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Abstract—In modern clustered ad hoc networks, efficient and
dynamic resource allocation is crucial for ensuring Quality of Ser-
vice (QoS) under dynamic and uncertain environments. However,
the challenges posed by limited sample efficiency, high interaction
cost, and high-dimensional action space limit the effectiveness of
the widely adopted Model-Free Reinforcement Learning (MFRL)
solutions. In contrast, Model-Based RL (MBRL) offers an alter-
native approach to boost sample efficiency and stabilize the
training by explicitly leveraging a learned environment model.
Nevertheless, designing accurate and stable dynamics models
in noisy, real-world communication scenarios remains a key
bottleneck. To address these issues, we propose a Conditional
Diffusion Model Planner (CDMP) for high-dimensional offline
resource allocation in clustered ad hoc networks. By leveraging
the powerful generative capability of Diffusion Models (DMs),
our approach enables the accurate modeling of complex envi-
ronmental dynamics and utilizes an inverse dynamics model
for effective policy planning. Beyond simply adopting DMs in
offline RL, we further incorporate the CDMP algorithm with
a theoretically guaranteed, uncertainty-aware penalty metric,
which theoretically and empirically manifests itself in mitigating
the Out-of-Distribution (OOD)-induced distributional shift, a
common issue for offline settings with scarce training data.
Extensive experiments also show that our model outperforms
MFRL in average reward and QoS, while demonstrating supe-
rior performance over other MBRL algorithms. These results
highlight the practicality and scalability of our model in real-
world network resource allocation tasks.

Index Terms—Ad hoc network, communication resource allo-
cation, model-based reinforcement learning, conditional diffusion
model, model-uncertainty quantification.
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I. INTRODUCTION

IRELESS ad hoc networks have been widely applied

in military and civilian fields, due to its merits in
flexibility, low cost, and robustness [1]. In this context, Time
Division Multiple Access (TDMA) and its multi-frequency
variant MF-TDMA have laid the very foundation for resource
management therein [2]. Moreover, the complexity of the
topology and the locality of node observations in ad hoc
networks significantly constrain the system’s stability and
reliability. To overcome these challenges, clustering methods
[3], [4] can be naturally engaged to enhance coordination
and improve efficiency. Nonetheless, the dynamic nature of
service arrivals and departures often leads to underutilization
in static resource allocation solutions, highlighting the need for
a dynamic solution to adapt to underlying variations. Several
algorithms have been proposed to address this challenge [5],
[6]. Prominently, the success of Reinforcement Learning (RL)
[71, [8] motivates the emergence of smart resource allocation
methods [2]. Typically, Model-Free RL (MFRL), such as
DQN [9], DDPG [10], PPO [11], are chosen to guide the
learning of an optimal policy through direct interaction with
the physical environment, which is costly and potentially
unsafe in real-world applications. Moreover, MFRL suffers
from low sample efficiency and unstable training in scenarios
that require complex planning [12]. Specifically, in the context
of resource allocation in ad hoc networks with N nodes, M
time slots, and L channels, a typical setting of the action space
could be NM*L awfully scaling along with the increase of
L, M and N. To overcome these limitations, Model-Based RL
(MBRL) has recently emerged as a promising approach to
significantly improve the overall efficiency and effectiveness
of RL algorithms [13].

Compared to MFRL, MBRL constructs an environment
model from historical logs to simulate potential outcomes
and generate synthetic trajectories, enabling the agent to fully
leverage the experienced data while reducing trial-and-error
costs [12]. Consequently, decision-making can be framed as
a planning problem, where the agent simulates future trajec-
tories to select actions that achieve desired outcomes [14].
This approach improves the agent’s ability to handle long-
term dependencies and make informed decisions. However,
since MBRL performance depends on accurate environment
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modeling, prediction errors, which naturally arise from the
complexity and uncertainty of the dynamic environment, pose
significant challenges. Additionally, traditional MBRL meth-
ods for planning problems rely on dynamic programming to
stitch together sub-optimal reward-labeled trajectories in the
training dataset to reconstruct optimal trajectories [15], [16].
To enable dynamic programming, these approaches learn a
value function that estimates the discounted sum of rewards
from a given state. However, value function estimation faces
significant instabilities due to function approximation, off-
policy learning, and bootstrapping-collectively referred to as
the “deadly triad” [17]. These issues pose substantial barriers
to scaling existing MBRL algorithms effectively.

On the other hand, since online policy training in ad hoc
networks often faces high costs to interact with the environ-
ment, offline RL [18] is favored to train agents only with
pre-collected offline datasets while saving the cost of online
interaction. However, relying solely on previously collected
data often leads to poor policies that prefer Out-of-Distribution
(OOD) actions with overestimated values, resulting in unsat-
isfactory performance [19]. This phenomenon is primarily
attributed to the distributional shift [20] between the learn-
ing and behavior policies, induced by the limited size and
diversity of the training data. As a result, developing effective
techniques to address this challenge has become a critical
focus in the offline MBRL research community. Recent meth-
ods like MOPO [21] and MOREC [22], which incorporate
a reward penalty based on an estimate of the uncertainty
using model ensembles and learn reward-consistent dynamics
through adversarial games respectively, partially mitigate this
issue but still struggle to balance between model accuracy and
computational complexity & stability.

In this paper, to accommodate allocated resources to
imbalanced traffic loads in clustered ad hoc networks, we
propose a Conditional Diffusion Model Planner (CDMP) with
offline training. Unlike earlier deep generative models such as
Energy-Based Models (EBMs) [23], Variational Autoencoders
(VAEs) [24] and Generative Adversarial Networks (GANs)
[25], which often suffer from issues like mode collapse, limited
diversity, or training instability, Diffusion Models (DMs) offer
a principled and robust alternative. They iteratively refine sam-
ples through a noise-to-data denoising process, enabling the
modeling of complex, multi-modal distributions with greater
sample quality and improved convergence behavior. These
characteristics make DMs particularly appealing for high-
dimensional offline RL, where capturing the diverse, uncertain
nature of environment transitions is essential. Recent successes
in vision and language domains [26], [27] further demonstrate
their modeling strength, motivating our use of DM-based
planning in wireless ad hoc networks. Notably, different from
the DM-assisted MFRL [10], [28], [29], [30], we first use
a conditional DM to characterize environmental dynamics
and guide planning towards trajectories with high cumulative
future rewards. Afterward, we employ an inverse dynamics
model to generate actions based on state transitions between
adjacent time steps, thus benefiting the obtaining of a dynamic
resource allocation policy. Therefore, our methodology works
completely in an offline MBRL manner. Furthermore, to
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mitigate potential OOD issues in offline training, we develop
CDMP-pen, a variant of CDMP, with a theoretically guar-
anteed penalty metric that can more effectively quantify the
uncertainty of the estimated dynamics model. Compared to
the existing literature, the contribution of the paper can be
summarized as follows:

e To implement load-aware resource allocation in clus-
tered ad hoc networks, we propose a sample-efficient
MBRL solution (i.e., CDMP) that leverages dynamic
programming to combine sub-optimal trajectories into
an optimal one without relying on inaccurate value
estimation. By modeling the environmental dynamics as
a conditional DM, CDMP can optimize the resource
scheduling strategy in MF-TDMA through offline train-
ing. Due to the complexity of modeling high-dimensional
action sequences, we model the diffusion process between
states only and then utilize an inverse dynamics model to
predict actions.

e To mitigate OOD issues in the MBRL offline setting, in
CDMP-pen, we quantify the risk arising from imperfect
dynamics and appropriately balance that risk with return.
By calibrating a “smoothed distance to data” metric to
measure model uncertainty, we can guide the generation
of high-confidence trajectories, ensuring that the deci-
sion variables remain consistently close to the offline
dataset. Furthermore, we theoretically demonstrate that
the smoothed distance to data serves as an upper bound
for the true uncertainty based on the Lipschitz constant,
thereby validating the soundness and effectiveness of the
proposed metric.

e We further illustrate our approach experimentally on
high-fidelity OPNET simulations and validate the supe-
riority of our proposed framework over other offline
RL methods [31], [32], [33], [34], [35]. In addition,
we conduct extensive ablation studies to corroborate the
robustness and reliability of our approach under varying
conditions and parameter settings, further highlighting its
practicality and adaptability.

The remainder of the paper is organized as follows. Sec-
tion II briefly introduces the related works. In Section III, we
introduce the preliminaries and formulate the system model.
The details of our proposed framework are presented in
Section III. In Section IV, we provide the results of extensive
simulations and numerical analysis. Finally, the conclusion is
summarized in Section V.

For convenience, we list the major notations of this paper
in Table 1.

II. RELATED WORKS

A. Resource Schedule in Ad Hoc Networks

In the TDMA Multiple Access Channel (MAC) protocol,
efficient time slot scheduling algorithms are essential for man-
aging channel access and optimizing resource utilization [36].
Classical methods, such as DTSS [5], a bandwidth-efficient
dynamic TDMA slot scheduling scheme to accommodate
unpredictable network traffic, and DDMC-TDMA [37], a
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TABLE 1
MAIN PARAMETERS AND NOTATIONS USED IN THIS PAPER

| Notations | Definition |
N Number of nodes
M Number of time slots in a frame
L Number of channels
K Diffusion steps
H Planning horizon
Nepoch Number of training epochs
Nstep Number of training steps per epoch
€g Diffusion noise model
fo Inverse dynamics model
xp The intermediate latent variable at diffusion step k
The conditioning information in conditional diffu-
Y sion model
St, at, Rt State, action and reward of the agent at ¢
Return(7) The return of the trajectory 7
St The perturbed state
S¢ The reconstructed state
Sec The closest data-point in the state dataset

do‘ (g7 Dstat)2
d(5§ Dstat )2

The smoothed distance to data

The standard squared distance

The true uncertainty between the data distribution
and the surrogate distribution

gen, Number of packets generated within ¢
sen,(f) Number of packets sent within ¢
Tt(l) Length of packet transmission queue at ¢
70 Maximum length of packet transmission queue
max,t within ¢
Nim Node n allocated to time slot m of channel [
dgz) Time delay of node ¢ at ¢
ugl) Throughput of node ¢ at ¢
It System packet loss rate at ¢
N Factors balancing the metrics in weighted reward
N function

w Conditional guidance scale

I3 Low-temperature sampling factor

3 Parameter controlling the probability of removing
¢

conditional information

Parameter controlling the weight of OOD penalty
term

Time complexity and space complexity of our algo-
rithm

Time complexity and space complexity of the diffu-

ﬁotal: Stotal

T, S sion noise model
7.8 Time complexity and space complexity of the inverse
¢ dynamics model

d Dimension of action embedding in the inverse dy-

act namics model
dirans Dimension of gtate—transition pair embedding in the
inverse dynamics model

Dstate Dimension of the agent’s state representation

Cout Base channel count of the temporal U-Net backbone
kconv Kernel size of the temporal U-Net backbone

topology-agnostic protocol designed for large-scale, high-
density ad hoc networks, represent significant developments in
this field. However, these approaches rely on predefined rules
and static strategies, limiting adaptability in complex, real-time
scenarios with high loads or bursty traffic. To overcome these
limitations, MFRL-based methods have been introduced to
enable more flexible and responsive scheduling. For instance,
[38] proposes an actor-critic algorithm to optimize TDMA
scheduling and minimize weighted end-to-end delay, a metric
reflecting tactical traffic criticality. Similarly, [39] utilizes
node features for state representation and applies diverse
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heuristics across time slots, enabling adaptive decisions that
account for long-term deadline adherence. While these RL-
based methods leverage real-time feedback to dynamically
adjust scheduling strategies and enhance adaptability over tra-
ditional rule-based approaches, they still encounter challenges
in long-term decision-making, convergence to local optima,
and training instability. Moreover, their online RL nature
incurs substantial interaction costs. To address these issues,
we incorporate DMs with offline RL for MF-TDMA resource
allocation, which better captures long-term dependencies and
enables global optimization, thereby providing a more robust
solution for high-dimensional resource management.

B. Diffusion Models for Resource Allocation in
Communication Systems

Although prior studies have exemplified the expanding role
of DMs in tackling complex problems beyond their traditional
generative contexts [40], [41], their application to wireless
networks for optimizing resource allocation strategies is still
evolving [42]. These networks exhibit complex dynamics and
highly mobility of wireless devices [43]. Additionally, the
impact of noise and interference in wireless channels, which
affects the generalization of RL policies, is often overlooked
[44]. Recently, several studies have attempted to incorporate
DMs into wireless communication tasks such as data augmen-
tation, latent space representation, and policy optimization. For
example, [28] proposes a DDPM-based resource allocation
framework that generates optimal block lengths conditioned
on channel state information. D3PG [29] introduces an access
mechanism that integrates DMs with DDPG [10] framework
to jointly adjust the contention window and the aggregation
frame length in Wi-Fi networks. In addition, [45] develops
a hierarchical architecture for resource coordination, where a
DM-driven soft actor-critic [46] is employed at the high level
to generate spectrum allocation strategies, while QMIX [47]
operates at the low level for fine-grained joint power control
and resource assignment. Moreover, [30] explores a multi-
agent setting using DMs for optimal DNN partitioning and
task offloading. However, these approaches are predominantly
built upon the MFRL paradigm, where DMs are employed
to directly model the agent’s policy. Despite demonstrating
certain effectiveness, they typically suffer from low sam-
ple efficiency, unstable convergence, and suboptimal decision
quality, particularly under dynamic and uncertain wireless
environments. To tackle these limitations, we adopt a MBRL
framework, wherein DMs are used to model the environment
dynamics by approximating the state transition distribution.
This modeling approach enables the agent to plan actions with-
out relying on frequent interaction with the real environment,
thereby significantly improving sample efficiency, enhancing
convergence stability, and allowing for long-horizon planning
in complex wireless network scenarios.

C. Planning With Model-Based Reinforcement Learning

To tackle the sampling inefficiency and communication
overhead in MFRL, MBRL naturally emerges as an alternative
solution. By leveraging a learned dynamics model, agents

Authorized licensed use limited to: Zhejiang University. Downloaded on January 08,2026 at 07:21:28 UTC from IEEE Xplore. Restrictions apply.



MENG et al.: CONDITIONAL DIFFUSION MODEL WITH OOD MITIGATION

can predict future trajectories and achieve higher returns
through planning, which is a fundamental research focus
in MBRL. However, MBRL algorithms often struggle to
scale effectively as the complexity of RL tasks increases.
Moreover, modeling errors in dynamics tend to accumulate
over time, significantly limiting the practical applications of
MBRL approaches. Focusing on these challenges, PETS [16]
combines uncertainty-aware dynamics models with sampling-
based uncertainty propagation using probabilistic ensembles.
POPLIN [48] formulates action planning at each time-step as
an optimization problem, and argues that optimization in the
policy network’s parameter space will be more efficient. On
the other hand, PILCO [49] explicitly marginalizes aleatoric
and epistemic uncertainty in the dynamics model to directly
optimize the surrogate expected reward for long-term planning.
Although these works mitigate some of the aforementioned
problems, they either rely on model ensembles for uncer-
tainty estimation, which becomes computationally prohibitive
in high-dimensional environments, or require value function
fitting for dynamic programming, resulting in severe cumula-
tive errors and training instability. Additionally, conventional
MBRL approaches typically rely on fully connected networks
parameterizing diagonal-covariance Gaussian distributions as
the environment model, which struggle to accurately repre-
sent complex multi-modal distributions. Inspired by recent
advancements [34], [50], we reinterpret the planning problem
in MBRL as a sequence generation task, thereby alleviating
the computational burden while fully leveraging the expres-
siveness and robustness of DMs.

D. Addressing Out-of-Distribution in Offline RL

Although offline RL avoids the risks and time-consuming
nature of real-world interactions, it faces large extrapolation
errors when the Q-function is evaluated on OOD actions,
which can lead to unstable learning and potential divergence.
To address these challenges, recent offline RL algorithms
have introduced conservative value function estimation to
enhance the reliability of model-based rollouts. For instance,
COMBO [51] learns a conservative critic by penalizing the
value function for state-action pairs outside the support of
the offline dataset, while OSR [52] further incorporates Con-
servative Q-Learning (CQL) [32] with an estimated inverse
dynamics model to implement state recovery. Another class
of approaches focuses on optimizing a lower bound of policy
performance, which is constructed using uncertainty esti-
mates of the learned model. MOPO [21] penalizes rewards
through the aleatoric uncertainty in next-state predictions,
and MOBILE [53] introduces an uncertainty quantifier to
estimate the Bellman errors induced by the learned dynam-
ics through the inconsistency of Bellman estimations under
different learned models. Drawing from these methodologies,
we integrate uncertainty-based penalization to avoid unreliable
model predictions, aiming to more effectively balance between
model accuracy and computational complexity & stability.

III. PRELIMINARIES & SYSTEM MODEL

In this section, we briefly introduce the framework of
MBRL and some fundamentals of DMs. On this basis, we
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highlight how to apply DMs to tackle the sequential decision-
making issue for resource allocation in clustered ad hoc
networks.

A. Preliminaries

1) Model-Based Reinforcement Learning: We formulate
the sequential decision-making problem as a discounted
Markov Decision Process (MDP), defined by the tuple
(S, A, T (s¢41]8¢,at), R(s¢,a¢),v) [35]. In this formulation,
S represents the set of possible states and A is the set of
actions the agent can take. The transition function 7~ describes
the probability of transitioning from state s, to sy after
executing an action a;. The reward function R gives the imme-
diate reward the agent receives after taking action a; in state sy,
and the discount factor v € [0, 1) balances the importance of
future rewards, with lower values favoring immediate rewards.
The agent follows a stochastic policy 7, mapping states to
actions. In RL, the standard goal of the agent is to learn a
policy that maximizes the expected cumulative discounted sum
of rewards in trajectory 7 := {so, ag, $1, a1, -} as

= argmaxE, ., [tho YR(st, at)} . (1)

In MBRL, the agent first estimates the dynamics model from
collected environmental transition samples. Afterward, based
on the learned dynamics model, the agent predicts subsequent
actions and executes a planning phase to optimize its policy
[54]. This characteristic significantly reduces the physical
interactions between the agent and the environment, which
results in higher data efficiency and lower sampling costs [12].
2) Diffusion Probabilistic Models: We try to use py(x)
to approximate the data distribution ¢(x) from the dataset
D : {ac }0 <i<M based on DMs, which can be achieved
by minimizing the KL divergence between both distributions
[55]. By the definition of divergence, this objective can be
reformulated as maximizing the log-likelihood as

0* = argamin Dxi(q(z) || po(x))

= arg emin Egrq(z) [log g(x) — log pe(x)]

= arg max Equ(w) [log po ()] @

~ arg max g

As a powerful class of generative models, DMs transform the
objective above into maximizing the Evidence Lower BOund
(ELBO) of a Hierarchical Variational Auto-Encoder (HVAE)
[56]. By modeling the data generation process through revers-
ing a forward noising process, DMs effectively perform a
denoising process. For each data point &g ~ ¢(x) from
the dataset D, the predefined forward noising process can
be modeled as a discrete Markov chain xg.x such that
q(xp|er—1) = N(zp|/arer—1, (1 — ay)I). Here, N (p1,%)
denotes a Gaussian distribution with mean p and variance 3,
and 0 < ag < -+ < ap < 1 € R are hyperparameters
controlling the variance schedule. For appropriately chosen
ay, and a sufficiently large K, we assume that xx ~ N(0,I).
The trainable reverse process modeled as the variational

log po(x
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reverse Markov chain is parameterized with pg(xg_1|TE) =
N (zp—1|po(xk, k), (@), k)). This allows us to sample
from standard Gaussian noise and progressively denoise it
until obtaining xy. The reverse process can be learned by
optimizing a simplified surrogate loss as
L(0) :=F .k [|| e — eo(@p, k) Iﬂ. 3)
N (O.1)
Here, the deep neural network ey parameterized by 6 is trained
to predict the noise € ~ A(0, I'), which is added to the dataset
sample xq to produce xj as

Ty 1= VaRTo + V1 — age, “4)

where oy, = H§:1 as. This is equivalent to predicting the
mean of py(axp_1|xk), since pg(xk, k) can be calculated as a
function of ey(xy, k) [57] as

1 1—Oék

= €T —_
VOl b V1 —ag/ag

B. System Model

We consider an adaptive, resource-constrained clustered ad
hoc network scenario with N nodes, as illustrated in Fig. 1. In
this setup, each node communicates directly with its one-hop
neighbors using wireless transceivers, while communication
with remote nodes requires multi-hop relaying. Every node is
equipped with packet queues to cache data packets. If a sent
packet remains unacknowledged, it will be appended to the end
of the cache queue of forwarding nodes in case. We assume the
traffic loads therein are prioritized, where a portion of nodes
generate packets at high rates while others at relatively slower
rates. However, the extent of imbalance and variations in traffic
loads are unknown in advance. Specifically, we employ MF-
TDMA [2] as the MAC layer protocol. In this setting, the
practical implementation in one frame encompasses two stages
(i.e., network management and traffic transmission). In the first
stage, nodes perform time synchronization and interact with
the agent to determine the allocation scheme. The second stage
can be divided into ML Resource Blocks (RBs), where the
nodes start to transmit packets within allocated RBs efficiently.

To optimize resource utilization and minimize collision
probability, it is essential to leverage a dynamic resource allo-
cation mechanism to allocate an appropriate number of RBs to

po(xp, k) eo(Tr, k).  (5)
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each node according to individual characteristics. Therefore,
we formulate the resource allocation problem as an MDP,
and define the decision interval as one frame. Specifically,
at each time-step (i.e., one frame) 7, the agent observes the
packet queue length of all nodes in the system. The state
) = gengl),sengl),Tt(Z),Tégx,t ,
where gengi) and sengi) denote the numbers of packets gen-
erated and sent within the frame ¢, while Tt(’) and Tr(rj;x,t
represent the real-time transmission queue length at ¢ and
maximum length within frame 7, respectively. The overall
state is the concatenation of the states of all nodes, i.e.,

1), s§2) sgN)}. Based on the observed state s,

of node i is defined as s;'

St = sg , ,
the agent takes action a; := [ny,,] € ZX*M to allocate RBs,
where n;,, denotes the node n assigned to time slot m of
channel /. To improve the overall system Quality of Service
(QoS), we define the reward function as

N

Ri=—> d, 6)

where d,(f) indicates the time delay for packets received by
node i. Our experiment experience shows that by minimizing
the average delay, the communication system can achieve
improved throughput and reduced packet loss rate, enhancing
the overall QoS. Meanwhile, it avoids the cumbersome tuning
of multi-objective optimization weights. In this paper, we
resort to a conditional DM-based high-dimensional resource
allocation planner for maximizing the cumulative reward func-
tion.

IV. RESOURCE ALLOCATION WITH CDMP & CDMP-PEN

In this section, we discuss how to apply conditional DMs
to guide the generation of trajectories with high confidence
toward superior cumulative returns. We elaborate on the
CDMP framework for policy optimization through offline
training. Furthermore, we develop CDMP-pen with uncertainty
estimation to effectively combat the OOD problem. The entire
procedure for training and implementation is illustrated in
Fig. 2.

A. Planning Over Decision Sequences

In the planning phase of MBRL, it usually needs to simulate
or explore different sequences of actions and states, thus eval-
uating outcomes and evolving decisions from the perspective
of a longer horizon. Correspondingly, we formulate the state
and/or action trajectory modeling as a DM-based conditional
generative problem [58], that is

ma . [log po (20 (7)ly(7))]. ™

In other words, after characterizing the distribution py of
the trajectories sampled from an MDP, we can conveniently
generate portions of a trajectory @o(7) from information y(7)
about it. Here, in the context of RB allocation in clustered
ad hoc networks, the discreteness of actions, with higher
frequency and less smooth characteristics, adds to the difficulty
of predicting and modeling. Therefore, we define x(7) as a
noisy sequence of states with a length H, namely

(7)) = (56,8041, St4H-1) - (8)
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Meanwhile, to guide the denoising process toward generating
trajectories with high cumulative rewards, y(7) could refer to
the return of the trajectory Return(r), that is

Return(r) := Z 9

Next, contingent on a learned inverse dynamics model
fo(se,8¢41) [59], the training of which will be given in
Section I'V-B, for any timestep # in o (7), the policy is inferred
by estimating the action that leads to the transition from state
S¢ t0 S¢41, namely

t+H—-1

y(7) = ARy

t'=t

at := fo(5¢,8641)- (10)

Therefore, we can accomplish trajectory-based planning to
implement policy optimization.

B. Classifier-Free Guidance-Based Training

In order to guide trajectory generation for more effi-
cient planning and decision-making, conditional information
is incorporated into the diffusion process to ensure that the
generated trajectories align with the desired attributes. One
possible solution is classifier-based guidance [60], which trains
a classifier independently to predict condition y(7) from
noisy trajectories @ (7), and the gradients from the classifier
are used to guide the sampling process of an unconditional
diffusion model. However, this method introduces additional
computational overhead and heightened sensitivity to classifier
performance, as training a classifier is equivalent to estimating
a Q-function to predict the discounted cumulative reward from
timestep .

Therefore, instead of training a separate classifier model,
we utilize classifier-free guidance [61], which mixes the score
estimates of a conditional diffusion model and a jointly trained
unconditional diffusion model as ((1 — B)y(r) + 89, k).
Here, the parameter [, drawn from a Bernoulli distribu-
tion, controls the interpolation between the conditional and

l Generated States Sequence

Inverse Dynamics Model

_Real | @
f¢(3t, 3t+1) Actlon
Implementing

unconditional guidance. In other words, we use a unified
neural network to parameterize both models, whereas for the
unconditional model, we can simply input a null token &. On
this basis, consistent with Eq. (3), we train an unconditional
denoising diffusion model pg(xy_1(7)|xK (7)) parameterized
through a noise estimator €y (x(7), k) together with the condi-
tional model pg(xy_1(7)|xk(7), y(7)) parameterized through
GQ(mk(T)’ y(T)v k)

We simultaneously train the reverse diffusion process py,
which can be reasonably learned from the noise model ¢y
Eq. (5), and the inverse dynamics model f4 in a supervised
manner. Given an offline dataset D that consists of state-action
trajectories labeled with rewards, we train with the reverse
diffusion loss and the inverse dynamics loss:

Lcowmp (0, ¢)
2
= Egoasnen [l o= fo(s,8) |

+ Brens [l €= eolan(n), (1= By(r) + 62, 0) |I°].
1D

C. OOD Penalty Based on Distance to Data

Although offline MBRL leverages pre-collected data, which
is often more cost-effective compared to online interactions, it
inherently lacks real-time data exchange. This limitation hin-
ders the model’s adaptability to unfamiliar states or dynamic
changes in the environment, ultimately leading to the OOD
problem. Recalling the derivations in Eq. (2), we try to remedy
this by introducing a constrained conservative objective for
individual states as

(12)

where e(sy) [[log po(sy) — logq(sy)||2 is defined as
the true uncertainty between the true distribution ¢ and the
surrogate distribution py. Eq. (12) restricts the generated states
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Original 0=0.15 0=0.20

Fig. 3. Illustration of the perturbed two-dimensional swiss roll distribution.

of the trajectory to closely match the training distribution, thus
making the generation more reliable.

However, directly computing likelihoods for high-
dimensional data poses significant challenges. Meanwhile,
the scarcity of the dataset adds to the difficulty. Consistent
with prior works [62], [63], we first perturb data with random
Gaussian noise to smooth the empirical distribution and
construct a more comprehensive state space that includes
meaningful OOD states [64]. Consider the state dataset
Dstar = {si}o i< and its corresponding empirical
distribution ¢(s; