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Abstract— The open radio access network (O-RAN) architec-
ture supports intelligent network control algorithms as one of
its core capabilities. Data-driven applications incorporate such
algorithms to optimize radio access network (RAN) functions via
RAN intelligent controllers (RICs). Deep reinforcement learning
(DRL) algorithms are among the main approaches adopted in the
O-RAN literature to solve dynamic radio resource management
problems. However, despite the benefits introduced by the O-RAN
RICs, the practical adoption of DRL algorithms in real network
deployments falls behind. This is primarily due to the slow
convergence and unstable performance exhibited by DRL agents
upon deployment and when encountering previously unseen
network conditions. In this paper, we address these challenges
by proposing transfer learning (TL) as a core component of the
training and deployment workflows for the DRL-based closed-
loop control of O-RAN functionalities. To this end, we propose
and design a hybrid TL-aided approach that leverages the advan-
tages of both policy reuse and distillation TL methods to provide
safe and accelerated convergence in DRL-based O-RAN slicing.
We conduct a thorough experiment that accommodates multiple
services, including real VR gaming traffic to reflect practical
scenarios of O-RAN slicing. We also propose and implement
policy reuse and distillation-aided DRL and non-TL-aided DRL
as three separate baselines. The proposed hybrid approach shows
at least: 7.7% and 20.7% improvements in the average initial
reward value and the percentage of converged scenarios, and
a 64.6% decrease in reward variance while maintaining fast
convergence and enhancing the generalizability compared with
the baselines.

Index Terms— Deep reinforcement learning (DRL), transfer
learning (TL), trustworthy DRL, safe and accelerated DRL,
O-RAN slicing, 6G.
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I. INTRODUCTION

HE open radio access network (O-RAN) architecture [1]

was proposed by the O-RAN alliance to support the
evolution of next-generation networks (NGNs) [2]. Virtual-
ization, openness, and intelligence are inherent properties of
such an architecture. The O-RAN architecture provides open
interfaces for flexible network management and automation
[3]. These standardized interfaces will enable mobile network
operators (MNOs) to flexibly and intelligently control various
radio resource management (RRM) functionalities in a closed-
loop fashion. The flexibility provided by O-RAN is essential
as more customizable radio access network (RAN) products
are needed to adapt to the various network scenarios and the
new services offered. This also allows MNOs to dynamically
change the network configurations to reflect their priorities
and objectives at a given time. The O-RAN paradigm is
therefore expected to bring gains in many cellular network
applications, especially those that necessitate dynamic control
based on the network conditions and service requirements such
as network slicing [3]. In NGNs, the optimization domains
and network requirements are expected to become larger and
tighter respectively. This will make solving dynamic RRM
problems even more complex [4].

Next-generation cellular networks have key performance
indicators (KPIs) and other measurements used to quantify the
performance of the various services. Examples are throughput,
latency, quality of experience (QoE), quality of service (QoS),
and radio channel conditions. This is seamlessly compatible
with the deep reinforcement learning (DRL) feedback loop
of observing the system state, taking action, and receiving
rewards accordingly. DRL agents can adapt to the dynamic
O-RAN environment and make quick decisions based on the
available knowledge in an open-control fashion [5]. Hence,
DRL algorithms are among the most promising methods
to design O-RAN-compliant data-driven applications hosted
by the near-real-time (near-RT) RAN intelligent controllers
(RICs) [6]. Such applications are called xApps. This allows
an MNO to intelligently adjust network settings to achieve an
optimal RRM configuration for a given network condition.

Despite the potential benefits introduced by the O-RAN
RICs, the practical adoption of DRL algorithms in real net-
work deployments falls behind. The main reasons for this
are the slow convergence and unstable performance that the
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DRL agents undergo [7]. This is particularly evident when
DRL-based xApps are newly deployed and when experiencing
extreme situations or significant changes in the network condi-
tions [8]. Slow convergence relates to the considerable number
of time steps the DRL agent takes to find or recover opti-
mal configurations for a given RRM functionality. Unstable
performance relates to sudden drops in the O-RAN system’s
performance. A certain performance level must be maintained
by O-RAN systems to guarantee users’ QoE and the overall
system’s QoS. Hence, the instabilities due to DRL exploration
affect these two measurements negatively.

The training of DRL agents should be done offline initially
according to the O-RAN recommendations [9]. This ensures
that the trained models do not affect the performance and
stability of the network. Nevertheless, the offline simulation
environments are usually inaccurate and do not reflect all the
situations that could be experienced in practical deployment
environments. This applies even if real network data was
logged and used to simulate such environments offline [10].
This is not the case in other applications such as training
a DRL agent to play a computer game. Unlike O-RAN-
based NGNs, the game training environment will still match
the deployment environment. However, whenever an XApp
is newly deployed in O-RAN’s near-RT RIC, some online
learning is still required by the incorporated DRL agent to
adapt to the live network environment [11].

Moreover, learning is needed whenever the agent experi-
ences extreme cases or when the network context changes
significantly [12]. In both situations, some exploration may
be required, while the DRL agent recovers, to avoid affecting
the performance of the available services substantially. Conver-
gence needs to be quick and stable so that the end user’s QoE
is not affected. Nonetheless, it may take thousands of learning
steps to recover, given the stochasticity of NGNs O-RAN
systems and the exploratory nature of the DRL-based xApps.
This is of great significance in live network deployments.
NGNSs can only tolerate a few iterations of stable exploration
while optimizing near-RT O-RAN functionalities [7].

The approaches used to tackle such challenges are known
as safe and accelerated DRL techniques as defined in [8] and
[13]. Such techniques attempt to reduce service level agree-
ments (SLAs) violations and to avoid any system performance
instabilities. They also aim to shorten the exploration and
recovery duration of DRL-based xApps in O-RAN. These
approaches can help pave the way for adopting trustworthy
DRL to optimize dynamic RRM functionalities in O-RAN.
Transfer learning (TL) is among the main methods used
to address the DRL-related practical challenges mentioned
earlier [14], [15]. TL can be used to guide a newly deployed
DRL-based xApp while learning the optimal policy in network
conditions it has not experienced before. A policy learned by
a previously trained DRL agent can be used as a guide in such
a case. This can be done in several ways as demonstrated in
this study.

In this paper, we address the challenge of slow and unstable
DRL convergence in the context of O-RAN slicing. To the best
of our knowledge, this is the first work to propose TL as a
core component for safe and accelerated DRL-based xApps

in O-RAN, and more specifically in the closed-loop control
of O-RAN slicing. Our contributions can be summarized as
follows:

e« We propose to incorporate TL as a core component
of DRL-based control of network functionalities in the
O-RAN architecture. We propose training and deploy-
ment workflows in the non-real-time (non-RT) and
near-RT RICs respectively. TL tackles the challenges of
slow and unstable DRL convergence by reusing knowl-
edge from pre-trained expert policies. The proposed flows
aim at enhancing the convergence and generalizabil-
ity of O-RAN DRL-based xApps. They accommodate
the difference between offline training and live deploy-
ment environments. They also accommodate significant
changes in the network conditions.

o We propose a hybrid TL-aided DRL approach for safe
and accelerated convergence of DRL-based O-RAN slic-
ing XxApps. The proposed approach combines policy reuse
and distillation TL methods to guide the DRL agent’s
convergence and strike a balance between deterministic
and directed exploratory actions. We also propose policy
reuse and distillation as two separate TL-aided DRL
baselines in addition to the non-TL-aided DRL baseline.

