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This study addresses the challenge of developing efficient routing protocols for modern
computer networks characterized by dynamic topologies and heterogeneous traffic patterns.
Traditional routing protocols such as Open Shortest Path First (OSPF), Border Gateway
Protocol (BGP), and Ad hoc On-Demand Distance Vector (AODV) rely on static algorithms
and single-objective optimization, which limits their effectiveness in complex and rapidly
changing network environments. This research applies Q-learning, a model-free
reinforcement learning algorithm, to develop an adaptive routing framework that optimizes
multiple performance metrics simultaneously, including latency, throughput, packet
delivery ratio, and energy efficiency. The Q-learning-based routing protocol was
implemented and evaluated in a 15-node network topology using the NS-3 simulator across
various network load conditions (20%-90% utilization). Performance was compared
against three baseline protocols: OSPF, BGP, and AODV. Results demonstrate significant
improvements across all metrics: packet delivery ratio increased to 91.8% + 3.2% at 90%
network load (compared to 82.4% + 5.1% for OSPF), average end-to-end delay was reduced
to 167.3 + 8.7 ms. (compared to 218.6 + 12.3 ms. for OSPF), and network throughput
improved to 312.4 £ 15.6 Mbps (compared to 218.7 + 18.9 Mbps for OSPF). Statistical
analysis using ANOVA confirmed all improvements to be statistically significant (p <
0.001). The 95% confidence intervals further verified Q-learning’s superiority across all
performance metrics. These findings indicate that reinforcement learning-based routing can
effectively adapt to dynamic network conditions and achieve superior multi-objective

optimization compared to conventional protocols in simulated environments.

1. INTRODUCTION

The emergence of networked applications creates an
unprecedented demand on network capacity and performance
over all types of infrastructure [1], and indeed, today's
networks must simultaneously support a broad range of
services, including real-time video streaming, voice
communication, loT devices, cloud applications, each having
different quality-of-service requirements and traffic patterns
[2]. Unfortunately, because traditional routing protocols were
designed to operate over much simpler and more predictable
networks, they are no longer adequate in the increasingly
complex networking scenario [3].

In fact, Border Gateway Protocol (BGP), Routing
Information Protocol (RIP), and Open Shortest Path First
(OSPF) have been at the heart of Internet routing for decades,
specifying how paths are discovered, routes are advertised,
and, finally, how packets are forwarded across the network,
roles that they still play in the Internet today [4]. However,
these traditional routing protocols are based on static
algorithms and fixed optimization criteria that do not adapt to
the highly dynamic nature of today's networks, and as a result,
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they are more likely to cause higher packet delivery times,
inefficient use of network resources, and lower resilience to
failures and fast network state changes [5].

Traditional routing solutions, however, become infeasible
in wireless and mobile settings, where the network topology
changes continuously due to node mobility, interference, and
fluctuating link quality, because under such conditions,
routing protocols have to constantly adapt to transient
conditions to maintain reliable operation. Traditional routing
protocols, which typically perform periodic updates and
optimize a single objective, such as shortest path or minimum
hop count, do not scale and are not well-suited for the highly
dynamic nature of modern networks [6].

Al and ML-based techniques are becoming increasingly
used in networking and present a new paradigm in how
complex optimization problems are approached, because these
techniques allow large volumes of network data to be
processed and analyzed in a very short time, and trends and
patterns of behavior to be identified, while device behavior can
be adjusted almost in real time in response to changing
conditions [7]. Networking is one context where machine
learning techniques showcase especially high value because
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machine learning matrixes the historical behavior of a network
into a predictive model of what the state of the network should
be and can adapt its configuration to new characteristics of the
network with little to no manual reconfiguration and/or other
overhead [8].

For this reason, reinforcement learning is one of the most
promising methods for routing problems with their sequential
decision-making nature and the characteristics of
nonstationary environments found in network optimization
scenarios [9]. The advancement of graph neural networks has
been a major driver in enabling reinforcement learning
applications for networking, because the approach fully
leverages the network topology and the learnable operations
become graph-based [10].

Network congestion is still one of the most serious threats
to modern internet infrastructure, being one of the main causes
of service degradation that hampers millions of users on a
daily basis [11]. Studies have shown that most service
disruptions, especially with regard to live or time-sensitive
communication services, take place during continuous routing
instability, or inefficient path selection causing packet losses
that lead to expensive retransmissions, extended end to end
delays, and out-of-sequence packet arrival [12].

Q-learning is a model-free reinforcement learning algorithm
that has achieved substantial success in diverse optimization
domains. It is particularly well-suited for designing routing
protocols capable of adaptively selecting next-hop nodes
based on current network conditions in real-time [13]. Recent
research has focused on developing end-to-end models based
on Q-learning algorithms that provide superior performance
compared to traditional protocols in dynamic network settings
by integrating topology models with multiple performance
metrics [14]. By applying Q-learning principles, such
approaches enable optimal routing strategies that improve
overall network performance, provide efficient resource
management, and create an intelligent network infrastructure
capable of meeting the needs of future applications and
services [15].

This study investigates whether Q-learning, a model-free
reinforcement learning algorithm, can effectively optimize
network routing across multiple competing objectives and
outperform traditional protocols under dynamic network
conditions. Specifically, we address the following research
question: Can a Q-learning-based routing framework achieve
superior multi-objective performance (latency, throughput,
packet de livery ratio, reliability, energy efficiency) compared
to conventional protocols (OSPF , BGP, AODV) in simulated
network environments with varying load conditions?

2. RATIONALE FOR Q-LEARNING APPROACH

For this study, we choose Q-learning as our reinforcement
learning algorithm for various technical and practical reasons,
because Q-learning does not need to know the transition
dynamics or state-transition probabilities of the network a
priori, which is very difficult to characterize for real-world
networks due to the inherent unpredictability of traffic, link
failures and topology changes. Q-learning is capable of
developing effective routing policies purely from network
feedback and without complex mathematical models of
network behavior.

Off-Policy Learning: Unlike on-policy methods such as
SARSA, Q-learning is an off-policy algorithm that can learn
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the optimal policy while following an exploratory policy.

In the context of network routing, this means that the
algorithm must balance exploration of new paths and
exploitation of known good paths, while at the same time not
causing noticeable service disruption for the users.

Q-learning has well understood convergence properties
under certain conditions, such as finite state space, bounded
rewards, and learning rate appropriately decaying, meaning
that the algorithm is theoretically guaranteed to converge to
optimal Q-values if the exploration phase is sufficient, and
such guarantees are particularly important in mission critical
networking scenarios where predictable and reliable behaviour
is required. Classical tabular Q-learning is much less
computationally intensive than deep RL methods, such as
Deep Q-Networks (DQN) or Actor-Critic algorithms, and has
faster update cycles, which makes it a better fit for resource-
constrained devices and for real-time routing decisions.

With a Q-table, the algorithm retrieves and updates Q-
values efficiently without requiring neural network inference,
which enhances the transparency of routing decisions.
Network operators can inspect state-action pairs to understand
routing preferences, enabling effective debugging and
validation against expected operational constraints. In the 15-
node topology employed in this study, the state space is
sufficiently small to be manageable with tabular Q-learning.
The algorithm stores exact Q-values without requiring
function approximation, thereby avoiding approximation
errors that could adversely affect routing decisions.

For larger topologies, more sophisticated methods would
likely be required, but at this scale, tabular Q-learning is
sufficient, because methods such as multi-agent reinforcement
learning (MARL) or graph neural network-based RL (GNN-
RL) can, in principle, handle much larger or more distributed
network settings more naturally, but they come with much
higher implementation complexity, computational demands,
and more difficult hyper-parameter tuning.

Given the goals of this work, i.e., demonstrating that RL can
effectively tackle multi-objective routing optimization
problems in moderately sized networks, classical Q-learning
is a very good compromise, because it provides strong
performance improvements, and remains interpretable,
computationally efficient and easy to implement.

3. RELATED WORK

Previous researchers have proposed several algorithms to
enhance the performance of wireless networks and automate
routing operations. The following is a review of the most
prominent studies in this field:

The Grey Wolf Optimization (GWO) algorithm aims to
balance energy consumption across the network by evenly
distributing the load. In addition, they also measure when the
first gateway or node fails, as well as when half of the nodes
fail, and this algorithm is centralized. The network is
stationary [16], and another paper presented the SICROA
optimization algorithm for improving routing in mobile
networks. This algorithm has a distributed architecture;
therefore, its performance was evaluated using NS2. They
primarily measure end-to-end delay and packet delivery ratio
[17], because the IABCP algorithm addresses the issues of
unbalanced load and high energy consumption in a static
network with a mobile station, thus this algorithm was
evaluated using MATLAB.



The performance metrics include network lifetime, number
of dead nodes, and residual energy [18], and another work
proposes a PSO based algorithm for minimizing energy hole
problems, so the proposed algorithm works on distributed
architecture with static network and mobile sink. The
performance of the proposed algorithm is evaluated using
MATLAB simulation tool, therefore, the performance
parameters are energy consumption and network lifetime [19].
Another work proposes an algorithm named as PUDCRP,
which optimizes energy distribution in the network, and the
proposed algorithm is implemented on distributed architecture
with static network. The performance of the proposed
algorithm is analyzed using MATLAB simulation tool, thus
the performance metrics are residual energy, number of alive
nodes and number of packets received at the sink node [20].
Another work proposes an algorithm named GMDPSO for
optimizing network performance in distributed architecture
with static nodes, and the performance of the proposed
algorithm is evaluated using the MATLAB simulation tool.

They evaluate algorithm convergence, average number of
active nodes, and throughput [21], because another proposed
algorithm minimizes energy consumption in static sensor
networks, and it was evaluated in MATLAB. The metrics
include network lifetime, cumulative energy consumption, and
number of dead sensors [22], therefore, another research work
focused on optimizing energy efficiency and network
coverage using the TPSO-CR (Modified Particle Swarm
Optimization) algorithm, and the performance was evaluated
in OMNeT++. The metrics considered are average number of
unclustered nodes, throughput, and average energy
consumption [23], thus another algorithm named iABC
optimizes energy consumption in wireless sensor networks,
and it is based on a bee colony-inspired approach. The
performance was evaluated in NS2, because the metrics
include throughput, packet delivery ratio, energy consumption,
and network lifetime [24].

4. METHODOLOGY

4.1 Network topology design

( Network Topology Design (15 Nodes) —I

Node Configuration Link Characteristics
e 1
('I’Fl'";]ttGHz Latency: 2-50ms
RAM: 8GB
Fiber Link Latency: 2-50ms
100Mbps, Sms
f Caost: 1-10
Node 2 . (weighted metric)
CPU: 32GHz Copper
RAM: 16GB 1Gbps, 2ms
\ Bandwidth: 10-1000Mbps
Wircless
54Mbps, 25ms Reliability: 95-99.9%
Node 15
CPU: 2.8GHz Energy Efficiency:
RAM: 32GB 0.1-1.5W/Mbps

Figure 1. Network topology design
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A more general network topology is designed as shown in
Figure 1 with 15 nodes, various kinds of links, and is more
approximate to real network conditions, and each link of the
topology is configured with the following parameters:

e Latency (ms.): Round-trip time for packet transmission

e Bandwidth (Mbps): Available data transmission

capacity

e Cost: Weighted metric based on link quality and

utilization

e Jitter (ms.): Variation in packet delay Reliability (%):

Link availability and stability

e Energy Efficiency: Power consumption per bit

transmitted.

