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Abstract—Delay-sensitive Internet of Things (IoT) applications
are rapidly growing with the adoption of new wireless technolo-
gies. We formulate the transmission scheduling problem for an
IoT sensor as a Constrained Markov Decision Process (CMDP)
that aims to minimize the transmission power consumption
subject to a buffer cost constraint, and propose to solve it
using reinforement learning (RL). However, conventional RL
techniques ignore prior knowledge of system dynamics, leading to
sample inefficiency. Post-decision state (PDS) learning mitigates
this issue by leveraging known system information to improve
learning performance, but its high computational complexity
makes it impractical for resource-constrained devices. To address
this challenge, we propose stochastic PDS learning, a novel RL
algorithm combining PDS principles with stochastic sampling.
This approach produces a physics-informed RL agent that
can exploit known system information even while operating
under limited computational resources. We further extend this
approach to Virtual Experience (VE) learning, which exploits
the basic “physics” of the system to learn about multiple states
in each time step, demonstrating that stochastic sampling en-
ables practical implementation of the otherwise computationally
intensive VE method. Simulation results show that sampling-
based VE learning achieves 5-10% weighted percent error (WPE)
between the optimal value function and learned value function
and sampling-based PDS learning achieves 25-30% WPE, both
outperforming Q-learning (with 45-50% WPE) and achieving
performance comparable to standard PDS and VE methods
without sampling. Notably, the sampling-based algorithms are
effective even when using a single sample for approximation,
validating their efficiency and suitability for resource-constrained
IoT devices.

Index Terms—Physics-informed learning, Reinforcement learn-
ing, Constrainted Markov decision process, Post-decision states,
Stochastic sampling, IoT sensors, transmission scheduling

I. INTRODUCTION

As 5G/6G networks and Internet of Things (IoT) systems
evolve, devices are increasingly deployed in unknown and
dynamic environments requiring adaptive control strategies.
Reinforcement Learning (RL) has emerged as powerful tool
for these scenarios, enabling agents to optimize their decision
policies and value functions purely through interaction with
their operating environment, where the value function quan-
tifies the “desirability” of being in each state and the policy
determines the action to take in each state.

However, traditional RL algorithms—whether model-free
or model-based, tabular or approximated—are fundamentally
data-driven. They treat the system as a “black box,” ignoring
prior knowledge of system dynamics (e.g., packet losses,
buffer evolution), available actions (e.g., scheduling decisions),
or cost structures (e.g., energy, delay).

By failing to leverage this prior knowledge, conventional
data-driven agents are forced to “learn” the basic physics of
the environment, leading to significant sample inefficiency and
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Fig. 1: Intelligent low-complexity scheduler for delay-sensitive
wireless [oT sensors and applications over wireless networks.

slower convergence. To address this, physics-based or physics-
informed machine learning [1], [2] is proposed, which inte-
grates models of systems into the learning process, enabling
algorithms to generalize better from fewer training samples.

In this paper, we embed the prior knowledge of the system
into the RL algorithm rather than utilizing a neural network to
extract them. This can be achieved with so-called PDSs (also
known as afterstates [3]), which alter the learning structure
by factoring the state transition into known components con-
trolled by system physics and unknown components driven by
environment stochasticity.

Extensive work has demonstrated the efficacy of PDS-
based learning and its ability to improve the empirical con-
vergence rate of RL algorithms [4]-[10]. Early applications,
such as [4] and [6], demonstrated that PDS formulations could
optimize energy-efficient scheduling over fading channels with
remarkable efficiency. These studies defined a deterministic
PDS, where the intermediate state (e.g., the buffer level
post-transmission) is a deterministic function of the current
state and action. Under this assumption, PDS learning has
complexity comparable to tabular model-free RL algorithms
such as Q-learning.

In [5], Mastronarde et al. addressed a variation of the
energy-efficient delay constrained scheduling problem by gen-
eralizing the PDS framework to allow the PDS to be a
(known) stochastic function of the current state and action.
In [7], Sharma et al. minimized the queuing delay of an
energy harvesting wireless sensor, utilizing PDS-based RL
and value function approximation. Subsequently, Zhang et
al. [8], proposed blind PDS learning, a method that eliminated
the need for prior knowledge of the “known” component
of the transition probabilities, by estimating them directly
from interactions with the environment. He et al. [9] and
Yang et al. [10] augmented deep RL (DRL) algorithms with
PDSs to optimize offloading in mobile-edge computing and
beamforming for intelligent reflective surface (IRS)-aided se-



cure communication. However, when the PDS is a stochastic
function of the state and action, the convergence gains of PDS-
based RL come at the expense of increased computational
complexity due to the need to compute expectations over
the known transition probability function (or its estimate
in [8]). This added complexity can be prohibitive for resource-
constrained devices or in highly complex DRL environments
with continuous state variables or multiple users.