¢ We conduct a thorough study on intelligent O-RAN
slicing to demonstrate the gains of the proposed hybrid
TL-aided DRL approach. We analyze the reward conver-
gence behavior of the proposed approach and baselines.
We then evaluate their safety and acceleration aspects.
We finally investigate the effect of the introduced param-
eter, v, which controls the TL method to be used,
on the performance of the proposed hybrid approach. Our
approach shows at least: a 7.7% and 20.7% improvements
in the average initial reward value and the percentage
of converged scenarios, and a 64.6% decrease in reward
variance while maintaining fast convergence and enhanc-
ing the generalizability compared with the baselines.

o Our experiments support multiple services, including real
VR gaming traffic to reflect immersive scenarios of
O-RAN slicing in NGNs. We develop and publicly share
the implementation of our OpenAl Gym-compatible DRL
environment, and the proposed approach and baselines to
facilitate research on trustworthy DRL in O-RAN.

The rest of the paper is structured as follows: Section II
discusses the related work. Section III details the system
model. The proposed O-RAN workflows, hybrid approach,
and baselines are described in Section IV. Section V includes
the experimental setup and an analysis of the results. Finally,
we conclude our work and present potential future directions
in Section VI.

II. RELATED WORK

The work in [16] is amongst the earliest research to consider
slicing from an O-RAN perspective. The authors promote
using DRL as one of several machine learning (ML) schemes
to optimize O-RAN slicing. They highlight that DRL provides
faster convergence when compared with tabular reinforcement
learning (RL) given large state and action spaces. The authors
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of [17] and [18] employ the concept of federated reinforcement
learning (FRL) in the context of O-RAN slicing. In [17], the
authors suggest that the global model built using FRL learns
to generalize at a slow rate. However, it achieves relatively
more robust training by leveraging the shared experience.
In [18], the authors employ the knowledge gained in one
network application and share it to solve a slightly different
problem in another application. This is done by coordinating
power control and radio resource allocation xApps for network
slicing in O-RAN. A joint global model is created and then
disassembled into local Q-tables for the different xApps to
follow when deciding the actions to take. The authors indicate
that FRL can enable faster convergence but with relatively
lower rewards. Nevertheless, a global generic model can still
be prone to instabilities and require some exploration when
transferred to make decisions in a target local context.

The concept of safe and accelerated DRL is partially
addressed by a few research studies in the context of O-RAN.
In [8], we discussed the need for and categorized the
approaches to safe and accelerated DRL in NGNs. We also
examined the viability of TL variants to accelerate DRL-based
RAN slicing using a basic case study. In [19], the problem
of resource allocation in O-RAN slicing is addressed. The
authors mainly rely on the inherent properties of the DRL
algorithms when choosing one to employ. For instance, they
mention that the implemented actor-critic (AC)-based solution
can produce a faster convergence compared to the proximal
policy optimization (PPO)-based one as the off-policy model
has relatively improved sample efficiency. However, they show
that the AC-based solution has a failed exploration at the
beginning and a lower reward value in general. Moreover, both
DRL-based solutions can take around 20 thousand learning
steps to converge with no guarantee of fast and stable perfor-
mance if deployed in the near-RT RIC of O-RAN. Hence,
robust performance cannot be insured solely based on the
inherent properties of the DRL algorithm chosen.

In [20], O-RAN slicing is one of the 3 developed exemplary
xApps. The authors address some convergence-related issues
by choosing PPO as it proved to be reliable and efficient in
literature. They also propose pre-processing the observations
using autoencoders before feeding them into the DRL agent.
This reduces the dimensionality of the observations yet retains
a good representation of the system state. Moreover, in [21],
the authors show that the proposed deep Q-network (DQN)-
based algorithm experiences relatively slow convergence on
the communication level of slicing compared with the com-
putational level. They indicate that this is primarily due to
the mobility of end devices. Consequently, the channel gains
between the base stations (BSs) and the end devices change
frequently, delaying the convergence. More relevantly, authors
of [22] attempt to accelerate the convergence by proposing an
evolutionary-based DRL approach in the context of O-RAN
slicing. However, it appears that training and deployment flows
are not isolated. Meaning that the DRL training is carried out
in the near-RT RIC. Online training is not recommended by the
O-RAN alliance as it comes with risks such as the requirement
for exploration [11]. Furthermore, the costs of online training
are not demonstrated.

The authors of [23] propose a centralized DRL-based
approach for dynamic RAN slicing. They run simulations
using different combinations of parameters to find those lead-
ing to short convergence times. This is mainly done for the
offline training process and still falls under the “acceleration
via design choices” category defined in [8]. They also propose
a non-DRL-based crowding game approach that experiences
relatively faster convergence in the offline training phase.
Nonetheless, if deployed in the near-RT RIC, additional time is
required for the crowding game approach to compute the cost
of each strategy and make a decision as it is based on the users’
KPIs. Finally, in [11], parallelization is suggested as one of the
design approaches for reducing the convergence time. This is
mainly done by utilizing several environments in parallel. This
can reduce the real clock time of DRL agents’ convergence
during offline training. However, this is not supported during
the deployment phase in real networks.

Different from the aforementioned reviewed work, in this
paper, we propose isolated systematic training-deployment
workflows that consider the O-RAN recommendations. Such
flows incorporate expert policies pre-trained on the same
problem, and fine-tuned using live network data, to guide
the DRL convergence. The flows are algorithm-agnostic and
should work with any DRL algorithms or settings configured
by the MNO. Furthermore, the proposed policy transfer-aided
DRL approach and baselines are primarily concerned with
the practical live deployment in the O-RAN’s near-RT RIC.
Finally, the proposed hybrid TL-aided DRL approach ensures
that the maximum level of rewards is reached safely and
quickly. We demonstrate that using real network VR gaming
traffic to reflect an important immersive and latency-intolerant
scenario in NGNs [24].

III. DEEP REINFORCEMENT LEARNING-BASED
O-RAN SLICING

A. O-RAN Intelligent Controllers

O-RAN will give MNOs more control over the network.
For instance, the O-RAN-based NGNs will include generic
modules and interfaces for data collection, distribution, and
processing [3]. This will enable data-driven closed-loop con-
trol using ML as a core component of the network operation
[25]. Such data-driven applications can be deployed on two
levels, namely, near-RT RIC, and non-RT RIC. They are called
xApps when deployed on the near-RT RIC and rApps on
the non-RT RIC [9]. xApps interact with the RAN nodes
via the E2 interface. The E2 interface includes the service
model (SM) component that helps xApps fulfill the various
RRM functionalities. This can be accomplished through a
standardized interaction between xApps and the virtualized
O-RAN infrastructure as shown in Fig. 1.

