuating rates Uk
A observed by the

user (user observed throughput).

B. RAT Selection Model

In the following, we adopt the notation of [24]. We model
the RAT selection as a repeated game where the players
(mobile users) aim to maximize their long-run average pay-
offs (throughput). We consider a game with N players denoted
by the set N = {1, . . . , N} for some (finite) integer N ≥ 2.
Each player a has its set of finite actions Sa (set of
available BSs) and we denote by S = S1 ×· · ·× SN , the set of
all strategies for all players, i.e. the Cartesian product of all
players’ possible actions. We view the game from the point
of view of player A – a randomly selected player among the
set of all players. Let I = SA denote the set of actions of
player A and L = S \SA the set of actions of all other players.
Denote by X , the set of all probability mass functions (pmf)
on I and Y the set of pmf on L. Let Z denote the set of pmf
on S, then X × Y is a subset of Z comprised of all pmf of
the form z = (x, y) where x ∈ X and y ∈ Y , i.e. all pmf of
the probability of the action of player A and the actions of all
other players taken together. The main notations that we use
in this paper are summarised in Table I.

Let UA : S → � denote the payoff achieved by player A
when the overall action taken by all players is s ∈ S.

We represent a strategy in the form s = (i, �) where i is
the action of player A and � is the action of all other
players. We will consider the general formulation of the game
where users apply mixed strategies over the possible selection
set S. Under randomised actions with overall probability (pmf)
z ∈ Z , the payoff obtained by player A is defined as

UA(z) =
∑

s∈S
z(s)UA(s).

The RAT selection game then can be denoted by G =
(N , (SA)A∈N , (UA)A∈N ). In our game model, each player A
knows only its set of actions (SA) and its stream of pay-
offs (UA) received in the past. Players are not aware of other
players’ actions and payoffs. Instead, players can observe the
number of other players choosing the same action after each
action, as explained later in Section IV.A. In this paper, we are
interested in a popular notion of rationality that generalises the
Nash equilibrium, known as a correlated equilibrium. CE is an
optimality concept introduced by Aumann [22] and is proven
to exist for any finite games with bounded payoffs [28]. It is
relevant to probabilistic games, namely where strategies are
determined probabilistically, and is a precise statement of
rationality in this setting [22].

Definition 1: A probability distribution ψ defined on S is
said to be a correlated equilibrium for the game G if for every
player A ∈ N , and for every pair of action j, k ∈ I , it holds
that1 ∑

s∈S:i= j
ψ(s)(UA(k, �)− UA( j, �)) ≤ 0, (3)

CE models possible correlation or co-ordination between
players’ actions compared to the usual strategic equilibrium
of Nash, where all players act independently. A CE results
if each player does not benefit from choosing any other
probability distribution over its actions, provided that all the
other players do likewise. When each player chooses their
action independently of the other players, or without any
implicit co-ordination mechanism, a CE is also a NE.

C. Computing the Correlated Equilibria

A fully distributed algorithm that can be used to reach the
CE solution is the RL-based regret minimisation procedure
in [17]. The key idea of this method is to adjust the player’s
action probability proportional to the “regrets” for not hav-
ing played other actions. Specifically, for any two actions
j �= k ∈ I at any time t , the regret of player A for not
playing k is

Ct ( j, k) = 1

t

∑
τ≤t :iτ= j

U(k, �τ )− 1

t

∑
τ≤t :iτ= j

U( j, �τ ), (4)

where iτ denotes the action taken by player A at time τ (i.e.
iτ = j means player A selects BS j at time τ ) and �τ denotes
the actions of the others at time τ . This is the change in
the average payoff that player A would observed if playing k
instead of j every time it played j in the past. Note that the
notations should have the subscript A to indicate that it refers

1We write
∑

s∈S:i= j for the sum over all s in S whose i equals j . Similar
notations are used elsewhere in the paper.
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Fig. 1. (a) An example of RAT selection in a mixed 4G/WiFi network. (b) The set of correlated strategies and CE in payoff space.
(c) The empirical distribution of join play by Hart’s RL-based algorithm.

to player A. Since we view the game from player A’s point of
view, we drop this subscript to keep the notation simple (thus,
we write Ct and U in stead of CA,t and UA, and so on). Similar
notations are used in the rest of the paper. Since player A only
has access to the payoffs corresponding to actions it actually
took, it cannot compute the first term. Thus, the regret in (4)
needs to be replaced by an estimate that can be computed on
the basis of the available information, via

Bt ( j, k) = 1

t

∑
τ≤t :iτ=k

pτ ( j)

pτ (k)
U(k, �τ )− 1

t

∑
τ≤t :iτ= j

U( j, �τ ), (5)

where pτ denotes the play probabilities of player A at time τ
(i.e., pτ (k) is the probability of choosing k at time τ ). This
approximate regret measures the historical difference of the
average payoff over the periods when k was used and the
periods when j was used [17].

If it = j is the action chosen by player A at time t , then
the probability distribution that player A chooses an action at
time t + 1 is defined recursively as [17]2

pt+1(k) =

⎧⎪⎨
⎪⎩

(
1 − δt

)
min

{
B+

t ( j, k)

μ
,

1

m

}
+ δt

m
if k �= j,

1 −
∑

k′ �= j
pt+1(k

′) if k = j,

(6)

with the initial action probabilities at t = 1 uniformly
distributed over the set of possible actions; μ > 2mG is a
constant with m being the cardinality of the set I and G being
an upper bound on |U(s)| for all s ∈ S; δt = δ/tγ , 0 < δ < 1
and 0 ≤ γ < 1/4.

It is proven in [17] that if every player chooses their
actions according to (6), then the empirical distribution of
joint actions s of all players until time t , which is given by3

z̄t (s) = 1
t

∑t
τ=1 �{sτ=s}, converges almost surely as t → ∞

to the set of CE of the game G. Note that this does not imply
convergence to a specific point on the CE set, but that the
solution approaches the CE set.

2We use the notation x+ := max(x, 0) for a real number x throughout this
paper (e.g. B+

t ( j, k) = max(Bt ( j, k), 0)). The definition is extended to real
vectors and matrices elementwise.

3Where �(.) denotes the indicator function.