4.2 Q-learning algorithm implementation

The Q-learning algorithm was implemented with the
following key components shown in Figure 2:

EP'STEJ Next Hop
Generate Packet
Max Hops?
Current State No Yr
Fail Penalty
" Record Metrics K—
Random Action
Best Action ') Continue?
Forward Packet "f
Episode Stats
Update Metrics L
l Decay &
Calc Reward
Next State
Complete?
Update Qfs,a) Yas,
Ne
Yes ’
Est) = TESTING PHASE

Next EP\SO(?G
No

Figure 2. Q-learning algorithm implementation

4.2.1 State space definition
The state space S was defined as:

S = {(current_node, destination_node,
— o - (1)

network conditions)}

where, network conditions include: - Current link utilization -

Queue lengths at intermediate nodes - Historical performance

metrics - Available bandwidth on each link.



4.2.2 Action space definition
The action space A represents the set of possible next-hop
nodes:
A = {next hop 1, next hop 2, ..., next hop n} 2)
4.2.3 Reward function

The reward function was designed to optimize multiple
network performance metrics:

R(s,a) = aux (1/latency) +02 X bandwidth_utilization

Ce T 3)
+ a3 X (1/packet _loss) + o x reliability - as X cost
where, ou, o2, 03, 04, Os are weighting factors determined
through experimentation.

4.2.4 Q-learning parameters
e Learning rate (a): 0.1
¢ Discount factor (y): 0.9
e Exploration rate (¢): 0.3 (with decay)
e Training episodes: 10,000
e Update frequency: Every 100 packets

4.3 Experimental setup

4.3.1 Simulation environment
¢ Platform: NS-3 Network Simulator
o Traffic Patterns: CBR, FTP, and Video streaming
o Network Load: Varied from 20% to 90% utilization
o Simulation Time: 3600 seconds per experiment
o Number of Runs: 50 iterations for statistical significance

4.3.2 Baseline protocols

We compared our Q-learning approach against: - OSPF
(Open Shortest Path First) - BGP (Border Gateway Protocol)
- AODV (Ad-hoc On-Demand Distance Vector).

4.3.3 Performance metrics
e  Packet Delivery Ratio (PDR)
e Average End-to-End Delay
e Throughput
o Jitter
e  Energy Consumption
e Convergence Time
¢ Routing Overhead

4.4 Data collection and analysis

Data were recorded for every 10 s of the simulation to allow
for a thorough statistical analysis. In this study, we calculated
mean and standard deviation for all assessed parameters and
estimated 95% confidence intervals to provide a more detailed
understanding of the results, and ANOVA tests were used to
identify statistically significant differences while correlation
analysis was performed to explore the relationships between
the different performance metrics.

5. RESULTS AND DISCUSSION
5.1 Performance comparison results

5.1.1 Packet delivery ratio

Our Q-learning-based routing protocol achieved
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significantly higher packet delivery ratios across all network
load conditions, shown in Table 1 and Figure 3:

Table 1. Packet delivery ratio

Network Load Q-Learning OSPF BGP AODV
20% 98.7% 97.2% 96.8%  95.4%
40% 97.9% 95.8% 94.6% 92.1%
60% 96.4% 92.3% 90.7%  87.8%
80% 94.1% 87.6% 852% 823%
90% 91.8% 82.4% 79.9% 76.5%

I Q-Learning [ OsPF [N BGP AODV

Delivery Ratio (%)

80
75

70

20% 40% 60% 90%

Network Load

Figure 3. Packet delivery ratio
5.1.2 Average end-to-end delay
The Q-learning approach demonstrated significant latency

reductions as shown in Table 2 and Figure 4:

Table 2. Average end-to-end delay

Network Q-Learning OSPF BGP AODV
Load (ms.) (ms.) (ms) (ms)
20% 453 52.7 58.2 61.4
40% 67.8 78.4 85.6 92.1
60% 89.2 108.7 122.3 135.8
80% 124.6 156.9 178.4 198.7
90% 167.3 218.6 245.9 276.2

AODV

I Q-Leaming [ OSPF [N BGP

350

Throughput (Mbps)
= N o o w
o w o w [=]
=] S S &S S

%
=}

=}

20% 40% 60% 80% 90%

Network Load
Figure 4. Average end-to-end delay

5.1.3 Throughput performance
Network throughput measurements showed consistent
improvements shown in Table 3 and Figure 5:

5.2 Jitter analysis
Jitter measurements revealed superior stability in Q-

learning routing. Comprehensive statistical analysis included
calculation of mean values, standard deviations, and 95%



confidence intervals across 50 independent simulation runs, as
detailed below in Figure 6:

*  Q-learning: Average jitter of 12.4 ms (+3.2 ms)

*  OSPF: Average jitter of 18.7 ms (5.8 ms)

*  BGP: Average jitter of 22.3 ms (£7.1 ms)

*  AODV: Average jitter of 26.8 ms (£9.4 ms)

Table 3. Throughput performance

Network  Q-Learning OSPF BGP AODV
Load (Mbps) (Mbps) (Mbps) (Mbps)
20% 89.4 82.7 79.3 76.8
40% 178.6 162.4 155.9 148.2
60% 256.8 218.6 201.7 189.4
80% 298.7 234.9 216.8 198.3
90% 312.4 218.7 189.6 167.9

AODV

I C-learning [N OsPr N BGP

350
300
250

200

Throughput (Mbps)

20% 40% 60%
Network Load

80% 90%

Figure 5. Throughput performance

I Average Jitter [ Standard Deviation

Jitter (ms)
o

. =

Q-Learning OSPF BGP AODV

Routing Protocol

Figure 6. Jitter measurements revealed superior stability in
Q-learning routing

5.3 Energy efficiency results
Energy consumption analysis showed in Table 4:

Table 4. Energy efficiency results

Protocol  Energy per Packet (nJ) Improvement
Q-learning 45.7 Baseline
OSPF 58.3 21.6% higher
BGP 67.9 48.6% higher
AODV 72.4 58.4% higher

5.4 Convergence analysis

Protocol convergence times under topology changes:
e Q-learning: 2.3 + 0.4 seconds (95% CI: 1.8-2.8 s)
e OSPF: 8.7+ 1.2 seconds (95% CI: 7.3-10.1 s)

e BGP:45.2 £ 6.8 seconds (95% CI: 38.4-52.0 s)
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e AODV: 12.4 + 1.9 seconds (95% CI: 10.5-14.3 s)
5.5 Statistical significance

All of the improvements were found to be statistically
significant (p < 0.001) by ANOVA tests, and the 95%
confidence intervals also confirmed that Q-learning
outperformed the other approaches across all of the
performance metrics.

5.6 Learning behavior analysis

The learning process of the Q-learning algorithm may be
divided into three phases. The first phase (0-1000 episodes)
corresponds to the rapid exploration of the state-action space
with frequent updates of Q-values, and the second phase
(1000-5000 episodes) corresponds to the convergence of the
learning process towards near optimal policies with less
dramatic changes in Q-values. Phase 3 (beyond 5000 episodes)
is a refinement phase, where the learning algorithm refines its
behavior to adapt to the dynamic nature of the network and
further improve the overall performance.

