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Abstract—Quantum entanglement is the cornerstone of quan-
tum network communication, yet the qubit resources required
to establish it are severely limited. Moreover, users within the
network impose strict delay constraints on entanglement requests
due to various factors, such as the real-time requirements of
upper-layer applications or the finite coherence time of user-
side quantum memories. Consequently, effectively scheduling
scarce qubit resources to serve these time-sensitive requests
presents a significant challenge. This difficulty is exacerbated
by the partial observability of quantum systems and the time-
varying nature of qubit generation rates, rendering traditional
scheduling algorithms ineffective. Furthermore, while Deep Re-
inforcement Learning (DRL) offers a promising avenue for
quantum network optimization, existing research primarily fo-
cuses on network-layer routing, overlooking the finer-grained
entanglement scheduling problem subject to strict delay and
resource constraints. To bridge this gap, we propose the Deep
Quantum Request Scheduler (DQRS), a novel DRL-based algo-
rithm designed to maximize service quality under these dual
constraints. Specifically, DQRS integrates a spatio-temporal
branching architecture and virtual action slots within an Actor-
Critic framework. This design enables robust scheduling with
continuous actions while adaptively managing fluctuating qubit
budgets. Extensive simulation results demonstrate that DQRS
achieves up to 44% performance improvement over traditional
methods and a 4% gain compared to state-of-the-art DRL
benchmarks across various resource constraints and observability
settings, validating the robustness of the proposed approach.

Index Terms—Quantum networks, Entanglement scheduling,
Deep reinforcement learning.

I. INTRODUCTION

The realization of quantum networks relies heavily on
entanglement distribution [1]—[3], which provides the essential
resources for protocols such as quantum teleportation, secure
cryptography, and distributed quantum computing. However,
serving these applications presents a fundamental challenge:
the network must satisfy strict delay constraints imposed by
users while operating with limited qubit resources. These
stringent timing requirements stem from the specific Quality
of Service demands of end-users. For instance, many upper-
layer applications necessitate high real-time responsiveness to
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ensure the seamless execution of interactive quantum pro-
tocols. Meanwhile, the inevitable decoherence of user-side
quantum memories imposes intrinsic delay constraints on
critical operations, such as entanglement swapping, where the
scheduler must promptly deliver fresh entanglement before
the fidelity of existing states degrades below the required
threshold. Crucially, if the scheduler fails to serve a request
within its critical validity window, the request becomes invalid,
leading to immediate service failure. This not only severely
impairs the system throughput but also results in the wastage
of scarce quantum resources already committed to the failed
task.

The challenge is further intensified by the stochastic and
time-varying nature of qubit generation rates, which requires
the scheduler to allocate resources under dynamic, time-
dependent budgets intelligently. Adding to this complexity is
the partial observability of the quantum system, where the
complete network state is often inaccessible, introducing high
uncertainty into the decision-making process. Consequently,
developing an efficient entanglement scheduling algorithm
capable of managing these strict trade-offs is of paramount
importance for optimizing quantum network performance.

However, traditional scheduling algorithms [4]-[8] often
struggle to cope with the partial observability of quantum net-
work states and fail to meet the strict delay and resource con-
straints. In contrast, Deep Reinforcement Learning (DRL) has
emerged as a powerful paradigm for solving complex decision-
making problems, particularly in environments characterized
by uncertainty and partial information. By learning optimal
policies through continuous interaction with the environment,
DRL eliminates the reliance on precise system models. Lever-
aging these inherent advantages, DRL has recently garnered
increasing attention and has been widely adopted in the context
of quantum entanglement distribution [1], [9]-[11].

Nevertheless, existing DRL-based approaches primarily fo-
cus on network-layer routing optimization, often overlooking
the finer-grained entanglement request scheduling problem
subject to strict delay and resource constraints, which presents
more significant challenges. First, in contrast to routing tasks
that often rely on macroscopic network metrics, fine-grained
scheduling must contend with intricate mechanisms, such
as strict delay constraints and the stochastic probabilities
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of entanglement establishment. This necessitates a level of
temporal precision and responsiveness to micro-state dynamics
that is rarely demanded in high-level routing optimization.
Second, practical quantum systems are subject to time-varying
qubit generation rates, where the available qubit budget fluctu-
ates dynamically over time. This temporal variability renders
simple greedy strategies ineffective, compelling the scheduler
to strategically manage qubit consumption to accommodate
future scarcity. Finally, unlike routing decisions that typically
involve discrete action sets (e.g., path selection), optimiz-
ing request scheduling under these complex dynamics often
requires operating in a continuous action space to allocate
qubit resources. This substantially expands the search range
and complicates policy convergence compared to traditional
discrete control problems.

In this paper, to address these challenges, we model the
delay-critical entanglement distribution process under dynamic
qubit budgets as a delay-constrained scheduling problem [12]-
[16], explicitly incorporating time-varying resource availability
[8]. Subsequently, we formulate the underlying system dy-
namics as a Partially Observable Markov Decision Process
and propose a novel DRL algorithm, named Deep Quantum
Request Scheduler (DQRS), to derive the optimal policy.
Specifically, DQRS enhances policy learning by leveraging a
spatio-temporal branching architecture for feature extraction,
incorporating a virtual action slot mechanism to guaran-
tee resource causality, and employing a robust Actor-Critic
paradigm to facilitate stable policy optimization in continuous
action spaces. Extensive simulation results demonstrate that
under various resource constraints and observation settings,
DQRS achieves a performance gain of up to 44% over
traditional methods and up to 4% over the state-of-the-art
DRL baseline, underscoring its effectiveness.

II. RELATED WORK

A. Quantum Network Optimization

A substantial body of research focuses on optimizing en-
tanglement routing paths. For instance, prior studies have
investigated diverse routing protocols [17]-[21]. Furthermore,
specialized architectural solutions have been explored [22]—
[24]. Attention has also been devoted to security assessment
[8], multi-party entanglement support [25], and multi-source
distribution strategies [26].

Complementing path selection, optimization-based resource
allocation plays a pivotal role. Regarding network stability,
researchers have applied Lyapunov drift optimization [4] and
max-weight policies [5], or addressed utility maximization
under adversarial bandit feedback [6]. Parallel efforts focus on
optimizing specific performance metrics, including through-
put, fidelity, and fairness [7], [27], [28]. In addition, theoretical
analyses have characterized capacity regions under purification
[29] and evaluated the switching performance of distribution
policies [30].

Nevertheless, most prior studies either overlook the simul-
taneous impact of resource limits and strict delay constraints,

or rely on prior knowledge that is unavailable in practical
quantum network systems.

B. Deep Reinforcement Learning for Quantum Network

Recently, Deep Reinforcement Learning (DRL) has
emerged as a powerful paradigm for complex decision-making
under uncertainty [31]-[37]. However, in the context of quan-
tum networking, existing DRL-based efforts have predom-
inantly concentrated on network-layer routing optimization
[1], [9]-[11], leaving the finer-grained entanglement request
scheduling problem, subject to the dual constraints of strict
deadlines and limited qubit resources, largely unexplored.
While analogous delay-constrained scheduling problems have
been investigated in classical networking [14]-[16], these
works typically rely on the assumption of static or average
resource budgets. Such assumptions are ill-suited for quantum
scenarios, where the available qubit budget is inherently time-
varying. Since users consume finite qubit resources to establish
fresh entanglement pairs, the dynamic fluctuation of qubit
availability necessitates more adaptive and causality-aware
control policies tailored to these unique resource dynamics.