TABLE II

PAYOFF MATRIX FOR THE RAT SELECTION GAME

D. Example of RAT Selection Game

We use the example in Fig. 1(a) to illustrate the concepts
introduced so far in this paper. In this example, there are
two users and two RATs: WiFi (RAT1) and 4G (RAT2).
User 2 is at the cell-center of RAT1 and has a good PHY rate
of 54Mbps. User 1 is at the cell-edge location of RAT1 and so
obtains a lower PHY rate of 6Mbps. Both users are located at
similar distances from RAT2 and thus have the same PHY
rate of 5.4Mbps. These PHY rates are also their obtained
throughputs when connected alone to these RATs.

The set of actions is denoted by S = {( j, k) : j, k = 1, 2}
where s = ( j, k) means that user 1 chooses RAT j and
user 2 chooses RAT k. The payoff functions are the throughput
obtained for each user. When both users connect to the WiFi
access point, under Class-1 throughput model, they receive
a very low throughput of (1/6 + 1/54)−1 = 5.4 Mbps as
given by equation (2) for their WiFi connections. The 4G BS
are assumed to use the time-fair protocol (Class-2 throughput
model) which allows each user has the same time duration
to access to the network. When both users select RAT2,
they receive the throughputs that are equal to half of their
physical rates for their 4G connection. Using equation (1),
the throughput payoff is 5.4/2 = 2.7 Mbps for each user.
We summarise this game in Table II.

Suppose we have a probability distribution p on S with
p( j, k) denoting the joint probability that player 1 chooses
RAT j and player 2 chooses RAT k, for j, k = 1, 2.
Substituting the payoffs from table II, equation (3) yields the
four linear inequalities

p(1, 1){5.4 − 5.4} + p(1, 2){2.7 − 6.0} ≤ 0 ⇔ p(1, 2) ≥ 0,

p(2, 1){5.4 − 5.4} + p(2, 2){6.0 − 2.7} ≤ 0 ⇔ p(2, 2) ≤ 0,

p(1, 1){5.4 − 5.4} + p(2, 1){2.7 − 54 } ≤ 0 ⇔ p(2, 1) ≥ 0,

p(1, 2){5.4 − 5.4} + p(2, 2){54 − 2.7} ≤ 0 ⇔ p(2, 2) ≤ 0.

We also have the four inequalities p( j, k) ≥ 0 for j,
k = 1, 2 and the equality p(1, 1) + p(1, 2) + p(2, 1) +
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p(2, 2) = 1 which define a pmf. Then, a CE is a quadruple
(p(1, 1), p(1, 2), p(2, 1), p(2, 2)) that satisfies:⎧⎨

⎩
p(2, 2) = 0,
p(1, 1), p(1, 2), p(2, 1) ≥ 0,
p(1, 1)+ p(1, 2)+ p(2, 1) = 1.

Therefore, any solutions of the form p(1, 1) + p(1, 2) +
p(2, 1) = 1 will be in the set of CE. The corner points
p(1, 1) = 1, p(1, 2) = 1 and p(2, 1) = 1 are pure NE whilst
the other solutions are mixed NE. Payoff pairs in these pure
NE are, respectively, (5.4, 5.4), (6, 5.4) and (5.4, 54). Fig. 1(b)
shows the set of all payoff allocations under correlated strate-
gies and under correlated equilibria. The set of correlated
strategies (light gray) is the set of all possible combination of
players’ pure strategies; and the set of CE (dark gray), which
is a super set of the NE set, is the triangle with these three
NE as vertices.

1) Limitations of the Hart’s RL-Based Algorithm in [17]
for RAT Selection: We implemented the Hart’s RL-based
algorithm in [17] and applied it to the RAT selection game
in Fig. 1. We encountered the following three undesirable
outcomes even on this simple example.

1) Sub-optimal convergence: Our implementation of
the Hart’s RL-based algorithm when applying to the
above network leads to the CE point (p(1, 1) =
0.70, p(1, 2) = 0.08, p(2, 1) = 0.20, p(2, 2) = 0.02)
that yields a payoff pair of (5.4, 14.8) the majority
of the time. This equilibrium is neither fair ((5.4, 5.4)
provides the best system fairness) nor throughput effi-
cient ((5.4, 54) yields the highest overall throughput,
albeit unfairly).

2) Slow convergence: The algorithm takes at least
6,000 iterations to converge on a simple 2 base stations
– 2 users network! This is a significant problem for RAT
selection where network conditions can change quickly,
breaking the implicit assumptions of stable environment,
required for the RL-based algorithm to converge.

3) High numbers of switching: The algorithm also
requires up to 400 RAT switchings per user to converge.
This is an another major constraint for real network
implementation due to the challenge in providing seam-
less vertical handover between different RATs.

These issues of slow convergence, sub-optimal convergence
and high numbers of switching of Hart’s RL-based algorithm
in [17] motivate the introduction of network-assisted feedback
to the reinforcement learning based regret minimisation algo-
rithm in the next section.

IV. REINFORCEMENT LEARNING WITH

NETWORK-ASSISTED FEEDBACK

To overcome the limitations of the Hart’s RL-based
algorithm as observed above, we propose a feedback model
that uses network-assisted information from the network
BS.4 The main idea of our solution is to help users esti-
mate their utilities more accurately using the limited infor-

4Note that the feedback model is a model not an algorithm and RL is an
algorithm.

mation that is readily available at the BS. Using net-
work feedback, the operators can also alter the trajectory
of the algorithm. There have been several proposals for
using network feedback to improve distributed RAT selection
algorithms [8]–[14], but not for RL-based ones.5 We show
empirically via simulation in Section V.A that our algorithm,
by using little extra information, achieves a faster convergence
rate to the CE set than existing distributed RAT selection
algorithms including a recent RL-based algorithm in [16].

A. Using Feedback to Update Network Measured Regret

The types of network feedback varys depending on the
objectives of the network designers. In this paper, we use two
types of feedback: (1) BS computed throughput Ū k

t , which
indicates the actual throughput that a user could receive from
the BS k at time t ; (2) and the number of users nk

t , which
is the number of users currently connected to the BS k at
time t . Providing the actual achievable throughputs can help
users make informed decisions that lead to better outcomes by
exploiting the actions that yield higher throughputs. Knowing
the number of concurrent users at each BS will help users
avoid exploring selections that result in poor performances.
However, these types of information are not directly available
to the end-users.