In [11], Sun et al. proposed a hardware accelerator based on
stochastic computing to speed up the aforementioned expecta-
tion calculation. They showed that extremely short stochastic
representations could be used to approximate the expectation
without significantly sacrificing learning performance.

In our prior work [12], inspired by the results in [11], we
introduced a PDS-based RL framework that utilized stochastic
sampling to estimate the expectation over the PDS value
function with respect to the known component of the transition
probability function, demonstrating that stochastic sampling
can achieve performance similar to traditional learning algo-
rithms at significantly lower complexity. Compared to [12],
this paper makes the following contributions:

First, we formulate delay-sensitive point-to-point IoT
sensor transmission scheduling as a constrained Markov
decision process (CMDP) and apply an online Lagrangian
multiplier method to dynamically adjust the cost weight
to minimize transmission power under a buffer delay
constraint.

Second, we apply stochastic sampling to PDS Learning
and extend it to Virtual Experience (VE) Learning — first
introduced in [5], [13] — thereby enabling multiple low-
cost virtual updates of the value function from each real
transition.

Third, we conduct extensive simulations and provide
a detailed evaluation, demonstrating that the proposed
methods achieve performance comparable to standard
PDS Learning and VE Learning baselines with substan-
tially lower computational complexity.

The rest of the paper is structured as follows. Section II de-
tails the system model for point-to-point transmission schedul-
ing. Section III formally presents the CMDP formulation
and reviews the standard PDS and Virtual Experience (VE)
algorithms. In Section IV, we introduce our core contribution:
the stochastic sampling-based learning algorithm. Section V
provides a comprehensive performance evaluation against
standard baselines. Finally, Section VI concludes the paper.

II. SYSTEM MODEL

As depicted in Fig. 2, we consider a simple time-slotted
point-to-point wireless communication system in which data
is transmitted from a packet buffer of size N to a receiver
over a block fading channel. We consider slots of equal length

T and let t denote the current time slot index. System states
are observed at the beginning of each time slot and are denoted
by st = (bt;he) 2S =B H, where by 2 B = f0;1;:::; Npg
denotes the buffer state (number of buffered packets) and h¢ 2
H denotes the channel state (fading channel coefficient).
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Fig. 2: Point-to-point wireless communication system model.

In each time slot, based on the current buffer and channel
states, the transmission scheduler selects a scheduling action
a¢ from the set A(s¢) = T0;1;:::;; min(Ng; be)g, where a¢
denotes the number of transmitted packets and N5 denotes the
maximum number of packets that can be transmitted based
on the available communication bandwidth and modulation
schemes. Since it is not possible to transmit more packets
than are in the buffer, we also have a;  b¢. The goal of the
scheduler is to learn a decision policy in which actions are
selected that minimize power consumption subject to a buffer
delay constraint. While the considered model is chosen for
its clarity, the principles of our framework are extensible to
more complex scenarios, such as age of information [14] and
adaptive video streaming [15].

A. Channel Model

Similar to prior work [4]-[6], we consider a frequency non-
selective block-fading channel, where the channel state h¢
denotes the fading channel coefficient between the transmitter
and the receiver during time slot t, the set of possible channel
states is discrete and finite, the channel state h¢ is constant for
the entirety of each time slot, and h¢ evolves after each time
slot according to a stationary but unknown Markov chain with
transition probability function P "(h'jh).

B. Physical Layer Model

We assume a single-input single-output physical layer with
data rate =Ts bits/second, where T is the symbol duration
and ¢ denotes the number of bits per symbol, which depends
on the chosen modulation scheme. To transmit a; packets of
size M bits, a modulation scheme is selected such that =
datMTs= Te is satisfied, where T is the time slot duration
and d e denotes the ceiling operator.

We set a fixed target bit error probability BEParget for all
transmissions. We let (h¢; ag; BEPrarget) watts denote the
required transmission power to transmit 8; packets in channel
state hy with maximum bit-error probability BEParget. In
this paper, we assume Quadrature Amplitude Modulation (M -
QAM) such that the transmission power is defined as in [11];
however, other modulation schemes can also be used, e.g.,
phase-shift keying (M-PSK) as in [7].