NGNs will be heterogeneous on multiple levels. This
includes radio access technologies (RATS), communication
paradigms, and cell and user equipment (UE) types. O-RAN
slicing is one of the paradigms that enable extra flexibility for
MNO:s. It allows for supporting a wide range of use cases and
deployment scenarios simultaneously [26]. This happens while
sharing the same infrastructure among various services in a
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way that fulfills their different requirements. Hence, MNOs
are required to optimize a myriad of network functionalities
that operate at different timescales and have different goals
[4]. For instance, admission control, packet scheduling, and
handover management are examples of network functionalities
that require the efficient utilization of scarce radio resources
[5]. This process is called RRM [7] and a common approach to
managing such limited radio resources is to build a DRL-based
O-RAN xApp. As illustrated in Fig. 1, a DRL agent observes
the state of the O-RAN environment and takes action with the
objective of maximizing its rewards. This is measured in terms
of network KPIs relevant to the functionality at hand and this
process is carried out in an open-control fashion.

O-RAN standardized open interfaces enable MNOs to col-
lect live data from the RAN to optimize network performance.
This vital paradigm will be more feasible on a larger scale
in future 6G networks. Such O-RAN interfaces allow the
consultation of DRL agents to select the best actions to
optimize a network function given a network condition as
highlighted in Fig. 1.

B. System Model

In this paper, we focus on the downlink O-RAN inter-slice
resource allocation problem. This belongs to the radio access
level of network slicing as defined in [26]. The objective
is to allocate the available physical resource blocks (PRBs)
to the admitted slices while fulfilling their SLAs. A list of
some notations used in this paper is provided in Table I. The
inter-slice radio resource allocation problem can be formulated
as follows [7], [27]:

Any given BS supports multiple services that are reflected
by a set of slices, S = {1,2,...,S}, that share the available
bandwidth, B. We consider a set of UEs, U = {1,2,...,U},
connected to a BS. Each UE, u, can request one type of service
at a time for downlink transmission. A slice, s, has a set
of requests, R; = {1,2,..., Rs}, where R, is the number
of requests made by users belonging to a slice s. The total
demand, Dy, of such users can be represented as follows:

De= > dp, ¢!

rs€Rs

where d,, is the demand of a request, r5, made by a user
belonging to slice s. Moreover, any given slice, s, contributes
to the overall BS’s traffic as follows:

D,
= o)

S
S D

Ks

In terms of NGNs KPIs
E.g., latency, throughput, etc.

Block diagram of the DRL-based slicing xApp interaction with the O-RAN environment.

TABLE I
LIST OF NOTATIONS
Symbol | Description
S Number of available slices
B Available bandwidth shared among slices
U Number of available UEs
R Number of requests made by users belonging to a slice s
Ds Total demand of users belonging to a slice s
dr Demand of a request s made by a user of slice s
Ks Contribution of slice s to overall BS’s traffic
A Set of available slicing PRB allocation configurations
a A given slicing PRB allocation configuration
bs Bandwidth allocated to slice s
R Reward function
Ws Priority of fulfilling the latency requirement of slice s
Q Slicing window size
ls Average latency in the previous slicing window for slice s
s RL agent’s policy
TR Expert policy
L, Learner policy
PE Set of stored expert policies
c1 A sigmoid function parameter to decide the point to start
penalizing the agent’s actions
c2 A sigmoid function parameter to reflect the acceptable latency
for each slice
M Source domain
T Knowledge transfer duration
0 Transfer rate which decides whether to follow the transferred
knowledge or the learner policy
v Transfer rate decay
¥ Hybrid approach parameter which decides the policy transfer
method to follow

The allocation of PRBs among the available slices, .S, needs
to be optimized. This can be described by the vector, a € IRS.
At the beginning of any slicing window, an O-RAN slicing
xApp decides to choose a specific slicing PRB allocation
configuration, a, out of the A possible configurations, where
A = {1,2,..., A}. Based on such a decision, the system
performance is affected. For the purpose of this paper, the
system performance is represented in terms of the latency
of the admitted slices. This mainly depends on a queue
maintained at the BS.

C. O-RAN Slicing: Mapping to Deep Reinforcement Learning

A DRL-based xApps’s objective is to maximize the
long-term reward expectation, that is,

argmax E{R(a,k)}, 3)

where E(-) represents the expectation of the argument. This
allows us to learn a policy, 7, that takes a state, xk €,
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as input, and outputs an action, a = w(k) €.A. The main
challenge in solving (3) is the varying demand over time.
To find the optimal solution, an exhaustive search can be
performed, considering all possible allocations at the start
of each slicing window and recording the resulting system
performance. However, this approach is both computationally
expensive and practically infeasible. Therefore, DRL provides
a viable alternative for solving the problem. We describe our
DRL design in the following subsections.

1) State Representation: As seen in Fig. 1, the slicing XApp
deployed in the near-RT RIC begins with observing the system
state. We represent the state of the O-RAN system in terms
of the slices’ contribution to the overall BS’s traffic within the
preceding slicing window, ;1. This can be reflected by a
vector of size S as follows:

-, Ks) “4)

2) Action Space: Based on the observed state, the xApp
takes an action at the beginning of each slicing window.
It selects the PRB allocation configuration per slice. We rep-
resent it as the percentage of bandwidth allocated to each slice
as follows:

K=1(K1, o, Ksy--

a=(by,...,bs,...,bg), subject to by +...+bs =B (5)

3) Reward Function Design: After taking the action, the
DRL-based xApp receives reward feedback in terms of net-
work KPIs calculated at the end of every slicing window.
In this paper, we define rewards as a function of latency
because we prioritize the delay-intolerant VR gaming service
and for better results’ interpretability.

Safe RL can be defined as the process of learning poli-
cies that maximize the expectation of the return to ensure
reasonable system performance or respect safety constraints
[13]. This can be during the learning or deployment processes.
Hence, in this paper, safety can be described as having a
reasonable latency performance during the deployment of
DRL-based O-RAN slicing xApps. Safe RL can reduce or
prevent undesirable situations through 1) transforming the
optimization criterion, or 2) modifying the exploration process
of the RL agent [13]. In this paper, we design a risk-sensitive
reward function. In risk-sensitive approaches, the optimization
criterion is changed to include a parameter that allows the
sensitivity to the risk to be controlled [13]. Thus, we employ
a sigmoid-based [28] reward function that includes parameters
to reflect the acceptable latency for each slice. This enables
penalizing the xApp for undesirable actions that get the system
close to violating the defined latency requirements of each
slice.

The reward function defined in this study reflects a weighted
sum of an inverse form of latency. It allows more control over
the effect of getting closer to the minimum acceptable level
of each slice’s SLAs as follows:

R:Zws*1+ecls*(lsfc25) (6)

Since we focus on the delay requirements of the different
services, we use latency as a variable. The weight, w;, reflects

1.04 ———eeee . Slice type
o % —— VR gaming
AN Video
Yl — vonr
0.84 :
%)
el
°
©
2
L o064
(V]
=
w
©
S 0.4
i)
=
el
£
0.24
0.0
c2 (VR gaming) c2 (Video) c2 (VoNR)
Latency
Fig. 2. An example of the reward function: c1 decides the point to start

penalizing the agent’s actions; and cg reflects the acceptable latency for each
slice.

the priority of fulfilling the latency requirement of slice s,
and [, is the average latency experienced within slice s
during the previous slicing window. The function’s effect
can be adjusted by configuring two parameters, namely c;
and co as seen in Fig. 2. The parameter cl sets the slope
for the sigmoid function, thereby indicating when penalties
should start being applied to the agent’s actions. On the other
hand, cy represents the inflection point. Such a point reflects
the minimum acceptable delay performance for each slice
according to its respective SLAs. Different constant values
of ¢; and ¢y are utilized for the slices based on the defined
SLAs.