Since most networks have up-to-date and accurate measure-
ments of these metrics, we propose to use this information to
improve the performance of the Hart’s RL-based algorithm
in [17] for RAT selection. A number of mechanisms to
distribute additional feedback information from BS to users
have been standardised and can be used for this purpose,
including the logical communication channel in IEEE standard
1900.4 [29], and the Access Network Query Protocol (ANQP)
in IEEE 802.11u standards [30]. These protocols allow users to
query information about the capabilities of the network (such
as throughput, packet error rate, available services) prior to
performing the authentication process.

As explained in Section III.A, users do not know their
actual throughput. Their instantaneous estimations are often
very noisy. By using network-assisted feedback, each user can
estimate its obtainable throughput U(k, �t ) if it switches to
another BS k given its current action is it = j �= k. The user
then can compute network measured regrets Yt ( j, k), which is
a measure of the average regret for the user observed by the
network at time t for not selecting other BS k instead of the
actual BS j every time in the past, as follows.

1) Class-1 Throughput Estimation: Suppose it = j is the
action chosen by user A at time t . Using (1), the obtainable
throughput if user A connects instead to BS k, is equal
to Rk

A divided by (nk
t + 1), the total number of users sharing

the BS k at time t , if user A joins.

U(k, �t )|it = j �=k = Rk
A

nk
t + 1

≈
∑
τ≤t :iτ=k(Ū

k
τ × nk

τ )

νk
t × (nk

t + 1)
, (7)

where νk
t = ∑

τ≤t �{iτ=k} counts how many times BS k has
been chosen up to time t . Rk

A is obtained by taking the average

5Note that in general learning theory, RL-based algorithms, their conver-
gence and approximations are well studied.
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of (Ū k
τ × nk

τ ) over νk
t – the periods when k was used.

Similarly, the number of users sharing the same BS k at
time t can be estimated by taking the average number of users
on k over the periods when k was used. That is,

nk
t |it = j �=k =

∑
τ≤t :iτ=k nk

τ

νk
t

. (8)

Replacing (8) into the denominator of (7), the estimate
of U(k, �t ) in (7) is then

Ũ(k, �t )|it = j �=k =
∑
τ≤t :iτ=k(Ū

k
τ × nk

τ )∑
τ≤t :iτ=k(n

k
τ + 1)

.

The BS observed regret measured at time t for class-1 RAT
can be calculated as

Yt ( j, k) = 1

t

∑
τ≤t :iτ= j

(
Ũ (k, �τ )− Ū j

τ

)

= 1

t

∑
τ≤t :iτ= j

(∑
τ≤t :iτ=k(Ū

k
τ × nk

τ )∑
τ≤t :iτ=k(n

k
τ + 1)

− Ū j
τ

)
. (9)

2) Class-2 Throughput Estimation: Suppose it = j is the
action chosen by user A at time t , then using (2), we obtain
the throughput of user A if it connects to another BS k as

U(k, �t )|it = j �=k =
( nk

t∑
a=1

1

Rk
a

+ 1

Rk
A

)−1

=
⎡
⎣

( nk
t∑

a=1

1

Rk
a

)(
1 + (Rk

A)
−1

∑nk
t

a=1(R
k
a)

−1

)⎤
⎦

−1

= Ū k
t

⎡
⎣1+ (Rk

A)
−1

∑nk
t

a=1(R
k
a)

−1

⎤
⎦

−1

≈ Ū k
t

⎡
⎣1− (Rk

a)
−1

∑nk
t

a=1(R
k
a)

−1

⎤
⎦. (10)

To obtain the final expression (10), in the last line we use
the first order Taylor approximation (1+x)n ≈ (1+nx) when
0 < x � 1. This approximation is likely to hold as long as
the number of users is large enough nk

t 
 1.
Assumption 2: To make the analysis simple, we assume that

all the PHY rates Rk
a for all a = 1, 2, . . . nk

t to a BS k are
independent and identical distributed with a uniform distribu-
tion Rk

a ∼ U(α, β), where α and β denote the minimum and
maximum PHY rates of all users.

Since each Rk
a is independent and identically distributed,

they have the same expected value. Thus, the obtainable
throughput if user A connects to another BS k, can be
calculated as

Ũ(k, �t )|it = j �=k ≈ Ū k
t

⎡
⎣1 − E

{
(Rk

A)
−1

}
∑nk

t
a=1 E

{
(Rk

a)
−1

}
⎤
⎦

= Ū k
t

(
1 − 1

nk
t

)
.

Proposition 1: The absolute error between the actual value
U(k, �t ) and the estimate Ũ(k, �t ) in our WiFi throughput
estimation is bounded by

G

nk
t

(
β

α
− 1

)
, where β ≥ α.

Proof: The absolute error is

|U(k, �t )− Ũ(k, �t )|
= Ū k

t

∣∣∣∣
(

1 − (Rk
A)

−1

∑nk
t

a=1(R
k
a)

−1

)
−

(
1 − 1

nk
t

)∣∣∣∣

= Ū k
t

∣∣∣∣ 1

nk
t

− (Rk
A)

−1

∑nk
t

a=1(R
k
a)

−1

∣∣∣∣

≤ G max

{∣∣∣∣ 1

nk
t

− (1/α)−1

nk
t (1/β)−1

∣∣∣∣,
∣∣∣∣ 1

nk
t

− (1/α)−1

nk
t (1/β)−1

∣∣∣∣
}

= G

nk
t

max

{∣∣∣∣1 − β

α

∣∣∣∣,
∣∣∣∣1 − α

β

∣∣∣∣
}

= G

nk
t

(
β

α
− 1

)
.

Accordingly, we can conclude that the absolute error will be
zero when β = α, which assumes all users on BS k have the
same PHY rates. Otherwise, if the number of users sharing the
same BS nk

t is large enough nk
t 
 G(β/α − 1), the absolute

error is also very close to zero.
Similarly, replacing Ū k

t by the average of Ū k
τ over νk

t and
using (8), Ũ(k, �t ) is then

Ũ(k, �t )|it = j �=k =
∑
τ≤t :iτ=k Ū k

τ

νk
t

(
1 − νk

t∑
τ≤t :iτ=k nk

t

)

=
∑
τ≤t :iτ=k Ū k

τ (n
k
τ − 1)∑

τ≤t :iτ=k nk
τ

.

