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Abstract
Inter-slice radio resource allocation (IS-RRA) 

is a new layer of radio resource management 
introduced by network slicing in 5G and beyond 
mobile communication systems. Instead of focus-
ing on the per-user service quality as in conven-
tional packet schedulers, IS-RRA is required to 
ensure the service-level agreements on a per-slice 
basis, which is particularly challenging due to the 
diverse requirements and behaviors of network 
slices. In this article, we analyze the inherent limita-
tions of the existing model-based and data-based 
approaches and propose a novel framework 
based on online convex optimization (OCO). Spe-
cifically, the proposed OCO approach is able to 
incorporate the offline knowledge and the online 
data into a general online learning framework, 
which overcomes the modeling difficulty and high 
computational complexity of the model-based 
approach, and avoids the blind exploration of 
the data-driven approach. At last, we provide the 
simulation results of an example scenario, which 
shows that the proposed OCO approach can 
adapt to diverse service requirements and provide 
comparable performance to the optimal solutions 
given in hindsight.

Introduction
Network slicing is envisioned as one of the dis-
ruptive technologies of 5G and beyond networks. 
Unlike the conventional one-size-fits-all archi-
tecture, it allows multiple self-contained logical 
networks, that is, network slices, to run on top 
of common physical infrastructures, such that 
the slices can provide highly optimized solutions 
for different vertical applications, ranging from 
human-centric multimedia services with high peak 
rates to vehicular communications with ultra-re-
liable and low-latency requirements, and smart 
city applications with massive IoT connections. 
From a business perspective, network slicing 
enables mobile operators to deploy customized 
services for specific market scenarios in a flexible 
and cost-effective way and unlocks an enterprise 
opportunity in the 5G era.

A generic concept of network slicing consists 
of three layers: the infrastructure layer, the net-
work function layer, and the service layer [1]. The 
infrastructure layer refers to the physical entities 
and resources spanning all domains, which are 
virtualized and revealed to higher layers under the 
infrastructure as a service paradigm. The network 

function layer provides a variety of fine-grained 
virtual network functions that can be flexibly 
chained together to offer diverse end-to-end ser-
vices, while the service layer defines the high-level 
description of services and provides holistic man-
agement and orchestration of slice instances. In 
the 4G era, network slicing has been provided 
in the limited form of (enhanced) dedicated core 
network (CN), which allows the deployment of 
multiple CNs over the same infrastructure. In the 
5G era, 3GPP has further agreed that the radio 
access network (RAN) should be slice-aware, 
where distinct L1/L2/L3 configurations must be 
provided to handle slice-specific traffic.

From a resource management perspective, 
the fundamental challenge of network slicing lies 
in the dilemma that it intends to guarantee full 
isolation between network slices such that each 
can serve as an independent network, while at 
the same time, all slices need to share the limit-
ed infrastructure on demand so as to ensure effi-
cient utilization. In the CN, virtual machines are 
widely adopted to provide an isolation-efficien-
cy trade-off, in terms of processing, storage, and 
other network resources. However, in the RAN, 
there exists an additional dimension of allocating 
radio resources among network slices, which is 
considered to be particularly challenging due to 
the limited amount of radio resources and the 
interfering nature of the wireless environment. 
Therefore, inter-slice radio resource allocation 
(IS-RRA) becomes an open technical challenge in 
both industry and academia [2].

IS-RRA can adopt either the model-based 
approach with optimization techniques and math-
ematical models or the data-based approach 
with reinforcement learning techniques and 
online interactions. In this article, we analyze the 
advantages and drawbacks of existing model-/
data-based approaches and argue that both 
methodologies have inherent limitations that 
may greatly jeopardize their success in practical 
deployments. To overcome the drawbacks and 
reap the benefits from both sides, we propose a 
novel framework based on online convex opti-
mization (OCO), which is able to integrate both 
the offline knowledge and the online data into a 
general algorithmic structure [3]. Specifically, the 
network dynamics are continuously monitored. 
The corresponding data are transformed into loss 
functions that analytically indicate how IS-RRA 
would have affected the instant system perfor-
mance. OCO algorithms can be employed to use 
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the loss functions to adjust the real-time decision. 
An example scenario is provided to show that the 
proposed OCO approach can adapt to diverse 
service requirements and yield comparable per-
formance to the optimal solutions given in hind-
sight.