III. PROBLEM FORMULATION
A. Entanglement Scheduling

Inspired by prior research [12]-[16], we consider a discrete-
time quantum network architecture with a star topology, where
a central scheduler serves N directly connected users, in-
dexed by ¢« = 1,2,..., N. Time is slotted and denoted by
t =1,2,...,T. In each time slot ¢, entanglement requests
are generated stochastically based on the users’ demands.
Let A;(t) denote the number of entanglement requests from
user 4 in slot ¢. The arrival vector is defined as A(t) =
[A1(t), Aa(t), ..., An(t)]. The scheduler then determines how
to allocate limited qubit resources to generate new entangled
pairs and serve these users.

1) Delay Constraints: The entanglement requests have
rigid deadlines stemming from various factors, such as the
timeliness requirements of upper-layer applications or the
decoherence effects at the link layer. To model this time-
sensitivity, we define 7; as the maximum allowable delay (in
time slots) for the requests of user ¢. Consequently, any request
that is not successfully served within 7; slots of its generation
is considered expired and is immediately purged from the
queue. This mechanism prevents the futile consumption of
scarce qubit resources on stale requests that can no longer
satisfy the user’s requirements.

2) Buffer Model: The central scheduler maintains N sep-
arate logical queues to buffer the entanglement requests. Let
the aggregate queue state of the network be denoted as:

Qt) = [Q1(1), Q2(t),...,Qn ()] (1

The i-th queue, Q;(t), buffers the pending requests as-
sociated with user . To explicitly track the urgency of
these delay-critical requests, each queue is structured as a
set of sub-queues based on the residual lifetime: Q;(t) =
[QY(t), QL(L), ..., QT (t)]. Here, Q(t) stores the number of
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requests for user ¢ that have exactly j time slots remaining
before the deadline. Note that requests with j = 0 represent
the tasks that will expire and be removed from the system at
the beginning of the next time slot if not served successfully.

3) Entanglement Generation: To serve a request in slot ¢,
the scheduler must allocate qubit resources to establish fresh
entangled pairs for service. Due to the probabilistic nature
of photon transmission and entanglement generation, a single
attempt often yields a low success rate. To mitigate this,
we assume the system adopts a parallel trial strategy (e.g.,
spatial multiplexing), where multiple qubits are consumed
simultaneously to attempt entanglement generation for a single
request [38], [39]. Let v;(t) = [v2(t), v} (t),...,v] ()] denote
the qubit allocation vector for user 4, where v} (t) € [0, Umax]
represents the number of qubits allocated per request within
the j-th sub-queue. Here, vp,,x denotes the hardware capacity
limit, representing the maximum number of parallel quantum
memories or channels available for a single link interface. For
the purpose of optimization, we model v as a continuous
real variable representing the resource activation intensity,
facilitating gradient-based policy learning.

The success probability of an entanglement request is con-
tingent upon the quantity of qubit resources allocated for its
establishment and the prevailing channel conditions during the
distribution process. We denote the channel state information
for all users at time t as c(t) = [c1(t),ca(t),...,en(?)]
Consequently, the service attempt for each individual request
of user 4 is modeled as a resource-dependent Bernoulli trial.
Specifically, all () requests within the same sub-queue
share the same success probability, denoted as p; (v, ¢;(t)). If
a service attempt fails (with probability 1 — p;), the request
remains in the queue for the next slot, provided its residual
lifetime 7 > 0.

This probability is monotonically increasing with respect
to the allocated qubit count v (benefiting from diversity gain
via parallel trials), while being dynamically influenced by the
instantaneous channel state ¢;(t). However, the exact analytical
relationship governing these dependencies remains unknown
to the scheduler.

4) Dynamic Qubit Resource Model: Accounting for the
stochastic nature of qubit resource availability, we adopt the
time-varying resource constraint model framework from [8].
We define B(t) as the available qubit budget at the beginning
of time slot ¢, with an initial level B(0) = Bijyj;. The system
operates under a dynamic supply process, where a stochastic
amount of fresh qubit resources, denoted as G(t), becomes
available for use in each time slot. To maintain consistency
with the continuous action space formulation defined in the
previous section, we model G(t) as a continuous random
variable following an Exponential distribution with mean .
This effectively captures the random fluctuations in qubit
supply intensity.

The total resource consumption by the scheduler at time
slot ¢ is denoted as Neons(t). This consumption is determined
by the scheduling policy and is given by the summation of
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allocated resources across all users:
N
Ncons(t) = Z QL (t)TVi(t)' (2)
i=1

The system is subject to the resource causality constraint,
which requires that the consumed resources cannot exceed
the currently available budget, i.e., Neons(t) < B(t). Con-
sequently, assuming the node possesses sufficient quantum
memory capacity, the dynamics of the available qubit budget
evolve according to:

B(t+1) = B(t) — Neons(t) + G(t). 3)

5) Scheduler Objective: Let wu;(t) denote the number of
successfully served entanglement requests for user ¢ in time
slot ¢. Each user is assigned a predefined priority weight w; to
reflect distinct service requirements (e.g., varying importance
or application criticalities). Consequently, the instantaneous
weighted throughput of the system, denoted as U(t), and the
long-term time-average weighted throughput, denoted as U,
are defined as:

1 T
lim =S U®). 4
=1

N
U(t) = ;wzuz(t), U= lim 2
The objective of the scheduler is to maximize the long-
term time-average weighted throughput, subject to the strict
qubit resource causality constraint in each time slot. The
optimization problem is formulated as follows:

. 1
Py AT ©
N
st Y Qi()Tvi(t) < B(1), Wt
=1

vl (t) € [0, Vinax),

] Vi, g, t.

In practical quantum network systems, the scheduler typi-
cally lacks prior knowledge of system dynamics, such as the
stochastic arrival rates of requests and qubit resources, the ex-
plicit functional form of the entanglement success probability,
and the transition probabilities governing channel evolution.
As aresult, it is intractable to directly solve the aforementioned
constrained optimization problem using traditional methods.
To address this challenge, we reformulate the problem as a
Partially Observable Markov Decision Process (POMDP) and
design a novel Deep Reinforcement Learning algorithm to
approximate the optimal policy.

B. Partially Observable Markov Decision Process

A Partially Observable Markov Decision Process (POMDP)
[40] is characterized by the tuple (S, A,P,r, O,Q,~,uo),
where S, A, and O denote the state space, action space, and
observation space, respectively. r is the reward function, and
P represents the state transition probability function, defining
the likelihood P(s’|s,a) of evolving to state s’ from s after
executing action a. Additionally, 2 denotes the observation
probability function, characterizing the probability Q(o|s’,a)
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of perceiving observation o given the new state s’. Finally,
~v € [0,1) is the discount factor, and pg is the initial state
distribution.

In our scheduling model, we define the components of the
POMDP tuple as follows:

1) State: The system state at time ¢, denoted as sy, rep-
resents the complete physical environment. It comprises the
request arrival vector A(t), the queue state matrix Q(¢), the
qubit budgets B(t), the channel condition ¢(t), along with
other relevant system parameters.

2) Observation: The observation o; represents the local
information available to the scheduler. While the queue states
Q(t) and remaining budget B(t) are readily observable,
the instantaneous channel state c(t) is often inaccessible in
practice due to measurement delays. Therefore, we formulate
a flexible observation model: o; includes ¢(t) in the ideal Full
Observation setting while excluding it in the more realistic
Partial Observation setting, forcing the agent to infer channel
dynamics from historical interactions.

3) Action: Based on the observation o, the scheduler
executes an action a;, defined as the concatenation of qubit
allocation vectors for all users: a; = [v1(t), va(t), ..., vn(t)].

4) Rewards: The rewards are defined by the instantaneous
weighted throughput: r; = U (t).

