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bDepartment of Electrical and Electronics Engineering, Yaşar University, Izmir, Turkey

ABSTRACT  
We develop a dynamic Quality of Service (QoS) routing algorithm 
based on network traffic prediction for Sixth Generation (6G) 
SDNs. First, we formulate a mixed integer optimization model 
that incorporates the key constraints for Ultra-Reliable Low 
Latency Communication (URLLC), enhanced Mobile Broadband 
(eMBB), and massive Machine-Type Communication (mMTC) 
traffic. Second, we develop our Predictive Dynamic Multi-Flow 
Routing (PD-MFR) algorithm for QoS flows based on this 
optimization model. In PD-MFR, first, the network forms 
predictions of the aggregate eMBB traffic flow generation rates 
and makes reservations for the flows on the upcoming routing 
window. Second, delay-tolerant mMTC flows are scheduled to be 
routed to fill up the residual capacities that remain after the 
eMBB flow reservations. Third, URLLC flows are routed reactively. 
We demonstrate the performance of our PD-MFR algorithm when 
Autoregressive Integrated Moving Average (ARIMA) and Multi- 
Layer Perceptron (MLP) models are used in forecasting the eMBB 
flow generation rates. We measure the performance of PD-MFR 
against the benchmark QoS-Shortest Path Algorithm (QoS-SPA) in 
which all of the QoS flows are routed reactively and show that 
PD-MFR outperforms QoS-SPA significantly. This work advances 
the state of the art in QoS routing algorithms based on network 
traffic prediction geared towards next-generation SDNs.
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1. Introduction

Predictive networking constitutes a novel paradigm in which a telecommunication 
network predicts the future demands that will be experienced by the network and allo
cates network resources in advance. This contrasts sharply with the traditional reactive 
networks, in which the network merely reacts to the current demand that the network 
sees. The evolution of cellular networks standards, including Fifth Generation (5G) 
systems, is based on the reactive networking paradigm. However, the advent of Artificial 
Intelligence (AI), in particular, machine learning (ML), has ushered in a new era, in which 
networks will be able to form accurate predictions of the future demands on the network 
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using ML algorithms, thus unleashing the potential of predictive networks, which are 
expected to play a major role in the evolution towards Sixth Generation (6G) systems.

Predictive networks present key advantages over reactive ones: First, if the predictions 
are accurate, the pre-allocation of network resources can significantly reduce the control 
overhead incurred at distinct layers of the protocol stack. Second, the network can allocate 
its data plane resources more efficiently, especially among the highly diversified traffic 
types that have become the norm with the evolution of 5G systems. While network 
routing optimization among these diverse types of traffic with respect to the Quality of 
Service (QoS) requirements of each traffic type has been addressed in the past, such optim
ization has been in reaction to the currently occurring demand on the network.

The key technical challenges in designing a predictive QoS routing algorithm are as 
follows: (1) One must coordinate the distinct priorities of multiple flow types when pre
dictions of only a subset of these types are available. (2) The prediction accuracy plays 
a key role in determining QoS routing performance; however, the latter must be designed 
to be robust to prediction error. (3) The resulting predictive QoS routing algorithm must 
have practically feasible execution time.

The main contributions of this work to the state of the art are as follows: 

. We develop a Predictive Dynamic Multi-Flow Routing (PD-MFR) algorithm that utilizes 
the prediction of the generation rate of the aggregate eMBB flow between each 
source-destination pair on the topology in order to make reservations for each such 
flow. We demonstrate that PD-MFR significantly outperforms the reactive benchmark 
QoS-Shortest Path Algorithm (QoS-SPA).

. Our PD-MFR algorithm has the potential to significantly impact the evolving 6G core 
networks by performing joint optimization across eMBB, mMTC and URLLC flow 
types based on eMBB traffic predictions in order to route these flows by satisfying 
their QoS requirements.

. Our algorithm is computationally efficient and can be run in real time. Thus, it stands as 
an important candidate that can be used in next-generation networks that are 
expected to be based on Artificial Intelligence.

In developing our PD-MFR algorithm, first, we shall present a mixed integer optimiz
ation model that incorporates the key constraints for Ultra-Reliable Low Latency Com
munication (URLLC), enhanced Mobile Broadband (eMBB), and massive Machine-Type 
Communication (mMTC) traffic, which are the key traffic classes that were introduced 
in 5G systems.1 The key novelty in our algorithm is that the aggregate eMBB flow gener
ation rate for each source-destination pair is predicted on a topology over the upcoming 
routing window. Then, route reservations are made for eMBB and delay-tolerant mMTC 
flows based on these eMBB traffic predictions before the routing window begins. This 
contrasts sharply with existing QoS routing algorithms that merely react to the QoS flows.

The PD-MFR algorithm demonstrates several key findings that validate its performance 
in predictive QoS routing: 

. PD-MFR outperforms the reactive benchmark QoS-SPA in terms of the fraction of flows 
delivered and network capacity utilization, ensuring compliance with QoS require
ments for eMBB, mMTC, and URLLC traffic types.
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. The integration of forecasting models, such as ARIMA and MLP, enables proactive route 
planning by anticipating traffic demands, even under variable eMBB flow conditions.

. Simulations confirm that the execution time of PD-MFR scales linearly with the number 
of eMBB and mMTC flows, making it practical for real-world scenarios across different 
network topologies and traffic scenarios.

In addition to these findings, PD-MFR provides several advantages that highlight its 
suitability for real-world deployment: 

. Proactive resource allocation ensures that routing decisions are pre-planned before the 
routing window begins, thereby improving flow delivery and reducing latency.

. The hybrid approach combines linear optimization for eMBB and mMTC flows with 
heuristic methods, such as the Successive Routing Algorithm (SRA) employed for 
URLLC flows, which leverages Yen’s algorithm to meet stringent latency and reliability 
requirements, ensuring computational efficiency and adaptability.

. Efficient utilization of network resources is achieved by reserving capacity based on 
predicted traffic demands, balancing the needs of different flow types and improving 
overall network performance.

While the PD-MFR algorithm offers these advantages, certain limitations are acknowl
edged. The optimization program includes mixed-integer constraints for ensuring K-path 
redundancy in URLLC flows, which may introduce computational complexity. However, 
these constraints are solved offline before the routing window begins, and real-time oper
ations rely solely on efficient heuristic approaches. Additionally, while forecasting accuracy 
is crucial for resource allocation, PD-MFR’s design effectively mitigates potential adverse 
effects of forecasting errors, ensuring consistent performance even under variable conditions.

The rest of this paper is organized as follows: In Section 2, we compare our work 
against the state of the art in this area. In Section 3, we present our mathematical frame
work. In Section 4, we present our results. In Section 5, we present our conclusions.

2. Relationship to the state of the art

In this section, we describe the relationship of our work to the state of the art in three 
categories: (1) We contrast our approach with the reactive QoS routing and scheduling 
approaches. (2) We compare our work against the approaches which use predictive net
works for QoS-based applications without a routing model. (3) We contrast our work 
against the approaches which use machine learning and a QoS routing model.

First, we contrast our work against those past articles on routing IoT traffic reactively in 
order to meet QoS constraints: In Egilmez, Civanlar, et al. (2012), Yen’s K shortest path 
algorithm is utilized to find the optimal path for delay-sensitive or loss-sensitive 
packets. In L. Li et al. (2014), decision making at three layers (application, network, and 
sensing) is investigated. In Llopis et al. (2016), the authors focus on minimizing end-to- 
end delay by using QoS routing for SDN-IoT. Reference Awan et al. (2014) focuses on 
packet queuing for delay-sensitive applications.

In S. Xu et al. (2020), a two-stage optimization program first calculates routing strategies 
in a reactive fashion for flows without the Ternary Content Access Memory (TCAM) capacity 
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constraint and then sets paths of the flows under this constraint in the second stage. In Saha 
et al. (2018), the authors propose two types of routing strategies for flows that are delay- 
sensitive and loss-sensitive, using a greedy approach with Yen’s K-shortest path algorithm 
for Software-Defined Internet of Things networks. The routing algorithm assumes that the 
IoT applications under consideration are event-driven and unpredictable.

Reference Liu et al. (2016) schedules data traffic by considering distinct packet delays 
and focuses on video streaming. In Z. Wang and Crowcroft (1996), the QoS routing 
problem is considered for finding a path for multimedia applications. In Juttner et al. 
(2001), a Lagrange relaxation-based algorithm is used for delay constrained applications 
to obtain the least cost route for the real-time delay constrained traffic. In Egilmez, Dane, 
et al. (2012), dynamic routing is performed over SDN to fulfill QoS requirements for multi
media delivery. The incoming traffic is divided into two categories that are data flows and 
multimedia flows. While data flows follow the shortest path, multimedia flows are dyna
mically placed on the paths with guaranteed QoS restrictions. In T.-F. Yu et al. (2015), the 
incoming video flows are routed dynamically over the shortest path taking into account 
the constraints within two levels of QoS flows that are the base layer and the enhance
ment layer, respectively. Reference Alsenwi et al. (2019) presents a risk-sensitive resource 
allocation approach for 5G URLLC, focussing on the scheduling of eMBB users reactively 
and aiming to minimize eMBB transmission risk while ensuring URLLC reliability. Refer
ence Bairagi et al. (2020) aims to co-schedule eMBB and uRLLC traffic types reactively 
and optimize the minimum expected achieved rate for eMBB traffic. In contrast with 
the given reactive works in this category (which do not make or utilize any traffic predic
tions), we predict the upcoming eMBB flows and develop a joint routing strategy across all 
of the flow types based on these predictions.