IV. TRANSFER LEARNING FOR SAFE AND ACCELERATED
DRL-BASED O-RAN SLICING

We propose to modify the DRL exploration process to avoid
risky situations. We do so by including prior knowledge of the
learning task by exploiting expert pre-trained policies to allow
for a faster and safer DRL exploration setting [13]. We propose
to incorporate transfer learning as a core component of the
training-deployment workflows of DRL-based xApps in the
O-RAN architecture. In this section, we first describe the pro-
posed training and deployment flows in the context of O-RAN.
Then, we present the developed baselines and the proposed
hybrid TL-aided DRL approach.

A. Training and Deployment Flows in Policy Transfer-Aided
O-RAN Architecture

The DRL training is normally carried out using a simulated
offline environment. Hence, when the DRL agent is deployed
in a live network, there will be a performance gap leading to
an undesired exploration performance [5]. This also happens
when the context of the network changes significantly. For
instance, when the number and type of the available slices
change. We propose training and deployment workflows for
DRL-based xApps in the O-RAN architecture. These flows
address the challenges of slow and unstable DRL convergence
in O-RAN-based NGNs. The DRL training and deployment
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workflows are proposed to be hosted in O-RAN non-RT
and near-RT RICs respectively. They aim to enhance the
DRL convergence and generalizability in the context of the
O-RAN architecture. They also provide the readers with
insights on how to overcome key challenges when deploying
an O-RAN DRL-based xApp for network slicing, and RRM in
general.

1) Training Workflow: The proposed O-RAN training work-
flow makes use of real network data collected at the
non-RT-RIC to train the policy of a learner agent planned for
deployment as seen in Fig. 3. It does not rely on pure offline
simulations or mathematical models in training. Nevertheless,
the DRL agent training is still carried out in the non-RT
RIC according to O-RAN alliance recommendations as seen
in the figure [20]. The O1 interface is employed to collect
data every ) seconds, reflecting the slicing window size. The
data collected represents the relevant network measurements
during a slicing window. This includes but is not limited to,
throughput, delay, number of available slices, types of services
supported, and traffic load for each slice. The number of PRBs
allocated to each slice should also be logged. The compiled
data mainly reflect the system state, action taken, and reward
parameters. This allows building offline simulations to train
a DRL agent in the non-RT RIC using such data. However,
this data does not guarantee that all the state-action pairs
are represented. Hence, the training environment still does
not reflect all the cases that a DRL agent can experience if
deployed in an xApp in the near-RT RIC.

In the training phase, several DRL agents are trained using
the collected data to reflect various contexts. The DRL agent’s
actions are taken based on the system’s state. Rewards are
calculated from the collected KPIs that correspond to the
logged state-action pairs. This is done until the agents being
trained converge. The compiled data should reflect BSs having
different contexts and properties. As an initial step, the MNO
can store a set of expert policies, Pg = {1,2,...,7E,..., g},
that result in good convergence performance for the various
contexts during the training process. Subsequently, they will
be loaded to guide the convergence of other DRL agents via
policy transfer. Such a set of policies should also be updated

Near-real-time RIC 1

Policy transfer-aided
DRL-based slicing xApp

Block diagram of the policy transfer-guided O-RAN system architecture.

based on the policies’ performance after being fine-tuned in a
live network setting.

As proposed in the next sub-section, policy transfer is
carried out whenever a new DRL-based xApp is deployed or
when the BS context changes. The context can be in the form
of the number of slices, types of services supported by the
BS, and the MNO’s SLA fulfillment priorities at a given time.
An approach to choosing the right policy for a given context
is another research direction on efficient policy transfer [29].

2) Deployment Workflow: Given a live network context,
a policy of a trained DRL agent is deployed as an xApp.
Such a DRL-based xApp will still experience some exploration
due to the difference between the training and deployment
environments [11]. Upon the termination of the training phase,
the xApp loads the proper policy from the policy directory
in the non-RT RIC via the Al interface as highlighted in
Fig. 3. The policy is loaded based on the context of the BS to
be controlled. Such a policy is used to guide the DRL agent
of a newly deployed xApp. This also allows the policies to
get fine-tuned using live network data. Once they prove to
meet the various slices” SLAS in certain network contexts, the
policy directory should be updated.

In addition to being newly deployed, the xApp may also
experience extreme conditions that were not reflected in the
training data. The proposed deployment flow reuses existing
knowledge from saved expert policies that were proven to pro-
vide reasonable performance in certain live network contexts.
This accommodates the difference between the training data
and the actual live network conditions. This also accommo-
dates significant changes in the network context. The expert
policies are used as guidance for the current agent while trying
to recover instead of randomly exploring the action space.

Furthermore, an MNO may decide to change some DRL-
related configurations. The MNO can do so through the
open interfaces supported by O-RAN. For instance, the MNO
can reconfigure the slicing window size, state representa-
tion, action space, or reward function. As an example, the
MNO may decide to modify the weights of the utilized
reward function. Such modifications can reflect a change in
the MNO’s priorities of fulfilling the SLAs of the different
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network slices. In both situations of extreme conditions and
MNO reconfigurations, a new policy can be loaded from the
policy directory to match the latest context of the BSs of
interest. One or more policies can be loaded at once depending
on the policy transfer configurations set by the MNO. Such
configurations are inputted to the O-RAN slicing xApp via
the Al interface as seen in Fig. 3. Upon deployment, the
recommended action is decided based on the system state, and
the previously mentioned MNO configurations. This should
be done within the time range of the near-RT RIC [23]. The
xApp then executes the action taken via the E2 interface to
allocate resources among the available slices for the duration
of {2 seconds. Accordingly, scheduling is carried out per slice
based on the scheduling algorithm configured by the MNO.
Then, the state of the system per slicing window is captured
based on the state representation chosen by the MNO. Finally,
the DRL-based xApp’s policy is updated depending on the
selected DRL algorithm and other settings such as buffer size,
and learning rate.

Loading a new policy to guide the DRL-based xApp can
also be triggered by the reward feedback. For instance, if the
reward value drops below a pre-defined threshold value for
some time, this may indicate that the context has significantly
changed. Hence, the used DRL agent’s policy needs an update.
This gives an example of how to identify significant changes in
the network context. This will consequently lead to incorpo-
rating a new expert policy to guide the DRL agent toward
convergence. The questions of how to identify significant
changes in network conditions, when to load a new policy, and
which policy to use for TL-aided DRL slicing are not the focus
of this paper. However, we conducted another study to address
a subset of these topics [29]. The loaded policy can guide
the DRL-based xApp in several ways. This should be decided
by the MNO as O-RAN supports customizing the network
based on the MNO’s preferences. We propose and evaluate
the performance of three transfer learning-based approaches in
guiding the DRL-based xApps in the following sub-sections.