5) Objective: The objective is to find the policy mg :=
7(+; @), parameterized by 6, which satisfies the constraints and
maps observations to actions while maximizing the expected
cumulative reward:

T
J™ =E [Z v're| o, We} - (6)
t=0

Remark: Through the proposed POMDP formulation, the
objective is to optimize the long-term time-average weighted
throughput. Specifically, in the finite horizon setting with
v — 1, the cumulative reward is equivalent to the total system
throughput (i.e., Zthl r; = TU). Consequently, maximizing
the expected cumulative reward 7™ implicitly solves the orig-
inal scheduling problem. However, standard DRL algorithms
lack intrinsic mechanisms to enforce strict resource causality,
frequently resulting in invalid actions that exceed the qubit
budget. To address this, we propose a novel framework that
confines the policy search strictly within the feasible action
space, guaranteeing that every generated schedule is physically
realizable.

IV. METHOD

In this section, we introduce our proposed DRL algorithm,
the Deep Quantum Request Scheduler (DQRS). It primarily
consists of three components: First, a spatio-temporal branch-
ing architecture is employed to extract inter-user correlations
at the current time step and the system’s long-range temporal
dependencies. Second, a virtual action slot is introduced to
ensure decision outputs satisfy resource causality constraints.
Finally, an actor-critic paradigm is utilized to achieve effective
and stable policy learning within continuous action spaces. The
full algorithm is presented in Algorithm 1.
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Fig. 1. The Spatio-Temporal Branching architecture of DQRS.

A. Spatio-Temporal Branching

Inspired by the temporal branch introduced in the prior work
[14], we design a sophisticated spatio-temporal branching
architecture for DQRS. As illustrated in Figure 1, the temporal
branch employs a Recurrent Neural Network (specifically,
a GRU [41] in our implementation). It utilizes the current
observation and the previous action as inputs, leveraging
hidden units to extract long-term temporal features to address
the challenges posed by partial observability.

In contrast, the spatial branch focuses on capturing in-
stantaneous inter-user relationships. Specifically, we treat user
information (e.g., current observation and action) and available
qubits as tokens and apply an attention mechanism [42] to
derive correlation information. Further, to prevent the loss
of original feature details during this process, we introduce
a skip connection where the linearly transformed input is
concatenated with the attention module’s output. This design
allows the network to leverage both local features and global
dependencies effectively.

Finally, DQRS aggregates the results from both branches
to generate the final output. With this architecture, DQRS is
capable of not only handling long-range partial observability
but also accurately interpreting current observational features,
even in scenarios with a large number of users.

B. Virtual Action Slot

Direct optimization using standard DRL algorithms often
struggles to guarantee strict adherence to resource causality
constraints. To address this, we design a specialized policy
structure for DQRS to ensure the generation of feasible
solutions at any stage of the optimization process.

Specifically, let the dimension of the action space be denoted
as Dim 4. We configure the policy network to output Dim 4+ 1
logits. These logits are normalized via a softmax function
to form a probability distribution that partitions the currently
available qubits (Line 7 in Algorithm 1). In this distribution,
the first Dim 4 dimensions correspond to the qubits actually
allocated to the respective queue slots. The final dimension
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serves as an additionally introduced virtual slot, which can
be interpreted as the proportion of qubits reserved (i.e., not
allocated) at the current time step. Furthermore, for the qubits
actually allocated to each request, we apply a clipping op-
eration to the range [0, Vyq.) (Line 8 in Algorithm 1). This
mechanism ensures that the final output actions strictly satisfy
the hard constraints imposed by the available qubit resources.

C. Actor-Critic Policy Optimization

Given that the action space of our formulated scheduling
problem is continuous, we employ the Actor-Critic architec-
ture for policy optimization.

First, it is important to note that the policy structure
designed in Section IV-B incorporates a non-differentiable
clipping operation to enforce hard constraints. Consequently,
the action optimization in DQRS is performed entirely within
the logits space. However, for notational convenience, we
abuse notation in the following sections to denote the actual
output logits of the policy network as a, unless otherwise
specified.