In the second category, we shall address articles that take a predictive approach for 
QoS-based applications without a routing model: In Atawia, Hassanein, and Noureldin 
(2017), the authors carry out an optimization study that prioritizes future video quality 
conditions. In their work, regardless of users and resource allocations, they characterize 
quality based solely on bandwidth from QoS constraints. References Nakip et al. (2019) 
and Rodoplu, Nakıp, et al. (2020) use artificial intelligence algorithms such as MLP, 
LSTM, and ARIMA models to predict the traffic generation patterns of IoT devices. In 
Khambari et al. (2017), the authors examine a predictive packet dropout technique to 
maintain the Quality of Experience (QoE) level in bandwidth-limited frames. In Brown 
and Khan (2015), the authors examine a low complexity predictive resource allocation 
algorithm for use in Machine-to-Machine (M2M) applications. In Tang et al. (2018), 
deep learning algorithms are used for traffic load prediction without QoS flow routing.

In Rodoplu, Nakip, et al. (2020), the traffic generation patterns of IoT devices are pre
dicted using machine learning models. Then, the IoT traffic is scheduled at the Medium 
Access Control layer based on these predictions over multiple channels to maximize 
the total number of bits delivered under the delay constraints of each application. Refer
ence M. Li et al. (2018) proposes a predictive pre-allocation algorithm to overcome the 
low-spectrum utilization problem of the non-predictive pre-allocation techniques in the 
case where allocated resource blocks are not used for uplink scheduling of delay-sensitive 
traffic. In C. Yao et al. (2016), predictive resource allocation (PRA) is performed to maximize 
the throughput using excess resources. The resource allocation maximizes the trans
mission completion time.
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In Atawia, Hassanein, Abou-Zeid, et al. (2017), an energy-efficient stochastic predictive 
resource allocation method to solve the prediction uncertainty problem is presented by 
modelling the predicted uncertainty rate as a random variable in wireless networks for 
video delivery in the presence of base stations and mobile users. Reference Wen et al. 
(2020) performs correlation and causality-based prediction using their complementary 
strengths together to maximize the prediction accuracy of wireless network traffic. In W.-E. 
Chen et al. (2019), a convolutional neural network based approach is utilized to classify 
eMBB, mMTC and URLLC traffic. In Montazerolghaem and Yaghmaee (2020), an SDN frame
work is presented for load balancing of the network traffic among IoT servers. Predictive 
time-series analysis using the normalized least mean squares (NLMS) is performed in order 
to detect the least loaded IoT server. Reference Alsenwi et al. (2021) optimizes 5G resource 
slicing for URLLC and eMBB traffic types by employing a Deep Reinforcement Learning 
framework. In contrast with these previous works in the second category which use predic
tive networks without performing QoS routing, we design a predictive QoS routing algorithm 
in which the aggregate flows between source-destination pairs are routed by utilizing 
dynamic optimization jointly across the URLLC, eMBB, and mMTC traffic types.

In the third category, we contrast the predictive approach of our PD-MFR algorithm 
against the past articles that use machine learning for QoS routing: In Bouzidi et al. 
(2021), the authors introduce an SDN-based Deep Q-Network (DQN) approach that utilizes 
neural networks to predict traffic congestion in order to improve routing configurations. 
In W. Sun et al. (2021), an algorithm based on a combination of machine learning algor
ithms is used for data flow classification. In Eyobu and Edwinah (2023), an LSTM-based 
algorithm is utilized in order to estimate the route that satisfies QoS. In Awad et al. 
(2021), a machine learning based algorithm that learns the routing solutions of a con
strained heuristic framework is utilized. In order to improve efficiency of routing in IoT net
works, Reference Seyfollahi et al. (2023) employs support vector machine and time series 
prediction methods by forecasting the energy consumption of sensors. In Akçapınar 
et al. (2022), an ARIMA model is used to forecast the number of eMBB flows. In H. Yao 
et al. (2019), in order to prevent congestion in SDNs, a deep neural network-based algor
ithm is employed in order to predict queue utilization. Reference Gunavathie and Umama
heswari (2023) uses a Gated Recurrent Unit (GRU) in order to predict performance metrics 
such as delay, jitter and bandwidth. Furthermore, it adjusts the link weights based on these 
predictions in order to find an optimal path through the network reactively. In addition, 
there have been articles (Al Jameel et al., 2022; Al-Jawad et al., 2021; Casas-Velasco et al., 
2021, 2020; Y.-R. Chen et al., 2020; Cong et al., 2021; Dai et al., 2022; Srivastava & Pandey, 
2021; P. Sun et al., 2019; X. Wang et al., 2021; C. Xu et al., 2020; C. Yu et al., 2018; Yuan 
et al., 2021) that use Reinforcement Learning (RL) in order to perform routing on SDNs.

The main differences between the articles in this third category and our work are as 
follows: (1) Our work makes end-to-end reservations on the edges of the network top
ology jointly for all of the distinct traffic types based on traffic predictions of the aggregate 
eMBB traffic flows, whereas the articles that appear in this category are not based on such 
reservations. (Our work also differs in this regard from Reference Njah et al. (2020), which 
uses both reactive and proactive approaches for flow management but does not predict 
network traffic.) (2) Our PD-MFR algorithm solves a global optimization program formu
lated jointly for all of the traffic types across the network and makes reservations based 
on traffic predictions before the actual routing takes place, whereas the works in this 
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category use machine learning methods for local optimization (with regard to various 
aspects of routing) without the aim of achieving global optimality.

3. Mathematical framework

In this section, we present our mathematical framework. First, we develop a mixed integer 
multi-flow optimization program for the heterogeneous set of traffic flows. Then, we 
present our Successive Routing Algorithm (SRA) as a heuristic to solve this optimization 
program. This heuristic serves merely as a conceptually intermediate step towards the 
development of our Predictive Dynamic Multi-Flow Routing (PD-MFR) algorithm for the 
case of dynamically generated traffic flows.2 Second, we present our PD-MFR algorithm 
in three steps: We give an overview of our algorithm. Then, we describe our algorithm 
in detail. Finally, we give the pseudocode of our algorithm.

3.1. Multi-Flow QoS optimization program and the successive routing algorithm 
(SRA)

In this section, we present our formulation of a mixed integer optimization model that 
incorporates the key constraints for URLLC, eMBB, and mMTC traffic. We note that this for
mulation does not model the predictions of eMBB traffic, which will be introduced in the 
next section. We model the network topology as a directed graph G such that each SDN 
router is a vertex (a.k.a. node) of this graph and a directed edge represents an edge on 
which flow of information in that direction is possible along that edge. The set of vertices 
of G is denoted by V, and the set of directed edges on G is denoted by E. In Table 1, we 
present the mathematical denotations that we use in our program. In this table, the last 
two lines pertain to URLLC flows: In order to increase the reliability of URLLC flows, we 
shall send copies of the same flow along distinct paths. In this table, J(f ) denotes the 
index set of these copies, each of which is denoted by f ′, and q(f ′) is the particular 
path selected for that copy. (The context of these denotations shall become clear when 
we present our optimization program below.)

3.1.1. Statement of the multi-flow QoS optimization program
In this section, we define our multi-flow QoS optimization program and discuss par
ameters and decision variables. In Table 2, we give the parameters and decision variables 

Table 1. Mathematical denotations used in our optimization program.
Symbol Definition

F Set of all flows
F type Set of flows of type [ {URLLC, eMBB, mMTC}
V Vertex (node) set
E Set of directed edges
U Set of sources
D Set of destinations
s(f ) Source of flow f [ F
d(f ) Destination of flow f [ F

N+m Set of outgoing neighbours of vertex m [ V
N−m Set of incoming neighbours of vertex m [ V
J(f ) Index set of the copies of f [ FURLLC
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of our optimization program. We first discuss the parameters: In this table, the parameter 
cmn, which denotes the capacity of edge m→ n, and g(f ), which denotes the rate at which 
flow f is generated, are common to all of the traffic types. The parameters emn, P(f )

e , dm→n 

and D(f ) pertain to only URLLC flows: As we shall see shortly, each URLLC flow f must satisfy 
a target probability of error P(f )

e in line with the condition of ultra-reliability, and a target 
latency constraint D(f ) in line with the condition of low latency. The parameters emn and 
dmn, which also appear in this table, are measures of edge reliability and edge latency, 
respectively. For each eMBB flow f, there is a minimum data rate, denoted by r(f )

min, 
which arises due to the broadband condition on that flow. Finally, we note that in 
addition to these parameters, the decision variables of our optimization program, 
which are shown on the last line of this table, are the set of data rates r(f )

mn at which infor
mation flows on the network topology and q(f ′), which is the path selected for the copy f ′

among the set of copies of f [ FURLLC .
We present our entire optimization program below:

Objective Function:

max
􏽘

f [F

􏽘

n[N+s(f )

r(f )
s(f ),n (1) 

subject to:
A) Edge Capacity:

􏽘

f [F

r(f )
mn ≤ cmn, ∀(m→ n) [ E (2) 

B) Balance Equations:  ∀f [ F

􏽘

n[N+m

r(f )
mn =

􏽘

n[N−m

r(f )
nm, ∀m [ V \ {s(f ), d(f )} (3) 

􏽘

n[N+s(f )

r(f )
s(f ),n ≤ g(f ) (4) 

􏽘

n[N−d(f )

r(f )
n,d(f ) =

􏽘

n[N+s(f )

r(f )
s(f ),n (5) 

Table 2. Parameters and decision variables of our optimization program.
Symbol Definition

Parameters:
cmn Capacity (in bps) of edge (m→ n) [ E
g(f ) Generation rate of flow f [ F at the source s(f )
emn Probability of error on edge m→ n
P(f )

e Maximum allowable probability of error for flow f [ FURLLC
dm→n Delay of edge m→ n
D(f ) Maximum allowable latency for flow f [ FURLLC
r(f )

min Minimum data rate required for flow f [ F eMBB
Decision Variables:
r(f )

mn Data rate on edge m→ n of flow f [ F , (m→ n) [ E
q(f ′) Path selected for the copy f ′ [ J(f ) for flow f [ FURLLC
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C) No flow returns to the source of that flow

r(f )
n,s(f ) = 0, ∀f [ F , ∀n [ N−s(f ) (6) 

D) No flow leaves the destination of that flow

r(f )
d(f ),n = 0, ∀f [ F , ∀n [ N+d(f ) (7) 

E) Constraints that are Specific to Traffic Types:
E.1) Constraints Specific to URLLC
Reliability:

1 −
􏽙

(m→n)[q(f ′j )

(1 − emn)

⎛

⎝

⎞

⎠ ≤ P(f )
e , ∀j [ J(f ), 1em∀f [ FURLLC (8) 

Latency:
􏽘

(m→n)[q(f ′j )

dm→n ≤ D(f ), ∀j [ J(f ), ∀f [ FURLLC (9) 

E.2) Constraint Specific to eMBB
Data Rate:

􏽘

n[N+s(f )

r(f )
s(f ),n ≥ r(f )

min, ∀f [ F eMBB (10) 

In (1) above, the objective of our optimization program is to maximize the total data rate 
from the sources to the destinations across all of the flows on the network. This formulation 
of the objective function presumes that all of the flows that are offered to the network are 
of equal value; hence, each such flow has the same weight (which is 1) in the objective 
function. Note that the first sum in (1) is over all of the flows F , and the second sum is 
over the outgoing data rates of the sources of each of these flows. This is equivalent to 
summing over all of the end-to-end flows from the sources to the destinations by virtue 
of Constraints (6) and (7) of the optimization program, which shall be discussed shortly.

The constraint in (2) ensures that the total data rate on any given edge m→ n summed 
over all of the flows cannot exceed the capacity of that edge. The constraint in (3) states 
that for each relay node, the total incoming data rate to that node for flow f is equal to the 
total outgoing data rate from that node for that flow. The constraint in (4) ensures that the 
total outgoing data rate for flow f out of the source of that flow cannot exceed the gen
eration rate of that flow. Furthermore, the constraint in (5) states that the total incoming 
data rate for flow f into the destination of that flow is equal to the total outgoing data rate 
for flow f out of the source of that flow. This constraint ensures that each flow f reaches its 
intended destination from its source. The constraints in (6) and (7) prevent any flow f from 
creating loops by returning to its source or by leaving its destination.

We note that since mMTC flows are delay-tolerant, the most straightforward way of 
modelling these flows is based on volume (i.e. the total number of bits) rather than the 
data rate, since these flows can be delayed while still satisfying their QoS requirements. 
However, we shall model all flows, including mMTC flows, as rate-based rather than a 
mixture of rate-based and volume-based flows. (The conversion from the volume-based 
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to the rate-based model for mMTC flows will be described in Section 3.2.1.) Thus, our for
mulation assumes that rate-based flows for all three traffic types are generated by the 
sources on the topology and are to be routed towards destinations.

In our optimization program, each URLLC flow, if admitted into the network, is to be 
sent along K paths from its source to its destination; thus, each URLLC flow is admitted 
under a K-fold redundancy. This models multipath diversity that is considered essential 
for reliable URLLC flow routing. Each such URLLC flow must satisfy both end-to-end prob
ability of error and end-to-end latency constraints in our program as stated in constraints 
(8) and (9), respectively. In contrast, eMBB flows are characterized by the minimum data 
rate that must be achieved for each such flow as shown in Constraint (10). This accurately 
models the constraint that QoS flows for video streaming must satisfy end-to-end.

3.1.2. Methodology to solve the optimization program
In order to solve our QoS routing optimization program, first, we have developed a heur
istic, which we call the Successive Routing Algorithm (SRA), that solves the program by 
routing URLLC flows first using Yen’s algorithm (Yen, 1971), followed by a solution of 
the resulting linear optimization program that contains the remaining traffic types 
(namely, eMBB and mMTC). That is, SRA prioritizes the URLLC flows over the other 
traffic types since such flows typically involve critical data, e.g. as found in remote 
surgery. Yen’s algorithm returns the redundant paths for each URLLC flow that are 
ordered with respect to increasing end-to-end latency. Out of those paths, those that 
do not satisfy the end-to-end probability of error requirement of the URLLC application 
are eliminated. Only those URLLC flows for which K redundant paths from the source 
to the destination can be found in this manner are admitted; the remaining URLLC 
flows are not admitted.

Note that the PD-MFR algorithm’s optimization program is inherently mixed-integer 
due to the reliability and latency constraints in (8) and (9) for URLLC flows, which 
ensures K-path redundancy. However, since URLLC flows are routed reactively in Stage 
B using a heuristic approach based on the Successive Routing Algorithm (SRA) and 
Yen’s algorithm which has polynomial computational complexity, the mixed-integer con
straints are not executed as part of the optimization program in Stage A. This exclusion 
transforms the problem into a linear optimization program, as the remaining constraints 
(2)-(7) and (10)–such as flow conservation, capacity limits, and latency for eMBB and 
mMTC flows–are linear. As a result, the execution time of PD-MFR in Stage A grows linearly 
with the number of eMBB and mMTC flows, as confirmed by our simulations in Section 
4.2.4, making it computationally efficient and scalable for real-world deployment.

3.2. Predictive dynamic multi-flow routing (PD-MFR) algorithm

In order to address the realistic case in which traffic flows are generated dynamically, we 
have developed our Predictive Dynamic Multi-Flow Routing (PD-MFR) algorithm based on 
the QoS constraints in the multi-flow optimization program that appears in (1)–(10). The 
main differences between PD-MFR and the SRA in the previous section are that (1) PD- 
MFR has been designed specifically for the dynamic case in which new flows are gener
ated and are to be admitted to the network, and (2) PD-MFR is a predictive algorithm, in 
which the aggregate eMBB flows are predicted for an upcoming routing window.

JOURNAL OF INFORMATION AND TELECOMMUNICATION 9



Our main strategy shall be to run the optimization program in (1)-(7) and (10) before 
each of the actual eMBB flows is generated. Because this optimization program has 
non-negligible execution time, we aim to run the optimization program before the 
routing window begins.

Figure 1 shows a single routing window that has been divided into time intervals 
(‘bins’) of duration Tbin. We let T denote the duration of a routing window. Thus, 
there are W ; T/Tbin bins in a single routing window. (We assume that the number 
of bins in a routing window is fixed throughout this paper. Furthermore, we shall 
detail the considerations in regard to the choice of the parameters T and Tbin in 
Section 3.2.5.)

Let B denote the set of bins that fall in the routing window. We assume that the gen
eration rate g(f ) of each such flow is constant during a time bin b [ B. (However, g(f ) is 
allowed to change across distinct time bins.) Furthermore, the source s(f ) and the desti
nation d(f ) of each such flow do not change during the routing window. Finally, we 
assume that each flow f is generated at the beginning of a time bin, and terminated at 
the end of the same or some future time bin.

In Figure 2, we present the top-level representation of our PD-MFR algorithm for any 
given time bin. In this figure, the input of the ‘Forecaster’ block is past eMBB traffic, and 
the output of that block is the predicted eMBB traffic; which are the list of past generation 
rates and predicted generation rates of eMBB flows that fall in that time bin, respectively. 
Note that the Forecaster block performs the predictions before the routing window 
begins.

Note that in Figure 2, we divide the PD-MFR algorithm into two stages which are Stage 
A (that occurs before the routing window begins); and Stage B (that occurs after the 
routing window begins). The input of the ‘Stage A: Route Planning’ block is the predicted 
eMBB traffic. The aim of the Stage A block is to plan the route of each eMBB and mMTC 
flow for that particular time bin in the upcoming routing window. This block yields reser
vations for eMBB and mMTC traffic over the entire topology for the upcoming routing 
window.

The ‘Stage B: Routing’ block that appears in Figure 2 takes the output of Stage A as 
input. In addition, the actual eMBB, URLLC and mMTC traffic also enter this block. The 
aim of this Stage B block is to route the URLLC flows reactively and to send the actual 
eMBB and mMTC flows using the routes that were reserved for eMBB and mMTC flows 
in Stage A.

Figure 1. A single routing window over which predictive QoS optimization is performed in our PD- 
MFR algorithm.
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3.2.1. Overview
We shall first give an overview of each of the stages of PD-MFR: In Stage A of PD-MFR, for 
each time bin of the upcoming routing window, the following operations are performed: 
First, a fixed fraction of the capacity on each edge on the topology is reserved for all of the 
URLLC flows (for which no predictions are available in our model). Second, the network 
predicts the generation rate of the aggregate eMBB flow for each source-destination 
pair over the upcoming routing window. Third, given the set of these predictions, the 
reservation on the edges (determined by the result of optimization) for each aggregate 
eMBB flow is made for the predicted amount plus a buffer that it used to handle any 
overflow (beyond the prediction).