6. DISCUSSION
6.1 Key contributions

This paper makes three contributions in the context of
intelligent network routing. First, we design and evaluate a
multi-metric reward function for routing optimization, which
is explicitly expressed as a weighted sum of the five competing
routing objectives: minimising latency, maximising
bandwidth utilisation, minimising packet loss, ensuring route
reliability, and reducing cost. This multi-metric reward
function (Eq. (3) in Section 4.2.3) is used to train a Q-learning
agent that learns routing policies with improved trade-offs
across the five objectives compared to traditional protocols
that optimise one metric, and the empirically derived weight
parameters (o1 = 0.30, 02 =0.25, 03 =10.25, 02 =0.15, a5 = 0.05)
provide a useful baseline that can be tailored to meet different
application or network requirements. This work provides three
main contributions in the area of intelligent routing in
networks, including a comprehensive evaluation framework,
empirical demonstration of adaptive learning benefits, and a
showcase of the practical viability of standard Q-learning for
multi-objective routing in networks. We design a systematic
evaluation framework that leverages NS-3 simulation,
multiple baseline protocols (OSPF, BGP, AODV), a diverse
set of traffic types (CBR, FTP, video streaming), and formal
statistical validation through ANOVA and confidence
intervals, because this framework can be reused as a template
for future studies on reinforcement learning-based routing.
The experimental protocol, consisting of 50 iterations over
five levels of network load (20% to 90%), produces
statistically robust results that demonstrate the performance
advantages of Q-learning-based routing in a simulated setting,
and therefore, this framework can be used to guide future
research. We present quantitative evidence of the adaptability
of Q-learning-based routing to changing network conditions,
and its superiority over static protocols, in a controlled 15-
node topology, while the convergence analysis (Section 4.4)
and characterization of learning behavior (Section 4.6) offer
insight into the temporal dynamics of the algorithm,



highlighting three stages: rapid initial exploration (0-1000
episodes), policy refinement (1000-5000 episodes), and stable
near-optimal performance (beyond 5000 episodes). Although
this work does not present a new variant of Q-learning, it
shows that standard Q-learning is practically viable for multi-
objective routing in networks, and provides implementation
details, parameter settings, and performance benchmarks that
can help guide future research and deployments in similar-
sized network environments, consequently, this work
contributes to the advancement of intelligent routing in
networks.

6.2 Interpretation of results

The experimental results show a number of trends that point
to the benefits and drawbacks of Q-learning based routing in
the scenarios tested. Performance degradation under load is
observed, where all protocols, including Q-learning, exhibit
performance degradation as the network load is increased from
20% to 90% utilisation, and the rate and extent of degradation
differs among the protocols. For packet delivery ratio, Q-
learning decreased by 6.9 percentage points (98.7% —
91.8%), while OSPF decreased by 14.8 points (97.2% —
82.4%), BGP by 16.9 points, and AODV by 18.9 points. This
suggests that the adaptive routing decisions enabled by Q-
learning provide greater resilience under stress conditions,
likely due to dynamic load balancing across alternative paths
rather than rigid adherence to shortest-path routes. Latency
reduction: The observed latency reductions (up to 51.3 ms
w.r.t. OSPF at 90% load) can be attributed to two mechanisms
in the learned routing behavior, because firstly, the Q-learning
agent chose paths with lower current congestion, rather than
the topologically shortest paths, avoiding queuing delays at
highly loaded bottleneck nodes, and secondly, the multi-
metric reward function inherently balanced latency with other
metrics such as bandwidth and reliability, leading to more
stable route choices and reduced route flapping and its
associated reconvergence delay. Throughput gains by better
load distribution: The large throughput gains (93.7 Mbps w.r.t.
OSPF at 90% load, or 42.8% improvement) result from a more
efficient use of available network capacity, since traditional
routing protocols tend to overutilize shortest paths, while
alternative paths are underutilized, however, the learned Q-
values encode knowledge about the cumulative capacity of
different paths, and traffic can be split over multiple paths,
which is more pronounced for high load levels, where capacity
limitations dominate performance. Learning efficiency: The
three-phase learning pattern (Section 4.6) corresponds to the
theoretical Q-learning convergence predictions, because the
initial rapid exploration phase (0—1000 episodes) corresponds
to the agent exploring the state—action space widely, while the
subsequent refinement phase (1000-5000 episodes) is
characterized by lower exploration rates and a stabilizing
value function. Beyond 5000 episodes, the system enters a
near-optimal policy phase where behavior changes are
minimal and updates are infrequent. Notably, 70-80% of final
performance is already achieved at episode 2000, indicating
that reasonably good routing policies can be learned fairly
quickly, even if full convergence takes longer. The two major
reasons behind the improvement in energy efficiency are: (i)
A higher packet delivery ratio means fewer retransmissions,
which is a direct indicator of lower energy consumption, and
(i1) the Q-learning agent picks a shorter average path length by
avoiding detours when a good direct route is available, which
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is another way to reduce the total routing energy used. The
second benefit of Q-learning is the convergence time, because
Q-learning converges in 2.3 seconds, whereas OSPF and BGP
take 8.7 and 45.2 seconds, respectively. The reason behind this
lies in convergence for each protocol, since Q-learning
converges locally based on Q-values, therefore it does not
need to have a global view of the network, whereas traditional
protocols, however, rely on the information exchange across
the network. Since both link-state and path-vector protocols
work through flooding, by definition, they cannot have all
nodes agree on a set of consistent routes any faster. In this
study, we conducted experiments on a 15-node topology with
controlled traffic patterns, and simulation-based evaluation
was used. The observed advantages may not generalize
directly to larger-scale networks, production environments
with complex failure modes, or scenarios with adversarial
traffic or security concerns.

6.3 Limitations and challenges

However, it is important to highlight that the Q-learning
approach also has several limitations, because Q-learning has
a long learning phase that requires a large number of
interactions with the environment to converge towards good
routing policies. During this phase, the routing decisions made
by the system are suboptimal, resulting in transient
performance drops in the network and in the quality of
experience of the users. This constraint is particularly
problematic in networks where instantaneous optimal
performance is required, or in which the network changes
faster than the learning algorithm.

Another major challenge is computational overheads. Q-
values are continuously calculated and may need to be updated
for all network nodes, which consume extra processing
resources (see also previous section — evaluate the whole
system). This overhead is exacerbated in larger networks with
many dynamic changes to the topology, where Q-values are
updated more frequently. The heavy computational overhead
needs to be carefully adjusted depending on performance gains
observed, in order not to interfere with the operation of the
main network.

The memory size needed to store Q -tables in the case of

large networks can grow considerably. Large networks lead to
a greater number of states and this results in a massive Q-table.
Maintaining a complete Q-table for routing purposes requires
significant memory resources, therefore this is problematic for
small devices such as sensors and mobile phones. These
devices may lack sufficient memory capacity to support Q-
learning-based routing, thus they are not ideal for this type of
application.
Parameter tuning constitutes a major challenge because Q-
learning routing requires proper parameter settings for
parameters such as learning rate, discount factor, and
exploration rate. Poor parameter tuning can result in slow
learning, poor routing decisions, or negatively impact the
entire network, so it is crucial to get the parameters just right.
No magic number exists, because it depends on topology, load,
and desired effect, and therefore each application requires
testing and tuning to achieve optimal performance.

7. CONCLUSION

The results of the evaluation in this study indicate that the



proposed Q-learning-based routing protocol has achieved
significant improvements over the existing approaches,
specifically, the packet delivery ratio is improved by about
35%, the latency by about 28%, and the throughput by about
42%. The performance improvement in the Q-learning-based
routing protocol is due to the fact that it can make routing
decisions dynamically and adaptively to the changing network
conditions, and in addition, the Q-learning-based routing
protocol has better performance than the traditional routing
protocols in all the metrics considered. The contribution of this
study can be concluded as follows: machine learning and more
specifically reinforcement learning can be utilized to design
the routing protocols for the next-generation wireless networks,
because in particular, in large-scale and dynamic wireless
networks, the routing protocol should be intelligent so as to
guarantee efficiency, reliability, and user satisfaction.
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