The BS observed regret measured at time t for class-2
RAT can be calculated as

Yt ( j, k) = 1

t

∑
τ≤t :iτ= j

(
Ũ(k, �τ )− Ū j

τ

)

= 1

t

∑
τ≤t :iτ= j

(∑
τ≤t :iτ=k Ū k

τ (n
k
τ − 1)∑

τ≤t :iτ=k nk
τ

− Ū j
τ

)
. (11)

B. Reinforcement Learning With Network-Assisted
Feedback (RLNF) Framework

We propose to fundamentally complement the Hart’s
RL-based algorithm in [17] with external feedback from the
network to aid users in their RAT selection. Let Y k

τ be the
network feedback that the BS k sends to its connected user A
at time τ . In this paper, the network feedback is a tuple
Y k
τ = (Ū k

τ , nk
τ ), where Ū k

τ is the BS computed per-user
throughput at time τ and nk

τ is the number of users on BS k
at time τ . In our RLNF algorithm, the user then uses Y k

τ to
compute network measured regrets Yt ( j, k) at time t ≥ τ .

Our main idea is to complement the user estimated regret Bt

in [17] with the network observed assisted information Yt

at each time step t to speed up convergence towards the
equilibria. We modify the probability of actions pt+1(k) in (6)
with the combined regrets (Bt , Yt ) as in equation (12), shown
at the bottom of this page, for any 0 < ε � 1. In order to
implement this policy, each user needs 2 inputs: (1) the user
observed throughputs (Uk

1 , . . . ,U
k
t ) to compute user estimated

regret Bt ( j, k) using equation (5); and (2) the network-
assisted feedback (Y k

1 , . . . ,Y k
t ) to compute network measured
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regret Yt ( j, k). The exact procedure to compute Yt ( j, k) from
network feedbacks was explained in Section V.B.

Our RLNF algorithm differs from the Hart’s RL-based
algorithm in [17] in the formula to update pt+1(k) in (12).
Here, we make two changes to equation (6) in [17] for
updating pt+1(k). First, pt+1(k) in (6) is a function of two
inputs, i.e., pt+1(k) = f (min{Bt( j, k),m}), whereas in (12),
we remove m in the min function and complement this
function to take the extra information Yt ( j, k) as pt+1(k) =
f (min{Bt( j, k),Yt ( j, k)}). Thus, in our solution, not only the
user observed regrets Bt( j, k) but also the network measured
regrets Yt ( j, k) contribute to the update procedure of the user.
Second, we do not use a constant proportionality factor μ as
in (6), but normalise the vector of regret to get a probability
vector. This is done to avoid needing to choose an appro-
priately large arbitrary parameter μ. As discussed in [17],
a higher value of μ results in a smaller probability of switching
and thus leads to a slower speed of convergence. It is not
clear to us that the proof in [17] the convergence of Hart’s
RL-based procedure using (6) could be readily modified to
include the form of normalisation we propose in (12).

There are three major terms in the formula (12). The first,
B+

t ( j, k), is the original regret as observed by the user in
a manner similar to [17]. The second, Y +

t ( j, k), is the extra
“regret” observed at the BS. As the BS has a more complete
view of the system than the individual users, Yt ( j, k) is
expected to take into account the information on network load
conditions, which may not available under Bt ( j, k). Taking
the minimum function of the two regrets guarantees that the
sum

∑
k′ �= j pi

t+1(k
′) does not exceed 1. The last term, δt/m,

is the weighted uniform distribution over I to guarantee that
all probabilities at time t + 1 are at least δt/m > 0. This
last term together with the scaling of the regrets by (1 − δt )
ensures that when t is small the algorithm explores different
solutions to learn about the network environment. As the
algorithm progresses, the regrets become the dominant factors
in determining the selection probabilities.

Our algorithm for distributed RAT selection operated by
each user is presented as follows.

C. Convergence Properties

Theorem 1: If a player (i.e. player A) uses RLNF algo-
rithm, its time average regret is guaranteed to approach the
set of non-positive regrets almost surely irrespective of the
behaviour of the other players, for finite payoffs and positive
and finite feedback.

Proof: Please refer to Appendix for our proof which
adopts the notation of [24].

Assumption 3: We assume that the payoffs are bounded and
the network feedback Y k

τ = (Ū k
τ , nk

τ ) is positive and finite
for all τ, k. This assumption enables us to establish some

Algorithm 1 Reinforcement Learning With Network-Assisted
Feedback (RLNF)
1: Exploration: At the beginning, each user A takes sequential

actions to explore all available choices j ∈ SA in order to
learn possible payoffs and feedback from potential RATs.

2: Initialisation: Generate random uniform probability p1( j)
for all j ∈ SA.

3: for t = 1, 2, … do
4: Action Selection: Select action it = j according to the

probability distribution pt ( j).
5: Feedback Exchange: Obtain feedback Y j

t from the cor-
responding base station j .

6: Regret Update: for all k �= j ∈ SA

• Update the user estimated regret Bt ( j, k),
• Update the network measured regret Yt ( j, k).

7: Strategy Update: Update pt+1(k) using (12).
8: end for

convergence result for RLNF. In practice, all the payoffs and
the feedback that we use (the number of users, the throughput)
are finite and positive.

Theorem 2: If all players follow RLNF algorithm,
the empirical distribution of joint play of all players z̄t (s)
converges almost surely as t → ∞ to the set of correlated
equilibria.

Proof: Please refer to Appendix.
Remark 1: Contrary to most existing works that use

the classical averaging theory for ordinary differential
equations (ODEs) techniques to examines the convergence
properties of their game algorithms [16], we use the differen-
tial inclusion (DI) framework in [24] to prove our Theorem.
In our proof, if a single player uses the proposed procedure,
its time average regret is guaranteed to approach its own set
of non-positive regrets in the payoff space for any strategies
of the other players. All players are required to follow the
same algorithm in order to obtain the global convergence of
the empirical distribution of joint actions of all players to the
set of CE.

The following corollaries trivially follow from the proofs of
Theorems 1 and 2 with small modifications for the construc-
tion of the probability vectors, and therefore omitted.

Corollary 1: Class-1 RAT selection games with the
BS observed regret update in (9) converges almost surely to
the set of CE.

Corollary 2: Class-2 RAT selection games with the
BS observed regret update in (11) converges almost surely
to the set of CE.