B. Policy Transfer Baseline Approaches

In this paper, we propose to employ TL to address the
challenge of slow convergence and lack of generalizability of
DRL-based xApps. TL can also indirectly tackle the insta-
bilities experienced during convergence. By modifying the
exploration process, TL-aided DRL can avoid risky situations
by receiving guidance based on prior knowledge. The differ-
ence between one type of TL and another mainly depends
on the form of knowledge to be transferred. Policy transfer
is a type of TL where policies of pre-trained DRL agents
are transferred from one or more source domains to guide a
newly deployed DRL agent’s policy. In this subsection, we first
propose to employ two variants of policy transfer, namely,
policy reuse and distillation as baselines. We then propose a
novel policy transfer method which is a hybrid of such two
approaches to achieve an improved convergence performance.

Preliminaries: In general, policy transfer can be carried out
via directly reusing expert policies to guide a target learner
agent. Alternatively, this can be done via distilling previously
acquired knowledge. This can be obtained from the target

learner’s perspective, or from the source expert’s perspective
[30]. In this paper, we focus on policy distillation from the
expert perspective. The knowledge transferred in both policy
reuse and distillation approaches is the same. Here, the policy
of one or more pre-trained DRL agents is used to guide
a newly deployed DRL-based xApp. The main difference
between the two approaches is how the transferred policies are
used to guide the newly deployed agent to take action. Given a
source expert policy mg that is trained on data from a source
domain M. A learner policy 7y, is trained on data from a
target domain guided by the knowledge obtained from {7 g}.
When more than one source expert policy is used, a more
generic case can be described as follows [30]: Given a set
of source policies 7g,,Tg,,...,TE, trained on data from a
set of source domains My, Ms,..., Mg. A learner policy
7y, is trained on data from a target domain by making use of
knowledge from {ﬂ—Ei}ip;l'

1) Policy Reuse: The first policy transfer technique that
we propose to employ for accelerating the DRL-based slicing
xApp is known as policy reuse. This can be done in several
ways [30]. In this paper, we propose to carry out policy reuse
as described in Algorithm 1.

Algorithm 1 Proposed Policy Reuse Approach

Input: 75, MNO configurations,
Parameters: 0, T, (), buffer size, (3, transfer rate decay, v
Output: PRB Allocation per slice

1: Load the appropriate pre-trained expert policy from the
stored policies Pg

2: Initialize the learner action value function with random
weights or from a policy pre-trained using a significantly
different traffic pattern

3. if t < T do:

4 Generate a random number z, where 0 < z <1

5 if x < 6 do:

6: Consult the expert policy

7 Choose an action according to Theorem (1)

8: elseif x > 6 do:

9: Choose an action according to the learner policy

10:  end if

11: else if ¢t > T do:

12:  Choose an action according to the learner agent’s policy

13: end if

14: The DRL-based xApp acts based on the action recom-
mended in the previous algorithm steps, a;

15: Allocate PRBs to the available slices according to a;

16: Execute scheduling within each slice

17: Calculate reward R using (6)

18: Update the learner agent’s policy based on the reward
received every (3 step

19: t—t+1

20: 0 — 0 *v

One or more source expert policies are first trained and
fine-tuned as defined in Section IV-A. Then, an expert policy
is directly reused to guide the target policy of a learner DRL
agent of a newly deployed xApp [14], [30]. This should also
happen when the xApp experiences a significant change in
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network conditions. The learner agent is configured to consult
the expert policy and follow its recommended actions given a
state. This happens for T time steps, namely transfer duration.
Meanwhile, the target learner policy is continuously updated
based on the reward feedback the learner agent receives. The
expert policy is deterministic and is not updated.

We employ the concept of transfer rate similar to [31].
This gives the newly deployed agent the flexibility to not rely
fully on the expert policy but also consult the learner policy
being trained. This is particularly important since, although
the expert policy is trained using real network data, the
granularity of such data and its generality constraints make the
expert policy limited. Having a transfer rate enables consulting
both the source and target policies based on a parameter
0 configured by the MNO where 7 = (1 — 0)mp + O7p.
If & = 1, this indicates that the action recommended by
the expert policy is always taken during the first 7' time
steps after deployment. Then, the actions recommended by
the updated learner policy are followed afterward. However,
a smaller or different decaying transfer rate can be configured
to switch between the source expert and target learner policies
during exploration. For instance, upon deploying the O-RAN’s
xApp, 7 is expected to perform better than 77. The newly
deployed DRL agent’s policy may be more uncertain than
the expert policy given a specific network context. However,
as time passes, 77, gradually becomes more adapted to the real
network environment compared to the source expert policy.
Thus, a decaying transfer rate is proposed so that the target
learner policy takes more control as it approaches T time steps.

If more than one expert policy is used, policy reuse can be in
the form of a weighted combination of these source policies.
Here, for a given state, the xApp greedily picks the action
with the highest reward, from all the available policies. This
is referred to as the generalized policy improvement theorem
for policy reuse of one or more source policies. It can be
represented as follows [32]:

Theorem 1 (Generalized Let

be their approximated
i=1

Polic;;1 Improvement):

{m;}!_, be n policies and let {Q”}
action-value functions, s.t: |Q™i (k,a) — Q™ (k,a)| < Vi €
K,a € A, and i € [n]. Define 7 (k) = arg max max Q™ (x, a),
a (3
then: Q™ (k,a) > maxQ™(k,a) — 1256, Yk € K,a € A,
K2

where ) is a discounted factor, A € (0, 1].

2) Policy Distillation: In policy distillation, one or more
source policies are used to guide a target learner policy. This
is done by minimizing the divergence of action distributions

between the source expert policy mg and target learner policy
71, which can be written as H* (g (¢) | 71 (7¢)) [30]:

|7l

minE, e, | Y ViR (me (r) |72 ()| ()

t=1

where this reflects an expectation that is taken over trajectories,
7, sampled from the source expert policy 7mg. In expert distil-
lation approaches, N expert policies are individually learned
for N source tasks. Consequently, each expert policy results
in a dataset DF = {Ki7Qi}i]\Lo- Such datasets are mainly

comprised of states x and action values g, such that

q; = [Q (ki,a1),Q (ki,a2),... | a; € A (8)

Finally, expert policies should be distilled into one policy.
As mentioned before, this can be done by minimizing the
divergence between each expert policy 7g,(a | k) and the
learner policy 77,. One example is the KL-divergence that can
be calculated as follows given the dataset DE [33]:

ngnDKL (7TE ‘ 7TL)

E
2] qf softmax (gq7)
~ Z softmax () In{——F— | )
P T softmax (qi )

We are using one expert policy at a time in the slicing XxApp
scenario. Hence, we follow a similar approach by calculating
a vector value exactly at the midpoint between the actions
recommended by the expert policy 7 and the learner policy
7y, given a state. Then, an action with the shortest Euclidean
distance to that vector value is chosen from the action space
as described in Algorithm 2 as follows:

S

2
Z (aﬂ'Ls - G’WES)

s=1

d(ar;,ng) = (10)

where ar, and a., are vectors of actions recommended by
the expert policy and the agent’s learner policy respectively.
Again, the learner agent of the deployed xApp follows the
distilled policy with a probability that depends on the transfer
rate, 6, configured by the MNO.

C. Proposed Hybrid Policy Transfer Approach

Employing transfer learning should generally result in gains
when compared with the non-TL-aided DRL approach. The
knowledge of expert policies fine-tuned in a live network is
reused to guide the learner agent instead of randomly explor-
ing the action space. The policy reuse approach, however,
is expected to perform poorly when the expert policy is trained
on traffic patterns that are very different from those of the
actual deployment environment. Hence, policy reuse delays
the DRL agent’s recovery when there is a big discrepancy
between the source domain and the target domain.

On the other hand, policy distillation may prevent the
learner agent from gaining the maximum possible rewards
in some cases. For instance, this may happen when it is
being guided by an expert policy that was trained on traffic
patterns that are very similar to those of the actual deployment
environment. Hence, it is expected that the two aforementioned
policy transfer approaches will have some drawbacks in cer-
tain situations. We propose a hybrid of the two approaches
to achieve a more robust TL-aided DRL exploration and
increase the overall reward feedback. This is helpful when the
transferred policies are not generic enough to robustly adapt to
new traffic patterns. We introduce a parameter, -y, similar to 6
to balance between exploiting the expert policy and exploring
a distilled action.

The proposed approach is implemented using the proposed
deployment workflow that adheres to the O-RAN architecture.
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Fig. 4. Block diagram of the proposed hybrid approach’s components and interactions.

Algorithm 2 Proposed Policy Distillation Approach

Input: 75, MNO configurations, «
Parameters: 0, T, €, buffer size, (3, transfer rate decay, v
Output: PRB Allocation per slice

1: Load the appropriate pre-trained expert policy from Pg

2: Initialize the learner action value function with random
weights or from a policy pre-trained using a significantly
different traffic pattern
3. if t < T do:
4:  Generate a random number x, where 0 < x <1
5. if x <0 do:
6: Consult the expert policy
7: Choose an action according to Theorem (1)
8: Consult the learner agent’s policy
9: Find the midpoint between the actions recommended
by the expert and learner policies

10: Calculate the Euclidean distance between such a
vector and all actions in the action space according
to (10) to get the closest action

11:  else if z > 6 do:

12: Choose an action according to the learner policy

13:  end if

14: else if ¢ > T do:

15:  Choose an action according to the learner agent’s policy

16: end if

17: The DRL-based xApp acts based on the action recom-
mended in the previous algorithm steps, a;

18: Allocate PRBs to the available slices according to a;

19: Execute scheduling within each slice

20: Calculate reward R using (6)

21: Update the learner agent’s policy based on the reward
received every 0 step

22 t—t+1

23: 60— 60 *v

Guidance is carried out by modifying the exploration process
[13]. This allows the learner agent to use an expert policy

with probability 7, and minimize the divergence between
the expert and learner policies with probability (1 - 7).
The reused policy may have been learned under similar or
different traffic conditions relative to the current conditions.
Our proposed hybrid transfer learning approach combines two
TL approaches to accommodate these two situations. The
first is policy reuse which directly follows the expert policy’s
recommended action. This is beneficial when the reused policy
is pre-trained under similar conditions to that of the learner
agent. The second is policy distillation, which minimizes
the divergence between the expert and the learner policies’
actions. This is beneficial when the reused policy is pre-trained
under different conditions from that of the learner agent.
A hybrid approach allows the DRL agent to start with a good
reward value whenever it is newly deployed in a live network.
It also enables the agent to converge quickly to the opti-
mal slicing configuration compared with the two approaches
separately.

The main components of the proposed hybrid approach
and the interactions between its components are visualized in
Fig. 4. As summarized in Algorithm 3, the proposed approach
follows the steps below:

1) The slicing xApp consults both the expert and the learner
policies to get their recommended actions given the
current system state.

The expert and the learner policies provide the xApp
with their recommended actions to take.

The learner agent of the slicing xApp decides whether
to follow its own policy, the expert policy, or a distilled
policy. This is mainly determined by the configuration of
~ and 6 set by the MNO as described in Algorithm 3.
A bigger value of « implies that the distillation will
happen less often during the transfer time 7". Based on
that decision, the slicing xApp executes the proper action
to allocate PRBs among the admitted slices.

The slicing xApp logs the relevant KPIs and calcu-
lates the reward feedback based on the reward function
defined by the MNO.

2)

3)

4)
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TABLE II
EXPERIMENT SETUP: RAN SLICING DRL DESIGN

State

Slices’ contribution to the overall BS’s traffic within preceding €2 as in (4)

Action

PRBs allocated to each slice as defined in (5)

Reward function

A weighted sum of a sigmoid function of the average latency experienced in a slicing
window by the various slices as defined in (6)

Reward function weights

wyoNR = 0.1, wyr gaming — 0.7, wvigeo = 0.2

Reward function parameters

c2voNR = 10, C2VR gaming = 1, €2video = 5

DRL algorithm

Proximal Policy Optimization (PPO)

Learning steps per run 10,000

Exploration rates

0.2, exploration ends at step 4000

Exploration decay rates 0.99, 0.7, 0.5, 0.3

Transfer rate

0.9, 0.7, 0.5, 0.3, T" = 3000

Hybrid approach parameter | 0.99, 0.9, 0.7, 0.5, 0.3

Learning rate 0.01

Batch size 4

Algorithm 3 Proposed Hybrid Policy Transfer Approach
Input: 75, MNO configurations, «

Parameters: 0, T, €, ~, buffer size, 0, transfer rate decay, v
Output: PRB Allocation per slice

1: Load the appropriate pre-trained expert policy from the
stored policies Pg

2: Initialize the learner action value function with random
weights or from a policy pre-trained using a significantly
different traffic pattern

3. if t < T do:

4:  Generate a random number x, where 0 < x <1

5. if x <0 do:

6: Generate a random number r, where 0 < r <1

7: if r < v do:

8: Consult the expert policy

9: Choose an action according to Theorem (1)

10: else if » > ~ do:

11: Consult the learner policy

12: Find the midpoint between the actions recom-
mended by the expert and learner policies

13: Calculate the Euclidean distance between such a
vector and all actions in the action space according
to (10) to get the closest action

14: end if

15:  else if x > 6 do:

16: Choose an action according to the learner policy

17:  end if

18: else if ¢t > T do:

19:  Choose an action according to the learner agent’s policy

20: end if

21: The DRL-based xApp acts based on the action recom-
mended in the previous algorithm steps, a;

22: Allocate PRBs to the available slices according to a;

23: Execute scheduling within each slice

24: Calculate reward R using (6)

25: Update the learner agent’s policy based on the reward
received every 3 step

26: t—t+1

27: 0 — 60 * v

5) The slicing xApp updates the learner policy based on the
received reward. The frequency of such updates depends

on parameters such as the buffer size. Moreover, the
policy update equation depends on the DRL algorithm
followed by the learner agent. The expert policy is
deterministic and cannot be updated.

