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Abstract
Radio access network slicing is considered to 

be highly challenging due to the complexity of 
mobile environments and the diversity of mobile 
services. Existing works in this area mainly decom-
pose the radio resource management problem 
into slice-level resource management and user-lev-
el resource scheduling. In this paper, we propose 
a hierarchical three-tier slicing architecture, where 
an additional tier is introduced to merge the gap 
between the conventional two tiers in time and 
spatial scales. Specifically, the medium-scale tier 
provides inter-cell and inter-slice coordination 
to address short-term dynamics caused by local 
user mobility and traffic variations, which highly 
simplifies the upper and lower tiers by allowing 
them to focus on long-term traffic distribution and 
instant user demands, respectively. Thus, it allows 
each independent iter to apply more flexible and 
more efficient radio resource management meth-
ods with appropriate time and spatial scales. A 
proof of concept is provided to show that the pro-
posed three-tier architecture can achieve a better 
tradeoff between slice isolation and slice capac-
ity as compared to the state-of-the-art two-tier 
solution.

Introduction
Future mobile networks are required to support 
a variety of vertical applications, including the 
conventional 5G use cases, i.e., enhanced mobile 
broadband (eMBB) focusing on the multimedia 
traffic for human users, ultra-reliable low-latency 
communication (URLLC) for life-critical applica-
tions, and massive machine-type (mMTC) for 
Internet of Things, as well as the new additions 
for 5.5G, including machine vision for automat-
ic inspection and security, virtual reality, and 
wide-area high-resolution sensing in self-driving 
and elder care. Due to the diverse quality of ser-
vice (QoS) requirements of future mobile services, 
the conventional one-size-fits-all solution becomes 
unacceptable in both technical and economic 
aspects. Instead, network slicing is proposed as 
a novel solution for network architecture, which 
slices the physical network into multiple virtual net-
works, referred to as network slices, such that each 
slice can be customized for a specific service [1].

Network slicing is an end-to-end technology, 
which requires management and orchestration 
across all three domains of the mobile commu-
nication system, i.e. the radio access network 
(RAN), the transport network and the core net-
work [2]. Among these domains, RAN slicing is 
regarded as the most challenging one. The major 
challenges are as follows.
•	 Radio resources in RANs are highly limited 

as compared to fiber resources in transport 
and core networks. Thus, RAN slicing raises 
higher demands in slicing efficiency as com-
pared to network slicing in other domains.

•	 Real-time computing resources are also very 
limited in RANs. While the RAN slicing deci-
sions need to be frequently adjusted due to 
the dynamics of wireless channels and local 
user demands. Thus, RAN slicing methods 
are required to satisfy stringent constraints 
in computational complexity.

•	 On the one hand, inter-cell inter-slice coor-
dination is required to avoid unexpected 
interference and guarantee the slice perfor-
mance. On the other hand, slices are logi-
cally independent networks that should be 
isolated from each other. Thus, the RAN 
slicing architecture must be able to achieve 
a tradeoff between performance guarantee 
and slice isolation, which becomes a chal-
lenging issue in multi-cell multi-slice RAN 
slicing.
As shown in Fig. 1, existing works of RRM in 

multi-cell multi-slice networks follow a two-tier 
architecture [3], [4]. In the upper tier, the avail-
able bandwidth of each cell is assigned to slices 
in a quasi-static manner according to their long-
term traffic demands. In the lower tier, the dedi-
cated radio resources of each slice are scheduled 
among the corresponding users according to the 
real-time dynamics. However, the complex inter-
ference coordination between different cells and 
slices poses huge technical challenges to the tra-
ditional two-tier networks, especially considering 
the dynamic environment of mobile networks and 
the diversity of slice requirements.

