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Abstract—Radio access network (RAN) slicing is one of the
key technologies in 5G and beyond mobile networks, where
multiple logical RANs, also referred to as RAN slices, are allowed
to run on top of the same physical infrastructure so as to
provide slice-specific services. Due to the dynamic environments
of wireless cells and the diverse requirements of RAN slices,
inter-slice radio resource management (IS-RRM) is a highly
challenging task. In this paper, we propose a novel online convex
optimization (OCO) framework for the IS-RRM, where the
instant resource allocation is learned by using historical data
revealed from previous allocations. Compared with the existing
methods, OCO is an online optimization process that can avoid
sophisticated modeling and tuning in highly complicated and
dynamic environments. Specifically, a low-complexity online IS-
RRM algorithm is proposed, which employs multiple expert-
algorithms running parallelly to keep track of environmental
changes. Simulation results show that the proposed method can
provide efficient IS-RRM with a comparable performance to the
optimal strategies in hindsight.

Index Terms—Network slicing, online convex optimization,
radio access network, radio resource management.

I. INTRODUCTION

Multi-slice radio resource management (RRM) is con-

sidered to be critical for the success of radio access net-

work (RAN) slicing [1]. Due to the diverse requirements of

RAN slices, the conventional medium access control (MAC)

scheduler, which directly distributes radio resources to each

individual user in each transmission time interval (TTI),

becomes a multi-objective optimization problem that is too

complex to solve [2]. Instead, multi-slice RRM is decomposed

into inter-slice and intra-slice RRM, which can be performed

separately across different time scales. Intra-slice RRM, which

is responsible for allocating slice-dedicated resources to the

corresponding slice users in each TTI, focuses on the packet-

level QoS performance of each user and can be realized by

using conventional MAC schedulers. Inter-slice RRM, which

is abbreviated as IS-RRM in this paper, is responsible for

allocating radio resources to each slice in each allocation

window. IS-RRM focuses on the satisfaction of the service

level agreement (SLA) of each slice and has become a new

technical challenge.

Network virtualization substrate is one of the earliest work

in slice-based RRM, which operates at MAC-frame granularity

This work was partially supported by the National Natural Science Foun-
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to decouple the slice scheduling problem from the packet

scheduling problem [3]. However, the per-slice utility function

is defined based on the average resource usage, which is

not suitable for RANs with highly dynamic user traffic and

network environments. To achieve more efficient RAN slicing

with finer granularity, mobile traffic forecasting technology is

introduced to predict the actual footprint of each particular

slice [4], and short-term KPIs are considered by transforming

the SLAs into the requirements of physical radio resources

in each allocation period [5]. Also, the large-scale resource

sharing efficiency is studied by extending the allocation win-

dow into hours, where the SLA requirements are uniformly

described by using a guaranteed demand parameter and an

overbooking penalty parameter [6]. Due to the complexity of

RAN slicing, these model-based optimization methods usually

generate a highly complicated optimization problem that is

difficult to solve, where simplification techniques and heuristic

algorithms are widely used in the literature [4–8].

Machine learning has attracted a lot of attention in the study

of 5G and beyond networks [9, 10]. To avoid the drawbacks

of model-based IS-RRM, data-driven methods based on deep

reinforcement learning are recently proposed [11, 12]. Such

methods treat IS-RRM as a Markov decision process and

utilize deep reinforcement learning algorithms to decide the

best allocation strategy. In [11], a deep reinforcement learning-

based dynamic pricing mechanism is proposed to provide

incentives for the slice owners to efficiently share the spec-

trum resources. In [12], deep reinforcement learning-based

bandwidth allocation algorithms are proposed, where discrete

normalized advantage functions and generative adversarial

networks are introduced to accelerate the convergence rate and

improve the approximation accuracy, respectively. However,

due to the complexity of wireless networks, the deep neural

network needs to be periodically tuned with online data,

such that the difference between the offline simulation and

the realtime network can be captured. During these tuning

periods, these learning algorithms need to extensively explore

the action space, which may cause severe SLA violations.