6) After T' time steps, the xApp follows the latest version of
the learner policy until experiencing significant changes
in the network conditions. This can be detected in many
ways but it is not the focus of this paper. For instance,
the TL-aided DRL slicing xApp can track the reward
feedback it receives. It can then start a new policy
transfer procedure when the reward values become lower
than a threshold defined by the MNO.

V. SIMULATIONS AND RESULTS
A. Simulation Settings

We follow the DRL design described in Section III-C and
summarized in Table II. We conduct a thorough study to test
the proposed training and deployment O-RAN flows. We also
examine the convergence performance of the three proposed
policy transfer-aided DRL approaches in the context of O-
RAN slicing. To do so, we follow an approach similar to the
one proposed in Section IV-A. We first train several expert
models using real VR gaming traffic [25] to reflect practical
scenarios of immersive applications in 6G networks. The VR
gaming data includes multiple games and multiple configura-
tions per game. Additionally, voice over new radio (VoNR) and
video requests are generated based on the parameters described
in Table III following models similar to the ones defined in
[34]. VR gaming users generate the largest requests. Moreover,
video users receive packets more frequently compared to the
other two service types. Finally, VONR users generate small
and constant-size requests.

We then save these various models in a policy directory as
shown in Fig. 3. After that, we start the deployment process
in which the saved policies are used to guide the DRL-based
slicing xApp following the proposed flow. We assume that
the DRL agent is newly deployed in an environment or that
the context has just changed significantly. We also assume
that an expert policy is already chosen and loaded at the
beginning of our simulation runs to guide the learner agent.
The learner policy is initialized randomly. Such a configuration
is set to reflect the big difference between the offline training
simulation and the real deployment environments. This also
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TABLE III
EXPERIMENT SETUP: SIMULATION PARAMETERS SETTINGS

Video

[ VoNR

| VR gaming

Scheduling algorithm Round-robin per 1 ms slot

Slicing window size

PRB allocation among slices every 100 scheduling time slots

Packet interarrival time | Truncated Pareto (mean = 6 ms,

Uniform (min = 0 ms, max = 160
max = 12.5 ms) ms)

Real VR gaming dataset [24]

Packet size Truncated Pareto (mean = 100 B,

max = 250 B)

Constant (40 B)

Real VR gaming dataset [24]

Number of users Poisson (max = 43, mean = 20)

Poisson (max = 104, mean = 70)

Poisson (max = 7, mean = 1)

reflects a significant change in the network’s conditions, and
hence, the need for exploration in both cases. This enables
evaluation of the proposed approach’s performance against the
baselines under extreme conditions. However, our framework
can be configured to accommodate any pre-trained policy to
be used as an initial policy for the learner DRL agent.

We compare the three proposed TL-aided DRL approaches
with their traditional non-TL-aided DRL counterparts. This
allows us to study the gains in convergence performance
in terms of the average initial reward value, convergence
rate, rewards variance per run, and the number of converged
scenarios. This evaluates some of the safety and acceleration
aspects of the proposed approaches. For that, we also use
various traffic patterns from the VR gaming dataset to reflect
two main learner agent scenarios:

1) A scenario that includes DRL-based slicing xApps that
are deployed in an environment experiencing traffic
patterns similar to those used to train the expert policies
guiding such xApps.

2) A scenario in which the slicing xApps are experiencing
traffic patterns that are different from the patterns used
to train the expert policies that guide the policy transfer
process.

In both the training and deployment flows, the DRL-based
slicing xApp allocates the limited PRBs to the available
3 slices. After that, round-robin scheduling is executed within
each slice at the granularity of 1 ms. The slicing window size
is 100 ms. Hence, scheduling continues for 100 time slots.
The scheduler can allocate resources to multiple transmissions
per transmission time interval (TTI) if enough resources are
available. Moreover, unsatisfied users leave the system if they
have several unfulfilled requests. The reward function defines
the goal of an RL problem [35]. In our experiment, the goal
is to keep the latency of the different slices in an acceptable
range defined by the slices’ SLAs. This is reflected by the
co parameter in (6). Thus, unsatisfied users are considered
implicitly in terms of high latency before they leave. This
enables the reward function to penalize the DRL agent for
taking actions that lead to high delays during a given slicing
window, and hence, users leaving the system.

We used the configurations defined in Table II for all
the expert and learner agents. For better generality of the
results, we ran all the possible combinations out of the listed
hyper-parameters of the implemented approaches. The agents
considered in this paper employ the proximal policy optimiza-
tion (PPO) algorithm [36] as an underlying DRL algorithm.
We adopt the PPO implementation from the Tensorforce

Python package.! We modified it accordingly, to accommodate
the flows and the policy transfer algorithms proposed in
Section IV. VR gaming slices are relatively more latency intol-
erant. Therefore, the reward function weights and parameters
are configured to reflect such sensitivity as seen in Table II.

The O-RAN specifications mandate that any ML-based
solution should not be trained online. It can only be fine-tuned
online to ensure that the trained models do not affect the
performance and stability of the network [9]. To avoid
that, we configure the DRL agent to have a low initial
exploration rate. We also employ an exploration decay to
restrict the random actions exploration of the learner agents.
We study three primary aspects of the results. We start with
analyzing the reward convergence behavior of the different
approaches. We then evaluate their safety and acceleration
aspects. We finally investigate the effect of the introduced
parameter ¥ on the performance of the proposed hybrid
TL-aided DRL approach.

All the experiments carried out in this study were con-
ducted on a Linux machine with 8 CPUs, 64 GB of RAM,
and an NVIDIA GeForce RTX 2080Ti GPU. The developed
simulation environment that includes the implementation of
the proposed methods is available on GitHub.> Such a DRL
environment follows OpenAl Gym standards.> This allows
the development of methods that can interact instantly with
the environment. Hence, enables fellow researchers to reuse,
extend, and compare the proposed approaches against their
approaches.

B. Reward Convergence Behaviour

It is better to reuse local expert policies that were trained
in contexts similar to the deployment environment. However,
these are not always available. Hence, we show the reward
convergence performance of the proposed approaches when an
expert policy trained in a similar or different context is reused.
As described in Section V-A, we run all the combinations in
Table II. We choose the best 64 runs of each approach in terms
of the average normalized reward per run and show the average
rewards over the duration of a simulation run in Fig. 5.

Fig. 5a and Fig. 5c show the average convergence perfor-
mance of the approaches in scenarios where the expert policy
is trained using a traffic pattern similar to the deployment
environment pattern. The hybrid approach has the highest
initial reward value in both cases. The policy reuse approach

! Available at https:/github.com/tensorforce/tensorforce
2 Available at https://github.com/ahmadnagib/TL-aided-DRL
30penAI Gym: https://www.gymlibrary.dev/
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Reward convergence of the proposed approaches: a) and c) traffic patterns 1 and 2 guided by an expert policy trained using a similar traffic pattern;

b) and d) traffic patterns 1 and 2 guided by an expert policy trained using a different traffic pattern (average of best 64 runs).

comes second and its convergence behavior is very similar
to that of the hybrid approach. This is primarily attributed to
the similarity between the source and target policies’ environ-
ments. The policy reuse follows the expert policy’s actions and
they are of high return most of the time due to such similarity.
Nevertheless, unlike the other approaches, the hybrid approach
accommodates the small differences between training and
deployment environments by additionally following a distilled
action for some time during the transfer time, depending on
the « parameter setting. This enables it to explore in a safer
way. Hence it converges to the best average reward in both
situations.