Subsequently, similar to prior works, to mitigate the estima-
tion error of Q-values, we sample a batch of actions from a
reference distribution p (e.g., a uniform distribution). We then
introduce a softmax operator to compute the target Q-value,
which is defined as follows:

E [cxp(ﬁczw,a))@(o,a)}

a~p u(a)
exp(£Q(0.0))

]E‘M[ () }

Softmax(Q; 3) = @)

Accordingly, we optimize the critic network by minimizing
the Temporal Difference (TD) error:

Leiic = [Q (0,a) — r — 7 - Softmax (Q (', a’) ; B)] 2 ®

where @ is the raw target Q-value, o’ and o’ are the next
observation and action, respectively.

Conversely, the actor network is optimized to find the best
policy mp by minimizing the negative Q-value:

Lactor = —Q (07 7T9(O)) ()]
where 6 represents the trainable parameters of the policy.

In addition, we incorporate the Clipped Double Q-Learning
technique, which involves maintaining two parallel actor-critic
architectures (Lines 11-23 in Algorithm 1). During the training
phase, we compute the target using the minimum Q-value of
the two networks to suppress overestimation bias. In contrast,
during deployment, the network yielding the larger Q-value
is utilized for action execution. Additionally, inspired by [33],
we implement a delayed policy update strategy (Lines 17-22 in
Algorithm 1), where the actor is updated at a lower frequency
than the critic. These mechanisms collectively ensure robust
policy evaluation and enhance the overall performance of
DQRS.

Algorithm 1 Deep Quantum Request Scheduler (DQRS)
1: Input: soft update rate r, episode number M, episode
length T, policy update frequency K.
2: Initialize: The replay buffer D. The parameters @1, @2
for the critics @1, @2, and 0y, Oy for the actors 71 5.
The parameters @1,@2,9_1,@ for the target networks.

3: for m =1 to M do
4. fort=1to T do
5 /I Interaction with the environment
6: Obtain the current observation o; and calculate action
logits a; = argmax;—1,2 (Q; (0, ar)).
7: Compute the allocation ratios w = Softmax(a),
where the last ratio w_1 is the virtual slot.
8: Allocate qubits _
l/f = min (w,lB(t) . Q‘f—gt), I/max> .
9: Store the transition (a;_1, ot:at7 r,04) into D.
/I Policy Update
10: Sample a batch of trajectories
{(00, ag,70,01,01,...,07+1)} from D.
/I Double Learning
11: for : =1,2 do
12: Sample the next action logits @ from 7§ with a
Gaussian noise.
13: Q = minj=172 (QJ (O7 d))
/I Softmax Operator
14: Calculate Softmax (Q (0,a); 6) according to (7).
15: Calculate L.,;4;. according to (8).
16: Update ¢; with Vo, Leritic.
/I Delay Policy Update
17: if t =0 (mod K) then
18: Calculate L,1o according to (9).
19: Update 6; with Vg, Lycior-
20: Pi = Kp; + (1 — /i)g@
21: é, = H@i + (1 — K)éz
22: end if
23: end for
24:  end for
25: end for

V. EXPERIMENTS

In this section, we establish a simulation environment
to model the scheduling of entanglement requests within a
discrete-time quantum network architecture with a star topol-
ogy. Based on this framework, we evaluate the performance of
DQRS. Then, we conduct an ablation study to investigate the
specific contributions of its individual components. Finally, we
provide visualization results to illustrate the intelligent qubits
usage patterns of DQRS.

A. Setup

1) Environment: Our experimental environment consists of
a scheduler serving 8 users. Request arrivals for each user
follow an independent Poisson process with user-specific rates,
while the global qubit generation follows an i.i.d. Exponential
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TABLE I
USER CONFIGURATION.