In this article, we consider IS-RRM and develop a novel

mathematical framework for the dynamic assignment of down-

link bandwidth resources based on online convex optimization

(OCO) technique [13–15]. Compared with the classic opti-
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mization methods using gradient descend techniques, OCO

formulates IS-RRM as an online process that can gradually

learn the network dynamics from the data of previous alloca-

tions, which avoids the modeling difficulty and achieves low

computational complexity. Compared with the reinforcement

learning methods, OCO averts the massive exploration in

action space by exploiting the derivatives of well-defined loss

functions, and provides a theoretical performance guarantee

in terms of “regret”. Specifically, we propose an online IS-

RRM algorithm based on the state-of-the-art strongly adaptive

algorithm for convex and smooth functions [16]. Simulation

results show that the proposed scheme can achieve a compa-

rable performance to the optimal strategies in hindsight.

II. SYSTEM MODEL

We consider the downlink scenario of a single cell with

total N network slices, where each slice provides a customized

network service for K user equipments (UEs). The bandwidth

resources are organized into W resource blocks (RBs) in

each TTI, and the length of an allocation window is L TTIs.

We denote by wt = (wt,1, . . . , wt,N ) the RB allocation of

allocation window t, or round t, where wt,n is the number

of dedicated RBs of slice n. For any t ∈ [1, T ], we have

wt ∈ WZ, where

WZ =

{
x ∈ Z

N |
N∑

n=1

xn ≤ W and xn ≥ 0, ∀n
}
. (1)

For any UE k of slice n at round t, we denote by Ht,n,k the

channel state information of the WL RBs in the corresponding

allocation period, by Pt,n,k the set of packets that arrive at

the traffic queue during round t, and by Qt,n,k the set of

packets that are buffered in the traffic queue at the beginning of

round t. For simplicity, we denote Ht,n = {Ht,n,k}k, Pt,n =
{Pt,n,k}k and Qt,n = {Qt,n,k}k.

In each TTI, a two-level MAC scheduler is applied [2],

which is composed of N slice-specific schedulers as well as a

common scheduler. Each slice-specific scheduler is responsible

for provisioning packet-level QoS performance, where a highly

customized scheduling algorithm is adopted to assign virtual

RBs (vRBs) to the corresponding UEs. We denote by Vn the

slice-specific scheduling algorithm of slice n. The common

scheduler is responsible for translating the UE-vRB assign-

ments given by each slice-specific scheduler into a common

UE-pRB assignment. Here, each pRB is assigned to the UE

that achieves the maximum throughput in the current TTI,

which can maximize the inter-slice multi-user gain. Note that

the size of vRB is aligned with the physical RB (pRB) and the

number of pRBs dedicated to slice n in round t is limited by

wt,n. Compared with the conventional schedulers that jointly

schedule all packets in one pass, the two-level scheduler

utilizes multiple slice-specific schedulers in parallel, which

decouples the multi-dimensional scheduling problem into mul-

tiple single-dimensional scheduling problems, and achieves

both high flexibility and low computational complexity.

The packet loss ratio (PLR) is considered as the KPI of the

SLA between the network operator and the slice tenants. The

PLR is defined as the ratio of the number of lost packets to the

number of total arriving packets. For any slice n, the number

of packets arriving at round t is given by |Pt,n|. The number

of lost packets in round t, denoted by Ct,n, depends on traffic

state Pt,n and Qt,n, channel state Ht,n, bandwidth resources

wt,n, as well as the slice-specific scheduling algorithm Vn,

i.e., Ct,n(Pt,n,Qt,n,Ht,n, wt,n|Vn). Thus, the PLR of slice n
after round t is given by

rt,n =

∑t
s=1 Cs,n(Ps,n,Qs,n,Hs,n, ws,n | Vn)∑t

s=1|Ps,n|
. (2)

Therefore, IS-RRM can be formulated as a multi-objective

programming problem that aims to minimize the PLR of all

slices, which is formally written as

min
w1,w2,...,wT

(rT,1, rT,2, . . . , rT,N ) (3a)

s.t. wt ∈ WZ, t = 1, 2, . . . , T. (3b)

Typically, there does not exist a feasible allocation sequence

that simultaneously minimizes rT,n for all n ∈ {1, 2, . . . , N}.

Instead, Pareto optimal solutions are usually considered, which

are defined as feasible solutions that cannot be improved in

any of the objectives rT,n without degrading at least one of

the other objectives rT,n′ , n′ �= n. We note that there are two

major drawbacks of the above formulation. The first drawback

is that, considering the complexity of slice-specific scheduling

algorithms (i.e., Vn), there may not exist an analytical func-

tion to formulate the mathematical relationship between the

objective rT,n and the optimization variables w1,w2, . . . ,wT ,

which makes this formulation extremely difficult to solve. The

second drawback is that, considering the small granularity

of IS-RRM, the network parameters (i.e., Pt,n,Qt,n,Ht,n)

can be highly dynamic and hard to predict with statistical

models, which may cause severe performance deviation of

optimal solutions. In the next section, we introduce the OCO

framework to reformulate the IS-RRM problem, which avoids

the drawbacks of multi-objective programming.

III. ONLINE IS-RRM VIA ONLINE CONVEX

OPTIMIZATION

We consider the IS-RRM as an online learning process,

where the instant RB allocation is learned online by using the

data information revealed from previous rounds, rather than

being calculated or optimized with comprehensive models that

are given beforehand. This online framework allows the base

station to learn from the experience and provide better RB

allocations as more cases are observed. Formally, we introduce

the OCO framework as follows.

A. IS-RRM As OCO

In OCO, an online learner iteratively makes decisions to

minimize its cumulative loss. At each round t, the decision

is denoted as xt ∈ X , and the outcomes associated with

Authorized licensed use limited to: Nanjing University. Downloaded on February 13,2023 at 08:28:09 UTC from IEEE Xplore.  Restrictions apply. 



that decision are unknown to the learner. After committing

to decision xt, a loss function ft ∈ F : X → R is revealed

and the learner suffers from a loss ft(xt). The decision set is

a convex set in Euclidean space, i.e., X ⊆ R
N , and the loss

functions {ft}t are bounded convex functions over X .

Since the loss functions can only be obtained in hindsight, it

is usually unlikely to design an OCO algorithm that minimizes

the actual cumulative loss. Instead, an appropriate performance

metric is the difference between the cumulative loss incurred

by the learner and that of the optimal decision in hindsight,

which is referred to as the regret. Formally, for any horizon

T , the regret of an OCO algorithm A is defined as [13]

RegretA(T ) = sup
{ft∈F}t

{
T∑

t=1

ft(xt)− min
x∈X

T∑
t=1

ft(x)

}
. (4)

Thus, the regret is defined as the loss difference in the worst

case for all possible loss functions.

For the IS-RRM problem, the base station can be seen as

a learner that iteratively determines the RB allocation wt in

each round t to optimize the SLA performance of all slices

within total T rounds. To use the OCO framework, we relax

the feasible set of RB allocations to the convex hull of WZ,

which is a standard N -simplex scaled by W , given by

W =

{
x ∈ R

N |
N∑

n=1

xn ≤ W and xn ≥ 0, ∀n
}
. (5)

Thus, we have wt ∈ W for all t ∈ {1, 2, . . . , T}. Note

that constraint (3b) can still be satisfied by rounding the

coordinates of wt before it is committed in round t.

The loss function in each round can be designed based on

the PLR performance of each packet in the corresponding

TTIs. Specifically, we consider an arbitrary packet p that

arrives in the queue of slice np at the beginning of the linp -th

TTI of round tinp and leaves at the end of the loutp -th TTI of

round toutp . The packet size is given by Bp. For simplicity, we

denote the l-th TTI of round t by a tuple (t, l). For any TTI

(t, l), and the current lifetime of packet p is defined as the time

interval between (tinp , linp ) and (t, l), denoted by Tp(t, l). We

denote by Bp,t,l the amount of p’s data bits that are scheduled

by the MAC scheduler at TTI (t, l), and have Bp,t,l ≥ 0
and

∑
(t,l) Bp,t,l ≤ Bp. For any round t ∈ [tinp , toutp ], the

cumulative loss of packet p is defined as

Θp,t =
∑

(s,m)∈Tp(t,L)

Bp,s,m

(
dp,s,m
dnp

)2

+

(
Bp−

∑
(s,m)∈Tp(t,L)

Bp,s,m

)(
dp,t,L
dnp

)2

, (6)

where dp,s,m = |Tp(s,m)| represents the experienced delay

of packet p at the end of TTI (s,m) and dnp represents the

packet delay budget of slice np, respectively.