On the other hand, Fig. 5b and Fig. 5d show the average
performance of the approaches in scenarios where the expert
policy is trained using a different traffic pattern. The proposed
approach still has the best overall reward convergence perfor-
mance. The policy reuse approach, however, has almost the
worst start and average reward values for a significant per-
centage of the simulation run duration. This can be attributed
to the differences between the source and target policies
environment. Hence, blindly following the expert policy given

the restricted exploration will not lead to optimal actions as
the network conditions are different. The policy distillation
approach has a much better start, however, it converges to a
sub-optimal value function as it tries to explore very carefully
by finding an action that minimizes the divergence between
the expert and the learner policies’ actions. This prevents
policy distillation from exploring the other possible high-return
actions before the end of the limited 4000 exploration steps.
Again, the hybrid approach accommodates the differences
between training and deployment environments by switching
between an expert policy reuse action and a distilled action
depending on the ~ parameter setting.

The non-hybrid approaches are not able to explore the
whole action space given the restricted exploration setting in
terms of initial exploration, exploration decay, and exploration
end step defined in Table II. Consequently, they sometimes
fail to converge to the optimal slicing configurations. On the
other hand, the DRL agents following the hybrid approach
are guided by two kinds of live network knowledge. The
exploration process of the hybrid approach is modified to
incorporate such knowledge. Thus, it does not require as much
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Fig. 6.
runs and the average start reward): a) traffic pattern 1; b) traffic pattern 2.

random exploration or following the local learner policy as the
other approaches during the transfer time, 7.

C. Safety and Acceleration Evaluation

We now present statistics compiled from the best 64 runs of
all the approaches given traffic patterns 1 and 2 in Fig. 6a and
Fig. 6b respectively. The figure depicts the acceleration and
safety aspects of the different approaches. More specifically,
we measure the initial average normalized reward, variance in
the reward, number of steps to converge to the best reward, and
percentage of converged simulation runs for each approach.
This measures whether an approach starts with a good reward
value, the change in reward values afterward, the speed of
convergence, and the ability to finally converge to the optimal
policy respectively.

Such observations confirm the results presented in Fig. 5
and the hypothesis made in Section IV-C. The proposed hybrid
approach tries to maximize the reward for some time. It also
tries to cautiously explore new actions by striking a balance
between a deterministic and a guided exploratory action at
other times. It inherits the best of both policy reuse and
distillation approaches regardless of the nature of the expert

Safety and acceleration performance of the proposed approaches averaged over 64 best runs (the higher the better for the percentage of converged

policy’s training environment and the actual deployment traffic
conditions.

Consequently, the proposed hybrid approach has the highest
initial reward value and the highest percentage of converged
runs with at least 7.7% and 20.7% improvements over the
policy reuse approach respectively. It also yields the lowest
variance in reward values per run with at least a 64.6%
decrease in variance when compared with policy reuse. It does
so while still having the second-best performance in terms of
the number of steps to converge. However, policy reuse which
comes first in this metric only converges up to 82.8% of the
time. Hence, the number of steps to converge is averaged over
a smaller number of data samples.

The hybrid approach can switch between two approaches of
knowledge transfer. This enables it to deal with various expert
policies’ pre-training conditions whether they are similar or
different from the experienced live network conditions. The
non-TL-aided approach has no sources of knowledge. It only
relies on its own policy and random exploration which is
restricted in such an O-RAN deployment scenario. Thus, it has
almost the worst performance on all the compared aspects
except for the percentage of converged runs in the scenario
presented in Fig. 6a. The policy reuse and distillation are
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Fig. 7. The effect of the introduced parameter v on the convergence performance averaged over 64 best runs given traffic pattern 2: a) safety and acceleration

performance given different «y values; b) action counts during transfer time 7'.

close in their overall performance except for the percentage
of convergence runs. This is primarily because the two traffic
patterns are not hugely different from those used to pre-train
the expert policy. Thus, the policy reuse can manage to
converge more frequently if it only relies on following the
expert policy, unlike policy distillation which fails more often
as it conservatively converges towards a much lower average
reward.

D. Effect of the Introduced Hybrid Transfer Learning
Parameter

We also examine the effect of the introduced parameter vy
as shown in Fig. 7. The two sub-figures show the average
performance of the proposed approach based on the best
64 runs for each value of v. Fig 7a shows that the number
of steps needed by a learner agent to converge increases with
the decrease of ~y value. The hybrid TL-aided approach with
v = 0.3 needs around 60% of the simulation run steps to
converge to the optimal reward value. It also shows a slight
increase in the reward variance per run and a slight decrease
in the initial reward value. This can be attributed to fewer
policy reuse-based actions taken as defined in Algorithm 3 and

showcased in Fig. 7b. The used traffic pattern is still not very
different from that used to pre-train the expert policies. The
policy reuse approach showed a slight advantage over policy
distillation in such situations as in Fig. 6 and Fig. 5. Hence,
an overall slight degradation in performance is expected.
However, the hybrid approach still shows robust behavior
given the different v values. This is due to restricting random
actions and relying on both distillation and reuse during the
majority of the transfer time as seen in Fig. 7b. It is worth
noting that the probability of taking a reuse or distillation
action does not only rely on + and hence their counts do not
change identically when changing ~.

VI. CONCLUSION AND FUTURE WORK

Reusing existing knowledge is a major step towards hav-
ing safe and accelerated DRL-based xApps in the O-RAN
paradigm. In this paper, we propose a hybrid TL-aided DRL
approach that combines policy reuse and distillation TL
methods. A thorough study on intelligent O-RAN slicing is
conducted to demonstrate the DRL convergence performance
gains of using the proposed approach. For this, a public VR
cloud gaming dataset is incorporated to reflect an example
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of realistic immersive applications of O-RAN slicing. The
proposed hybrid approach proves to be effective whether
the expert policies are pre-trained in a context similar to or
different from that of the deployment environment. Results
show at least: 7.7% and 20.7% improvements in the average
initial reward value and the number of converged scenarios,
and a 64.6% decrease in reward variance while maintaining
fast convergence and enhancing the generalizability compared
with the baselines. This facilitates a safe and accelerated DRL
convergence when a slicing xApp is newly deployed in a live
network and when the network context changes significantly.

Although the proposed hybrid approach proves to out-
perform the baselines, the associated hyper-parameters need
dynamic optimization based on the context of both the deploy-
ment and expert policy training environments. Studying how to
conditionally trigger policy transfer instead of relying on prob-
abilities during the transfer time is another interesting research
problem that should be addressed. Furthermore, research about
the benefits and ways to reuse imperfect and low-cost policies
is needed. Finally, combining the proposed method with other
approaches such as constrained DRL [13] and time series
forecasting [37] is a promising step toward trustworthy DRL
in O-RAN slicing.
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