In [5], a low-complexity method is proposed 
for the radio resource allocation in upper tier, 
which greatly reduces the inter-slice interference 
as compared to the typical priority-based method. 
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However, due to the heuristic steps of the pro-
posed method, there exists no performance guar-
antee in a general case. In [6], a 0-1 quadratic 
programming based method is proposed for the 
upper tier, which aims to enhance the inter-cell 
transmission coordination and reduce the inter-
slice interference at the same time by maximiz-
ing the number of “linked” radio resources. The 
proposed method shows superior performance 
in terms of the average throughput, while at the 
same time, suffers from high computational com-
plexity in large-scale networks. Papa et al. [7] 
focus on the packet scheduling problem in the 
lower tier, for which a multi-cell multi-slice sched-
uler is proposed to jointly schedule radio resource 
blocks of neighboring cells and slices. However, 
due to the real-time requirement of packet sched-
uling and the diverse QoS requirements of net-
work slices, the proposed method suffers from 
high computational complexity and may not be 
feasible in practical deployments.

In this paper, we consider the RRM issue in 
multi-cell multi-slice networks. Specifically, we 
first show that the fundamental difficulty of RRM 
in RAN slicing comes from the coupling effects 
between the cell and slice dimensions, and discuss 
the three key design aspects that always should 
be taken into account, i.e., slice capacity, slice iso-
lation and implementation complexity. Then, we 
analyze the characteristics of network dynamics 
with different spacial and temporal scales, based 
on which we propose a hierarchical slicing archi-
tecture. As compared to the conventional two-tier 
architecture, the proposed architecture introduces 
an additional tier in the middle to adapt to the 
short-term variations caused by local user mobility 
and traffic patterns, which merges the huge gap 

between the quasi-static slicing and the real-time 
scheduling. At last, a proof of concept is provided 
to show that the proposed architecture outper-
forms the conventional architecture in terms of 
the isolation-capacity-complexity tradeoff.

RRM in Multi-Cell Multi-Slice Networks
In Fig. 2, we illustrate RRM in a network with two 
cells and three slices, where slices 1 and 3 provide 
eMBB services in both cells A and B, while slice 2 
provides a URLLC service in cell B. As each slice is 
an independent virtual network with specific QoS 
requirements and coverage area, the correspond-
ing RRM should involve not only the conventional 
cell dimension but also an additional slice dimen-
sion. Therefore, we have four different RRM issues 
in multi-cell multi-slice networks, which are dis-
cussed separately as follows.
•	 Inter-Cell Intra-Slice Interference Coordi-

nation: Any slice covering neighboring cells 
can generate inter-cell intra-slice interfer-
ence. As shown in Fig. 2, two cell-edge users 
of slice 1 residing in cells A and B, respec-
tively, are scheduled on a colliding resource 
block, which causes inter-cell interference 
of slice 1. To reduce the interference and 
improve the cell-edge performance, inter-
cell intra-slice interference coordination can 
be performed by jointly coordinating the 
transmissions within a slice. We note that 
the slice-specific resource blocks are dif-
ferent for different cells due to the uneven 
distribution of slice traffic. Thus, the conven-
tional inter-cell interference coordination 
methods, including flag-based reuse coor-
dination in the frequency domain, almost 
blank subframes in the time domain, coor-
dinated multipoint transmission in the spa-
tial domain, and various power adjustment 
techniques should be modified before they 
can be applied in inter-cell intra-slice inter-
ference coordination.

FIGURE 1. The conventional two-tier slicing architecture for RRM in multi-cell multi-slice networks.

The proposed method shows superior performance in terms of the average throughput, while at the 
same time, suffers from high computational complexity in large-scale networks.
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•	 Inter-Cell Inter-Slice Interference Coordi-
nation: Slices with overlapping coverage 
areas can generate inter-cell inter-slice inter-
ference at their common cell boarders. As 
shown in Fig. 2, the cell-edge users of slice 1 
in cell A and slice 2 in cell B are scheduled 
on a colliding resource block, which causes 
interference between slices 1 and 2 at the 
boarder between cells A and B. Inter-cell 
inter-slice interference not only degrades 
the performance of cell-edge users, but also 
jeopardizes the isolation between the cor-
responding slices. To protect slice isolation 
from inter-slice interference, inter-cell inter-
slice interference coordination is recently 
proposed and draws a lot of attentions [6]. 
It is shown that inter-cell inter-slice interfer-
ence coordination requires global optimi-
zation across all cells and slices, which is 
NP-hard in general.