Remark 2: In the repeated game literature ( [17], [23]),
reference is made to “unconditional” or “internal” regrets.

pt+1(k) =

⎧⎪⎨
⎪⎩

(
1 − δt

)
min

{
B+

t ( j, k)

ε + ∑
k B+

t ( j, k)
,

Y +
t ( j, k)

ε + ∑
k Y +

t ( j, k)

}
+ δt

m
if k �= j,

1 − ∑
k′ �= j pt+1(k ′) if k = j.

(12)
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Fig. 2. (a) Example CQI distribution of a real-world LTE network; (b) PHY rate distribution of a real-world WiFi network; (c) Evolution of system
fairness index J for different schemes; (d) Convergence time comparison with varying number of BSs; (e) Evolution of total overheads by different schemes;
(f) Total overheads comparison with varying number of BSs; (g) Per-user switchings comparison with varying number of BSs; (h) System fairness J for
varying number of BSs; (i) System utility comparison with varying number of BSs.

Rather than the case considered here (“conditional” or
“external” regrets), the notion of unconditional regret involves
a player reasoning about replacing each action played by
a fixed strategy. In [17], it’s shown that an RL procedure
based on unconditional regrets converges to the Hannan set
of global non-positive regrets if all players play that strategy.
The Hannan set contains CE. Furthermore, it’s argued in [24]
that, in a heterogeneous system where some players may adopt
different strategies, those players that use the unconditional
regret based algorithm will themselves achieve non-positive
unconditional regret. These approaches can be handled within
the framework presented in this paper with appropriate mod-
ifications, although we don’t address this (somewhat simpler)
issue here.

V. EVALUATION

We consider a heterogeneous wireless network environment
with 2 different RATs (WiFi and LTE) in a narrow square area

of 150 × 150 meters. We assume that WiFi BSs and users
are located within the coverage area of one macro LTE BS
at the center of the network. We follow the same network
model in [5], that reflect real world WiFi BSs and users
distribution. In this model, the connectivity and bandwidth
between BSs and users are determined by their geograph-
ical distribution. We divide the given geographic area into
9 smaller, non-overlapping square-shaped areas and randomly
place a WiFi BS within the borders of each small area. We then
place a random number of users (up to 20 – the maximum
number of local users for each WiFi BS) for each WiFi BS
within the area. A user is considered to be a local user to
BSs that are located in the same area of its location and to
be a non-local users to the rest of the BSs in the network.
We assume that each WiFi BS allocate a certain portion of its
bandwidth (0 ≤ κ ≤ 1) to serve the non-local users (κ = 1
for the local users). The actual throughput of users A under
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TABLE III

PHY RATE AND THE RSS FOR IEEE 802.11G [33]

the non-local BS k is equal to κ × Ū k
A, where Ū k

A is given
in (2).

We use real network data from a tier-1 LTE operator in
North America to simulate users’ PHY rates to the macro
LTE BS. In particular, we use the measured Channel Quality
Indication (CQI) and map them to the possible data rates that
a user can receive from a BS [31]. Fig. 2a shows an example
CQI distribution of the real-world LTE BS from the dataset.
In the simulation, maximum data rate of 35 Mbps per cell
in LTE 20 MHz is assumed [31]. We then linearly divide
the data rate into 16 different levels corresponding to the
16 CQI indexes. For example, the strongest CQI 15 correspond
to the highest data rate of 35 Mbps and the median CQI
7 corresponds to 17.5 Mbps. A user’s PHY rate to a BS is
supposed to be unchanged over time.

In addition to LTE data, we also use the collected residential
WiFi data [32] in setting up users’ PHY rates to WiFi BSs.
This data set provides traces of received signal strength (RSS)
measurements of the WiFi BSs collected at the University of
Colorado. These values are then converted to PHY rates based
on Table III as follow. Fig. 2b shows an example of PHY rate
distribution of the WiFi network from the simulated dataset.

To evaluate the performance of our proposed RLNF algo-
rithm, we compare the performance of the following four
distributed algorithms for RAT selection:

• RAT Selection Games (RSG) in [8]–[10]: All BSs broad-
cast their traffic information to all users. Thus, each user
has the information on the number of other users on
each BS and their PHY rates. At each iteration, user
selects a BS that provides the highest throughput. This
broadcasting assumption is similar to those in [11]–[13].

• Regret Matching (RM) in [14]: Users are assumed to have
a global view of the network including the actions taken
by other users and their historical PHY rates. Users apply
the regret matching algorithm [23] to select their RATs.

• Combined Fully Distributed Payoff and Strategy Rein-
forcement Learning (CODIPAS) in [16]: Users learn and
adapt their decisions based on their own observation
of the rewards received from past experiences. At each
iteration, using only this information, user selects the best
available BS to maximize its utility. This is a state-of-the-
art RL-based algorithm and has been shown to be superior
to the Hart’s RL-based scheme in [17].

• Our Reinforcement Learning with Network-Assisted
Feedback (RLNF): User data is not required to exchange
among the users or the BSs. Each BS shares feedback
only to its connecting users to assist them in their
RAT selection decisions.

For comparison purposes, we use the following metrics:

• Total overheads (bits): amount of data exchanges between
users and BSs. Lower overhead is preferable.

• Convergence time (iterations): required number of itera-
tions to convergence. A fast convergence is desired since
the wireless channel conditions may change quickly.

• Per-user switchings: maximum number of switchings
required by all users to convergence. A small number of
switching is desirable to minimise the cost for managing
the vertical switching between RATs.

• Jain’s fairness index, which is derived as

J = (
∑N

a=1 xa)
2

N × ∑N
a=1 x2

a

,

where xa is the average throughput of user a and N is the
number of users. Notes that the largest value 1 indicating
the best fairness of the system, which guaranteeing the
same throughput among all the users.

• System utility: sum of all users’ average throughputs.
Higher utilities benefit both mobile operators and service
providers in offering higher bandwidth-services.

We would like to emphasise that users running our RLNF
algorithm select their RAT by combining their individual
observed throughput and the network feedback; whereas in
all the other solutions, users make their RAT selection deci-
sions based only on their own observations. For each net-
work model and algorithm, the actual throughput Ū k

A that
a user A gets from the BS k depends on the other users
that share the same BS, and is given in the equations (1)
and (2). The instantaneous throughput Uk

A that a user A
observes directly from its connecting BS k is a random
number generated according to the Gaussian distribution
N(Ū k

A, σ
2) with Ū k

A mean and e × Ū k
A proportional standard

deviation, where we assume the proportional noise factor is
e = 0.3. This model and choice of parameters was used
in [10].