C. Traffic and Buffer Models

As noted earlier, by 2 B = 0;1;:::; Npg denotes the IoT
sensor’s finite buffer state in time slot t, where Ny is the
maximum number of packets that can be held in the buffer.
At the end of time slot t, after transmitting a¢ packets, It new



packets arrive. We assume that packet arrivals are independent
and identically distributed (1ID) with unknown distribution
P'(l). If more packets arrive than can t in the nite buffer,
then they are dropped. The buffer state evolves according to
the following recursion:

b1 =min(by f ((a; BEParget ) + 1t Np); 1)

where f;(a;; BEP target ) denotes the number of packets cor-

rectly received at the receiver in time slot t, which we refeffig. 3: Relationships among the current state value V (s), next
to as the goodput. Since the number of received packstste value V (3, and PDS valué7 (s). Figure inspired by [8].
cannot exceed the number of transmitted packets, we have

0 f ((a;BEPwget ) a ¢ by de nition. For brevity, we

will write the goodput as f(a;) in the remainder of the paper.where is static penalty weight for packet drops. Now, we
Note that arrivals at the end of time slot t cannot be schedulé@mulate the following constrained optimization problem:

in time slot t and untransmitted packets remain in the buffer KL #

to be transmitted in a future time slot. min lim E U o(ha) + ¢ a) (5)
Under the assumption of IID bit errors and no error cor- e w t=0 #

rection, we can model the goodput(d;) as a binomial _ X1 Ch

random variable with probability mass functiori @ja; q) = st _limE by ; ) 1 (6)

2@ q) "qff ;f = 0;1;::;a, where the packet loss rate ' t=0

(PLR) g can be expressed as q =1 (1 BERarget )V . where is the discount factor, (I;a;) is the transmission

Given the scheduling action, goodput distribution, anglower cost de ned in Section II-B, Cis the target holding
packet arrival distribution, the buffer state transition probaost (buffer level), and @= (s +).

bility function can be expressed as: To solve this constrained problem, we employ the Lagrange
) _ multiplier method [16]. This converts the CMDP problem into
PP(be1 jot;a) =E i lioyy =minw (4N g 5 (2)  an unconstrained problem by introducing a Lagrange multi-

) f Bia: ... Plier 0. The resulting cost function c(s;a; ) becomes a
where &, denotes an expectation over £ja;q) and P'();  gym of the power, over ow, and weighted holding costs:
and ky denotes an indicator function that is set to 1 when

the statement in f g is true and set to O otherwise. c(s;a; )= (hay+c (b;a)+ ¢ "Ybja):  (7)

Now, the optimal value V(s) that satis es the Bellman

I1l. PDS-BASED REINFORCEMENT LEARNING equation [17] can be written as:

A. CMDP Formulation

vV (s)=
We formulate the delay-sensitive energy-ef cient transmis- no _ o
sion scheduling problem as a Constrained Markov Deci- 00 c(s;a; )+ 25 PsIsiaV (s : (8)

sion Process (CMDP) based on the system model de ned , » )
in Section II. We dene the CMDP's nite state set as/iOWever, since the transition probabilities and the arrival

S =B H and its nite action set as A. The sequence distribution are unknown, we cannot solve (8) via dynamic
of states § = (by;hy), t = 0;1;::: evolves according to a programming. Furthermore, the optimal that satis es the
controlled Markov chain with transition probability functionconstraint IS unknown. This motivates the use of a relnforc_e-
P (sYs; a) = P P(bb; a)P" (hGh). Note that we cannot calcu- ment learning approach that can handle unknown dynamics
late the transition probability function directly because we dd"d @lso adapt online.

not know the channel state transition probabilitie®(fjh) B Post-Decision States

. - . . I
or the packet arrival distribution ). A PDS, denoted by 52 S, represents an intermediate state

The goal of the scheduler is to minimize the ransmissiQlye the known effects of an action take place but before the

power consumption while satisfying a holding cost ConStrairﬁnknown dynamics take place. For the system model de ned
We explicitly separate the buffer-related costs into the over OV}, Section II. we de ne the PDS in time step t as=s( ;i)

f . .
penalty €', which penalizes the number of dropped paCke\tﬁhere the post-decision buffer stdle= b, f ((a;) denotes

. . . ,
due to the nr:te buﬁgr S|?e, aEd thﬁ hol_ollllnég zoslg‘)f& the buffer state after packets are successfully transmitted but
Ler;fres_entln% the number IO .pac ets that will be held In tkbeefore new packets arrive and the post-decision channel state
uffer into the next time slot: Ay = h. because the action has no impact on the channel
b ay=b E ;[f(a)]: 3) State. We can then express the state in time step t+ 1 in
va( ) ) @) . ®) terms of the PDS in time step t ag.s = (b1 ; g ), Where
cr(ba)= Eqmax® f@+1 N 0L (4) b+1 = min(& +1¢;Np) with Iy drawn from the unknown
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Algorithm 1 PDS Learning Algorithm a; = argmin ck(st;a) + s Pk(sjst;a)vt(s) : (11
1: Initialize Vy(s) arbitrarily azé(s v . .
2. Initialize PX(sjs; a) and &(s; a) After taking the action, we observe the PDS experience
3: Initialize n(s)=0forall s2 S tuple = (St;¢'; S+ ), which comprises the resulting PDS
4: fortin 0:1:::: do 5 P X(js;a), the resulting unknown cost{csuch that
5. Observe the statg s (b;; hy) E[c¢f] = c¥(st), and the resulting next state.s P “(jst)
6: Select the action.ausing (11) (line 7). We then update the PDS value function based on the
7: Observe the PDS experience tuple= (51;V; Sp1 ) experience tuple using the following update rule (line 10):
8: Evaluate the statg valug (\s!tfl ) using (13) Vit () (1 OVi(s)+ ([ + Vi(sw1)];  (12)
9: Update the learning step size based on n(§ ] . o ]
10: Update the PDS valu.: (s) using (12) where the decaying learning step sizeis calculated using
11: n(s) n(s ()+1 n(s;) (line 9) and
12: Dynamic cost weight adjustment using (14) Vi(Sw1 ) =
3: end for min  F(ser i)+ PK(siser a)Vi(s)  (13)
a2A(s w1 ) t+1 525 JSI+1 ’ t

is calculated in line 8. Then, n{sa;) is incremented by 1
(line 11). Note that the cost of updating Rjsand calculating

P is negligible compared to calculating the expectations in
12) and (13).

F4_astly, we deploy a dynamic weight adaptation mechanism
[

expected cost“¢s; a) and transition probabilities B(sjs;a); \N€ 12). This method updates  online using a sub-gradient
and 2) an unknown component from the PDS s to the nggscent approach [18] to nd a 0 such that the resulting

state § with expected cost'ds) and transition probabilities policy satis es the holding-cost budget,CWe treat  as a

Pu(sYs). Based on this factorization, we can decompose tlj1(-‘éarnable parameter that increases when the constraint is vio-
BeIIman.equation in (8) as follows: ' lated and decreases when the constraint is satis ed with slack.

The Lagrange multiplier is updated using the difference
. PU(sYs)V (sY: ) between the estimated cost and the target constraint C

arrival distribution P(l) and hu1 drawn from the unknown
channel transition probabilities ®hGm,).

More generally, as depicted in Fig. 3, the PDS factors t
transition from the current state s to the next sté&tat two
parts: 1) a known component from the state s to the PDS s Wz'

V (s)=c"(s)+ .
s02
n X ) 1 = ot Tt C[]Old Cp ™; (14)
V (s)=min cf(s;a)+ PX(sijs;a)V (s) : (10) o e .
azA 25 where we use an L1 norm projection operatordjtg restrict
Importantly, if we know the optimal PDS value functionthe Lagrange multiplier values to a rangenh; max] and
V¥ (s), then we can nd the optimal action (s) in state s by ensure numerical stability of the algorithm, and is the dual
taking the action that optimizes the right-hand side of (10).learning step size.

For the system model de ned in Section Il and our PDS def- This dynamic is injected into the cost function c(s; a; )
inition 5 = (b; f ((a;); hy), the known cost function’¢s;a) in (7). This mechanism allows the framework to automatically
includes the transmission power and the weighted holditgnverge to the optimal trade-off point that satis es the user-
cost (3) and the unknown cost functiot(s) is the weighted de ned holding cost constraint.
over ow cost de ned in (4); the known transition probabilities Signi cant improvements are made over data-driven tech-
PK(sjs; a) depend on the known goodput distribution; and theiques by leveraging known information in the PDS learning
unknown transition probabilities {sYs) depend on the un- algorithm. Only information about the transition from the PDS

known arrival distribution and channel transition probabilitied0 the next state must be learned, and learned information
is applicable to all possible state-action pairs that precede

C. The PDS Learning Algorithm the PDS. Additionally, we eliminate the need for action
We mentioned earlier that if we can learn the optimal PD&ploration since all effects of the selected action are captured
value functionV (s), then we can determine the optimain the PDS. In other words, we can always take the greedy
policy (s). To this end, we use the PDS learning algorithmaction in each time slot (line 6 of Algorithm 1) and we do not
presented in Algorithm 1 to lear® (s). First, we initialize need to explore sub-optimal actions.
the PDS value functio/y(s) arbitrarily (line 1). Next, we It should be noted, however, that the benets of PDS
initialize the known transition probabilities'?sjs; a) and the learning come at the cost of added computational complex-
known cost function '&(s; a) based on our knowledge of theity compared to a purely data-driven RL algorithm like Q-
system (line 2). Lastly, we initialize n(s) = 0 for all post- learning. Speci cally, both the action selection and value
decision states to track update counts and to set the step $igetion evaluation steps of the PDS learning algorithm (lines
(line 3). In each time step t, we observe the current stafieand 8 in Algorithm 1, respectively), require calculating an
st = (b¢; hy) (line 5) and then select an action as (line 6): expectation over the PDS value function using the known tran-
sition probabilities. This adds signi cant complexity, which



can make it infeasible to implement PDS learning on resourcdlgorithm 2 Virtual Experience Learning (VE)
constrained devices. We address this problem in Section IV.;. |xitialize ¥o(s) for all s

D. Virtual Experience Learning 2: ]S:hct)os(e; \{Ezbuffedr set\g B and VE update period T
: fort=0;1;2;::: do

While PDS learning exploits known components of the . Observe current state s (b:: hy)
system model to avoid exploration, its convergence rate ig Select the actionausing (11’)
still limited by the fact that only one PDS is updated in each6_ Execute a and observe arrivals land next channel

time slot. Virtual Experience (VE), rst introduced in [5], state hy
[13], accelerates learning by generating multiple valid “vir-_. iftmod T = 0 then
tual” experience tuples from a single observed time slot ang. for eachb 2 Bye do

performing multiple PDS updates in parallel. )
In our system, the packet arrival process and the channe?—'_
state evolution are independent of the buffer state. Thereforé;

Form virtual PDS & ( B:h)
Obtain §”) and ¢”

the realizations observed in slot t (e.g., packet arrivals arid: Evaluate \:(Sffi ) using (13)
the next channel state) is valid not only for the current post-. UpdateVi,; (™) using (15)
decision buffer state, but also for any post-decision buffe. (%) (b)
. . 3 ng’) n(s ;’)+1
state. VE leverages this property by reusing the same obserygd end for
outcomes to create a set of virtual experience tuples acros§5éi else
collection of buffer states. 16: Only update the PDS valué.; (s;) using (12)

Let s = (bt; ht) denote the pre-decision state and =s

. - n(s) n(s )+1
(t;hy) denote the PDS, wher is the buffer state after

: end if
transmission but before arrivals. Standard PDS learning (Al'g- Dynamic cost weight adjustment using (14)
gorithm 1) update¥ (s) only for the realizedy. Under VE 20; end for

(Algorithm 2), we choose a virtual set of post-decision buffer
states Be B (e.g., B ve = B) and update all post-decision

states f;1y) : B 2 Bye g using same observed realizationg, o on the left-hand side of (16) in the limit as the number
of the arrivals { and the next channel state.f. Speci cally, of samples N | 1. We hypothesize that for nite N, if

given k and .y, for eachb 2 Bve we de ne the virtual (16) is substituted into (13), then the stochastic iterative PDS

) (B) . B) — i . . . . .
nextstate § = b7} ;hui ,where ) =min(5+;;Nb), value function updates in (12) still converge to the optimal
and the corresponding unknown cogt(@. Using these, VE PDS value functionV (s) because the expectation will be

updates the PDS value function as accurately estimated as the number of steps t! 1. A formal
proof of this is left for future work. Replacing the expectation
Yy 89 with the sample mean reduces the computational complexity
) ) (b)h wi(b) ) [ from being proportional to jSj to being proportional to N (with
@ % 85" + g+ Vs 5 (15 N jSj), where jSj denotes the cardinality of the set S and

N denotes the number of samples. N is a parameter that trades
where ¥Y() is evaluated as in (13), andgb) may be chosen estimation accuracy with computational complexity, allowing
based on the visit count of the corresponding PDS. application-speci ¢ tuning of N for both the action-selection

VE increases sample ef ciency by performingyjBj value step and the value function evaluation step. Thus, with N tuned
updates per slot, signi cantly accelerating convergence comppropriately, even systems with few computational resources
pared to updating only the realized. $¢lowever, this further can execute sampling-based PDS learning.
increases computational cost. In the next section, we introducerhe proposed sampling-based PDS learning algorithm can
our proposed sample-based method to reduce the complegigyobtained from Algorithm 1 with two simple updates. First,
of PDS learning and VE learning with only marginal impacinstead of using (11) to select the action on line 6, we use:
on the learning convergence rate.

_ : K (e - 1 XN .
IV. STOCHASTIC SAMPLING METHOD a = a;%{?'tr; c(sa)+ N; n=1 Vi(s) 5o (A7)

To mitigate the computational complexity of PDS and VE Ko )
learning, we propose to replace the expectation computatiofaere & P “(jsi;a) forn=1;2;:::;N 4. Second, instead
in (11) and (13) with a sample mean of PDS values, i.e., of using (13) to evaluate the value function on line 8, we use:

K(gi 12N ( 1 Xe :
$2S P (sis; )V (3) N n=1 V(s (16) Vi(St+1 ) = _min K(sp1 @)+ — Vi(sn)
a2A(s 11 ) N2 1
where § P K(js;a) for n = 1;2;:::;N. By the weak (18)
law of large numbers, the sample mean on the right-hamdere § P ¥(jsw1;a) for n = 1;2;:::;N,. In our sim-

side of (16) converges in probability to the expected PD@ation results, we explore the impact of the sample humbers



TABLE I: Simulation Parameters

Parameter Notation | Value Units
Discount Factor 0.95 -
Overflow Penalty (fixed) 50 -
Holding Cost (initial) 0.1 -
Buffer Capacity N, 40 Packets
Max Action Ng 8 Packets
Packet Size M 5000 Bits
Noise Power Spectral Density No 1077 Watts/Hz
Channel Bandwidth W 10 MHz
Time Slot Duration AT 1 Sec
Avg. Arrival Rate 3 Packets/AT
Packet Loss Rate q 10% -

N; and N5 in the action selection and state value function
evaluation steps, respectively, on the learning performance.
Note that VE learning (Algorithm 2) can also be imple-
mented using sampling by selecting the action on line 5 using
(17) and updating the value function on line 11 using (18)

with Sg+1 replaced with Sg)l.

V. EVALUATION

We implement the system model described in Section II as a
custom Gymnasium environment [19] with the key simulation
parameters summarized in Table I. We decay the learning step
size as ¢ = (1=(n(sy) + 1))>™*, where n(s) denotes the total
number of visits to PDS s. We assume a Poisson packet arrival
process with mean = 3 packets per time slot. We define the
set of channel gains as H =f-18.82, -13.79, -11.23, -9.37, -
7.80, -6.30, -4.68, -2.08g dB and define define P"(h’%jh) with
equal probability of staying in the same state or moving to
an adjacent channel state. We compare the performance of
the proposed sampling-based PDS learning algorithm (Stoch.
PDS) against multiple benchmarks: the optimal policy (Ideal
Policy) computed using value iteration, Q-learning [3], and
standard PDS learning (Algorithm 1). All results are averaged
over 10 simulations of 50,000 time slots.

A. Evaluation Results

1) Performance with Dynamic Weight Adaptation: Here,
we report the performance of Stochastic PDS learning against
benchmark algorithms Q-learning, PDS, and Virtual Experi-
ence (VE) under the dynamic weight controller that enforces
a buffer (holding) budget Cp = 5. In contrast to the fixed
setting, here the Lagrange multiplier is updated online based
on the observed holding cost. To provide an “ideal” reference,
we additionally plot Ideal (with ), where is found via
bisection so that the resulting policy attains the same holding
target Cp in the environment.

Fig. 4 shows the evolution of . All learning-based methods
increase the holding cost weight sharply once the queue builds
up, then reduce it as the queue is driven back toward the
budget. However, the evolution of  differs substantially: Q-
learning requires a much larger multiplier, which does not
converge within the simulation duration, while VE quickly
stabilizes near the optimal  with notably smaller variation.
This behavior indicates that VE’s parallel value updates react
faster to the changing Lagrangian cost than Q-learning, which

N
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Fig. 4: Evolution of the dynamic cost weight (Lagrange
multiplier) under the holding-cost budget Cy, = 5.

requires more time slots and larger penalty signals to correct
its trajectory.

Fig. 5a plots the cumulative-average holding cost. Because
the controller starts from a small initial cost weight and
without knowledge of the arrival distribution P (') and channel
state transition probabilities P "( jhi¢), all RL methods exhibit
an early transient where the queue length increases and then is
corrected by the rising . Importantly, all methods eventually
converge close to the target budget C, = 5, confirming
that the dynamic weight mechanism successfully enforces the
holding cost constraint in this setting. While VE achieves the
fastest convergence, Stochastic PDS demonstrates remarkable
efficiency with N7 = Ny = 10 samples. It significantly
outperforms Q-learning and achieves convergence rate compa-
rable to standard PDS learning while being significantly less
computationally intensive.

Figs. 5b and 5c illustrate power and overflow performance.
Although the dynamic controller aligns all methods to the
same holding target, the power efficiency required to sat-
isfy this constraint varies. Stochastic PDS demonstrates its
effectiveness by achieving a power trajectory that closely
tracks the standard PDS benchmark and remains competitive
with the computationally intensive VE method. Crucially, it
converges to a substantially lower steady-state power than Q-
learning, proving that the sampling approximation captures
sufficient structural information to optimize energy efficiency.
A similar trend is observed in the cumulative average overflow
cost. As the cost weight increases, Stochastic PDS effectively
suppresses overflow events, matching standard PDS and ap-
proaching the Ideal VI baseline. While, Q-learning reaches the
lowest overflow cost with significantly higher power usage.

2) Effect of the Number of Samples: In this section, we
explore the robustness of the proposed dynamic Stochastic
PDS framework to the number of samples used for action
selection (N1) and value function evaluation (N3). All experi-
ments reported here utilize the dynamic weight controller with
a target holding cost of Cp = 5.

In Fig. 6, we show the cumulative average cost components
versus time for N; 2 f1;5;50;200g while keeping N fixed
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Fig. 5: Cumulative-average cost components under dynamic weight control with C, =5 (N3 = N2 = 10 for Stoch. PDS).
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Fig. 7: Component-wise performance breakdown for varying value evaluation samples (N3), with N; = 10.

at 10. While the holding and overflow costs evolve similarly
for all values of Nq, there is a notable variation in the transient
behavior of the power cost. In the first 1000 time steps, we
observe the highest power cost at the extreme values of N; = 1
and N1 = 200, while the power cost for intermediate values
of N7 =5 and Nj = 50 more closely tracks that of standard
PDS learning. This behavior can be explained as follows.
Early in the learning process, all learning algorithms have
poor estimates of the value function. Therefore, even standard
PDS learning experiences a fast rise in the power cost as it
improves its value function estimate, hitting a local maximum
power cost around 400 time steps. When N1 = 200, stochastic
PDS learning is likely to take the same action as standard PDS
learning given the value function estimate, but since N, = 10,

it takes longer to improve its value function estimate than
standard PDS learning, hitting its maximum power cost around
2000 time steps. On the other hand, stochastic PDS learning
with coarse sampling (N7 = 1) introduces noise into the
action selection process, so it sometimes selects better actions
than standard PDS learning when the value estimate is poor
early on. However, once it has a good value function estimate,
stochastic PDS learning with N = 1 is more likely to take
suboptimal actions, so it takes longer to approach the steady-
state performance of standard PDS learning. Meanwhile, using
intermediate values of N1 balances the benefits of moderately
noisy action selection when the value function estimate is
poor with the benefits of good action selection when the value
function estimate is good. Importantly, despite the differences



in transient behavior, stochastic PDS learning converges to the
target constraint and approaches the steady-state performance
of standard PDS learning for all N3 with N, = 10.

In Fig. 7, we vary N2 while keeping N; fixed at 10. Similar
trends in transient behavior and steady-state performance are
observed as in Fig. 6; however, the maximum cumulative
average power is smaller with roughly 25% lower peaks
compared to varying Nj;. This suggests that noise in the
value function estimate (Ny) is less critical than noise in
the action selection process (N1), as the former is averaged
out over iterative updates while the latter directly dictates the
system’s trajectory. All combinations tested converge to the
target constraint and approach the steady-state performance of
standard PDS learning.

We extend the proposed sampling idea to Virtual Experience
(VE) learning by replacing the exact expectation terms used
in VE action selection and value evaluation with sample-mean
estimates, similar to (17)—(18). We refer to this variant as
Stoch-VE. In this experiment, VE performs a full buffer-state
sweep each update (i.e., all post-decision buffer states are
updated), while the expectation terms are approximated using
N; = N2 = N samples.