•	 Intra-Cell Intra-Slice Resource Allocation: 
Dedicated radio resources of each slice 
within each cell should be dynamically 
assigned to the corresponding users, such 
that the QoS requirements of each user can 
be satisfied in terms of throughput, latency 
and priority. As shown in Fig. 2, the dedi-
cated resource blocks of slice 3 in cell A 
are equally assigned to two users to sup-
port their video streaming traffic. We note 
that there exists many packet scheduling 
schemes that can be inherited from the con-
ventional networks, e.g., proportional fair 
schemes for eMBB slices to balance user 
fairness and spectral efficiency, delay-orient-
ed schemes for URLLC slices to guarantee 
packet delay, and semi-persistent schemes 
for mMTC slices to reduce signaling over-
head and power consumption. However, 
due to the existence of multiple slices, the 
amount of slice-specific radio resources 
can be time-varying and these scheduling 
schemes should be reconsidered before 
they can be applied.

•	 Intra-Cell Inter-Slice Resource Allocation: 
To provide QoS guarantee on a per slice 
basis, radio resources should be dynamically 
allocated among slices within a cell accord-
ing to their time-varying traffic demands and 
channel conditions, which is referred to as 
intra-cell inter-slice resource allocation. As 
shown in Fig. 2, the resource blocks of cell 
B are equally assigned to slices 1, 2 and 3 
to fulfill the QoS requirements of virtual 
reality, vehicular communications and video 
streaming, respectively. Due to the online 
operation and the incomplete feedback 
information, intra-cell inter-slice resource 
allocation is regarded to be highly chal-
lenging, for which both model-based and 
data-based methods have been proposed. 
Specifically, an online learning framework 
that is able to combine both the mod-
el-based optimization techniques and the 
data-based machine learning techniques has 
shown great advantages in providing effi-
cient and robust intra-cell inter-slice resource 
allocation [8].
The additional slice dimension requires to con-

sider not only the user-level performance but also 

the slice-level performance. The traditional meth-
ods cannot guarantee sufficient radio resources 
in the slice level or address the additional limita-
tions introduced by slice isolation. Thus, in multi-
slice multi-cell networks, the above RRM issues 
are highly coupled with inconsistent or even con-
flicting objectives. For example, inter-cell inter-
slice interference coordination may restrict the 
available radio resources of a specific slice due to 
inter-slice interference, while intra-cell inter-slice 
resource allocation may require excessive radio 
resources for the slice to fulfill the QoS require-
ments. Therefore, it is important to reconsider the 
design principles and the appropriate framework 
of RRM in multi-cell multi-slice networks.

Key Design Aspects
There are three key design aspects that always 
should be taken into account for RRM in multi-
cell multi-slice networks, i.e., slice isolation, slice 
capacity and implementation complexity. In this 
section, we will specify these aspects and discuss 
their effects on RAN slicing.

Slice Isolation
Slice isolation indicates the ability of an RRM 
solution to provide steady performance on each 
specific slice, regardless of the dynamics of other 
slices. For example, a URLLC slice needs to guar-
antee its average packet delay during the traffic 
burst of a coexisting eMBB slice. The RRM entity 
is required to simultaneously guarantee the per-
formance of multiple slices, which are usually with 
highly different QoS requirements. Thus, the corre-
sponding RRM strategy should be able to predict 
the performance variations of different slices for 
all possible traffic and channel changes, and make 
real-time decisions to ensure all performance indi-
cators remain within their target ranges.

In the extreme case, the RRM strategy assigns 
to each slice an exclusive chunk of spectrum and 
an associated packet scheduler [9], which allows 
the slices to provide fully isolated services as if 
the slice users are served by a private network. 