The rest of the article is organized as follows. 
In the following section, we review three major 
IS-RRA schemes in the literature. Then we focus 
on the most popular slice scheduler scheme and 
analyze the advantages and drawbacks of existing 
model-/data-based approaches. Then, we present 
our proposed OCO approach and provide an 
example scenario. At last, we conclude the article.

Inter-slIce rAdIo resource AllocAtIon
IS-RRA addresses the problem of how to sched-
ule radio resources in the RAN such that pre-es-
tablished service-level agreements (SLAs) can be 
off ered on a per-slice basis. The SLAs may include 
a variety of key performance indicators ranging 
from throughput, latency, reliability, and availability. 
Depending on the realization of network slicing 
in the RAN, IS-RRA can be performed at differ-
ent time granularity and the slices can share the 
RAN with different levels of infrastructure reuse. 
The existing schemes can be roughly classifi ed into 
three categories, that is, the dedicated allocation, 
the SLA-aware packet scheduler, and the SLA-
based slice scheduler, which are illustrated in Fig. 1.

dedIcAted AllocAtIon
A straightforward solution is to provide each 
slice with a dedicated chunk of the spectrum 
after its creation and then keep this assignment 

unchanged during the entire lifecycle [4], which 
is referred to as the dedicated allocation. Since 
dynamic spectrum sharing is strictly prohibited, 
the network slices become physically indepen-
dent subnetworks with the highest isolation level, 
which allows them to deploy highly customized 
packet schedulers on top of their dedicated spec-
trum without considering the behaviors of others. 
Therefore, the dedicated allocation scheme is suit-
able for life-critical services with strict reliability 
requirements, for example, public safety, industrial 
automation, and autonomous driving.

However, due to the statistical property of the 
wireless environment, the amount of dedicated 
resources for a slice needs to be large enough 
such that the SLAs can be fulfilled even in the 
worst-case scenario of the entire lifecycle. There-
fore, the dedicated allocation scheme may suff er 
from ineffi  cient resource utilization, especially for 
highly dynamic services. As shown in Fig. 1, in the 
dedicated allocation scheme, a large amount of 
time-frequency resources are committed to a slice 
even if they are not used most of the time.

slA-AwAre pAcket scheduler
Another solution is to implement a common 
packet scheduler for the users of all slices, which 
is referred to as the SLA-aware packet scheduler. 
Specifically, this scheduler is responsible for not 
only guaranteeing the quality of service (QoS) 
of each user but also enforcing the SLAs of each 
slice [5]. On the one hand, a common packet 
scheduler can fully exploit the time and frequency 
selectivity of wireless channels to generate the  
maximum multiplexing gain. On the other hand, 
this all-in-one-pass solution can be extremely com-
plex due to the diverse QoS/SLA requirements in 
practical networks.

Therefore, the SLA-aware packet schedul-
er scheme is suitable for slices having similar 
QoS requirements of their users and elastic 
SLA requirements that can be fulfilled in the 
long term. For example, a utility-based packet 
scheduler can be deployed for general mobile 
broadband slices with both guaranteed and 
non-guaranteed bit rate traffi  c. As shown in Fig. 
1, in the SLA-aware packet scheduler scheme, 
high spectral efficiency can be achieved, while 
the amount of radio resources assigned to a slice 
is greatly infl uenced by the traffi  c fl uctuations of 
other coexisting slices.

