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Abstract—WiFi 7 IEEE (802.11be) introduced Multi-Link
Operation (MLO) that enables its devices to communicate
over multiple links to support evolving latency-sensitive and
high-throughput applications. However, MLO requires advanced
scheduling algorithms to optimize the operation. This paper
models WiFi 7 scheduling as a constrained Markov Decision
Process that optimizes throughput, delay, latency and fairness
while capturing access constraints and traffic dynamics. We
also develop an attention-enhanced Rainbow Deep Q-Network
(DQN) scheduling framework that combines multi-head atten-
tion, distributional Q-learning, and prioritized experience replay.
Simulation results show up to 2.3× throughput improvement,
6× delay reduction, and marked gains in packet drop rate and
spectral efficiency over baseline Round Robin scheduling.

Index Terms—Wi-Fi 7, MLO, N-STR, DQN, DRL.

I. INTRODUCTION

IEEE 802.11be introduced significant enhancements to the
physical (PHY) and medium access control (MAC) layers [1].
4096-QAM modulation, 320 MHz bandwidth channels, up
to 16 spatial streams, and access to the newly allocated 6
GHz band alongside legacy 2.4 and 5 GHz bands are unique
features of WiFi 7 [2]. Additionally, Multi-Link Operation
(MLO) stands out as another unique capability of Wi-Fi 7.
In legacy Wi-Fi networks, devices operated in single-link
mode, meaning they could transmit or receive over only one
frequency band at a time, such as 2.4 GHz, 5 GHz, or 6
GHz. This operation limited throughput and made devices
more vulnerable to congestion or interference on that single
band.

MLO enables WiFi 7 Multi-Link Devices (MLDs) to estab-
lish and manage multiple simultaneous links across different
frequency bands. By aggregating or dynamically switching
between links, MLO improves throughput, latency, and reli-
ability, and unlocks new capabilities like link steering, load
balancing, and failover. These improvements enable high-
throughput, low-latency requirements of evolving applications,
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such as augmented/virtual reality (AR/VR), cloud gaming,
and robotics [3]. However, the development of advanced
scheduling algorithms is crucial to reaping the benefits of these
new capabilities [4].

MLO supports different data communication modes based
on transmission coordination and activity across different
bands. Considering transmission coordination, data exchange
can be classified as synchronous and asynchronous. In syn-
chronous MLO, all active links are tightly coordinated to
start and end transmission opportunities concurrently across all
bands. Conversely, asynchronous MLO considers independent
channel access and transmission timelines for all links. While
asynchronous operation is more flexible, it requires complex
hardware design. Considering transmission activity, WiFi 7
defines simultaneous transmit and receive (STR) and non-
simultaneous transmit and Receive (N-STR) [5]. STR implies
the devices capability to transmit and receive concurrently
across multiple links, requiring advanced physical and RF
design. On the contrary, N-STR is considered a practical and
cost-effective configuration for Wi-Fi 7 deployment, where
links are used in a synchronized manner either for transmission
or reception, but not both simultaneously.

Synchronous N-STR mode reduces hardware complexity,
lowers power consumption, and simplifies RF front-end de-
sign. However, it also may limit transmission opportunities
if one link is busy due to contention or interference. This
constraint imposes a stringent coordination requirement: all
scheduled links must be free to avoid half-duplex conflicts
or collisions. Such constrain may increase latency and reduce
spectrum utilization. Hence, advanced multi-band scheduling
is crucial to reaping the benefits of WiFi 7 in dense or dynamic
environments [6].

When an access point (AP) acquires the medium, it typi-
cally schedules multiple stations (STAs) across the different
bands. However, conventional scheduling strategies, such as
Round Robin or static prioritization generally ignore temporal
link states and inter-link coordination, leading to increased



delay, buffer overflows, and inefficient spectrum utilization [5],
[7]–[10]. Optimized scheduling decisions are challenged by
combinatorial explosion in the state space with the number of
bands and users due to traffic and channel diversity [11], [12].
Addressing these challenges is central to unlocking the full
potential of Wi-Fi 7 MLO in real-world deployments.

In this paper, we present a novel Deep Q-Network (DQN)-
based scheduler for Wi-Fi 7 SN-STR. Our main contributions
are as follows:

• We propose a multi-objective optimization framework for
the scheduler in the N-STR system, designed to jointly
optimize throughput, delay, packet drop, and fairness. The
framework also ensures flexible configurability, enabling
adaptation to diverse service requirements.