FIGURE 2. Illustration of RRM in a network with two cells and three slices. The 
available radio resources are represented by a column of blocks, where 
each color represents the part allocated to a specific slice or a specific user.
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In the  more general case, the RRM strategy 
allows the performance of a specific slice to be 
influenced by the dynamics of other slices, as long 
as such variations can be accurately controlled 
within an acceptable range. It presents novel chal-
lenges in terms of modeling and algorithms as 
compared to existing RRM strategies.

In addition, different slices may accept differ-
ent levels of isolation due to both technical and 
business concerns, e.g., a live streaming slice 
may require a large amount of dedicated radio 
resources to maintain consistency of its user expe-
rience, while a web browsing slice may allow to 
flexibly share its radio resources with other slices 
since the browsing service is not sensitive to pack-
et delay. Thus, the RRM strategy should be able to 
provide unified isolation levels, e.g., the isolation 
level of a specific type of slice can be defined as 
the maximal variations of its key performance indi-
cators due to the presence of certain other slices 
[8]. Note that a slice may also experience perfor-
mance variations due to its own dynamics, which 
however have no concern with slice isolation.

Slice Capacity
Slice capacity indicates the capability of an RRM 
strategy to support certain types of slices under a 
given amount of radio resources. Specifically, slice 
capacity is represented by a connected region 
in a multi-dimensional traffic space, where each 
dimension corresponds to a specific type of slice 
[8]. Any traffic combinations inside the region can 
be fulfilled, while any traffic combinations outside 
the region causes QoS violation. Thus, the RRM 
strategy should be able to expand the boundaries 
of the region as much as possible so as to max-
imize its slice capacity, while at the same time 
keep flexible to cover different traffic combina-
tions in typical scenarios.

Slice capacity can be seen as an extension of 
the conventional system capacity, while it explic-
itly distinguishes between the traffic with different 
QoS requirements and thus is a more appropriate 
metric to evaluate RAN slicing strategies. Howev-
er, due to the multi-dimensionality of traffic space, 
it is generally difficult to directly compare the slice 
capacity of different RRM strategies. For exam-
ple, as compared to a proportional fair schedul-
er, a delay-oriented scheduler can support more 
URLLC traffic by providing bounded packet delay 
and less eMBB traffic due to the under-utilization 
of multi-user gain. In fact, an RRM strategy has 
a strictly larger slice capacity than another RRM 
strategy, only if its feasible traffic region fully cov-
ers the latter one. In practice, we can compare 
the slice capacity in serval predefined scenarios 
with typical traffic settings [10].

Implementation Complexity
Implementation complexity indicates the overall 
cost to deploy an RRM strategy in practical net-
works, involving algorithmic complexity, signaling 
overhead, synchronization and data collection 

requirements, which further affect the hardware 
cost, energy consumption and radio resource 
utilization. For example, QoS-aware schedulers 
require periodic weight calculation and channel 
state information feedback in each transmission 
interval, which highly increases the hardware cost 
and bandwidth consumption [11]. Joint transmis-
sion at cell edges relays on precise synchroniza-
tion between neighboring cells, which requires 
wired backhaul with ideally large bandwidth and 
low latency [12]. Data-based schedulers usually 
adopt machine learning methods, which require 
a large amount of data for offline training and 
dedicated computational hardware for online 
inference [13]. Thus, the implementation com-
plexity of RAN slicing strategies must be assessed 
carefully.

On the one hand, the additional slice dimen-
sion requires the strategy to deal with more 
complex RRM issues than conventional RRM 
schemes. On the other hand, due to the rapid 
evolution of cloud computing and wireless com-
munication, the unit cost of general computation 
and communication capability keeps decreasing. 
Therefore, a relative high-complexity strategy that 
simultaneously fulfills multiple slices can still be 
cost-efficient. However, due to the high dynam-
ics of multi-cell multi-slice networks, it is general-
ly impossible to implement such a strategy with 
a single RRM entity. One possible solution is to 
apply a hierarchical structure to decompose RRM 
into different layers so as to simplify the RRM 
problem in each layer. However, such decompo-
sition requires low coupling between layers and 
high efficiency within each layer.