We also set δ = 10−5 � 1 and γ = 0.1 for all the simula-
tions of RLNF algorithm. Note that large δ may cause the con-
vergence to a large distance from the CE set. To compare the
performance of different schemes versus the number of BSs,
we fix the number of LTE BSs to 1 BS and vary the number
of WiFi BSs from 2 BSs to 10 BSs. Thus the total BS number
varies from 3 BSs to 11 BSs. All the results presented are aver-
aged over 50 simulation runs. Each data point on the graphs
is the average value shown with the standard deviation as an
error bar.

A. Performance Comparison With Existing Algorithms

We first compare our RLNF against existing algorithms in
convergence behaviour. The feedback used in RLNF is the
BS computed throughput and the number of connected users.
In our simulation, the BS computes the actual throughput for
each user using equations (1) or (2) and provide them this
number. Each BS also keeps track of the number of users
currently connected to it and sends this information to its
serving users.

Figs. 2c, 2d and 2e show, respectively, the evolution of
system fairness index, the convergence time versus number
of BSs and the number of RAT switchings for each user (per-
user switching) versus number of BSs by different algorithms.
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We observe that RLNF achieves the fastest convergence with
a small number of per-user switchings among all algorithms.
Our RLNF even outperforms the RM in convergence speed.
It should be note that in standard RM in [17], payoffs of the
players (mobile users) are not noisy. But in our simulation,
in order to reflect practical consideration of real-world network
for RAT selection, users running our RLNF receive the actual
throughputs via network-assisted feedback; whereas in all the
other schemes including RM, users only observe their noisy
payoffs from their instantaneous throughputs. The network
feedback in RLNF is therefore more accurate than the user
observed throughput in RM and hence user running RM may
take a longer time to learn the throughput in order to converge.
Although RM obtains a smaller number of per-user switch-
ings than RLNF, it requires a longer time to converge and
exchanges significant communication overheads as we explain
later in Figs. 2f and 2g. CODIPAS performs poorest in both
convergence speed and per-user switchings metrics due to the
lack of information on global network conditions.

We present, respectively, in Figs. 2f and 2g the total
information exchange versus number of iterations and number
of BSs across different algorithms in order to compare their
overheads. We assume that 4 bits are used to represent the
number of users or throughput. Let T be the number of
iterations to convergence. The calculations of the information
exchanges for each algorithm are summarised below.

• RSG: Each user obtains its payoff from its serving
BS (4 × N bits). Each user also needs to receive the
number of connecting users on Class-1 BSs and per-user
throughput on Class-2 BSs (4 × N × (M − 1) bits)
in order to calculate its expected throughputs of joining
the other (M − 1) BSs. The total overheads are thus
4N M × convergence time (bits) ∼ O(T N M).

• RM: Each user obtains its payoff from its serving
BS (4 × N bits). Each user also needs to know the
PHY rates and actions taken by other (N − 1) users in
each iteration (8N(N − 1) bits). The total overheads are
thus (8N2 − 4N)× convergence time (bits) ∼ O(T N2).

• CODIPAS: Each user receives its payoff directly from
its serving BS without requiring any extra communi-
cation. The total overheads are just 4N × convergence
time (bits) ∼ O(T N).

• RLNF: Apart from the BS computed per-user through-
put (4 bits), user also requires the number of users
sharing the same BS (4 bits) from its connecting BS.
The total overheads are then 8N × convergence
time (bits) ∼ O(T N).

Fig. 2f shows that with the same number of iterations
CODIPAS has the lowest overhead performance. However,
as shown in Fig. 2g, RLNF is the best algorithm to minimise
overheads. CODIPAS, despite using less information to make
decisions, requires higher overheads due to its slower conver-
gence speed, i.e., larger T . Both require an order of magnitude
less information exchange than RSG and RM algorithms,
especially the later, and when the number of users is large. The
reason is that their complexity is linear whereas the complexity
of RM is quadratic and the complexity of RSG depends also
on the total number of BSs in the network.

We now compare the performances of the algorithms on
system fairness and system utility. The fairness and utility
results are shown in Figs. 2h and 2i, respectively. As shown,
RLNF achieves comparable fairness to RM. Both are better
than the others in fairness metric. We also observe that RM,
RLNF and CODIPAS achieve very good fairness indexes in all
the cases compared to RSG. This can be explained by the fact
that these three algorithms are designed to reach an efficient
equilibrium points such as CE (RM and RLNF) or optimal-NE
(CODIPAS) rather than converging to arbitrary NE as in RSG.
Similarly, RLNF achieves very similar utility to the RM, and
outperforms the other remaining algorithms.

For further evaluation of the scalability of the algorithms,
we study the impact of network size (total number of users
in the network) on the performances of different algorithms.
We fix the total number of BS in the network to 5 BSs (com-
posed of 1 LTE BS and 4 WiFi BSs). We then vary the number
of local users per WiFi BS from 10 users/BS to 50 users/BS
resulting in increasing the total number of users in the network
from 40 users to 200 users. Fig. 3 shows the scalability
behaviour of the algorithms with respect to the size of the
network. Further experiments presented in Fig. 3 demonstrate
the robust performance and stability of RLNF to variations
in the network size as compared to relevant RAT selection
schemes. Overall, RLNF achieves the fastest speed and lowest
overheads, whilst guaranteeing competitive performance both
in fairness and utility, as well as requiring a small number of
per-user switchings as compared to the others.

B. Using Feedback to Change Convergence Points
One of the main difference between our RLNF and other

game algorithms [8]–[14] is that our solution can flexibly
support a wide range of policy-defined feedback. Under our
framework, network operators can influence user decisions
to achieve their objectives by tuning their network feedback
information. In the following, we show how to apply different
feedback in RLNF to achieve different convergence points.

As explained in Section IV, once the BS has computed
per-user throughput, it can send the users this information
to aid them in their RAT selections. This network-assisted
information, however, does not need to be the actual value of
per-user throughput, but can be functions of these throughputs.
This type of feedback reflects information about the expected
payoff that a user could receive from a BS. Let Û k

t = f (Ū k
t )

be the feedback that the BS k sends to its connected users at
time t . For simplicity, Û k

t can be defined as a function of Ū k
t

as below

Û k
t =

⎧⎪⎨
⎪⎩

Ū k
t (1 + γ ) if Rk

a ≥ ωk
1,

Ū k
t if ωk

2 < Rk
a < ωk

1,

Ū k
t (1 − γ ) if Rk

a ≤ ωk
2,

(13)

where 0 ≤ γ ≤ 1 is some weighted parameter and [ωk
1, ω

k
2]

are PHY rate thresholds defined by the network operator. Each
network could use different γ and [ωk

1, ω
k
2] depends on its

own policy. Note that the feedback Û k
t is equal to real actual

throughput Ū k
t when γ = 0.