• We develop an attention-enhanced Rainbow DQN archi-
tecture that incorporates advanced reinforcement learning
techniques, dueling networks, distributional Q-learning,
prioritized experience replay, and noisy exploration for
robust policy learning. To optimize performance trade-
offs, we apply Bayesian optimization for principled re-
ward weight tuning during training.

• We evaluate the proposed scheme using a high-fidelity
Wi-Fi 7 simulation environment and benchmark it
against conventional baseline methods. Simulation results
demonstrate significant improvements in throughput, la-
tency, and packet loss, thereby validating the effectiveness
of DQN for next-generation wireless resource manage-
ment in MLO scenarios.

This study offers new insights into intelligent scheduling
for Wi-Fi 7 SN-STR and lays the groundwork for practical
deployments of AI-driven MAC protocols in future wireless
networks.

II. BACKGROUND AND RELATED WORK

A. N-STR Operation

In legacy Wi-Fi networks, devices compete for the medium
access using carrier sense multiple access with collision avoid-
ance (CSMA/CA) that involves sensing and random backoff
elements. WiFi 7 extended this single-link mechanism to
enable MLO. Two sensing frameworks are proposed, including
single primary channel (SPC) and multiple primary channel
(MPC). SPC contends for the access on a selected primary
band and briefly checks the other bands if a transmission
opportunity is deemed possible. Alternatively, MPC scans
all bands to ensure that they are idle. MPC may use the
shortest or longest backoff timer when contending on multiple
bands. MPC is more complex to implement but offers better
performance in congested environments.

Once a transmission opportunity is acquired, the MLD
schedules the packets to be transmitted in every band. To
ensure synchronized MLO, padding is used to align the
transmission durations over multi-link by appending extra bits
to shorter frames. Padding can lead to airtime waste and could
be critical for heterogeneous traffic. In the uplink, MLD AP
leverage Trigger Frames (TFs), extended in IEEE 802.11be, to

probe buffer occupancy at STAs. The AP then schedules STAs
based on its policy. In the presence of legacy devices, they may
contend to access the medium. Therefore, a combination of
CSMA/CA-aware contention management, uplink scheduling,
and adaptive padding control is essential to enable reliable,
high-performance MLO in Wi-Fi 7 networks.

N-STR MLDs offer distinct advantages, including lower
power consumption, simplified radio architecture, and reduced
manufacturing costsattributes especially beneficial for com-
mercial devices. Although incapable of simultaneous multi-
link operation, N-STR MLDs still deliver key MLO ben-
efits such as reduced latency, improved reliability through
link diversity, and enhanced channel utilization over legacy
single-link designs. Their streamlined hardware simplifies RF
shielding and mitigates electromagnetic interference (EMI).
These combined factors make N-STR a compelling option.
Consequently, while N-STR provides tangible implementation
advantages, it entails a trade-off in scheduling flexibility and
efficiency. The IEEE 802.11be draft leaves scheduling policies
open, allowing vendors and researchers significant latitude
in developing optimization strategies for traffic distribution
across multiple links.

B. MLO Scheduling

Recent advancements in IEEE 802.11be (Wi-Fi 7) have led
to significant exploration of MLO and scheduling mechanisms.
Lpez-Ravents and Bellalta [2] proposed a dynamic traffic
allocation framework that shows adaptive link assignment
significantly outperforms static methods in terms of congestion
control and delivery fairness. Complementarily, [13] proposed
a scalable MAC with AP coordination and full-duplex multi-
band support, achieving notable throughput gains by leverag-
ing aggregation and bonding. The service level agreements
(SLAs)-MLO framework [11] introduced a congestion-aware
scheduler that dynamically maps flows to links by SLA, re-
ducing SLA deviations by up to 50% under various congestion
levels. For latency-sensitive traffic, Bankov et al. [12] showed
that isolating high-priority flows on dedicated links cuts delay
while maintaining best-effort performance. Further work by
Lpez-Ravents and Bellalta [5] found that congestion-aware
single-link allocation outperforms naive splitting in dense
WLANs. An analytical framework proposed in [6] explored
how traffic allocation, idle listening, and channel diversity
affect flow completion times.

Machine learning has also emerged as a design methodology
for MLO. Dawar et al. [7] used traffic classification and
QoE-aware scheduling to optimize link utilization and energy
efficiency. Lv et al. [8] analyzed blocking and idle dynamics
for IEEE 802.11be MLO. Other studies [9], [10], [14]–[16]
focused on mitigating interference with legacy devices and im-
proving overall system stability through proposed coexistence-
aware access with dynamic contention tuning.

Reinforcement learning (RL) has driven innovations such
as deep RL-based frame aggregation [17], multi-agent RL for
STR-based access [18], and centralized DRL for throughput-
aware scheduling [19]. A hybrid Multi-Armed Bandit (MAB)



Fig. 1: Non-Simultaneous Transmit and Receive (N-STR)
MLD.

learning with Large Language Models (LLMs) framework
[20] further supports intelligent channel allocation in dynamic
WLANs. However, most aforementioned work consider an in-
dividual objective or adopted a static methodology. In contrast,
our work considers a multi-objective strategy that facilitates
adaptive QoS-aware scheduling.

III. SYSTEM MODEL

A. Network Model

We consider a Wi-Fi 7 (IEEE 802.11be) network comprised
of an AP operating in N-STR MLD mode over n independent
wireless bands, indexed by B = {1, 2, . . . , n}, e.g., 2.4 GHz,
5 GHz, and 6 GHz. Each band b ∈ B serves a set Ub of
|Ub| STAs. The AP maintains finite-capacity buffers for each
STA with Poisson packet arrivals at rate λb,u packets per
slot. Following the N-STR operating principles, a transmission
opportunity is only initiated when all bands are simultaneously
idle; otherwise, no transmission occurs. We consider a time-
slotted system where a time slot corresponds to a transmission
opportunity. Hence, the AP acquires a transmission opportu-
nity when

Ib[t] = 1, ∀b (1)

where Ib[t] indicates whether band b is sensed idle at slot t.
Let xb,u[t] = 1 ∈ {0, 1} indicate that STA u on band b is

scheduled at slot t. When the AP acquires the transmission
opportunity for slot t, its scheduler decides one or more users
to serve in each band. Without loss of generality, we assume
for each band b and time t, at most one user is scheduled.
This assumption avoids intra-band interference, maximizes
per-user transmission rates through full bandwidth allocation,
reduces scheduling complexity from exponential to linear in
the number of users, and focuses optimization on the core
N-STR challenge of cross-band coordination. Thus, the joint
scheduling action is:

xb,u[t] =

{
1, if Ib[t] = 1,

0, otherwise
∀b, t (2)

∑
u∈Ub

xb,u[t] ≤ 1, ∀b, t (3)

The instantaneous signal-to-noise ratio (SNR) for user u on
band b at slot t, SNRb,u[t], evolves as a temporally correlated
Markov process [21]:

SNRb,u[t] = ρ · SNRb,u[t− 1] + (1− ρ) [µb,u[t] + σZb,u[t]]
(4)

where ρ is the channel correlation coefficient, µb,u is the time-
varying mean SNR, σ is the fading standard deviation, and
Zb,u[t] ∼ N (0, 1) models i.i.d. Gaussian noise.

In this work, all wireless impairments, including interfer-
ence, attenuation, and noise, are abstracted into the SNR
variable, which evolves as a temporally correlated random
process per user and band. This approach provides a tractable
and commonly used abstraction for a single AP Wi-Fi 7
deployment. For more complex topologies such as dense net-
works or multi-AP scenarios, our framework can be extended
to incorporate explicit path loss, shadowing, and inter-cell
interference models by refining the SNR process accordingly.
This is left for future work.

The Modulation and Coding Scheme (MCS) or user u in
band b at time slot t, denoted mb,u[t], is mapped from SNR per
the IEEE 802.11be specification [1]. In this work, all wireless
impairments, including interference, attenuation, and noise, are
abstracted into the SNR variable. This approach provides a
tractable and commonly used abstraction for single AP Wi-Fi
7 deployments.