After a fixed fraction of the capacity has been reserved for URLLC flows and a vari
able fraction of the capacity has been reserved based on predicted eMBB flows as 
described above, PD-MFR aims to reserve the remaining capacity on the network for 
mMTC traffic. We assume that there is a large amount of aggregate mMTC volume 
(in bits) that awaits to be delivered from each source to each destination on the top
ology. For each source-destination pair, PD-MFR creates a constant bit-rate offered 
mMTC flow by dividing the mMTC traffic volume (for that source-destination pair) 
by the length of the upcoming routing window. Then, the optimization program in 
(1)–(7) is solved for the set of all such mMTC flows on the remaining edge capacities 
of the topology before the routing window begins. The output of the optimization 
program returns the routes and the rates for mMTC flows on the topology, which 
are then reserved for mMTC flows.3

After the routing window begins, in Stage B of PD-MFR, each URLLC flow that occurs at 
that time is routed reactively. Then, the edge capacities that have been reserved for eMBB 
and mMTC flows are utilized to route the actual flows dynamically.

3.2.2. Detailed description of the forecaster
In this section, we provide a detailed description of the forecaster block that appears in 
Figure 2. In Figure 3, we present the block diagram of the forecaster used in PD-MFR. 
The main task of this forecaster is to predict the future traffic generation rate of each 

Figure 2. Top-level representation of the PD-MFR algorithm.
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eMBB flow in the upcoming routing window. For each aggregate flow f [ F eMBB, the fore
caster uses a set of previously observed traffic generation rates as input features. We 
define G(f )[b] as the aggregate generation rate of an eMBB flow f at time bin b, and 
Ĝ(f )[b] as the predicted generation rate of an eMBB flow f at time bin b. In Figure 3, the 
input to the forecaster for flow f is the collection {G(f )[b − l]}l[{1,...,L f } at time bin b, 
where l represents the index of the time bin relative to the current time bin b, and L f 

denotes the total number of past time bins included as features for predicting the 
future generation rate of flow f. Based on these inputs, the forecaster predicts future gen
eration rates over a forecast horizon H f . The output of the forecaster is 
{Ĝ(f )[b+ h]}h[{1,...,H f }, providing the predicted traffic generation rates for flow f for the 
upcoming H f steps.

The current set of inputs and outputs of the forecaster is selected to align with the 
specific operational requirements of the PD-MFR algorithm. The input features, derived 
from historical traffic generation rates, provide a time-series context necessary for captur
ing patterns in eMBB flow behaviour. This selection ensures that the forecaster can predict 
traffic dynamics accurately enough to guide resource reservation in Stage A of PD-MFR. 
The output, which consists of predicted generation rates over the upcoming routing 
window, directly supports the proactive planning of routes.

The criterion that a particular forecasting algorithm must satisfy is generating predic
tions that are sufficiently reliable to enable PD-MFR to meet the QoS requirements for 
each eMBB flow. While perfect prediction accuracy is not necessary, the forecasts must 
be reliable enough to support proactive route planning in Stage A. (This is supported 
by our results in Section 4, where we demonstrate that even with practical forecasting 
models like MLP or ARIMA, PD-MFR consistently outperforms a reactive benchmark algor
ithm. This highlights the algorithm’s robustness to forecasting inaccuracies while achiev
ing better results in network performance.)

The forecaster operates before the routing window begins to ensure that its compu
tational process does not interfere with real-time operations. Once the routing window 
starts, the forecaster’s role is complete, and the real-time operation of PD-MFR focuses 
on routing flows based on the actual generation rate of each flow, using the route that 
is reserved in Stage A for each such flow.

Note that the forecasting model within the forecaster block must be trained offline for 
each aggregate eMBB flow f using historical data, specifically past generation rates allo
cated for training. This process involves selecting and tuning forecasting models suitable 
for capturing traffic patterns. (A detailed explanation of the training methodology is pro
vided in Section 4.1.1.)

Figure 3. Block diagram of the forecaster used in PD-MFR.
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3.2.3. Detailed description of the PD-MFR algorithm
In this section, we give a detailed description of the stages of the PD-MFR algorithm. In 
preparation for Stage A, the following steps are performed for each time bin b in the 
upcoming routing window: First, for each edge m→ n, we reserve (1 − a)cmn of the 
capacity cmn of edge m→ n for each bin on the upcoming routing window for the 
URLLC flows, where a [ [0, 1]. (As a result, the remaining capacity for eMBB and mMTC 
flows for each bin in the upcoming routing window is acmn.) The reason that we introduce 
this parameter α is to make accommodations for the URLLC flows that will be generated in 
the upcoming routing window, which we assume are not predicted in advance. When the 
actual flows arrive, URLLC flows shall be given priority over all other flows. By varying the 
value of α in our simulation, we aim to achieve a trade-off between accommodating 
URLLC flows and granting the reservations that we have made for the aggregate eMBB 
and mMTC flows. We shall now focus on any one of the time bins in B. (Identical operations 
are performed across all of the time bins in B in parallel for the flows that fall in each such 
time bin.) Second, we predict the generation rate g(f ) of each aggregate flow f [ F eMBB 

from every source to every destination on the topology (for the given time bin in question). 
We let ĝ(f ) denote the predicted aggregate flow generation rate for such each flow.4

Now, for Stage A of PD-MFR, for each time bin of the upcoming routing window, we 
run the optimization program in (1)–(7) and (10) only for the eMBB flows that are pre
dicted to fall in that time bin. The optimization program outputs the following: (1) the 
reserved set of routes between source s(f ) and destination d(f ) of each eMBB flow f 
that falls in that time bin; and (2) the reserved part of the capacity of each edge on 
each such reserved route.

Note that the above reservation for an eMBB flow is based merely on a point estimate 
of the generation rate of the aggregate eMBB flow from each source to each destination 
(for that time bin). However, the actual aggregate eMBB flow may be smaller or greater 
than this point estimate. In order to handle the case where the actual flow amount is 
greater than the point estimate, we shall reserve an extra buffer on each edge that is 
b [ [0, 1] times the remaining capacity of that edge. After the reservation for each 
eMBB flow (including the extra buffer) is made, we run the optimization program in 
(1)–(7) only for the mMTC flows (that fall in that time bin) and obtain the reserved 
routes for the mMTC flows.

The following steps of Stage B are performed for each time bin in the current routing 
window: First, we run Yen’s K-shortest path algorithm for the URLLC flows in the current 
routing window. This algorithm returns redundant paths that are ordered with respect to 
increasing end-to-end latency between the source and the destination of each URLLC 
flow. For each such flow, the path that fails to meet the end-to-end probability of error 
criterion of that flow is eliminated. For each URLLC flow, if K paths can be found in this 
manner, the URLLC flow is sent. Second, for each eMBB flow for which we make reser
vations in Stage A, we check the constraint in (10). For each such flow, if this QoS con
straint is satisfied, we send that flow on the reserved route. Otherwise, that flow is not 
admitted.

3.2.4. Pseudocode of the PD-MFR algorithm
We give the pseudocode of our PD-MFR algorithm in Figures 4–6. Note that for every time 
bin in the upcoming routing window, the PD-MFR function, which appears in Figure 4, is 
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called. This function, in turn, calls the PD-MFR-Stage-A and PD-MFR-Stage-B functions in 
Figures 5 and 6, respectively. We note that all of the variables that appear in the pseudo
code in Figures 4–6 are internal to the particular time bin for which the function is called.

Recall that before Stage A of PD-MFR (for that particular time bin), we predict the gen
eration rate g(f ) of each aggregate flow f [ F eMBB (that falls in that particular time bin) 
from every source to every destination on the topology. We now describe the functions 
that appear in Figures 4–6. (In the description below, we shall omit mentioning passing 
the topology G as input whenever this applies in order to avoid repetition.)

PD-MFR Function: The inputs to the PD-MFR function which appears in Figure 4 (on line 
1) are the list of eMBB, mMTC and URLLC flows (that fall in the current time bin), namely, 
F eMBB, FmMTC and FURLLC , respectively; the list cap of capacities of the edges on the top
ology; the lists of the actual and the predicted generation rates of the eMBB flows, which 
are denoted by geMBB and ĝeMBB, respectively; and the list of generation rates of the mMTC 
and URLLC flows, which are denoted by gmMTC and gURLLC , respectively.

Figure 4. Pseudocode of the PD-MFR function which initiates Stage A and Stage B of PD-MFR 
respectively.

Figure 5. Pseudocode of the PD-MFR-Stage-A function, which performs route planning for each eMBB 
and mMTC flow in the upcoming routing window.
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On line 2, on which the PD-MFR-Stage-A function is called, note that the inputs to the 
PD-MFR-Stage-A function are the concatenated list of flows [F eMBB, FmMTC] that fall in this 
time bin; α times cap (which stands for the collection of acmn for each edge m→ n on the 
topology); ĝeMBB and gmMTC . The PD-MFR-Stage-A function returns the list flowListStage− A of 
eMBB and mMTC flows for which route reservations are made in this time bin; the list 
remCapStage− A of remaining edge capacities; and reservedEdgesStage− A, which is a dictionary 
each element of which is the reserved edge and part of the capacity that is reserved on 
that edge for each flow f over the sets F eMBB and FmMTC . On line 3, the PD-MFR-Stage-B 
function is called, whose second input FURLLC is the list of URLLC flows that will be 
routed in this time bin.

PD-MFR-Stage-A Function: The PD-MFR-Stage-A function in Figure 5, which appears on 
lines 5-16, takes as input the list of all flows, namely F , that fall in the current time bin. On 
line 6, where the Reserve-eMBB function is called, the inputs to this function are the list of 
eMBB flows that are extracted from F by using the ExtracteMBB function; cap that contains 
the edge capacities that are available for route reservations in Stage A; as well as ĝeMBB. 
The Reserve-eMBB function runs the optimization program in (1)–(7) while adding the 
eMBB data rate constraint in (10) for the list of eMBB flows that fall in the current time 
bin. The Reserve-eMBB function has three outputs: (1) the list of eMBB flows, denoted 
by flowListeMBB, for which reservations shall be made in the upcoming routing window; 
(2) the list remCap each element of which is the remaining capacity of an edge on the top
ology after the reservations for all of the flows in F eMBB have been made; and (3) 
edgeseMBB, which is a dictionary each element of which is the reserved edge and part of 
the capacity that is reserved on that edge for each flow f in F eMBB.

