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Abstract. This paper compares Deep Reinforcement Learning (DRL) agents
with OFDMA in allocating bandwidth. OFDMA as used in Wi-Fi 7 (802.11be)
is presented in this paper where its primarily characterized by flexible Resource
Units (RUs) that can be allocated to different devices. To simulate realistic, real-
world scenarios, dynamic and volatile user conditions are incorporated into the
experiments. In the results, a Transformer based Deep Q-Network outperforms
all other algorithms. This algorithm gets the best adaptability score (92%) and
volatility handling capability score (89%). These values were the ultimate com-
parison methods following a series of evaluations that tested all the algorithms
on metrics of throughput, fairness, delay, energy efficiency, and satisfaction. This
paper concludes that DRL algorithms are ideal for dynamic and volatile environ-
ments while OFDMA techniques are good for static and predictable conditions.

Keywords: Deep Reinforcement Learning · OFDMA · Wi-Fi 7 · Bandwidth ·
Throughput.

1 Introduction

Wireless technology has improved significantly in the last few years. At the same time,
demands for wireless technology have grown significantly to challenge the existing
methods of service delivery. Today, the WiFi market is estimated to be worth over $ 4.9
trillion owing to the advancements in the field trying to meet user demands [1]. This de-
mand is particularly high in the fields of industrial automation where motion flexibility
in devices like sensors, controllers, actuators and mobile users is needed [2]. Such use
cases tend to have dense networks that require better quality of service. Additionally,
they generate large volumes of data that is accompanied by heavy interferences [3].
These networks thus require efficient resource allocation and management to enable
effective use.

The IEEE 802.11 standard tries to fulfill such demands by continuously implement-
ing techniques and technologies to improve Wireless Local Area Networks (WLANs).
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Introduced in 1997, the IEEE 802.11 standards as summarized in table 1 aimed to fa-
cilitate efficient device communication in wireless networks to improve user experi-
ences [4]. Current standards (Wi-Fi 6 and 7), try to meet these original objectives by
offering better speeds and smoother connections in dense networks. While they achieve
their objectives through techniques like Orthogonal Frequency-Division Multiple Ac-
cess (OFDMA) [5], there is still more to be done as the demands for connectivity grow.
For one, there is need to develop better bandwidth allocation methods while minimizing
the overhead costs such as advanced routers and switches. There is also a need to man-
age the ever growing demand for computing power to access every subsequent network
generation [6].

Table 1: Wi-Fi generations
Name IEEE standard Frequency band(s)

Wi-Fi 1 IEEE 802.11b 2.4 GHz
Wi-Fi 2 IEEE 802.11a 5 GHz
Wi-Fi 3 IEEE 802.11g 2.4 GHz
Wi-Fi 4 IEEE 802.11n 2.4 GHz, 5 GHz
Wi-Fi 5 IEEE 802.11ac 5 GHz
Wi-Fi 6 IEEE 802.11ax 2.4 GHz, 5 GHz (6 GHz)
Wi-Fi 7 IEEE 802.11be 2.4 GHz, 5 GHz, 6 GHz

This paper contributes to these demands by comparing existing methods with Deep
Reinforcement Learning (DRL). It compares OFDMA in Wi-Fi 7 with DRL algorithms
in assigning bandwidth using the metrics of throughput, allocation fairness, delay and
energy efficiency.

2 Related Works

2.1 The Resource Allocation Problem

Wi-Fi is one of the primary wireless technologies that carries IP traffic. IP traffic in-
cludes any data that is text, images, voice and videos which is most of the communi-
cation observed today [7]. While the modern Wi-Fi implementation dates back to 1997
after the introduction of IEEE 802.11, its existence can be traced back to 1971 with
similar objectives as those of today i.e. flexibility and efficiency [8]. These objectives
can be better considered with an effective management of the transmission process, a
key resource allocation problem.

Wi-Fi 7 aims to manage this problem using OFDMA just like Wi-Fi 6 but with a few
improvements in the allocation process. OFDMA works by splitting the transmission
channel into subcarriers to connect multiple endpoints (devices) at the same time [2].
With a Wi-Fi 7 router, a single transmission can communicate with multiple devices
without the devices waiting for turns as data is sent across networks [9].
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2.2 OFDMA RU Allocation

The hallmark of Wi-Fi 7 is OFDMA which allocates time and frequency domain to
multiple users. Cisco uses the analogy of a delivery truck to explain the technology
in which prior to Wi-Fi 6 each truck carried only one user’s cargo but now is loaded
with multiple users’ cargo [10]. OFDMA improves wireless access allocations by di-
viding the Wi-Fi channel into smaller sub-channels called Resource Units (RUs). These
RUs are assigned to different devices simultaneously, instead of one device taking up
the whole channel. The key difference between its application in Wi-Fi 6 and 7 is on
the RUs and the size of the sub-channels. In the former, there are fixed RUs which re-
sult in rigid allocations. Due to the limited frequency band, the biggest partition of the
sub-channel can only go to a maximum of 160 MHz [12]. Wi-Fi 7 has a flexible RU
allocation which means devices can be assigned to multiple RUs (even noncontiguous
ones) while also being able to skip occupied channels [11]. This generation also has
wider channels of up-to 320 MHz (due to a bigger overall spectrum band).

The RUs are a relative concept as there are various sizes. A single RU can contain
26 (2 MHz), 52 (4 MHz wide each), 106 (8 MHz wide each), and up to 996 (78 MHz)
tones, which means the maximum size of an RU depends of the channel bandwidth (20,
40, 80, 160 and up to 320 MHz for Wi-Fi 7). For the number of RUs, the more they
are, the higher the multi-user processing efficiency as better throughput is provided to
devices [11]. Fig. 1 summarizes this key concept of RU as used in OFDMA based on a
20 MHz channel1.

Fig. 1: Resource units distribution in 20 MHz channel

2.3 Deep Reinforcement Learning and Transformers

Classic reinforcement learning (RL) uses tabular methods (Fig.2). These methods excel
in low-dimensional problems because state spaces are small and fully captured in com-
pact feature sets [13]. Complex problems like resource allocation require techniques

1 A 20 MHz channel can carry up to 9 concurrent users using 26 RUs.
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that can sufficiently represent high-dimensional state spaces. Deep neural networks
have excellent representation capacity [14]. Deep networks also can automatically dis-
cover features from high-dimensional inputs which make them ideal to combine with
RL for complex problems.

Fig. 2: Comparison of tabular Q-learning (classic RL) and deep Q-learning (DRL)

The key breakthrough for combining deep neural networks and RL came with the
introduction of deep Q-networks (DQN). DQN demonstrated human-level performance
on multiple Atari 2600 video games with only inputs of raw pixels and games scores
[15]. Researchers rapidly expanded this new field of Deep RL (DRL) by introducing
novel algorithms using techniques like policy gradient [16], actor-critic framework [17]
and distributional RL [18].

Recent advances in DRL have incorporated the transformer architecture. Transform-
ers, introduced by [19] offer a powerful alternative for state representation by modeling
sequential and multiple dependencies using an attention mechanism [20]. Transform-
ers leverage self-attention to capture temporal correlations and high-dimensional con-
straints. This gives better scalability, faster convergence and superior handling of dy-
namic state space fluctuations [20]. The combination of transformers and DRL (Fig.3)
is effective in complex environments like communication networks where global atten-
tion, spatial awareness and dynamic handling of input variables is needed.
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Fig. 3: Conceptual architecture illustrating the combination of transformers with deep
reinforcement learning

2.4 DRL and Networking

Transformer based DRL is fairly new to the networking domain. Most of the existing
studies still use conventional DRL methods such as policy gradient and actor-critic. For
example, routing optimization has been done using self-learning methods [21]. In band-
width allocation, DQN and policy based DRL have been used to allocate frequency and
time resources in wireless networks [22]. [23] used a proximal policy optimization al-
gorithm for dynamic power and bandwidth allocation in multi beam satellites. [24] used
different learning techniques to train centralized RL agents on how to solve non-convex
optimization problems in OFDMA. These agents controlled scheduling problems for
down-link tasks. [25] used DRL agents like DQN and PPO for resource allocation in
densely deployed medical sensors while trying to solve overlapping interference prob-
lems. While these classical DRL techniques work, they often fall short due to repre-
sentation limitations and the need to handle dynamic state space changes. Transformers
can be used to manage these drawbacks.

3 Methodology

3.1 Defining the Experiments

The proposed work aimed to compare Wi-Fi resource allocation methods. The experi-
ments were setup in NS3Gym, an integrated framework that can simulate various net-
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work problems [26]. Dynamic bandwidth requirement scenarios were emphasized to
emulate realistic network conditions, with each strategy designed to improve through-
put, fairness and energy efficiency across different user stations (devices). This dynamic
nature meant that the experiments incorporated different bandwidth requirements and
volatility modeling which led to the addition of other evaluation metrics, i.e. satisfac-
tion, adaptability, and recovery speed. The experiments done tested for different traffic
patterns (periodic, bursty, random and gradual) to provide deeper insight to how the
proposed techniques adapt to fluctuating user demands in comparison to OFDMA.

3.2 DRL for Allocating Bandwidth

Four algorithms were implemented:

– Baseline Round Robin - Simple and fixed allocation (non-learning) for compara-
tive analysis.

– Standard DQN - A vanilla Deep Q-Network with an experience replay [27]. An ε-
greedy exploration policy with fully connected neural network. A 4-layer network
was used having a configuration of 40, 64, 64 and 90. This configuration offers
excellent dimensional expansion and high-capacity classification.

– Improved DQN - An enhanced DQN [27]2 with Double DQN, Dueling Networks
and Prioritized Experience Replay (whose experience sampling was varied). The
Double DQN was used to reduce Q-value overestimation [28], while the Dueling
architecture helped separate values and advantage streams [29]. The Prioritized
Experience Replay had the goal of improving sampling from the replay buffer by
picking important transitions more frequently [30].

– Transformer DQN - An attention based DQN having multi-head self attention
for better state representation and positional encoding of temporal relationships
[31]3. This agent also had an Actor-critic framework to separate policy from value
network [32]. For better control, a continuous action space with 20 dimensions was
used with this algorithm.

3.3 Environment Definition

All DRL algorithms were exposed to the same environment that started with 1 Access
Points (AP) and 10 Stations (STA) (Only 1 AP because of the computational complexity
of having 10 STAs with dynamic requirements) (Fig. 4 illustrates the environment). The
state, action, transition and rewards were defined as follows:

2 Mnih et al. [27] provide a clear description of the basic structure of DQN.
3 Vaswani et al. [31] give a detailed account of how transformers work.
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Fig. 4: High-level view of n-States

State Space For all the 10 stations, they were defined by; throughput (0-100 Mbps),
delay (0 - 100 ms), received signal strength (RSSI) (-100 to -30 dBm) and interference
level (0 to 50)4. Every agent received an observation vector of 40 numerical values
leading to a state space of 40 dimensions.

Fig. 5: State space and action space

4 0 = no interference and 50 = heavy interference
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Action Space Both discrete and continuous action spaces were available. The actions
were subject to the power levels and channel width.

For the former, three power levels were provided. Low power5 (level 0), 10 - 15
dBm; medium power6 (level 1), 15 - 25 dBm and high power7 (level 2) 25 - 30 dBm.

Three channel widths were used. Narrow channel8 (level 0), 10 - 15 MHz; medium
channel9 (level 1), 15 - 25 MHz and wide channel10 (level 2), 30 - 40 MHz.

With 10 STAs, an agent had access to 90 possible actions (Fig. 5). The goal of an
agent was to learn trade-offs between power and width allocation.

Transition Probability NS3Gym provided the transition probability after an agent
took an action from a given state. NS3Gym applied the allocation given and simulated
a 20 ms real network scenario having; radio propagation model (how the signal trav-
eled/interfered), packet traffic (real data flow between STAs and AP), channel condi-
tions (noise, collisions and fading) and PHY/MAC layer behavior (based on extensions
to 802.11ax simulations as 802.11be was not supported in NS3 at the time of the exper-
iments).

Reward The reward was defined using six parameters. Throughput, fairness index11,
satisfaction, average delay, energy efficiency and an adaptability bonus. The reward was
defined as shown in equation 7, using individual definitions, equations 1 to 6.

Throughput =
∑i throughputi

1000
(1)

Fairness =
(∑i throughputi)

2

10×∑i throughput2i
(2)

Req_Satisfaction =
1
10

×∑
i

[
min

(
throughputi
requirementi

,1.0
)]

(3)

Delay_Penalty =−average_delay
100

(4)

Energy_Reward =

(
total_throughput

total_power

)
10

(5)

Adaptability_Bonus = 0.1×
(

1− time_to_adapt
max_adaptation_time

)
(6)

5 Short range and energy efficient
6 Balanced range and power
7 Long range and high energy use
8 Low throughput but robust
9 Balanced for throughput and reliability

10 High throughput but susceptible to interferences
11 Using Jain’s fairness index.
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Reward = 0.30×
(

∑i throughputi
1000

)
+0.30×

(
(∑i throughputi)

2

10×∑i throughput2i

)

+0.20×

(
1

10
×∑

i
min

(
throughputi
requirementi

,1.0
))

+0.10×
(
−average_delay

100

)
+0.10×

( total_throughput
total_power

10

)

+0.10×
(

1− time_to_adapt
max_adaptation_time

)

(7)

4 Experiments

A circular STA distribution with variable distances of 10 to 20m radius was considered
to simulate realistic signal attenuation. For traffic patterns, heterogeneous UDP traffic
was used. This traffic had variable packet sizes of 1024 - 1792 bytes, diverse transmis-
sion intervals (2 - 6ms) and mixed loads (10000 - 20000 packets/STA).

The training procedure used 500 episodes with evaluations done after 20 episodes.
100 different and random experiments were performed having diverse volatility and
dynamic patterns. On average, the training time was 80-160 hours for CPU (11th Gen
Intel® Core™ i7-11850H × 16) and 20-80 hours for GPU (NVIDIA T600).

The results were compared with those of OFDMA. The OFDMA method was im-
plemented with 3 strategies:

– Proportional Fairness - with an objective of balancing fairness with efficiency i.e.
maximize the throughput.

– Max-Min Fairness - A scheduling technique that maximizes fairness over total
throughput.

– QoS Aware Allocation - assigned resources based on service request by STAs.

The comparison between OFDMA and DRL algorithms was based on five perfor-
mance metrics. Total throughput, fairness index, delay performance, energy efficiency
and adaptability.

The final comparisons were meant to test the following hypothesis:

1. On average, DRL algorithms would achieve higher total throughput than OFDMA
methods across the 100 experiments.

2. DRL algorithms would demonstrate superior adaptability.
3. QoS aware OFDMA would outperform DRL in application-specific scenarios.
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5 Results & Discussion

5.1 DRL Results

Table 2 shows some of the results. The Improved DQN and Transformer DQN outper-
formed the other agents. On average, the Transformer DQN had a better cumulative
reward than Improved DQN. But the latter regularly challenged the former, particularly
in the early training episodes. This could be attributed to Transformer’s properties as
they need a longer horizon and more experiences to get good results. The performance
of these agents extended to other metrics with comparable outcomes (table 2 & 3).

Table 2: Performance comparison of DRL algorithms
Algorithm Avg Reward Max Reward Avg TP (Mbps) Max TP (Mbps)

Baseline 479.75±10.00 539.75 968.88±20.40 1068.15
DQN 477.81±110.32 531.15 955.40±220.45 1059.21
Improved DQN 498.78±18.37 545.63 997.94±37.23 1086.60
Transformer DQN 505.70±13.10 546.46 1011.22±25.88 1091.36

Table 3: Performance Comparison of DRL Algorithms
Algorithm Avg Fairness Avg Delay (ms) Energy Efficiency

Baseline 0.837±0.072 11.45±4.15 4.968±0.142
DQN 0.787±0.196 13.20±5.50 4.806±1.114
Improved DQN 0.845±0.063 13.72±4.89 5.002±0.192
Transformer DQN 0.840±0.088 13.03±4.08 5.033±0.199

5.2 DRL vs OFDMA

Transformer DQN showed superior performance in adaptability scenarios. It had the
highest adaptability (92%) and volatility handling capability (89%) score. Improved
DQN was second with 85% and 79% respectively (Fig. 6 & 7). These results were
not surprising as the two algorithms did have better throughput, delay progression and
energy efficiency.

A result that stood out for the DRL algorithms in the comparison experiments was
the poor performance of DQN. The vanilla DQN performance seemed to degrade with
time during these tests. In the end, it results fell short, even below those of the baseline
agent.

OFDMA strategies were better in terms of fairness, consistently having the highest
values. An unexpected outcome of this consistency was its advantage in dealing with
volatility conditions as all OFDMA methods did perform well in this test (Fig. 6).
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Fig. 6: Dynamic requirement handling score

Fig. 7: Algorithms performance under different volatility levels
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As for the hypothesis:

1. Hypothesis 1 was validated as the DRL algorithms achieved higher throughput
than OFDMA through the performance of Transformer DQN and Improved DQN.
Transformer DQN had the best throughput over the 100 experiment (confidence
level of 96%).

2. Hypothesis 2 was validated as Transformer DQN had the best adaptability score in
volatile and dynamic environments.

3. Hypothesis 3 was validated as OFDMA methods outperformed DRL algorithms in
some instance due to their consistent allocation that guaranteed a high fairness
index.

6 Conclusions

This paper compared DRL algorithms with OFDMA in allocating bandwidth in a Wi-
Fi 7 scenario. From the initial experiments a Transformer based DQN outperformed
all other DRL algorithms by getting better reward and higher values for other evalua-
tion metrics. Improved DQN, followed closely with comparable results. In comparison
tests, the DRL algorithms performed better than OFDMA methods in the dynamic and
volatile conditions. This conclusion is based on the better performance in metrics of
throughput progression, satisfaction, fairness, adaptability and efficiency. OFDMA was
better in static conditions as its variations consistently gave a fair distribution of band-
width.
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