As seen in (6), the cumulative loss of packet p consists

of two parts, indicating the loss of transmitted and buffered
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Fig. 1: Illustration of slice loss θ as a function of RB number

w. The fitted curve is given by θ = 33.21× exp{−0.03176w}
and the coefficient of determination is 0.9773.

bits, respectively. For each part, the loss value is defined to be

proportional to the square of experienced delay normalized by

the delay budget, and scaled by the amount of transmitted or

buffered bits in the corresponding TTI. Thus, the cumulative

loss Θp,t can reflect the packet-level PLR performance by

indicating how close packet p is about to be lost in the upper

layer after the transmission of round t. Specifically, we have

Θp,t ∈ (0, Bp] and it is a strictly increasing function of t.
For simplicity, we set Θp,tinp −1 = 0 for all packets. Given the

per-packet cumulative loss defined in (6), the loss of slice n
in round t is defined as

θt,n =
∑

p∈Pt,n∪Qt,n

(Θp,t −Θp,t−1) , (7)

which represents total marginal increase of Θp,t for all packets

of slice n in round t. Denoting Bn,t =
∑

p∈Pt,n
Bp ∪∑

p∈Qt,n
Bp as the data bits involved in the scheduling process

of slice n in round t, we have θt,n ∈ (0, Bn,t].
For any given number of RBs wt,n assigned to slice n in

round t, the loss value θt,n can be obtained in hindsight, based

on the observed network parameters Pt,n,Qt,n and Ht,n, and

the slice-specific scheduling algorithm Vn. Intuitively, θt,n is

a positive value that decreases with wt,n, and the gradient

approaches to 0 as wt,n goes to infinity. In Fig. 1, we illustrate

θt,n as a function of wt,n in typical network settings. We can

see that a negative exponential function can be well fitted to

approximate θt,n, given by

θ̃t,n(wt,n) = at,n · exp {bt,n · wt,n} , (8)

where at,n > 0 and bt,n < 0 are the coefficients of the fitted

curve. It is easy to prove that θ̃t,n is a strictly decreasing

and convex function of wt,n, and 0 < θ̃t,n ≤ at,n. Note

that the convexity lies in the fact that the slice performance

can always be improved by additional bandwidth resources

while the marginal improvement always decreases. Thus, the

loss function defined in (8) can be extended to other KPIs. In

practical deployments, the calculation of curve fitting can be
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simplified by using a lookup table, an experience function or

a deep neural network that is well trained offline.

To formulate a single loss function that can reflect the PLR

performance of all slices, we introduce a priori weight αt,n

for each slice n in each round t. Specifically, we define the

weight factor as

αt,n =
rt−1,n

rn
, (9)

where rt−1,n is the PLR of slice n after the previous round

t − 1 and rn is the target PLR. Therefore, the total loss in

round t is defined as

Ft(wt) =
N∑

n=1

αt,nθ̃t,n(wt,n). (10)

Since θ̃t,n is a strictly monotonic and convex function of

wt,n and αt,n ≥ 0, we have Ft is a convex function of wt.

Therefore, the IS-RRM can be formulated as an OCO problem,

where the convex RB allocation set is W and the convex loss

function of round t is given by Ft(wt). In the next sbusection,

a low-complexity online IS-RRM algorithm is proposed.

B. Online IS-RRM Algorithm

The proposed online IS-RRM algorithm contains three

parts [16]: 1) An expert-algorithm, which is able to minimize

the classical regret within a given time interval; 2) a set of

intervals, each of which is associated with an instance of the

expert-algorithm running in that interval; 3) a meta-algorithm,

which combines the decisions of active experts in each round.

Thus, it can be seen as an ensemble learning method that

runs multiple expert-algorithms parallelly in different time

intervals, and dynamically combines the decisions of active

experts by updating their weights in each round.

We first introduce the expert-algorithm, referred to as scale-

free online gradient descent (SOGD). For any round t, the set

of active experts is denoted by Kt. We consider an arbitrary

expert k ∈ Kt that starts at round tsk and ends at round tek.

The RB allocation of expert k, denoted by wt,k, is updated

by

wt,k = ΠW [wt−1,k − ηt−1,k∇Ft−1(wt−1,k)] , (11)

where ΠW is the operation that projects any point in R
N to

the closet point inside convex set W , i.e.,

ΠW(w′) := argmin
w∈W

‖w −w′‖ , (12)

and ηt−1,k is a time-varying step size given by

ηt−1,k =
D/

√
2√

δ +
∑t−1

s=tsk
‖∇Fs(ws,k)‖2

, (13)

where D =
√
2W is the domain diameter of W and δ > 0

is a small number that is introduced to avoid being divided

by 0. The initial RB allocation wtsk,k
∈ W can be arbitrarily

determined. Here, we adopt the average allocation wtsk,k
=

(W/N,W/N, . . . ,W/N) for all experts.