Tradeoff
There exists intrinsic contradictions among 
the three design aspects discussed above. To 
achieve low implementation complexity and high 
slice isolation, static strategies can be applied, 
where dedicated radio resources are reserved 
for each slice. However, the required radio 
resources of static allocation are determined by 
the worst-case scenario, which highly degrades 
the average resource efficiency and results in 
low slice capacity. To increase the slice capacity, 
radio resources should be dynamically allocat-
ed according to the real-time traffic variations. 
The corresponding coupling effect between slic-
es and cells may lead to high implementation 
complexity and low slice isolation. In fact, any 
RRM strategy can only guarantee its optimali-
ty in terms of two of the three aspects, which 
we refer to as the isolation-capacity-complexi-
ty tradeoff. We note that, for any RRM strategy 
with any isolation-capacity-complexity tradeoff, 
the QoS requirements should always be ful-
filled without any compromise. Therefore, the 
design principle of RRM in multi-cell multi-slice 
networks is to guarantee the QoS requirements 
while achieving the best isolation-capacity-com-
plexity tradeoff in interested scenarios.

Hierarchical Network Dynamics
Due to the complex mobility patterns of cellular 
users and the irregular fluctuations of slice traf-
fic, RRM in multi-cell multi-slice networks must 
take account of the instant network dynamics 
and make online decisions to guarantee the QoS 

Slice capacity can be seen as an extension of the conventional system capacity, while it explicitly 
distinguishes between the traffic with different QoS requirements and thus is a more appropriate metric 

to evaluate RAN slicing strategies.
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requirements in such non-stationary environ-
ments. Therefore, an effective RRM strategy must 
identify the characteristics of different network 
dynamics. In this section, we will discuss in detail 
the network dynamics in a multi-cell multi-slice 
network and classify them into three different 
groups according to their spatial and temporal 
scales.

Large-Scale Dynamics
Large-scale dynamics refer to the long-term ten-
dency of user mobility and traffic fluctuation in 
the granularity of cells and slices, e.g., the aver-
age number of users within a cell and the aver-
age amount of traffic of a specific slice. These 
large-scale dynamics vary slowly with time and 
can be regarded as quasi-static processes with a 
minute-level time window. Within each window, 
the large-scale parameters are static.

Large-scale dynamics have a decisive impact 
on the amount of radio resources required by the 
slices within a large geographical area. For exam-
ple, the eMBB throughput at a subway station 
changes periodically as the train enters and leaves 
the station, while the URLLC throughput near a 
major road stays high during peak hours. We note 
that large-scale dynamics are highly related to the 
regularities in our social life [14], e.g., the travel 
patterns followed by different users, the service 
time of massive Internet of Things devices and 
the entertainment activities scheduled at different 
places. Thus, large-scale dynamics are steady and 
to a fair degree predictable, especially when his-
torical data are available.

Medium-Scale Dynamics
Medium-scale dynamics refer to the short-term 
variations of network parameters caused by local 
user mobility and slice traffic patterns, e.g., the 
handover of cell-edge users and the on/off behav-
iors of slice-specific devices. As compared to the 
large-scale dynamics, medium-scale dynamics 
have a much shorter time window measured in 
seconds, during which the medium-scale behav-
iors are presumed to be unchanged.

As medium-scale dynamics represent the local 
behaviors of a small group of users, the corre-
sponding effects on RRM are restricted to the cor-
responding slices and cells. For example, an eMBB 
user crossing the cell border changes the eMBB 
throughput in the serving and target cells, while the 
amount of radio resources required by other slic-
es and other cells are not affected. As compared 
to the long-term tendency determined by large-
scale dynamics, the short-term behaviors of medi-
um-scale dynamics are in general more difficult to 
predict. However, if there exists a regular pattern 
or a logic model, machine learning methods based 
on deep neural networks can be applied to pre-
dict the time series data of medium-scale dynamics 
[15]. We note that the prediction accuracy is prob-
lem-dependent and may vary significantly.