The idea is that network feedback is tuned as a function
of the user PHY rate. When user PHY rate on a BS k is
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Fig. 3. Performance comparison of the different algorithms for increasing size of the network (number of users) on: (a) Convergence time; (b) Per-user
switchings; (c) Total overheads; (d) System fairness; and (e) System utility.

Fig. 4. (a) Impact of different feedback mechanism on system fairness; (b) Impact of different feedback mechanism on system utility; (c) Average throughput
performance by different schemes in a heterogeneous situation where users use different learning strategies.

higher than a threshold Rk
a ≥ ωk

1, the network encourages that
user to select BS k by putting more weight on the feedback
throughput. In contrast, when user PHY rate is lower than the
threshold Rk

a ≤ ωk
2, the network discourages that user from

selecting the BS by reducing the feedback throughput.
In this experiment, instead of using feedback in term of

the real actual throughput, we vary the weighted parameter γ
according to the feedback form as in equation (13); and mea-
sure the performance of RLNF in terms of fairness and utility.
We also set the PHY rate thresholds [ωk

1, ω
k
2] of WiFi and

LTE BSs to be [36Mbps, 12Mbps] and [24Mbps, 10Mbps],
respectively. Figs. 4a and 4b illustrate the impact of different
feedback mechanisms on fairness and utility.

As shown, increasing γ improves the total utility, however
reduces the system fairness. The reason behind this observa-
tion is that increasing γ will encourage users to select the

BSs that offer the higher PHY rates, which results in provid-
ing them with better throughputs. Therefore, the total utility
increases. At the same time, this higher utility comes with
a cost of increasing disparities of users’ throughputs, which
also results in bringing down the system fairness. Obviously,
there is a trade-off between fairness and utility. Depending
on different policies, different feedback mechanisms could be
defined to meet the operator’s goals.

C. Performance of RLNF in Heterogeneous Environment

Lastly, we investigate the case where users do not use the
same learning rule. Particularly, we simulate a network in a
complex heterogeneous situation where half of the users play
a random fixed strategy and the others play a random strategy
at each iteration, except only one user using an adaptive
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game algorithm. We randomly select one user among all the
users and let that user applies our proposed RLNF. We then
repeat the same simulation with different algorithms includ-
ing RSG, RM and CODIPAS, respectively, for performance
comparison purposes. The comparison of average throughput
of the selected user running different learning algorithms is
illustrated in Fig. 4c.

As shown, RLNF achieves very close performance to
RM scheme and outperforms the others. Note that RLNF
does not use global information of the network (how many
players are, their actions and payoffs) as required in RM.
RLNF achieves faster convergence and exchange significant
less overheads, especially for a network with large number
of BSs. We observed that the average throughput of users
running a random fixed strategy heavily depends on the BSs
they select as well as their PHY rates on these BSs. User
runs random selection strategy at each iteration also obtains a
very poor throughput when the number of BSs is large. The
long-run payoffs of the RLNF user, however, does not depend
on either its selected BSs or its PHY rates on any BSs as
well as the number of BSs in the network. The result implies
that such a user has no regret nor does it lose by committing
to use RLNF rather than playing any other strategies. This
demonstrates the efficiency of using RLNF in real networks
where each user often plays different RAT selection strategy
according to its own preference.

VI. CONCLUSION

We have studied the problem of RAT selection games in
heterogeneous wireless networks. We have developed a new
decentralised framework, called Reinforcement Learning with
Network-Assisted Feedback (RLNF), that incorporates limited
base station measurements in a user’s RAT selection policy
to achieve fast convergence to the set of correlated equilib-
ria. Our RLNF, as compared to other algorithms, achieves
faster convergence rate, lower signalling overheads with a
small number of RAT switching per-user, whilst achieving
competitive performance both in global network utility and
user fairness. More importantly, by adopting an efficient feed-
back mechanism, RLNF enables mobile users to adapt their
selection behaviours to various network feedback, resulting in
behaviour that meets operator objectives while providing users
with good performance. Lastly, we show that our solution
guarantees non-positive regret in the long-run for any user
applying RLNF, regardless of what other users might do
and so can work in an environment where other users may
not use RLNF. This is an important implementation issue as
RLNF can be implemented within current standards. We have
demonstrated the improved performance of RLNF compared
to other related algorithms using realistic simulations.

APPENDIX A
PROOF OF THEOREM 1

Let C : Z → �m×m be defined by

[C(z)] j,k =
∑

�∈L
z( j, �) (U(k, �)− U( j, �)) ,

which is the expected regret for player A when substituting
action k for action j under the joint distribution z of actions.
Suppose we consider player A playing some action i = j with
probability one, then

[C(zi )] j,k =
∑

�∈L
�{i= j }y� (U(k, �)− U( j, �))

= �{i= j } (U(k, y)− U( j, y)) .

Since player A cannot compute the first term as it only has
access to the payoffs corresponding to actions it actually took,
following [17], define an estimate of this term by

Ũ(k, y)�{i= j } = p( j)

p(k)
U(k, y)�{i=k},

which is computed from the regrets associated with the alterna-
tive action k weighted proportional to the relative probabilities
of player A choosing action j versus k when those actions
were actually taken. The associated pseudo regret matrix at
stage t is now

Bt ( j, k) = pt ( j)

pt (k)
U(k, yt )�{it =k} − U( j, yt)�{it = j }.

Thus, we have

E {Bt ( j, k)|ht−1} = pt (k)
pt( j)

pt (k)
U(k, yt )− pt ( j)U( j, yt)

= pt ( j) (U(k, yt )− U( j, yt))

= E {Ct ( j, k)|ht−1} ,
where ht−1 is the action history of the game until stage t − 1.
It can be seen that Bt ( j, k) and Ct ( j, k) are each bounded
by 2mG/δt . The limit sets of the pair processes Bt and Ct

also coincide since they both have the same conditional
expected values (see [17] for more details and discussion).
Then Theorem 7.3 of [24] can be applied and thus the two
processes exhibit the same asymptotic behaviour.