Figs. 8a—8c compare standard VE with exact expectations
against Stoch-VE for N 2 ¥1;5;20;50g. Overall, Stoch-VE
closely tracks the performance of exact VE across holding,
power, and overflow costs. As N increases, the transient
fluctuations slightly reduce, but the steady-state performance
remains similar across all tests. This behavior is expected
as VE already improves sample efficiency by updating many
PDSs from each real experience sample, which reduces vari-
ance in the learned post-decision value function.

Interestingly, even the minimal configuration N; = Ny =1
performs competitively. This indicates that in our system, the
post-decision transition distribution is sufficiently concentrated
such that a small number of samples provides an adequate
approximation for greedy action ranking.

3) Effect of Packet Loss Rate: We next evaluate the ro-
bustness of the proposed method by varying the packet loss
rate 2 F10%; 50%g. Fig. 9 compares Stoch-PDS and Stoch-
VE against the corresponding optimal policies, using the
minimal sampling configuration (N3 = Nz = 1). Fig. 9a
shows that as ( increases both stochastic methods exhibit
larger transient holding costs; however, Stoch-VE shows faster
convergence to the target holding cost constraint than Stoch-
PDS. Figs. 9b and 9c highlight the related trade-offs in cost
components. The power cost increases with the packet loss
rate ( because more transmission power is required to achieve
a given holding cost constraint using a less reliable channel.
At the same time, higher  causes a transient increase in
overflow events for Stoch-PDS and Stoch-VE, which then
decays as the penalty weight rises and the policy transmits
more aggressively. Remarkably, even with a single-sample
approximation (N3 = N2 = 1), both track the performance
of the Ideal Policy in steady-state, while Stoch-VE converges
faster than Stoch-PDS at the cost of higher computation.

4) Convergence Evaluation: Here, we evaluate learned
value functions of each method over time using the following
weighted percent error (WPE) metric [12], [13]:

Vi(s) Vi(s) .

Ax?
= pi(s) V) ;

e 19)

s2S

where V ?(s) is the optimal value function with fixed optimal
cost weight and V¢(S) is the estimate available at the start of
slot t under dynamic weight, and p?(s) denotes the stationary
probability of being in state S under the optimal policy

Fig. 10 illustrates the WPE evolution across all algorithms
with packet loss rate ¢ = 10%. The results demonstrate that
the physics-informed methods reduce WPE significantly faster
than the data-driven baseline. While VE exhibits the most
rapid decrease and the lowest error, descending to approx-
imately 5-10% by the end of the horizon, Stoch-VE with
a single-sample approximation achieves nearly identical per-
formance (about 5-10% weighted percent error). Stoch-PDS
with single-sample (N1 = N2 = 1) achieves performance
comparable to PDS; Both converge to nearly 25-30% error
with similar speed, showing the efficiency of the proposed
method. Finally, Q-learning maintains the highest error (45-
50%) over the entire training period.

B. Complexity Analysis

Here, we summarize the computational complexity of the
evaluated algorithms. Let jBj denote the number of buffer
states, jH] the number of channel states, and jAj the number of
actions. Following the notation in [5], let jSj denote the num-
ber of post-decision states involved in the expectation term,
and let j j denote the number of virtual states updated per
slot under Virtual Experience (VE). Therefore, jSj = jBj and
the number of virtual updates per slot is j j = jBvegj = jBj.

1) Q-learning: Action selection is greedy over jAj actions,
hence complexity can be described as O(jAj) per slot. The up-
date requires evaluating ming Q(s'; &), which is also O(A]).

2) Standard PDS and VE: Both PDS and VE require
evaluating an expected post-decision value for each candidate
action. This costs O(jSjjA]j) for action selection. Standard
PDS learning updates only one PDS per slot, so its learning
update remains O(jSjjAj). VE performs j | virtual updates
per slot (j j = jByvgj in our system), which yields a learning
update complexity O(j jjSjjAj).

3) Stochastic PDS and VE: Stoch-PDS replaces expectation
terms by sample averages. With N samples used for action
selection and N> samples used for value evaluation, the
action-selection complexity becomes O(jAjN1) and the value-
evaluation becomes O(jAjN2) where N1; N, jSj. Stoch-
VE combines VE with sampling-based evaluation. Action
selection at the realized state costs O(JAjN;1). In the VE
update, j j virtual updates are performed per slot; each update
requires value evaluation based on N, samples, leading to
O( jjAJN2) for the learning update. It is also important to
note that the expectation calculations in standard PDS and VE
require multiplication operations while stochastic PDS and VE
rely on addition operations (and only one multiplication with
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