Figure 6. Pseudocode of the PD-MFR-Stage-B function, where reactive routing of URLLC flows is per
formed, and the actual eMBB and mMTC flows are sent using the routes reserved for each of these 
flows in Stage A.
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On lines 7-11, the remCap is updated to (1 − b) times remCap in order to reflect the fact 
that the extra buffer reserved for each eMBB flow is subtracted from the remaining 
capacity of each edge on which a reservation is being made for that eMBB flow.

On line 12, the Reserve-mMTC function is called. The inputs to this function are the list 
of mMTC flows that are extracted from F by using the ExtractmMTC function; remCap; and 
gmMTC . The Reserve-mMTC function runs the optimization program in (1)–(7) for the list of 
mMTC flows that fall in the current time bin. This function has three outputs: (1) the list of 
mMTC flows, denoted by flowListmMTC , that are planned to be routed in the upcoming 
routing window; (2) the list remCap each element of which is the remaining capacity of 
an edge over all of the edges on the topology after reservations for all of the flows in 
FmMTC have been made; and (3) edgesmMTC , which is a dictionary each element of 
which is a reserved edge and the part of the capacity that is reserved on that edge for 
each flow f in FmMTC . On line 13, flowListeMBB and flowListmMTC are concatenated into a 
list called flowList; and on line 14, edgeseMBB and edgesmMTC are concatenated into a list 
called reservedEdges.

PD-MFR-Stage-B Function: In the PD-MFR-Stage-B function in Figure 6 (line 17), first, the 
RouteURLLC function is called on line 18, whose inputs are set to the list of URLLC flows 
that are extracted from F by using the ExtractURLLC function; (1 − a) times cap plus 
remCapStage− A; and gURLLC . The remCapStage− A is a list each element of which is the remain
ing capacity of an edge in Stage A that is not reserved for any of the eMBB or mMTC flows. 
The reason that we add remCapStage− A to (1 − a) times cap in the third input of the Rou
teURLLC function on line 18 is to allow the URLLC flows to use remCapStage− A in addition to 
(1 − a) times cap. The RouteURLLC function runs Yen’s K-shortest path algorithm for each 
of the URLLC flows in that time bin. Then, this function finds the redundant paths that are 
ordered with respect to increasing end-to-end latency between the source and destina
tion of each URLLC flow. For each such URLLC flow, every path that cannot satisfy the 
end-to-end probability of error criterion for that flow is eliminated. Furthermore, for 
each such flow, if K paths can be found, the RouteURLLC function returns those paths; 
otherwise, the RouteURLLC function does not return any path for that flow. The Rou
teURLLC function returns the list flowlistURLCC of URLLC flows that can be routed in the 
current time bin; the list remCap each element of which is the remaining capacity of an 
edge over all of the edges on the topology after the URLLC flows have been routed; 
and edgesURLLC , which is a dictionary each element of which is an edge and part of the 
capacity that is used on that edge for each flow f in FURLLC .

On lines 19–21, each URLLC flow in flowlistURLCC is sent. On lines 22–25, each flow f in 
flowListStage− A is sent only if the Check−QoS function returns true, that is, only if the QoS 
constraint in (10) is satisfied in reality for each eMBB flow in flowListStage− A for that flow.

3.2.5. Choice of the key algorithm parameters
We now discuss the relationship between the key parameters of the PD-MFR algorithm 
and explain how these parameters of the algorithm are set.

To this end, recall that B denotes the set of time bins that fall in the upcoming routing 
window. For each b [ B, let TeMBB

exec (b) denote the time required in Stage A to compute the 
routes for all of the eMBB flows that fall in bin b (in the upcoming routing window). Let 
TmMTC

exec (b) denote the time required in Stage A to compute the routes for all of the mMTC 
flows that fall in bin b (in the current routing window) on the remaining capacities after 
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the predicted eMBB flows have been routed. Let TPD− MFR
exec (b) denote the total time required 

to execute Stage A of PD-MFR for time bin b. Then, TPD− MFR
exec (b) = TeMBB

exec (b)+ TmMTC
exec (b). Let 

TPD− MFR
exec denote the total time required to execute Stage A of PD-MFR across all time bins 

in B in the current routing window. Recall that since the computations that are performed 
on each bin are independent, we run PD-MFR in parallel for each bin. Then, 
TPD− MFR

exec = maxb[B TPD− MFR
exec (b).

Let TeMBB
pred denote the length of the accurate prediction window for eMBB flows. Recall 

that T denotes the duration of the routing window. Then, we set T as follows:

T = TeMBB
pred − TPD− MFR

exec (11) 

Note that the optimization program must run for every routing window. The T set by 
the equation above represents the maximum value that T can have.

We also note that the parameter Tbin should be chosen as the resolution at which the 
generation times of the eMBB flows can be predicted.

4. Results

In this section, first, we present our simulation methodology. Second, we evaluate the per
formance of PD-MFR against the QoS-Shortest Path Algorithm (QoS-SPA), which serves as 
a benchmark.

4.1. Simulation methodology

We designed a simulation environment using the AGIS topology from the Internet Top
ology Zoo (Knight et al., 2011) to evaluate the performance of PD-MFR. This topology, 
consisting of 25 vertices and 56 edges, represents a mid-sized network and provides a 
balanced testbed for testing routing algorithms under heterogeneous traffic conditions. 
Alternative topologies are discussed later in Section 4.2.6.

First, we configured the network to operate with a routing window of T = 30 seconds 
divided into bins of Tbin = 1 second. This division allows for fine-grained routing decisions 
to adapt dynamically to traffic variations across the network. The routing window size of 
30 seconds was chosen to balance the need for timely routing adjustments with compu
tational efficiency, while the bin size of 1 second provides sufficient granularity to capture 
traffic dynamics and enable accurate forecasting. Source-destination pairs for all flow 
types–eMBB, mMTC, and URLLC–were assigned randomly across the topology, mimicking 
the distributed and unpredictable nature of real-world traffic environments.

Second, eMBB flows were modelled to represent high-throughput, delay-sensitive 
applications such as video streaming. To capture the predictable nature of eMBB traffic, 
we utilized a dataset from Heng et al. (2021), which contains 21 million packets of 
mobile traffic data collected from popular mobile applications. The dataset was divided 
into a number of segments equal to the number of eMBB flows generated in each simu
lation, and these segments were randomly assigned to source-destination pairs. The gen
eration rates of these flows ranged from 100 Mbps to 1 Gbps, reflecting typical high- 
throughput applications. The generation rate of each aggregate eMBB flow, measured 
in bits per second, was used as the primary input for routing. In addition, the minimum 
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data rate requirement r(f )
min for each flow f [ F eMBB was set as 0.5g(f ), ensuring QoS 

requirements were met.
Third, we generated mMTC flows synthetically to simulate delay-tolerant IoT appli

cations, such as smart meters and environmental sensors. To ensure efficient use of the 
network’s residual capacity, a large volume of mMTC traffic (in bits) was assumed to be 
queued for delivery across each source-destination pair. This volume was divided 
evenly over the routing window, resulting in constant bit-rate mMTC flows that leveraged 
any unused capacity effectively while respecting their delay-tolerant nature.

Finally, URLLC flows were introduced to reflect critical, ultra-reliable, and low-latency 
applications such as remote surgery or autonomous vehicle communication. These 
flows were modelled dynamically, with both their arrival and termination times treated 
as random variables. This approach captured the sporadic and highly variable nature of 
URLLC traffic, ensuring that the simulation aligned with real-world requirements. For 
URLLC flows, stringent QoS requirements were imposed, with a maximum allowable 
latency of D(f ) = 20 ms and a probability of error per edge of emn = 10− 20.

All edges in the AGIS topology were assigned a uniform capacity of 1 Gbps, represent
ing a typical backbone network scenario. This uniform capacity ensures that the perform
ance differences observed are due to the routing algorithm rather than varying link 
capabilities.

By combining these traffic models within the AGIS topology, our simulation setup pro
vides a comprehensive environment for evaluating PD-MFR’s ability to handle diverse QoS 
requirements under realistic conditions.

4.1.1. Forecasting methodology
The main task of the forecasters in PD-MFR is to predict the traffic demand (generation 
rate) of each aggregate eMBB flow in a particular time bin for the upcoming routing 
window. These predictions are then used in Stage A of PD-MFR to plan the route of 
each eMBB flow. By forecasting traffic for the upcoming routing window, the system 
can proactively allocate resources for optimal flow delivery, ensuring better QoS for 
both eMBB and other types of traffic (mMTC and URLLC). The inputs of the forecasters 
are chosen as past generation rates of each eMBB flow. The outputs are the predicted 
generation rates for each of these eMBB flows in the upcoming routing window. The 
reason for choosing the current set of inputs and outputs is to align the forecasting 
process with the specific needs of the PD-MFR algorithm. The selected inputs are critical 
for accurately predicting the future traffic generation rate of each eMBB flow, which 
directly impact route planning in Stage A. The outputs, consisting of predicted generation 
rate of each eMBB flow, enable PD-MFR to proactively allocate and reserve portions of the 
edge capacities on relevant route for each eMBB flow. In addition, these inputs and 
outputs ensure that the PD-MFR can anticipate traffic fluctuations between each 
source-destination pair. The selected forecasting algorithms should satisfy that the pre
dicted generation rates are sufficiently accurate to enable PD-MFR to proactively plan 
the route of each flow. While perfect prediction accuracy is not required, the key criterion 
is that the forecasts allow the algorithm to effectively satisfy the QoS requirements for 
each flow from the time that the flow begins to the time that the flow ends.

We shall test the performance of the ARIMA and the MLP models in predicting the gen
eration rates of eMBB flows. For ARIMA, we perform exhaustive search in order to find the 
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local-optimal values of the (p, d, q) parameters of this model. We set the search interval for 
each of these parameters as [0, 10]. We have found that the (p, d, q) value of (8, 1, 1) 
results in the minimum sMAPE within the search interval. For the MLP model, we per
formed exhaustive search in order to find the optimal number of hidden layers and 
number of neurons in each layer. We set the search interval of the number of hidden 
layers as [1, 5] and the search interval of the number of neurons in each layer as [1, 10]. 
We have found that the choice of three hidden layers that have (5, 7, 8) neurons respect
ively results in the minimum sMAPE within the search interval. For the MLP model, in 
order to minimize sMAPE, we used the adam optimizer. Furthermore, we used ReLU acti
vation function for the hidden and output layers of MLP model. For both of the machine 
learning models, we perform 30-step ahead prediction. For forecasting, we utilized both 
ARIMA and MLP models trained using historical eMBB traffic data. Specifically, the first 
70% of the dataset was used for training, and the remaining 30% was used for testing, 
aligning with our simulation methodology. This separation ensures that the models are 
evaluated on unseen data.

In the PD-MFR framework, the forecasters operate in real-time to generate predictions 
for the upcoming routing window. The model uses the most recent historical data to 
make predictions of the generation rate of each eMBB flow. Inference takes place 
before the routing window begins.

In addition, we present the values of the simulation parameters in Table 3.

4.1.2. Handling forecasting errors
To clarify the effect of forecasting errors on network behaviour, we note that such errors 
do not propagate across the network in the PD-MFR framework. If the forecaster overpre
dicts the demand of an eMBB flow and the reserved capacity in Stage A is insufficient, that 
flow is not admitted into the routing window in Stage B. Hence, in PD-MFR, an eMBB flow 
can be admitted only if a route has been successfully reserved in Stage A, and the actual 
generation rate of that flow in Stage B does not exceed the pre-reserved capacity along 
that route. This ensures that forecast errors do not lead to over-allocation. Furthermore, 
for each eMBB flow, route planning is made independently of other flows in Stage 
A. As a result, any forecasting error affects only that flow and does not influence the 
admission of other flows. Therefore, forecasting errors do not trigger widespread conges
tion or disruptions in unrelated parts of the network.

Table 3. Values of the simulation parameters.
Parameter Value

T 30 s
Tbin 1 s
emn 10− 20

cmn 1 Gbps
P(f )

e 10− 5

K 5
dm→n 0.5 ms
D(f ) 20 ms
r(f )

min 0.5 g(f )

(p, d, q) (8, 1, 1)
Number of neurons of the three hidden layers of MLP (5, 7, 8)
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4.1.3. Flow generation methodology
We synthetically generated the URLLC data set as follows: For each such flow, the time bin 
in which the flow is generated (namely, the generation time of the flow) is chosen from a 
discrete uniform distribution over the set of time bins over a single routing window. Fur
thermore, the time bin in which the flow terminates (namely, the termination time of the 
flow) is chosen from a discrete uniform distribution between the generation time and the 
end of the routing window.5

4.1.4. Reactive benchmark: QoS-SPA
We compare the performance of PD-MFR against that of a reactive benchmark, which we 
have designed based on the state-of-the-art scheme SWAY that appears in Saha et al. 
(2018). We call the reactive benchmark the ‘QoS-Shortest Path Algorithm’ (QoS-SPA). 
Recall that in general, Yen’s K-shortest path algorithm computes K paths in the order of 
a non-decreasing cost metric. In SWAY, for each delay-sensitive or loss-sensitive flow, 
the cost metric in Yen’s K-shortest path algorithm is set to delay and loss, respectively. 
Furthermore, for each delay-sensitive or loss-sensitive flow, SWAY iterates through the 
list of K paths (in the order of the non-decreasing cost metric) in order to find the first 
path that satisfies the QoS constraints of that flow.

QoS-SPA sets the cost metric in Yen’s K-shortest path algorithm for each flow to 
latency. If there are flows generated in the same time bin, QoS-SPA prioritizes URLLC 
flows over eMBB flows and eMBB flows over mMTC flows. The following steps of QoS- 
SPA are performed in the order of priority of flow f for the time bin in which flow f is gen
erated: First, QoS-SPA computes K shortest paths from the source to the destination of 
flow f using Yen’s K-Shortest Path Algorithm. (If the number of paths between s(f ) and 
d(f ) is less than K, then all of the paths between s(f ) and d(f ) are utilized for flow f.) 
Second, QoS-SPA iterates through the set of paths (in the order of the non-decreasing 
cost metric) until a path that satisfies the QoS requirements listed in (8)–(10) is found. 
Third, If no path satisfies the QoS requirements of flow f, QoS-SPA does not admit flow 
f. Otherwise, it sends flow f over the shortest path found (if such a path exists). If flow f 
is admitted, for all time bins in which flow f does not terminate, QoS-SPA continues to 
send flow f over the same path.

4.1.5. Computation platform
Finally, we note that our simulation environment was set up in Python 3.7 on Google 
Colab by choosing the accelerator as the NVIDIA T4 Graphical Processing Unit (GPU).

4.2. Performance evaluation

First, in Section 4.2.1 we discuss error metrics for forecasting schemes, which are ARIMA 
and MLP. In Section 4.2.2 we evaluate the performance of our PD-MFR algorithm in the 
presence of only eMBB and mMTC flows against QoS-SPA, which serves as a reactive 
benchmark. In Section 4.2.3, we add the URLLC flows and evaluate the performance of 
PD-MFR. In Section 4.2.4, we examine the execution time of PD-MFR in Stage A. In 
Section 4.2.5, we evaluate the execution time required to route each URLLC flow in 
Stage B, where multiple URLLC requests are handled reactively within the same routing 
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window. Finally, in Section 4.2.6, we discuss the performance of PD-MFR on alternative 
topologies.

Throughout this section, ‘perfect forecasting’ shall refer to the ideal situation in which 
the eMBB traffic forecast equals the actual value at every time instant. We shall report 
results under perfect forecasting in order to obtain a performance upper bound to fore
casting schemes that are used in practice. Recall that b [ [0, 1] denotes the coefficient of 
the buffer size under a practical forecasting scheme that is added to the reserved part of 
the capacity of each reserved edge on the topology for each flow f [ F eMBB. In contrast, 
in the case of perfect forecasting, no β buffer shall be allocated to eMBB flows since the 
forecast and the actual values are equal.

4.2.1. Discussion of error metrics
Before we proceed with the evaluation of network performance, we report the forecasting 
accuracy of the ARIMA and MLP models using traditional error metrics. These metrics 
include the Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute 
Percentage Error (MAPE), Symmetric Mean Absolute Percentage Error (sMAPE) and the 
Pearson correlation coefficient. Table 4 summarizes the results.

We observe that the MLP model outperforms ARIMA across all reported metrics, 
achieving lower prediction errors. The MLP forecaster achieves significantly lower MSE 
and RMSE compared to ARIMA and also demonstrates a notably higher correlation coeffi
cient (0.78 vs. 0.32), indicating a stronger linear relationship between predicted and actual 
values. Overall, MLP provides better alignment with the traffic trends and is more reliable 
for use within PD-MFR’s predictive routing stage. In addition, note that the evaluation of 
PD-MFR is based not only on the forecasting metrics in Table 4, but also on how these 
predictions affect the routing performance presented in the following sections.

4.2.2. Performance of PD-MFR in the presence of eMBB and mMTC flows
We say that a flow is ‘delivered’ if and only if it the QoS requirements of that flow can be 
supported from the time that the flow begins to the time that the flow ends. In this sub
section, we aim to observe the effect of forming predictions of eMBB flow generation 
rates on the fraction of eMBB flows delivered in the presence of only eMBB and mMTC 
flows. (Consequently, throughout this subsection, we set a = 1, since no URLLC flows 
are generated.) We display our results on the AGIS topology (which has 25 vertices), 
which we have obtained from the Topology Zoo (Knight et al., 2011).

In Figure 7(a), we display the fraction of eMBB flows delivered as a function of the 
number of eMBB and mMTC flows offered under b = 0.15 for ARIMA and MLP forecasting. 
In Figure 7(a), the x axis refers to the number of eMBB flows offered; the y axis refers to the 
number of mMTC flows offered; and the z axis refers to the fraction of eMBB flows 

Table 4. Performance metrics of the forecasting schemes for PD-MFR.
ARIMA MLP

MSE 3731.98 1406.25
RMSE 61.09 37.50
MAPE 401.92% 306.45%
1/2-sMAPE 61.06% 43.08%
Corrrelation Coefficient 0.32 0.78
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delivered. In this figure, we compare the performance of PD-MFR under perfect forecasts 
(the purple surface); PD-MFR under MLP forecasting (orange surface); PD-MFR under 
ARIMA forecasting (green surface); and QoS-SPA (blue surface). First, we see that PD- 
MFR under perfect forecasts has the highest fraction of eMBB flows delivered for each 
(eMBB, mMTC) offered flow pair on the x-y plane. The reason is that the performance 
of PD-MFR under perfect forecasts represents the case where the actual value of the gen
eration rate of each eMBB flow is known in advance for each time bin in the routing 
window; hence, it shows the ultimate performance limit of PD-MFR.

Second, we see in Figure 7(a) that PD-MFR under MLP and ARIMA forecasting outper
forms QoS-SPA. The reason is that PD-MFR utilizes predictions of the generation rates of 
eMBB flows while QoS-SPA sends the flows reactively. Third, we see that PD-MFR under 
MLP forecasting outperforms PD-MFR under ARIMA forecasting. The reason is that 
when we use MLP to predict the generation rate of each eMBB flow, the forecasting 
error is less compared to that of ARIMA. Fourth, as the number of eMBB flows offered 
increases, the fraction of eMBB flows delivered for PD-MFR under perfect, MLP and 
ARIMA forecasting remains close to each other while that of QoS-SPA has much lower per
formance. This shows that PD-MFR outperforms QoS-SPA even when practical forecasting 
schemes such as ARIMA and MLP are utilized by PD-MFR.

Although the predictions are formed only for eMBB flows, recall that the route of each 
delay-tolerant mMTC flow is also determined in Stage A of PD-MFR. Now, we aim to 
observe the effect of forming predictions of the eMBB flow generation rates on the frac
tion of mMTC flows delivered. To this end, in Figure 7(b), we plot the fraction of mMTC 
flows delivered on the z axis. Furthermore, the x axis refers to the number of eMBB 

Figure 7. Fraction of flows delivered as a function of the number of flows offered under buffer par
ameter b = 0.15. In both subfigures, we observe that PD-MFR under perfect forecasting consistently 
outperforms the reactive benchmark QoS-SPA by a wide margin. Moreover, PD-MFR maintains this 
advantage even when practical forecasting schemes such as ARIMA and MLP are used.
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flows offered, and the y axis refers to the number of mMTC flows offered. In contrast with 
Figure 7(a), in this figure, PD-MFR under ARIMA forecasting outperforms PD-MFR under 
MLP forecasting. The reason is that mMTC flows utilize the remaining capacities on the 
edges of the topology that are left from the eMBB flows in each time bin. Since PD- 
MFR under MLP forecasting outperforms PD-MFR under ARIMA forecasting in Figure 
7(a) for eMBB flows, on average, the remaining capacity on the topology that is left for 
mMTC flows to be routed is greater for PD-MFR under ARIMA forecasting than that 
under MLP forecasting. As a result, in Figure 7(b), a larger fraction of mMTC flows is deliv
ered for PD-MFR under ARIMA forecasting than that under MLP forecasting.

For any given time bin, we define the ‘residual capacity’ of each edge as the part of the 
capacity of that edge that is not used by any of the eMBB, mMTC and URLLC flows. We 
define the ‘residual sum capacity’ as the sum of the residual capacities of all of the 
edges on the entire topology averaged over the set of time bins B of the routing 
window. (We average the sum residual capacities over the time bins in a routing 
window in order to be able to report a single metric in this regard for that routing 
window.) Furthermore, recall that β denotes the coefficient of the buffer size for each 
aggregate eMBB flow under a given practical forecasting scheme (as opposed to 
perfect forecasting which requires no such buffer). This buffer shall be used in Stage B 
by each eMBB flow if the predicted generation rate of that flow in Stage A is less than 
the actual generation rate of that flow in Stage B.

In Figure 8, in order to determine the effect of β on the residual sum capacity, we set β 
successively to a small and a large value, which are 0.15 and 0.5, respectively. It is crucial to 
examine the ‘residual sum capacity’ because this metric provides us information on the 
amount of delivered traffic, which the ‘fraction of flows delivered’ metric does not 

Figure 8. Fraction of residual sum capacity as a function of the number of eMBB and mMTC flows 
offered. Subfigures (a) and (b) correspond to buffer coefficients b = 0.15 and b = 0.5, respectively. 
In both cases, PD-MFR under MLP and ARIMA forecasting results in lower residual sum capacity com
pared to QoS-SPA, showing that PD-MFR achieves more efficient utilization of edge capacities, even 
when practical forecasting models are used and additional buffer reservations are applied.
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provide. We define the ‘fraction of residual sum capacity’ as the residual sum capacity 
divided by the sum of the capacities of all of the edges on the topology.

In Figure 8, we display the fraction of residual sum capacity for (a) b = 0.15 and (b) 
b = 0.5. First, in Figure 8(a), we see that PD-MFR under perfect forecasts results in a 
lower fraction of residual sum capacity than that of PD-MFR under MLP and ARIMA fore
casting. Second, in Figure 8(a), we see that MLP and ARIMA forecasting result in lower frac
tion of residual sum capacity than that of QoS-SPA; that is, the former are able to utilize 
the edge capacities better than the latter. Third, when we compare Figure 8(a,b), we 
observe that the fraction of residual sum capacity for PF-MFR under MLP and ARIMA fore
casting in Figure 8(b) is at least 0.05 greater than each of those that appear in Figure 8(a). 
The reason is that in Figure 8(b), for each eMBB flow, we reserve a buffer over the capacity 
of each edge for that flow whose coefficient is b = 0.5, which is greater than that of 
b = 0.15 in Figure 7(a). (Note that the residual capacity under perfect forecasts is invariant 
across Figure 8(a,b) because β is not a parameter of perfect foreacasting; no buffer is allo
cated for eMBB flows under perfect forecasting.)

4.2.3. Performance of PD-MFR in the presence of eMBB, mMTC and URLLC flows
In this subsection, we measure the performance of PD-MFR in the presence of the traffic 
types eMBB, mMTC, and URLLC in order to determine the effect of URLLC flows on the 
fraction of eMBB and mMTC flows delivered. In addition, we aim to determine the fraction 
of URLLC flows delivered in the presence of all of these traffic types.

For each of the subplots in Figure 9, the number of aggregate URLLC flows offered is 
set to 20. (These flows are assigned at random to distinct source-destination pairs on the 
topology.) Furthermore, α and β are set to 0.85 and 0.15, respectively. Note that for each 
time bin in the routing window, (1 − a) times the capacity of each edge over the topology 
is now reserved for URLLC flows in Stage A of PD-MFR. In Figure 9(a), we display the frac
tion of eMBB flows delivered as a function of the number of eMBB and mMTC flows 
offered. We see that the fraction of eMBB flows delivered for PD-MFR under perfect, 
MLP and ARIMA forecasting in Figure 9(a) is approximately 0.1 lower than each of 
those that appear in Figure 7(a), respectively. The reason is that only α times the capacity 
of each edge over the topology is left for all of the eMBB and mMTC flows in the routing 
window in Figure 9(a) compared to that of Figure 7(a).

In addition, in Figure 9(a), as the number of mMTC flows offered increases, the fraction 
of eMBB flows delivered remains constant for PD-MFR under perfect forecasts, PD-MFR 
under MLP forecasting, and PD-MFR under ARIMA forecasting. (This is similar to that 
observed in Figure 7(a).) The reason is that in PD-MFR, the mMTC flows are not allowed 
to use the part of the capacity that has been reserved for eMBB flows.

Figure 9(b) displays the fraction of mMTC flows delivered. The fraction of mMTC flows 
delivered for PD-MFR under perfect, MLP, and ARIMA forecasting in Figure 9(b) is approxi
mately 0.05 lower than each of those that appear in Figure 7(b), respectively. This shows 
that the trends exhibited by the fractions of eMBB and mMTC flows delivered across dis
tinct forecasting schemes in Figure 7 still hold when URLLC flows are present on the 
network.

In Figure 10(a), we observe the fraction of URLLC flows delivered as a function of the 
number of eMBB and mMTC flows offered. First, we see that PD-MFR under perfect fore
casts outperforms PD-MFR under MLP and ARIMA forecasting. However, there are points 
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at which PD-MFR under perfect, MLP and ARIMA forecasting have the same or very close 
values. Recall that we do not perform predictions for URLLC flows and that URLLC flows 
are routed reactively in Stage B of PD-MFR.

In this case, since URLLC flows utilize not only the fraction (1 − a) of the edge 
capacities that have been reserved for these flows but also the remaining capacities 
over each bin in the routing window at the end of Stage A of PD-MFR, the fraction of 
URLLC flows delivered decreases as a function of the number of eMBB and mMTC 
flows offered.

Second, in Figure 10(a), PD-MFR under MLP and ARIMA forecasting outperforms QoS- 
SPA even though both PD-MFR and QoS-SPA send URLLC flows reactively. The reason is 
that QoS-SPA routes each of the flows (including eMBB and mMTC types) reactively while 
PF-MFR only routes only URLLC flows reactively. Since (1 − a) times the capacity of each 
edge over the topology is reserved for the upcoming URLLC flows in Stage A of PD-MFR, 
more capacity is left on the edges of the topology to route URLLC flows in PD-MFR than in 
QoS-SPA.

Finally, in Figure 10, we present the effect of changing α on the fraction of URLLC flows 
delivered. To this end, in Figure 10(b), we set α to 0.5. Since (1 − a)cmn for each 
(m→ n) [ E is reserved for the upcoming URLLC flows for each time bin in the 
routing window in Stage A of PD-MFR, the fraction of URLLC flows delivered for PD- 
MFR under perfect, MLP and ARIMA forecasting in Figure 10(b) is greater than each of 
those that appear in Figure 10(a), respectively.