slA-bAsed slIce scheduler
To achieve a trade-off between slice isolation 
and resource efficiency, radio resources can be 
periodically assigned on a per-slice basis, such 
that the SLAs can be dynamically ensured in 
each allocation window, which is referred to as 
the SLA-based slice scheduler. Specifically, the 
slice scheduler can make hard decisions to assign 
each slice a dedicated chunk of spectrum, or soft 
decisions to assign each slice a certain amount of 
radio resources. With hard decisions, each slice 
can deploy an independent packet scheduler on 
its exclusively used spectrum in each allocation 
window. With soft decisions, a common low-com-
plexity two-level packet scheduler can be intro-
duced to maintain slice-specific schedulers and 
reap the inter-slice multiplexing gain at the same 
time [6].

FIGURE 1. Inter-slice radio resource allocation.
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Depending on the realization of network slic-
ing, the allocation window can be configured 
with different time granularity from milliseconds 
[7–10], seconds [11, 12], to minutes [13] and 
hours [14]. Generally speaking, a longer alloca-
tion window implies a higher level of slice isola-
tion and lower spectral effi  ciency, while a shorter 
one implies the opposite. The aforementioned 
dedicated allocation and common packet sched-
uler schemes can be seen as two extreme cases 
of the slice scheduler scheme with the allocation 
window size equal to infinity and zero, respec-
tively. As shown in Fig. 1, in the SLA-based slice 
scheduler scheme, a trade-off  between slice isola-
tion and spectral effi  ciency can be achieved.

AdvAntAges And drAwbAcks oF 
exIstIng slA-bAsed slIce schedulers

In the literature, the SLA-based slice scheduler 
scheme attracts more attention due to its fl exibil-
ity and simplicity as compared to the other two 
schemes. According to the underlying method-
ologies, the existing SLA-based slice schedulers 
can be further categorized into the model-based 
approach and the data-based approach. Their 
advantages and drawbacks are discussed below.

model-bAsed ApproAch
In the model-based approach, the network 
dynamics are described by using deterministic or 
statistical models, for example, the arrival of data 
packets is typically modeled as a Poisson process. 
The problem formulation can be highly simplifi ed, 
where the multi-dimensional SLAs can be trans-
lated into concise radio resource requirements. 
Depending on the time granularity of the alloca-
tion window, these requirements can be treated 
as instant optimization constraints of the current 
allocation window [8], or as long-term constraints 
of a continuous control process that covers a 
sequence of consecutive allocation windows [7, 
9, 10], for which optimization methods and opti-
mal control methods are widely adopted by the 
slice scheduler, respectively.

Despite the mathematical elegance, the mod-
el-based approach suffers from the fundamental 
limitation of mathematical modeling, that is, the 
actual performance is greatly influenced by the 
correctness and accuracy of modeling assump-
tions. Considering the diversity of slices across dif-
ferent time and space, it can be highly diffi  cult to 
determine the underlying mathematical models, 
for example, the data rate of virtual reality services 
varies greatly as the fi eld of view changes, which 
is usually not Poisson and hard to predict without 
the application layer context. Even if the correct 
model is chosen, it can still be highly difficult to 
determine the model parameters, for example, 
the SLAs may not be fulfilled in the worst-case 
scenarios if the peak traffi  c rate is underestimated, 
while inefficient resource utilization may occur 
if the average traffic rate is overestimated. At 
last, network behaviors can be highly complex, 
for example, the slice-specifi c packet schedulers 
can be highly diverse with customized scheduling 
policies, in which case proper analytical models 
may not even exist. Therefore, the model-based 
approach may confront unexpected diffi  culties in 
practical deployments.