Small-Scale Dynamics
Small-scale dynamics refer to the instant variations 
of the channel parameters and date rates of indi-
vidual users, which reflect the inherent uncertainty 
of wireless environments and mobile applications 
in the granularity of milliseconds, e.g., the move-
ment of interacting objects in the propagation 

environment and the real-time data rate of stream-
ing media. Due to the randomness of such instant 
variations, small-scale dynamics are usually unpre-
dictable and can only be characterized by using 
statistical models, e.g., the Rayleigh fading model 
and the Poisson process traffic model. In fact, 
small-scale dynamics are essentially non-stationary 
processes with time-varying model parameters, 
which are difficult to estimate and track in practi-
cal networks.

Hierarchical Slicing Architecture
In this section, we propose a three-tier slicing 
architecture for RRM in multi-cell multi-slice net-
works, where each tier corresponds to a partic-
ular level of network dynamics with similar time 
and spatial scales. Thus, the proposed slicing 
architecture can divide and simplify multi-cell 
multi-slice RRM, while at the same time, ensur-
ing a unified and efficient solution in each tier. 
In the upper tier, it is responsible for addressing 
the large-scales dynamics, for which the dedi-
cated radio resources of each slice in each cell 
are reassigned across the entire network at the 
time granularity of minutes. In the middle tier, it 
is responsible for addressing the medium-scale 
dynamics, for which the local radio resource allo-
cation is adjusted in a distributed manner at the 
time granularity of seconds. In the lower tier, it is 
responsible for addressing the small-scale dynam-
ics, for which the instant radio resources allocat-
ed to each individual user is scheduled at the 
time granularity of milliseconds. The proposed 
architecture is shown in Fig. 3 and each tier is 
discussed in detail as follows.

FIGURE 3. The hierarchical slicing architecture for RRM in multi-cell multi-slice 
networks.

Authorized licensed use limited to: Nanjing University. Downloaded on June 07,2024 at 07:09:19 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Network • March/April 2024184

Radio Resource Assignment

In the upper tier, referred to as the radio resource 
assignment tier, the global radio resource allo-
cation is periodically optimized to adapt to 
the large-scale network dynamics. Specifically, 
in each time window, the dedicated resource 
blocks of each slice in each cell is assigned 
according to the current network requirements. 
On the one hand, such network requirements 
may include coupling constraints in both the 
cell and slice dimensions, e.g., the amount of 
required radio resources of each slice in each 
cell, the coordination opportunities between 
cell-edge users of the same slice, and the inter-
ference level between different slices in neigh-
boring cells. Thus, the optimal radio resource 
assignment falls into the field of integer program-
ming, which is generally NP-hard and requires a 
large amount of computation time even with a 
medium network scale [6]. On the other hand, 
the static window of large-scale dynamics is 
bounded. Thus, the assignment period needs to 
be short enough to track the large-scale dynam-
ics. Therefore, we need to choose a proper win-
dow size such that the RRM decisions can track 
the large-scale dynamics, while at the same time 
achieving high performance in every time win-
dow. In addition, if the large-scale variations can 
be detected or even predicted with high accu-
racy, the corresponding radio resource assign-
ment can be event-triggered instead of following 
a periodic pattern.

Inter-Cell Inter-Slice Coordination
In the middle tier, referred to as the inter-cell 
inter-slice coordination tier, the radio resource 
allocation is adjusted locally in a distributed 
manner to adapt to the medium-scale network 

dynamics. Specifically, in each time window, the 
resource blocks are adjusted between neighbor-
ing slices and cells according to their require-
ment variations, e.g., the traffic demands of local 
slices, the coordination transmission requirement 
of cell-edge users, and the inter-slice interfer-
ence bound of neighboring slices. Due to the 
volatile window of the medium-scale dynamics, 
this tier can no longer be regarded as a qua-
si-static process that consists of a sequence of 
static optimization problems, but an online opti-
mization process that gradually learns the net-
work dynamics from the information revealed 
by previous allocations [8]. If the relationship 
between the radio resource allocation and the 
target performance metric can be formulated by 
an analytical function, the online process is mod-
el-based, for which statistical gradient methods 
can be applied. If there exists no such model, 
the online process is data-based, for which deep 
learning methods can be applied. The network 
performance can be further improved if the 
medium-scale dynamics are predictable.

Packet Scheduling
In the lower tier, referred to as the packet sched-
uling tier, the dedicated resource blocks of each 
slice in each cell are scheduled in real time 
among the corresponding users, such that the 
user-level QoS requirements can be satisfied. 
The existing packet schedulers can be inherited. 
Note that the buffer state of the current slot is 
fully determined by the channel parameters and 
arrived packets in the previous slot, as well as 
the last scheduling decision. This tier can be for-
mulated as a Markov decision process. In addi-
tion, as the underlying small-scale dynamics are 
essentially non-stationary, this tier can be further 
formulated as a non-stationary Markov decision 
process, for which the stochastic approximation 
and reinforcement learning methods can be 
applied for the model-based and data-based sce-
narios, respectively.

A Proof of Concept
In this section, we provide a proof of concept 
of the proposed slicing architecture for RRM in 
multi-cell multi-slice networks. For the benchmark 
two-tier architecture, we adopt the RRM schemes 
proposed in [6]. For the proposed three-tier archi-
tecture, we adopt an iterative method to minimize 
the amount of radio resources suffering from 
inter-slice interference in the first tier, and adopt 
the online convex optimization algorithm in [8] 
to adjust the local radio resource allocation in the 
middle tier. In the lower tier, the proportional fair 
scheduler with coordinated multi-point is utilized. 
In addition, we consider two different versions 
for each architecture. The high complexity ver-
sion adopts a shorter execution period than the 
low complexity version to address more dynamic 
environments.

As shown in Fig. 4, we show the isolation- 
capacity-complexity tradeoff for both the pro-
posed three-tier solution and the benchmark 
two-tier solution. Here, the slice capacity is 
defined as the ratio of the average number of 
required resource blocks per cell to the num-
ber of available resource blocks. The slice iso-
lation is defined as the percentage of slices that 

FIGURE 4. The isolation-capacity-complexity tradeoff of the proposed three-tier 
architecture and the conventional two-tier architecture for RRM in multi-cell 
multi-slice networks.
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have a guaranteed number of resource blocks 
that are free from inter-slice interference. The 
implementation complexity refers to the high 
and low versions. As the proposed three-tier 
architecture allows each tier to focus on net-
work dynamics with specific time and spatial 
scales, the corresponding RRM methods can 
achieve higher traffic throughput, better isola-
tion between slices and lower computational 
complexity. The advantage in isolation-capaci-
ty-complexity tradeoff enables to deploy more 
practical and flexible RRM solutions in future 
multi-cell multi-slice networks.

Conclusion
In this article, we considered the RRM in multi-
cell multi-slice networks. We first show that the 
problem is highly complicated as the additional 
slice dimension is tightly coupled with the conven-
tional cell dimension, for which we propose a key 
design tradeoff among three major aspects, i.e., 
slice isolation, slice capacity and implementation 
complexity. Then, we characterize the network 
dynamics according to their spatial and temporal 
scales, and propose a hierarchical slicing architec-
ture with three tiers, in which an additional tier is 
introduced to coordinate the local radio resource 
allocation between neighboring cells and slices. 
At last, we provide a proof of concept to show 
the advantages of the proposed three-tier solu-
tion as compared to a benchmark two-tier solu-
tion, in terms of the isolation-capacity-complexity 
tradeoff.
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