Figure 9. Fraction of flows delivered as a function of the number of flows offered under a = 0.85, 
b = 0.15.The number of aggregate URLLC flows is fixed to 20. PD-MFR outperforms QoS-SPA in 
both subfigures. Under perfect forecasting, PD-MFR delivers the highest fraction of eMBB and 
mMTC flows. MLP-based forecasting outperforms ARIMA, highlighting the impact of forecasting 
accuracy.
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4.2.4. Execution time of PD-MFR
In this subsection, we measure the execution time of PD-MFR in Stage A for the AGIS top
ology. Recall that the routes of eMBB and mMTC flows are determined before the routing 
window in Stage A begins while URLLC flows are routed reactively after the routing 
window begins in Stage B. We present the execution time of PD-MFR in Stage A of PD- 
MFR in Figure 11. (We present the execution time of PD-MFR only for Stage A because 
in Stage B, only the reactive routing of URLLC flows in the routing window takes place, 
which has a negligible computation time compared to that of Stage A.) Recall that 
eMBB flows are given priority over mMTC flows. Therefore, for each time bin b [ B, we 
run PD-MFR first for the eMBB flows, followed by mMTC flows that fall in that bin. 
Recall from Section 3.2.5 that in Stage A, the computations across the time bins in the 
routing window are run in parallel. As a result, the execution time of PD-MFR in Stage 
A is equal to maxb[B TPD− MFR

exec (b).
First, in Figure 11, we see that the execution time of PD-MFR in Stage A increases 

almost linearly as a function of the number of mMTC and the number of eMBB flows 
offered. The fact that this growth is almost linear implies that PD-MFR is a practically feas
ible algorithm. We note that the execution time reaches approximately four seconds at 
most for the fully loaded network (when the number of aggregate flows offered 
reaches its maximum value). Hence, the duration T of the routing window (which was 
30 seconds in our simulations) is reasonable. Moreover, since the execution time dis
played in Figure 11 belongs to Stage A, none of the actual eMBB and mMTC flows 
waits for this execution time to expire in order for each of them to be delivered after 
the routing window begins in Stage B.

Figure 10. Fraction of URLLC flows delivered as a function of the number of flows offered under 
b = 0.15, for two different values of α, where (1 − a) denotes the fraction of edge capacity reserved 
for URLLC flows in Stage A. PD-MFR outperforms QoS-SPA in terms of the percentage of URLLC flows 
delivered. Additionally, in plot (b), the percentage of URLLC flows delivered under each forecasting 
scheme–perfect, MLP, and ARIMA–is consistently higher than the corresponding values in plot (a), 
highlighting the benefit of reserving more capacity for URLLC traffic under PD-MFR.
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4.2.5. Execution time of reactive URLLC routing in stage B of PD-MFR
To further evaluate the computational overhead under URLLC constraints, we measure 
the execution time of each reactive routing operation performed in Stage B. Although 
Stage B does not involve solving mixed-integer programs, it still requires selecting feas
ible paths for newly generated URLLC flows within the current routing window. In 
Figure 12, the average execution time per URLLC flow over 30 independent trials is pre
sented. In this figure, the x axis denotes the 20 individual URLLC flows indexed from 
URLLC0 to URLLC19, while the y axis shows the average execution time, in milliseconds, 
required to compute a complete routing decision for each URLLC flow.

Note that the execution time shown in each bar in the figure includes the time to run 
Yen’s K-shortest path algorithm to find K paths ordered by increasing latency, and to 
evaluate these paths based on the latency, reliability, and capacity constraints of the 

Figure 11. Execution time of Stage A of PD-MFR as a function of the number of offered eMBB and 
mMTC flows.

Figure 12. Average execution time per URLLC flow over 30 independent trials. Error bars represent 
two standard deviations (+2s) from the mean, reflecting the consistency of computational overhead 
for each admission decision. All execution times remain well within the sub-millisecond range, satisfy
ing the real-time requirements of URLLC scenarios.
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corresponding URLLC flow. Any path that fails to meet the end-to-end probability of error 
requirement is discarded. If K such paths can be found, the URLLC flow is admitted and 
routed. Hence, the values shown in the figure reflect the duration required to complete 
one reactive routing operation under PD-MFR for each URLLC flow.

All 20 URLLC flows represented in the figure co-exist in the network simultaneously 
during the routing window. These flows are routed reactively in Stage B, capturing a rea
listic scenario in which multiple URLLC requests are processed within the same routing 
window. In each trial, source and destination pairs for URLLC flows are randomly gener
ated across the topology, introducing variability based on flow distance, resource avail
ability, and network congestion. This randomness reflects practical deployment 
conditions and motivates the averaging over 30 independent runs.

The number of URLLC flows is fixed to 20 in this figure, consistent with the rest of our 
simulation setup. While URLLC traffic is typically limited in volume compared to eMBB and 
mMTC flows, using 20 simultaneous URLLC flows represents an extreme-case scenario 
designed to test the system’s ability to meet tight latency and reliability constraints 
under heavy URLLC load. Moreover, each URLLC flow in our model represents an aggre
gate demand between a source-destination pair. That is, each URLLC flow reflects the 
total demand between a source-destination pair, rather than individual user-level trans
missions. (Recall that this modelling approach is consistent with how traffic is modelled 
across all of our simulation scenarios.)

In this figure, we observe that the execution time remains consistently within sub-milli
second bounds for all URLLC flows, with low variability as shown by the error bars (±2 
standard deviations). These results confirm that the reactive operations in Stage B 
remain computationally lightweight even under extreme flow densities, and can satisfy 
the stringent real-time requirements of URLLC applications. Hence, while Stage A 
handles the majority of the computational effort, the per-flow overhead in Stage B is 
demonstrably minimal.

4.2.6. Performance of PD-MFR on alternative topologies
In order to determine whether the results in the previous section generalize to small, 
medium, and large alternative topologies, we have examined the performance of PD- 
MFR on four more distinct topologies, which are SAGO, IRIS, SYRINGA and USCarrier (in 
the Topology Zoo) whose number of vertices is 18, 51, 74 and 158, respectively. We 
have examined the fractions of eMBB flows delivered as a function of the number of 
eMBB and mMTC flows offered on these topologies for PD-MFR under perfect forecasts; 
PD-MFR under MLP forecasting; PD-MFR under ARIMA forecasting; as well as QoS-SPA.

As shown in Figure 13, we have found that similar to that of the AGIS topology, PD-MFR 
under perfect forecasting significantly outperforms the reactive benchmark QoS-SPA in 
terms of the fraction of eMBB flows delivered for SAGO, IRIS, SYRINGA and USCarrier topol
ogies. In addition, we have found that similar to that of the AGIS topology, PD-MFR under 
MLP and ARIMA forecasting also outperforms QoS-SPA significantly on these alternative 
topologies in terms of eMBB flows delivered. Similar to that of the AGIS topology, PD-MFR 
under MLP forecasting outperforms PD-MFR under ARIMA forecasting by a small amount 
in the number of eMBB flows delivered on these topologies.

In summary, we have found that the main conclusions reached in our examination of 
the results on the AGIS topology generalize to alternative topologies.
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5. Conclusion

We have presented a novel algorithm, called Predictive Dynamic Multi-Flow Routing (PD- 
MFR), for predictive QoS routing in software-defined networks (SDNs). Our algorithm con
trasts sharply with the QoS routing algorithms for SDNs in the literature that do not form 
predictions and merely react to the currently generated flows. We have compared the 
performance of PD-MFR against the reactive benchmark QoS-SPA. Our results demon
strate that PD-MFR outperforms QoS-SPA significantly. Furthermore, we showed that 
the execution time of PD-MFR increases approximately linearly with respect to the 
number of eMBB and mMTC flows offered.

While PD-MFR relies on mixed-integer optimization models, these are solved prior to 
the start of each routing window, ensuring that real-time operations are unaffected. 

Figure 13. Fraction of eMBB flows delivered as a function of the number of flows offered under 
a = 0.85, b = 0.15.
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This design mitigates scalability challenges and makes the algorithm suitable for a wide 
range of network sizes and traffic scenarios. In addition, the accuracy of the traffic fore
casts impacts resource allocation, but our results show that even with imperfect predic
tions, the algorithm maintains its ability to satisfy QoS requirements effectively.

In our future work, we plan to develop an algorithm that adapts both the fraction 
reserved for URLLC traffic as well as the buffer size for eMBB flows to the traffic statistics. 
Furthermore, we plan to adapt the length of the QoS routing window to varying forecast
ing accuracy over time.

Notes

1. Since the new traffic types that arise at the intersection of the three basic ones for 5G are still 
in the proposal stage for 6G (Jiang et al., 2021), this paper utilizes the 5G traffic types. The 
framework of this paper, however, is general and can potentially be applied to new traffic 
types as 6G standards continue to emerge.

2. Since flows are required to be dynamically generated in real-world scenarios, in our simulations, 
we shall focus exclusively on the performance of our PD-MFR algorithm, which encompasses 
the SRA as a building block and successfully addresses dynamically generated flows.

3. It is expected that not all of the mMTC traffic volume that awaits at a source will be scheduled 
for routing over the upcoming routing window, Any amount that is left over is assumed to be 
used to create the offered traffic for the next routing window.

4. Note that g(f ) and ĝ(f ) denote the generation rate and the predicted generation rate of flow f 
for a particular time bin. The time index has been dropped in this subsection for convenience 
because we focus on a single time bin for the entire subsection

5. We do not consider the case in which the termination time is in the future routing windows. 
All realistic cases can be reduced to our formulation by setting the termination time to the 
end of the current routing window if the actual termination time exceeds the end of the 
current routing window. The same flow can be generated as a new flow at the beginning 
of the next routing window in order to examine the effects of that flow on that routing 
window. This process can be continued until the routing window that contains the actual ter
mination time of that flow.
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