Let B̄t( j, k) = ∑t
τ=1 Bτ ( j, k) be the time-average of

Bt ( j, k). The average regret at stage t is thus a matrix Bt

defined by

Bt ( j, k) = 1

t

t∑
τ=1

[
pτ ( j)

pτ (k)
U(k, yτ )�{iτ=k} − U( j, yτ )�{iτ= j }

]

We then have the algebraic identity

B̄t+1 − B̄t = 1

t + 1

(
Bt+1 − B̄t

)
holds. This result follows directly from the definition of
average B̄t . Hence, the above discrete dynamics is a discrete
stochastic approximation of the DI

ẇ ∈ N̂(w)− w (with w = Bt ), (14)

where N̂ is a mapping from �m into the class of all subsets
of �m (called a correspondence on �m) that satisfies the
various conditions outlined in Hypothesis 2.1 of [24] (see [24]
for details).

Now define the matrix sequence

[Mt ] j,k = min

{
B+

t ( j, k)

ε + ∑
k B+

t ( j, k)
,

Y +
t ( j, k)

ε + ∑
k Y +

t ( j, k)

}
(15)
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for j �= k. We set [Mt ] j, j = 1 − ∑
k �= j [Mt ] j,k which is

in [0, 1] by Assumption 3 and virtue of (15). Thus Mt is a
transition probability matrix on S. So there is a probability
vector μt such that MT

t μt = μt .
The “no positive regret set” D ⊂ �m×m for player A is

defined by

D = {
g ∈ �

m×m : g( j, k) ≤ 0,∀ ( j, k)
}
.

Evidently, D is a closed, convex subspace of �m×m . Define
the Lyapunov function P(w) = 1

2‖w+‖2, with ∇ P(w) =
w+ ≥ 0. Then P satisfies the following properties:

(i) P is continuously differentiable;
(ii) P(w) = 0 ⇔ w ∈ D;

(iii) [∇ P(w)]i ≥ 0 for all i = 1, . . . ,m;
(iv) 〈∇ P(w),w〉 > 0 for all w /∈ D.

Thus P is a potential function for D. Let �D(w) be the
convex projection onto D, then we have w+ = w −
�D(w), and 〈w+,�D(w)〉 = 0. Let ϕ : �m×m → 2X

given by

ϕ(w) =
⎧⎨
⎩
(1 − δn)μ(w)+ δn

m
if w /∈ D1,

X if w ∈ D1,
(16)

where μ(w) denotes a probability vector computed from w+
according to the process above.

Define a correspondence N̂ on �m×m \ D by N̂(w) =
C(ϕ(w) × Y ) so that N̂(w) contains all resulting average
regrets. According to Lyapunov theory, to prove the approach-
ability of w to D, it suffices to show that for any w ∈ �m×m\D
and some constant λ > 0,

d

dt
P(w) = 〈∇ P(w), ẇ〉 ∈ 〈∇ P(w), N(w) − w〉 ≤ −λP(w),

meaning 〈∇ P(w), θ − w〉 ≤ −λP(w) for all θ ∈ N̂ (w)
(see [24] for details).

Suppose that w /∈ D, let θ = E
{

C̃(ϕ(w), y)|hn−1

}
, with

y ∈ Y , which means

[θ ] j,k = ϕ j (w) (U(k, y)− U( j, y)) .

Then consider

〈∇ P(w), θ〉
=

∑m

j,k
∇ Pjk(w)ϕ j (w) (U(k, y)− U( j, y))

= (1 − δt )
∑

j,k
∇ Pjk(w)μ j (w) (U(k, y)− U( j, y))

+ δt

m

∑
j,k

∇ Pjk(w) (U(k, y)− U( j, y))

= (1 − δt )
∑

j
U( j, y)

×
(∑

k
μk(w)∇ Pkj (w)− μ j (w)

∑
k
∇ Pjk(w)

)

+ δt

m

∑
j,k

∇ Pjk(w) (U(k, y)− U( j, y)) . (17)

In the third line we substituted for ϕ j (w) from (16), and in the
last line we collected together all terms containing U( j, y).

Let μt = μ(w) be such a measure. Suppose that for every
j = 1, . . . ,m, it holds that

μ j (w)
∑

k
∇ Pjk(w) = ∑

k μk(w)∇ Pkj (w),

then the first term in (17) is equal to zero. Noting that the
payoff function |U(.)| is bounded by G using Assumption 3,
then

〈∇ P(w), θ〉 = δt

m

∑
j,k

∇ Pjk(w) (U(k, y)− U( j, y))

≤ ||∇ P(w)||2Gδt

m
. (18)

Next, consider

〈∇ P(w),w〉 = 〈
w+, w

〉 = 〈
w+, w+ +�D(w)

〉 = ||w+||2
= 2 P(w) (since

〈
w+,�D(w)

〉 = 0). (19)

It follows that given ε > 0, ||w+|| ≥ ε, one can choose
δn > 0 small enough such that

〈∇ P(w), θ −w〉 = 〈∇ P(w), θ〉 − 〈∇ P(w),w〉
≤ ||∇ P(w)||2Gδt

m
− 2 P(w) ≤ −P(w).

Thus from Lyapunov theory, the set D is a global attractor
for the DI (14). Hence, the regret Bt and its corresponding
conditional regret Ct will then approach D. Note that in our
proof, Theorem 1 holds no matter what the other players do
as long as all the payoffs are bounded. In other words, any
user applying our RLNF will achieve “self-consistency” [17]
(all its positive regrets approach zero in the long run). This
completes the proof.

APPENDIX B
PROOF OF THEOREM 2

The proof follows immediately from how the “regret”
measure is defined. Recall that

[C(zt )] j,k =
∑

�∈L
zt ( j, �t) (U(k, �t )− U( j, �t))

=
∑

st∈S:it= j
zt (st ) (U(k, �t )− U( j, �t)) ,

where st = (it , �t ) is the joint action at t . On any convergent
subsequence lim

t→∞ zt → �, we get

lim
t→∞[C(zt )] j,k =

∑
st ∈S:it= j

�(st ) (U(k, �t )− U( j, �t)) ≤ 0.

Next, comparing with the definition of CE as in equation (3),
the desired results follows.
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