User  Arrival Rate  Delay 7  Weight w  Fiber Length L (km)
1 5 1 5 49.68
2 5 2 4 38.31
3 2 4 2 42.63
4 4 6 1 40.05
5 5 4 2 28.67
6 5 2 1 27.47
7 4 2 5 26.84
8 5 4 3 46.26

distribution. Any request that is not successfully served within
its specific delay constraint is immediately discarded. Our
experiments consider two observation settings: full observation
and partial observation. In the partial observation setting, the
current channel state ¢(t) is unobservable. Consequently, the
scheduler must infer the underlying channel dynamics through
interaction. The time horizon of a single episode is set to
50 time slots. For the evaluation, we execute each algorithm
for 20 episodes and report the mean of the average weighted
throughput. To ensure statistical reliability, all experiments are
repeated with 5 different random seeds.

2) Users and Service Configuration: The specific config-
urations for each user, including request arrival rates, delay
constraints, throughput weights, and the fiber distances from
the scheduler to the users, are listed in Table 1. The success
probability p;, which accounts for generation probability,
transmission loss, and detection efficiency, is given by:

pi=1—e™) - 107°F10 K(¢;)), v e 0, hmax]. (10)

Here, the first term (1 — e~ ") represents the probability
of successfully generating a fresh entangled pair given the
amount of qubits v, characterized by the efficiency coeffi-
cient 77. The second term 10~“L/10 accounts for the photon
survival probability over the optical fiber of length L with
attenuation coefficient o [43]. The final term K(c¢;) € (0, 1]
aggregates the effects of channel fading and detector efficiency
corresponding to condition ¢;. In our experiments, we set the
model parameters as 77 = 2.0 and v = 0.2 dB/km. The channel
state evolution is governed by a pre-defined Markov chain that
remains unknown to the scheduling algorithm. Specifically,
we consider three distinct channel states, associated with
coefficients K (c) values of 0.1, 0.5, and 1.0, respectively.

3) Baselines: Our baselines include two representative
traditional methods: Uniform and Earliest Deadline First
(EDF). The former distributes available qubits equally among
all requests at each time slot, while the latter prioritizes the
most urgent requests. In addition, to evaluate the performance
of our proposed algorithm architecture, we benchmark against
three advanced DRL algorithms: 7D3 [33], SD3 [34], and
RSD4 [14]. Tt is worth noting that for all DRL algorithms,
we incorporate the Virtual Action Slot mechanism to guar-
antee the feasibility of the learned policies. For the training
configuration, v is set to 0.99, and all DRL models are trained
over 5,000 episodes.

LB Z / " i ///

N
\

To T2

5 T H
Mean Generated Qubits Mean Generated Qubits

(a) Full Observation. (b) Partial Observation.

Fig. 2. Average throughput of different algorithms with various means of
generated qubits.

B. Evaluation

To assess the performance of DQRS and the baselines across
different qubit generation scenarios, we vary the mean of the
exponential distribution over five specific values in this section.
The initial qubit budget is set to Binit = 10.0.

The experimental results are presented in Figure 2. Lever-
aging our proposed virtual action slot mechanism, all DRL
algorithms discovered policies superior to traditional methods
under strict qubit resource causality constraints, thereby vali-
dating the effectiveness of this mechanism.

In detail, under the full observation scenario (Figure 2a),
all DRL algorithms significantly outperform the two tradi-
tional methods. Notably, DQRS achieves superior performance
among all evaluated algorithms, surpassing the best traditional
baseline by up to 44% and the best-performing DRL baseline
by up to 4%.

Specifically, compared to RSD4, which relies solely on a
temporal branch and a full connection branch, DQRS leverages
its additional spatial branch to effectively capture correlations
among multiple users, thereby further enhancing its perfor-
mance.

In the partial observation setting (Figure 2b), the absence of
channel state information leads to a performance degradation
across all DRL algorithms. However, they still maintain a
substantial advantage over traditional approaches. Even in this
more challenging environment, DQRS demonstrates perfor-
mance comparable to, or even better than, other DRL coun-
terparts, highlighting its robustness across diverse scenarios.

C. Ablation Study

A critical component of DQRS is its spatio-temporal
branching architecture. To evaluate its impact, we conduct an
ablation study under a mean generated qubits of 8.0, consid-
ering both full and partial observation scenarios. Specifically,
in addition to the full DQRS model, we evaluate two variants:
(1) Spatial-only, which removes the GRU-based temporal
branch; and (2) Temporal-only, which omits the attention-
based spatial branch and feeds the current action a, directly
into the temporal branch for the critic networks. We also
benchmark against RSD4, the current state-of-the-art DRL
baseline.

The results are illustrated in Figure 3. It is evident that
the Spatial-only variant consistently outperforms RSD4 across
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Fig. 3. Ablation on branches (Mean Generated Qubits = 8).

both observation scenarios. Furthermore, in the full observa-
tion setting, it achieves performance comparable to DQRS and
superior to the Temporal-only variant. This indicates that the
attention-based spatial branch effectively enhances feature ex-
traction capabilities for complex multi-user states, contributing
significantly to the superior performance of DQRS.

On the other hand, the inclusion of the temporal branch
yields distinct benefits. In the full observation setting, while
the temporal branch has a marginal impact on the average
throughput of DQRS, it reduces the variance, thereby sta-
bilizing performance in time-varying quantum environments.
Conversely, in the partial observation setting, where instanta-
neous channel state information ¢(t) is unavailable and agents
must infer channel dynamics through interaction, both DQRS
and the Temporal-only variant outperform the Spatial-only
variant. This suggests that the temporal branch empowers
DQRS to capture these temporal dependencies, leading to
further performance gains over the Spatial-only variant.

D. Visualization on Qubits Consumption

In the partially observable quantum network, the lack of
precise system state information compels traditional methods
to adopt a greedy approach, exhausting available qubits at
each time step. Conversely, a key factor contributing to the
superior efficiency of DRL algorithms, represented by DQRS,
is their ability to perceive system dynamics through inter-
action, thereby enabling more flexible qubit allocation. For
instance, the agent can strategically conserve qubits during
specific periods to reserve resources for future high-priority
packets or superior channel conditions, ultimately enhancing
transmission success rates and overall performance.

To visually illustrate these distinct qubit usage patterns,
Fig. 4 depicts the available qubits B(t¢) (green curve) and
actual qubit consumption (blue curve) for both DQRS and
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(a) DQRS. (b) Uniform.

Fig. 4. Available Qubits v.s. Actual Qubits Used in an episode (Full
Observation, 7" = 100, Mean Generated Qubits = 8).

401

the Uniform algorithm. The data is recorded over a 100-
step episode under the full observation setting with a mean
generated qubits of 8.0. For this visualization, DQRS uti-
lizes a policy model trained on a 50-step horizon (i.e., the
model trained in Section V-B), with data points connected
via interpolation for smoothness. It is evident that while the
Uniform algorithm exhausts all available qubits at every time
step, DQRS demonstrates intelligent qubit management. For
example, it conserves qubits during initial phases of low
request traffic to accommodate subsequent high-load stages,
thereby highlighting the superiority of the DQRS algorithm.

VI. CONCLUSION

In this paper, we addressed the critical challenge of entan-
glement request scheduling in quantum networks, explicitly
accounting for strict delay constraints, partial observability,
and time-varying resource budgets. By formulating the prob-
lem as a Partially Observable Markov Decision Process, we
proposed the Deep Quantum Request Scheduler (DQRS). To
tackle the system’s complexity, DQRS integrates a spatio-
temporal branching architecture for effective feature extraction
within an Actor-Critic framework, and introduces a novel
virtual action slot mechanism to strictly enforce resource
causality in the continuous action space. Extensive simulation
results demonstrate that, under various resource budgets and
observation settings, DQRS achieves performance gains of up
to 44% over traditional heuristics and 4% over state-of-the-art
DRL baselines, underscoring its robustness and effectiveness
in resource-constrained quantum networks.
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