Another limitation is the high computational 
complexity that comes from the translation from 
multi-dimensional SLA requirements to uniform 
radio resource constraints, as well as the outcome 
optimization and optimal control problems. Such 
computational tasks need to be repeatedly solved 
in each allocation window for each active slice, 
which may greatly prohibit the practical deploy-
ment of the model-based approach. We note that 
some low-complexity slice scheduling algorithms 
have been proposed in the literature [7, 9]. How-
ever, these algorithms are either heuristic methods 
that cannot provide any theoretical performance 
guarantee [9], or quasi-static methods that ensure 
myopic optimality in stationary environments with 
static model parameters [7]. Therefore, it is dif-
ficult for the model-based approach to maintain 
low computational complexity, while at the same 
time, to provide guaranteed SLA performance.

dAtA-bAsed ApproAch
Recently, the data-based approach using machine 
learning techniques has attracted a lot of atten-
tion [11–13]. The basic idea is to treat IS-RRA as 
a reinforcement learning process, where the radio 
resource manager learns to improve its alloca-
tion strategy by continuously interacting with the 
network environment over time. In each alloca-
tion round, the resource manager decides the 
radio resource allocation based on the current 
allocation strategy, while the network environ-
ment feeds back the resulting SLA performances. 
Specifically, the allocation strategy can be rep-
resented by using a deep neural network, which 
takes the high-dimensional online data as its input 
and outputs the corresponding radio resource 
allocation. The deep neural network is updated 
according to the instant reward received from the 

FIGURE 2. The inter-slice radio resource allocation framework based on online 
convex optimization.
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wireless environment, which directly reflects the 
instant SLA performance of all slices. After certain 
rounds of exploration and feedback, the radio 
resource manager converges to a stable strate-
gy that outputs high-performing radio resource 
allocations in the following allocation windows. 
Therefore, the data-based approach avoids the 
modeling difficulty.

The mathematical framework behind rein-
forcement learning is a rigorous Markov deci-
sion process with a fixed but unknown transition 
function. In such settings, the state-of-the-art deep 
reinforcement learning techniques have been 
shown to converge to high-performing strategies. 
However, in the considered IS-RRA problem, the 
wireless environment can be a highly dynamic 
system having non-stationary characteristics, for 
example, as the traffic pattern changes over time, 
the slice may require time-varying bandwidth to 
ensure its SLAs even if the average traffic rate is 
unchanged. Therefore, the underlying transition 
function that determines the network dynamics 
can be time-varying, in which case the data-based 
approach needs to continuously explore the allo-
cation space online, such that the instant transi-
tion function can be captured by fine-tuning the 
weights and bias of the deep neural network. We 
note that such online explorations are random 
and blind in nature. Therefore, the data-based 
approach may suffer from severe SLA violations 
in practical deployments, which gives rise to the 
reliability issue.

IS-RRA Based on OCO
The model-based approach exploits the domain 
knowledge to simplify the problem formulation, 
while it is limited by the modeling accuracy and 
the computational complexity. The data-based 
approach avoids the difficulty of mathematical 
modeling, while it suffers from the reliability issue 
due to its random and blind interactions with the 
network environment. In this section, we propose 
a novel IS-RRA framework based on OCO, which 
can take advantage of both the model-based and 
data-based approaches by jointly exploiting the 
domain knowledge and online data.

OCO Framework
OCO is a continuous learning process that aims to 
tackle a sequence of decision-making tasks. At the 
beginning of each round, the learner is required 
to make a proactive decision for the current task, 
while the outcomes associated with that decision 
are unknown. After committing to the decision in 
the current round, the learner receives an instant 
loss function from the environment, which for-
mulates the task performance as a function of 
the instant decision in the past round. In the next 
round, the hindsight loss functions can be utilized 
by the learner to adjust the real-time decision and 
improve the expected task performance.

As shown in Fig. 2, the proposed OCO frame-
work consists of three major functional modules, 
that is, the online network monitor, the domain 
knowledge engine, and the online learning 
engine. Specifically, the online network monitor 
stores the online data generated in the last allo-
cation window, including the traffic information, 
the channel information, the scheduling details, 
and other performance-related data, which can 

be used to reproduce the network behaviors in 
hindsight. The domain knowledge engine trans-
forms such hindsight data into slice-specific loss 
functions, each of which formulates the instant 
relationship between the slice performance and 
the amount of exclusively assigned radio resourc-
es. The online learning engine utilizes the instant 
slice-specific loss functions to adjust the real-time 
radio resource allocation.

In OCO, the decisions are constrained by a 
convex set and the loss functions are required to 
be convex functions over the decision set. In the 
IS-RRA problem, the radio resource allocation set 
is convex due to the total bandwidth constraint, 
while the slice-specific loss functions can be arbi-
trary depending on the slice characteristics and 
the tenant’s business model. Nevertheless, con-
vex loss functions can still be appropriate based 
on the following observations. First, there usually 
exists an upper bound for the slice performance, 
for example, the maximum cumulative rate due 
to admission control, the minimum packet delay 
due to physical layer protocols, and the minimum 
SLA violation ratios due to the statistical wireless 
environment. Thus, as the amount of dedicated 
radio resources increases, the slice performance 
strictly improves and asymptotically converges to 
the upper bound, which roughly implies a con-
vex trend for the performance loss. Second, the 
marginal revenue brought by certain performance 
improvement usually decreases as the slice perfor-
mance becomes higher, for example, logarithmic 
utility functions are widely used in the literature of 
network slicing [7]. Thus, if the tenant’s revenue 
is taken into account, convex loss functions are 
appropriate assumptions. In the proposed OCO 
framework, we define the loss in an allocation 
window as the sum loss of all slices, which is con-
vex when all slice-specific loss functions are con-
vex. Therefore, the proposed OCO framework is 
justified.

The OCO framework intends to minimize the 
cumulative loss in the long term, which howev-
er is extremely difficult since the exact loss func-
tions can only be achieved in hindsight. Instead, 
an appropriate metric for OCO is the difference 
between the cumulative loss incurred by the 
online learning engine and that of a benchmark 
solution, which is referred to as the regret in the 
literature [3]. Depending on which benchmark 
algorithm is considered, a variety of regrets can 
be defined. For example, the classic regret is 
defined as the gap to the optimal static decision, 
while the dynamic regret is defined as the gap to 
the optimal decision sequence with certain reg-
ularity.

Note that the benchmark algorithms are offline 
algorithms that require the loss functions of all 
rounds in advance, which makes them impossible 
to be implemented as online learners. In the pro-
posed OCO framework, the radio resource allo-
cation can be adjusted online by exploiting the 
hidden structure of previous loss functions. Specif-
ically, OCO algorithms can guarantee a sublinear 
regret, that is, the excessive loss compared to the 
benchmark algorithm increases sublinearly with 
time. It implies that on average OCO algorithms 
can perform as well as the benchmark algo-
rithm as the time horizon goes to infinity. Classi-
cal OCO algorithms include the online gradient 

The model-based 
approach exploits the 
domain knowledge to 
simplify the problem 
formulation, while 
it is limited by the 
modeling accuracy 
and the computation-
al complexity. The 
data-based approach 
avoids the difficulty of 
mathematical modeling, 
while it suffers from the 
reliability issue due to 
its random and blind 
interactions with the 
network environment.
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descent and the online Newton step, which uti-
lize the first and second-order derivatives of loss 
functions, respectively, to ensure bounded regrets 
in an arbitrary environment [3]. Advanced OCO 
algorithms, such as the scale-free online gradient 
descent (SOGD), run multiple classic OCO learn-
ers in parallel and dynamically combine their deci-
sions to achieve lower regret bounds [15].

At last, we note that the system dynamics 
are predictable to some extent, for example, the 
channel parameters have high correlation coef-
ficients within the coherence time. The predict-
ability of wireless networks provides additional 
network data in the future, which can be further 
leveraged to design OCO algorithms with lower 
regret bounds. Therefore, network prediction 
techniques can be efficiently incorporated to pro-
mote the proposed OCO approach.

Advantages of OCO
Compared with the model-based and data-based 
approaches, the proposed OCO approach inte-
grates both the offline knowledge and the online 
data into a general algorithmic framework, which 
can reap the benefits from both sides. The advan-
tages are summarized as follows.

Modeling Simplicity: Instead of formulating 
a general IS-RRA problem as in the model-based 
approach, the domain knowledge engine focuses 
on the instant system behaviors, which can be 
faithfully reproduced by the hindsight data. There-
fore, at least in principle, the modeling process 
of the OCO approach can be simplified and the 
modeling accuracy can be improved. For exam-
ple, the packet arrival rate of the Poisson traffic 
model can be directly calculated by using the 
hindsight data instead of being predicted or given 
beforehand. In addition, for highly complex sys-
tems without proper mathematical models, the 
domain knowledge engine can deploy a well-
trained deep neural network to infer the prop-
er loss functions for the specific hindsight data, 
which completely avoids the difficulty of mathe-
matical modeling.

Low Computational Complexity: Instead of 
optimizing each allocation window as in the mod-
el-based approach, OCO algorithms focus on the 
cumulative loss in the long term. In each round, 
the real-time radio resource allocation takes only 
one step forward in the direction that decreases 
the hindsight loss. This one-step update can be 
efficiently calculated due to the convexity of loss 
functions. Note that the step forward may result 
in an infeasible allocation, in which case the OCO 
algorithms project the allocation back to the 
feasible set, that is, finds the closest point in the 
convex hull formed by the total bandwidth con-
straint. This projection operation is equivalent to 
a convex quadratic programming problem, which 
can be efficiently solved by interior-point methods 
with logarithmic complexity. Therefore, the overall 
computational complexity is low.

Robustness in Non-Stationary Environments: 
The sublinear regret bound guarantees that the 
time average performance of OCO algorithms is 
at least as good as the high-performing bench-
mark algorithm in any arbitrary environment in the 
long term. In other words, OCO algorithms can 
gradually learn the environmental changes and 
adjust the radio resource allocation accordingly 

based on the derivatives of hindsight loss func-
tions. Therefore, the OCO approach avoids the 
random and blind interactions in the data-based 
approach and provides robustness in non-station-
ary environments.

Challenges of OCO
Although the proposed OCO approach has the 
above advantages as compared to the existing 
model-based and data-based approaches, there 
still exists several practical concerns that should 
be carefully addressed.

Allocation Frequency: In principle, the allo-
cation window should be as short as possible 
such that fine-grained network dynamics can be 
learned to exploit inter-slice multiplexing gain. 
However, a short window size implies a high 
allocation frequency, which leads to increased 
online computational complexity. Therefore, there 
exists a trade-off between system performance 
and computational complexity. Also, as the win-
dow size decreases, the instant SLA performance 
will be greatly influenced by the outcomes of the 
previous window. Therefore, the resulting Markov 
property may greatly impact the corresponding 
performance.

Loss Functions: For slices with multi-dimen-
sional SLA requirements, the slice-specific loss 
functions should be carefully designed to balance 
all considered performance dimensions. Also, loss 
functions of different slices should be compara-
ble such that slice fairness can be achieved when 
the sum loss is minimized. One possible princi-
ple is to evaluate the SLA violation ratio, which 
is always between 0 and 1 for all slices. The loss 
function parameters can be determined online 
by using lookup tables or a deep neural network, 
which outputs proper parameters for the past allo-
cation window. In addition, the system loss can 
be defined as the weighted sum loss of all slices, 
such that different slices can be assigned with dif-
ferent weights according to their priorities.

Additional Constraints: Due to the complexity 
of network slicing, there may exist additional allo-
cation restrictions except for the total bandwidth 
constraint. For example, there may exist a mini-
mum amount of bandwidth for an industrial IoT 
slice in the corresponding SLAs, such that strict 
service reliability can be provided. Thus, the fea-
sible allocation set can be non-convex and even 
time-varying. In such cases, the projection oper-
ation should be revisited to maintain low compu-
tational complexity, and the corresponding OCO 
algorithms need to be modified to ensure sublin-
ear regrets.

Example
In this section, we provide an example of the pro-
posed OCO approach. Specifically, we consider 
an LTE cell where two slices share a total of 20 
MHz downlink bandwidth. The allocation win-
dow is set as 1 s. We assume each slice has 10 
active users that are randomly distributed within 
the range of 100 m. Also, the slices deploy a pro-
portional fair scheduler to address the Poisson 
traffic, where the packet delay budgets are given 
by 5 ms and 10 ms for slices 1 and 2, respective-
ly. The SLAs are defined as the maximum pack-
et loss ratio (PLR) within an allocation window, 
which are given by 0.01 and 0.02 for slices 1 and 

The OCO approach 
can achieve compa-

rable performance to 
the optimal static and 

optimal dynamic solu-
tions given in hindsight. 

Therefore, our pro-
posed OCO approach 

can effectively track 
the network dynamics 

by using the online 
network monitor and 
efficiently allocate the 

radio resources in each 
allocation window by 
using the online learn-

ing engine.
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2, respectively. The total traffic rate is assumed to 
be constant during the entire simulation, while the 
instant traffic rate of a slice can fluctuate. Here, 
we adopt the SOGD algorithm for the online 
learning engine.

In Fig. 3, we show the cumulative distribu-
tion function of the PLRs of both slices, where 
the total traffic rate is 80 Mb/s and the traffic 
rate of each slice fluctuates within a range 0.3 
times of the total traffic rate. As we can see, 
the curve of slice 1 is above slice 2, indicating 
that the proposed OCO approach guarantees 
a lower PLR for slice 1 as compared to slice 2. 
In addition, we see that both slices are equally 
treated, as their target PLRs 0.01 and 0.02 are 
fulfilled with an approximately equal probability 

0.88. Therefore, we show that the proposed 
OCO approach can provide differentiated ser-
vices, while at the same time, ensure slice fair-
ness in terms of their SLAs.

In Fig. 4, the average SLA violation ratios are 
given for networks where the total traffic rate 
and the fluctuation range are set as (80, 0.3), 
(75, 0.3) and (80, 0.1), respectively. The optimal 
static solution maintains a static assignment with 
the minimal cumulative loss in the entire simu-
lation horizon, and the optimal dynamic solu-
tion dynamically chooses the optimal decision 
in each allocation window. As we can see, there 
exists a trade-off between the maximal traffic rate 
and the maximal fluctuation range for a certain 
SLA violation ratio, which indicates the funda-
mental trade-off between spectral efficiency and 
slice isolation. In addition, we see that the OCO 
approach can achieve comparable performance 
to the optimal static and optimal dynamic solu-
tions given in hindsight. Therefore, our proposed 
OCO approach can effectively track the network 
dynamics by using the online network moni-
tor and efficiently allocate the radio resources 
in each allocation window by using the online 
learning engine.

Conclusions
In this article, we have shown that the existing 
model-/data-based methodologies for IS-RRA  
have inherent limitations that may greatly jeopar-
dize their success in practical deployments. Then, 
we propose a novel OCO framework that is capa-
ble of integrating both offline knowledge and 
online data into a general algorithmic framework. 
The proposed OCO approach simplifies the math-
ematical modeling, maintains a low computational 
complexity, and provides theoretical robustness in 
non-stationary environments. An example scenar-
io shows that the OCO approach can provide dif-
ferentiated services and slice fairness at the same 
time, and achieve comparable performance to 
the optimal solutions given in hindsight. Although 
there exist practical challenges for the application 
of the proposed OCO approach, we believe it 
can be a promising mathematical framework for 
IS-RRA in future mobile networks.
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