B. Buffer Dynamics

The AP maintains a dedicated downlink buffer for each
STA. The buffer dynamics are governed by random arrival
and transmission processes in every time slot. Let λb,u[t] and
Thrb,u[t], respectively, represent the number of packets arrived
and transmitted for user u on band b in time slot t. The user
buffer size, denoted as Qb,u[t], is updated as:

Qb,u[t+ 1] = max{0, Qb,u[t]− Thrb,u[t]}+ λb,u[t] . (5)

Thrb,u[t] can be expressed as

Thrb,u[t] =

⌊
NDBPS(mb,u[t]) ·Nsym

Lpacket · 8
,

⌋
(6)

where NDBPS(m) is the number of data bits per OFDM
symbol for MCS level m:

NDBPS(m) = bpscs(m) · r(m) ·RUb,u[t] (7)

bpscs(m) is the bits per subcarrier symbol for MCS m (e.g.,
1 for BPSK, 2 for QPSK), r(m) is the coding rate for MCS
m (e.g., 1/2, 3/4, 5/6). RUb,u[t] is the number of tones in the
assigned resource unit. Nsym = 73 is the number of OFDM
symbols per time slot (1 ms with 13.6 µs symbol duration).
Lpacket = 1500 bytes is the packet size.

Considering the limited buffer capacity, denoted as Qmax
b,u ,

the number of dropped packets for user u in band b during
time slot t, denoted as Dropb,u[t], can be expressed as:

Dropb,u[t] = max{0, Qb,u[t] + λb,u[t]−Qmax
b,u }. (8)



IV. MLO SCHEDULE OPTIMIZATION

Our N-STR scheduler optimizes a multi-objective utility that
rewards long-term throughput and fairness and penalizes delay
and packet drops. For fairness, we consider Jains Fairness
Index, expressed as:

FJain[t] =

(∑
b,u Thrb,u[t]

)2
BU

∑
b,u Thr

2
b,u[t]

(9)

The value of Jains fairness index ranges from 1/(BU) (highly
unfair) to 1 (perfect fairness). The delay component is more
relevant to time-sensitive applications that operate on strict
delay budgets. Let Db,u[t] is the head-of-line (HoL) packet
buffering delay for user u in band b at tile t. The delay
constraint for these applications is defined as:

Db,u[t] ≤ Lb,u, ∀t (10)

where Lb,u represents the maximum delay bound.
At each N-STR transmission opportunity, the scheduler

selects a user in each band to maximize the overall utility
across a finite scheduling horizon (T slots). The scheduling
optimization problem is defined as follows.

max
xb,u[t]

T∑
t=1

[∑
b∈B

∑
u∈Ub

αb,uThrb,u[t] + βFJain[t]

− γ
Db,u[t]

Lb,u
xb,u[t]− δDropb,u[t]

]
(11)

Subject to:∑
u∈Ub

xb,u[t] ≤ Ib[t], ∀ b, t (C1)

RUb,u[t] = Rbxb,u[t] (C2)
Qb,u[t+ 1] = max{0, Qb,u[t]− Thrb,u[t]}+ λb,u[t] (C3)
Dropb,u[t] = max{0, Qb,u[t] + λb,u[t]−Qmax

b,u } (C4)

Db,u[t] ≤ Lb,u, ∀t (C5)
xb,u[t] ∈ {0, 1}, ∀b, u, t (C6)

αb,u, β, γ, and δ are weights for objective components.
The scheduling problem can be modeled as a constrained

Markov Decision Process (CMDP) [22]. The environment
state S[t] includes, for all users and bands, the current queue
lengths, SNR values, head-of-line delays, historical buffer
statistics, recent channel quality, drop rates, and global system
features, such as average queue and SNR per band. Action
A[t]: at each transmission opportunity, the agent selects one
STA per band to schedule for transmission; this is represented
as a vector of binary scheduling variables xb,u[t]. Reward
r[t]: the reward function captures throughput, fairness, delay
penalty, and packet drops, guiding the agent to maximize the
overall scheduling utility. Transition: The environment updates
the state according to buffer dynamics, channel evolution
(including correlated SNR variations), and packet arrivals, as
previously detailed. Hence, advanced DRL approaches can be
leveraged to optimize N-STR scheduling in Wi-Fi 7 networks.

V. PROPOSED SCHEME: DEEP REINFORCEMENT
LEARNING-BASED SCHEDULING

To solve the N-STR scheduling problem, we propose a
DRL framework that based on the Rainbow DQN architecture
augmented with an attention mechanism [23]. This approach
enables the AP to learn optimal scheduling decisions in a
highly dynamic Wi-Fi 7 multi-band environment with diverse
QoS demands, stochastic traffic arrivals, and temporally cor-
related fading channels.

A. Rainbow DQN with Attention Architecture

To address the high-dimensional state and action space
in multi-band, multi-user Wi-Fi 7 scheduling, we adopt a
deep reinforcement learning framework based on the Rainbow
DQN algorithm, further enhanced by a multi-head attention
mechanism. The proposed agent is designed to process com-
plex cross-user and cross-band interactions, efficiently learn
optimal scheduling strategies, and maximize the constrained
utility function described in the previous sections.

At each discrete time step t, the environment presents the
agent with a global system state S[t], which concatenates per-
user features including Qb,u[t], SNRb,u[t], Db,u[t], mb,u[t],
as well as global features such as mean queue length and
spectral efficiency across all users and bands. The state can be
represented as a matrix F[t] ∈ RB×U×d, where d is the feature
dimension. Data collection operates within existing IEEE
802.11be MLO frameworks with no additional control plane
overhead, and most state information is locally maintained
at the AP. The networks input layer first projects these raw
features into a latent representation using a fully connected
mapping [24]:

H(0) = φ(F[t]W0 + b0), (12)

where W0 and b0 are learnable parameters, and φ(·) denotes a
non-linear activation function. Subsequently, a multi-head self-
attention block is applied to model the dependencies between
users and bands. The attention mechanism computes, for each
head k ∈ {1, . . . ,K} as follows [25]:

Attention(k)(Q,K,V) = softmax
(
QK⊤
√
dk

)
V, (13)

where Q = H(0)W
(k)
Q , K = H(0)W

(k)
K , V = H(0)W

(k)
V ,

and dk is the head dimension. The outputs from all heads
are concatenated and linearly projected to form the attention-
enhanced feature map [25]:

H(1) = ConcatKk=1

(
Attention(k)(Q,K,V)

)
W0, (14)

This attended feature representation is passed through addi-
tional fully connected layers, yielding a shared latent embed-
ding Z that captures global network context and user-specific
conditions.

The dueling DQN architecture is then employed to sep-
arately estimate the state-value function V (S[t]) and the
advantage function A(S[t],A[t]) for each possible scheduling



Fig. 2: Rainbow DQN with Attention scheduling framework
for Wi-Fi 7 multi-band networks.

action A[t]. Specifically, the final Q-value for action A[t] is
given by [26]:

Q(S[t],A[t]) = V (S[t])+

(
A(S[t],A[t])− 1

|A|
∑
A′

A(S[t],A′])

)
,

(15)
where |A| is the number of feasible scheduling actions. The
network outputs a distribution over value atoms, {zi}Ni=1,
representing the probability masses of potential return values,
as required by the distributional RL component of Rainbow
DQN. Letting pi(S[t],A[t]) denote the probability assigned to
atom zi, the expected Q-value is [27]:

Q(S[t],A[t]) =
N∑
i=1

zipi(S[t],A[t]). (16)

The training objective minimizes the cross-entropy between
the predicted and projected target distributions, where the
multi-step target for each transition (S[t],A[t], r[t], S[t + 1])
is computed as [27]:

Tz = r[t] + ωn max
A′

Q(S[t+ n],A′), (17)

with n being the n-step return parameter and ω the dis-
count factor. The agent employs prioritized experience replay,
sampling transitions with probability proportional to their
temporal-difference error. For exploration, the noisy network
layers inject trainable stochasticity into the Q-value estimates,
facilitating efficient discovery of optimal policies. The target
network parameters θ− are updated periodically using a soft
update rule [27]:

θ− ← τθ + (1− τ)θ−, (18)

where τ ∈ (0, 1) is the update rate. The target network
soft update is performed every ftarget training steps to maintain
stability while allowing gradual parameter evolution. Training
commences after an initial exploration period of εinit episodes,

Algorithm 1 Bayesian Optimized Rainbow DQN with Multi-
Head Attention

1: Input: F[t] including environment parameters (B, Ub, E,
T , SNR model)

2: Initialize DQN θ, target θ−, D, BN
3: Initialize Bayesian optimizer BO w = [w1, w2, w3, w4]
4: for episode e = 1 to E do
5: for slot t = 1 to T do
6: Update STA states, extract S[t], get available At

7: Select action: at ← argmaxa∈At
Q(st, a; θ)

8: Execute at, calculate reward: rt =
∑4

i=1 wi·
9: Store (st, at, rt, st+1) in BN ; if full, transfer to D

10: end for
11: if e > εinit then
12: Train: sample from D, update θ, soft update θ− every

ftarget steps
13: end if
14: if e ≥ ε0 AND e mod ∆BO = 0 then
15: Update BO, suggest wnew via Expected Improve-

ment, normalize weights
16: end if
17: end for
18: Output: Optimal policy π∗ and weights w∗

ensuring sufficient experience accumulation in the replay
buffer before gradient-based optimization begins.

Through this architecture, the Rainbow DQN with Attention
agent learns to map the complex, temporally and spatially cor-
related state of the Wi-Fi 7 network to high-quality scheduling
decisions, effectively maximizing the CMDP objective and
ensuring robust, fair, and efficient use of multi-band wireless
resources. The DRL workflow summary for the whole system
is illustrated in the algorithm and as shown in Fig 2.

B. Training Methodology and Convergence Analysis

The training methodology and convergence behavior of the
proposed attention-enhanced Rainbow DQN agent were eval-
uated through empirical analysis. Key performance indicators
episodic rewards, throughput, delay, and fairness were tracked
over 150 training episodes. Convergence was assessed using
a 25 episode moving average to distinguish sustained learn-
ing trends from transient fluctuations. Quantitative metrics
included improvements in average throughput between initial
and final quartiles and performance stability measured via the
standard deviation of throughput over the last 20% of episodes.
The progression of cumulative rewards served as the primary
indicator of policy refinement throughout the training process.

The implementation integrates prioritized experience re-
play with importance sampling, where transition probabilities
are scaled by temporal-difference errors to enhance sample
efficiency. Importance sampling weights are annealed from
βDQN = 0.4 to 1.0 over 100 episodes to reduce gradient
bias while preserving effective exploration. For exploration,
the agent employs parametric noise via NoisyLinear layers
using a factorized Gaussian noise model. This state-dependent



TABLE I: Evaluation Setup

Parameter Description/Value
RUs 996 tones (full-band per user, OFDMA)
t (time slot) 1ms
Qb,u[t] 50 packets
λb,u[t] Poisson (0.5 packets/slot)
Lb,u 10ms
Number of Episodes E 150
Number of Slots per Episode T 300
ε0 30
∆BO 25
Neval 20
Replay Buffer D 100,000 transitions
BN capacity 3 transitions
Number of Attention Heads K 4
Attention Head Dimension dk 16
Hidden Layers 2–3 FC (64–128)
ftarget 500
εinit 10
Activation Function ReLU
Optimizer Adam

approach eliminates the need for explicit ϵ-greedy scheduling,
enabling adaptive exploration aligned with the current state
distribution. Noise parameters are reset after each gradient
update to maintain exploration diversity throughout training.

The proposed system leverages Bayesian Optimization to
automate the tuning of the objective reward function in wire-
less scheduling, w∗ = [α, β, γ, δ] with simplex constraint,∑

w∗ = 1. It uses a Gaussian Process to model performance,
requiring Neval simulation episodes per weight configuration
for reliable evaluation [28]. Starting from uniform weights
during the first ε0 episodes, the algorithm then iteratively
refines weight configurations via Expected Improvement every
∆BO episodes, constrained within practical bounds where
throughput weights range as α ∈ [0.10, 0.70], β ∈ [0.10, 0.60],
γ ∈ [0.10, 0.60], and δ ∈ [0.05, 0.40]. The optimization
problem is formulated as w∗ = argmax f(w), where f(w)
represents the expected performance of the scheduling system
under weight configuration. The Bayesian Optimization initial-
ized multi-start local search with five restarts, ensuring adher-
ence to simplex constraints while systematically balancing ex-
ploration and exploitation through fifty candidate evaluations
per iteration. The method automatically discovers effective
weight configurations without manual tuning, offering robust
performance, though specific convergence times depend on the
complexity of the performance landscape.

These results confirm the effectiveness and reliability of the
attention-enhanced Rainbow DQN architecture for real-world
Wi-Fi 7 scheduling scenarios.

VI. PERFORMANCE EVALUATION

A. Evaluation Setup

We implement the proposed DQN-based N-STR scheduler
in PyTorch and simulate a Wi-Fi 7 MLD network across the
2.4, 5, and 6 GHz bands. Each band supports up to 20 stations
with Poisson-modeled traffic arrivals (λb,u = 0.5 packets/slot),
temporally correlated SNR fading where the initial mean SNR
is drawn from µb,u[0] ∼ U(4, 43) dB and evolves over time

with correlation coefficient ρ = 0.9 and fading standard
deviation σ = 2 dB. The system and DQN hyper-parameters
are listed in Table I.

The proposed approach is benchmarked against the standard
Round Robin scheduler. Key evaluation metrics include aggre-
gate throughput, average packet delay, Jain’s fairness index,
and packet drop rate.

B. Results and Discussion

Fig. 3 plots both raw training measurements (transparent)
and moving average trends (solid lines) calculated using a 25-
episode sliding window. The DQN-based scheduler demon-
strates clear superiority over the Round Robin baseline across
all metrics. The DQN agent boosts the throughput by up to
a 2.3×. The DQN schedler consistently serves more packets
per episode than RR (∼6700 vs ∼2900 packets/episode). This
gain is observed to be stable as the network traffic load and
environmental conditions vary, as shown in Fig.3a.

Additionally, Fig. 3b shows our DQN agent reduces the
average packet delay to ∼13 time slots in comparison to ∼90
time slots for the Round Robin scheduler. This 6× reduction
enables meeting the stringent QoS requirements of latency-
sensitive flows, which satisfies the AR/VR QoS requirement
of < 20 ms end-to-end latency.

Fig. 3d illustrates that our DQN scheduler reduces packet
drop rates to 3% , a huge reduction from the 25% achieved
by the Round Robin scheduler. This reduction demonstrates
the benefit of queue and channel-aware decision making to
preserve the quality of service of the application layer.

Fig. 3c shows that our DQN scheduler converges to a
fairness index of 0.6 in comparison to ∼0.65 for the RR
scheduler. It is important to note that the RR scheduler
achieves a significantly lower throughput. More critically, this
performance results from balancing the tradeoff between the
different components of our scheduling objective. However,
our scheduler behavior can be altered by tuning the reward
function. Fig. 4 shows the Bayesian optimization process
achieved convergence within five evaluation cycles, initially
explored sub-optimal configurations, with performance de-
creasing from 0.66 to 0.57 at step 2, before discovering
the optimal solution yielding a peak performance of 0.77
at step 4, representing a 16.7% improvement over uniform
weighting. The discovered optimal weight configuration re-
veals delay minimization as the highest priority (50%), packet
drop (20%), throughput (15%), and fairness (15%). This distri-
bution suggests that delay minimization serves as an effective
proxy for overall system optimization. The weight evolution
trajectories demonstrate systematic learning, with throughput
weights decreasing from initial exploration peaks while delay
weights increase substantially to reach optimal values. The
fairness and packet drop components exhibit more stable
evolution, indicating robust constraint satisfaction throughout
the optimization process.

The attention mechanism significantly accelerates conver-
gence and improves performance under correlated fading,
demonstrating that the attention-enhanced DQN scheduler



(a) Throughput (b) Delay.

(c) Fairness. (d) Packet Dropping.

Fig. 3: Performance metrics for tested scheduling Algorithms.

Fig. 4: Bayesian Optimization: Weight Evolution.

delivers superior multi-objective results in realistic Wi-Fi 7 N-
STR environments, surpassing baseline methods in throughput,
delay, fairness, and packet drop rate.

VII. CONCLUSION

This work presents a DRL framework for scheduling in
Wi-Fi 7 synchronous N-STR MLD networks. Our proposed
attention-enhanced Rainbow DQN scheduler considers a de-
tailed network state while optimizing throughput, fairness,
delay, and packet dropping. Simulation results demonstrate

up to 2.3× throughput improvement, 6× delay reduction,
and sustained packet drop rates below 3%, in comparison to
typical multi-user Round Robin baseline 25%. Additionally,
Jain’s fairness improve from 0.4 to 0.65 without sacrificing
performance. The agent converges stably within 80 − 100
episodes. This work lays a foundation for intelligent, adaptive
MAC-layer scheduling in Wi-Fi 7, addressing cross-band
coordination in N-STR systems. Future research will explore
uplink extensions and multi-AP deployments.
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