Algorithm 1 Online IS-RRM

Initialize K1 = {1}, R0,1 = S0,1 = 0
For t = 1 to T do

Set Kt = Kt−1 and update Kt as in (17) and (18)

Each expert k ∈ Kt calculates its RB allocation wt,k as in

(11) and its weight pt,k as in (21)

Calculate and commit the RB allocation wt as in (23) and

receive the loss function Ft as in (10)

Each expert k ∈ Kt updates Rt,k and St,k as in (19) and

(20), respectively.

end

The intervals of SOGD experts are determined online. First,

a sequence of markers is generated by repeatedly restarting

an SOGD instance when its cumulative loss exceeds a certain

threshold C, given by

C = 20HD2 + 2D
√
2δ, (14)

where parameter H is chosen to ensure all loss functions

{Ft} are H-smooth. Specifically, the SOGD instance starts

at round s1 = 1 and keeps running until its cumulative loss∑s1+τ1−1
t=s1

Ft(wt,k) > C after τ1 rounds. Then, the SOGD

instance restarts at round s2 = s1+τ1. Repeating this process,

we can generate online a sequence of markers s1, s2, . . . , sS
with S ≤ T . Given the markers, the set of SOGD intervals

are given by

I =
⋃

k∈N∪{0}
Ik, (15)

where for all k ∈ N ∪ {0}

Ik =
{[
si·2k , s(i+1)·2k − 1

]
, i ∈ N

}
. (16)

We note that the intervals belonging to the same Ik are

consecutive intervals that do not overlap with each other. Thus,

the number of simultaneously running experts is given by the

number of Ik, which is bounded by log2 S + 1 = O(log T ).

Formally, the algorithm inherits the active experts of the

previous round, i.e., Kt = Kt−1, add expert k if t = tsk, i.e.,

Kt = Kt ∪ {k}, ∀tsk = t. (17)

and remove expert k if t > tek, i.e.,

Kt = Kt\k, ∀tek < t. (18)

Finally, we present the meta-algorithm. For any round t, the

cumulative regret of the base station with respect to expert

k ∈ Kt is recursively given by

Rt,k = Rt−1,k + Ft(wt)− Ft(wt,k), (19)

and the sum of the absolute value of regret with respect to

expert k is recursively given by

St,k = St−1,k + |Ft(wt)− Ft(wt,k)| . (20)
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We define Rtsk−1,k = 0 and Stsk−1,k = 0 for expert k, the

weight of which in round t is then given by

pt,k =
Φ(Rt−1,k, St−1,k)∑

k∈Kt
Φ(Rt−1,k, St−1,k)

, (21)

where

Φ(x, y) = exp

{
[x+ 1]2+
3(y + 1)

}
− exp

{
[x− 1]2+
3(y + 1)

}
, (22)

and [x]+ = max(x, 0). The outcome RB allocation is then

given by weighting the decisions of active experts, i.e.,

wt =
∑
k∈Kt

pt,kwt,k. (23)

The learning process is repeated in each round, and the

complete online IS-RRM scheme is shown in Algorithm 1.

The computational complexity of the proposed algorithm

mainly comes from the projection operation as given in (12).

Since the constraint w ∈ W is a convex set in N -dimensional

space and the objective function ‖w −w′‖ is a quadratic form

with an identity Hessian, the projection is a convex quadratic

programming problem, which can be efficiently solved by inte-

rior point methods in O(logN) iterations from computational

experience [17]. Note that the number of simultaneously active

experts is limited by O(log T ). The computational complexity

is then given by O(logN log T ).

IV. SIMULATION RESULTS

We evaluate the proposed online IS-RRM algorithm and

compare it with two benchmark algorithms, i.e., the optimal

static algorithm that maintains a static allocation that is optimal

for the entire T rounds,

wos
t = argmin

w∈W

T∑
t=1

Ft(w), (24)

and the optimal dynamic algorithm that dynamically performs

the optimal allocation in each round t,

wod
t = argmin

w∈W
Ft(w). (25)

Note that the benchmark algorithms are not applicable since

their optimality can only be achieved in hindsight.

Consider an LTE cell with total W = 100 RBs of 1 ms

times 180 kHz. The length of an allocation window is given

by L = 10 TTIs and the number of UEs per slice is given

by K = 10. All slice-specific schedulers are assumed to be a

proportional fair scheduler with fairness window 100 ms and

packet delay budget dn = 100 ms. The spectrum efficiency

of any UE over any RB is assumed to be independently and

uniformly distributed between 2 bps/Hz and 5 bps/Hz. The

packet size is fixed at 1024 bytes. The full load cell throughput

is given by λ0 = W × [(2+5)/2]× (180000×10−3)/(1024×
8) = 7.69 packets per TTI. The packet arrival rate of each

UE in slice n is uniformly given by λ = λ0ρ/(NK), where

ρ ≤ 1 is the cell load parameter representing the ratio of the
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Fig. 3: Packet loss ratio as a function of t with ρ = 0.9 and

κ = 20.

total traffic rate to the full load throughput. The traffic of each

UE alternatively follows a low data rate pattern and a high data

rate pattern, the lengths of which are assumed to be uniformly

distributed in [1000, 2000] ms and [100, 200] ms, respectively.

Each traffic pattern is represented by a poisson process with

a constant packet arrival rate λlow or λhigh, and we define

κ = λhigh/λlow as the rate ratio between high and low traffic

patterns. Thus, we have λlow = 11λ0ρ/[NK(κ + 10)] and

λhigh = 11λ0ρκ/[NK(κ+ 10)].

In Fig. 3, we show the slice-specific PLR as a function

of t with the proposed online IS-RRM algorithm in a three-

slice network with ρ = 0.9 and κ = 20. The target PLRs are

given by r1 = 0.005, r2 = 0.01 and r3 = 0.02, respectively.

We see that, except for those peak points with packets losses

caused by burst traffic, the PLRs roughly decrease with t.
Since more feedback information is available as the running

time increases, the proposed algorithm can adjust the online

RB allocation accordingly and improve the PLR performance

gradually. Also, we see that all three slices converge to values

below their target PLRs after about 104 rounds (or equally,

100 s) and then keep steady, which means all slices receive

differentiated but fair treatment in terms of their SLAs. The

reason is that the loss function is well-designed such that the

minimal value is achieved when the SLAs of all slices are

fulfilled with the same level of satisfaction.

In Fig. 4, we show the average PLR of all slices as a

function of cell load ρ in a two-slice network with κ = 20 and

T = 104. The target PLRs are given by r1 = r2 = 0.01. As we

can see, more packets are lost as the cell load ρ increases, since

the queueing delay is always increased by the additional traffic.

Specifically, given the target average PLR 0.01, the proposed

algorithm allows the base station to serve 82% of the full load

data traffic, which is 10% higher than 72% of the optimal static

algorithm and 5% lower than 87% of the optimal dynamic

algorithm. Therefore, the proposed algorithm can support a
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heavy loaded network with comparable performance to the

optimal strategies given in hindsight.

In Fig. 5, we show the average PLR of all slices as a

function of rate ratio κ in a two-slice network with ρ = 0.9 and

T = 104. The target PLRs are given by r1 = r2 = 0.03. As

we can see, more packets are lost as κ increases. The reason

is that the traffic fluctuation highly increases the number of

peak data rate periods, which usually lead to severe packet

congestion and loss. Specifically, given the target average PLR

0.03, the proposed algorithm allows the high pattern data rate

to be 25 times as large as the low pattern data rate, which is 10
larger than the ratio 15 given by the optimal static algorithm

and 5 smaller than the ratio 30 given by the optimal dynamic

algorithm. Therefore, the proposed algorithm can support a

highly dynamic network with comparable performance to the

optimal strategies given in hindsight.

V. CONCLUSION

In this paper, we have proposed a novel OCO framework for

IS-RRM, where an online IS-RRM scheme is proposed based

on the state-of-the-art online learning algorithm. The proposed

OCO scheme can gradually learn the environmental changes

from the experience data without using sophisticated statistical

models, and perform directional adjustment by exploiting the

derivatives of well-designed loss functions. Compared with

the optimal dynamic and optimal static strategies given in

hindsight, the proposed online IS-RRM algorithm can provide

differentiated SLA performance for each slice and achieve a

comparable performance in networks with various levels of

traffic loads and network dynamics.
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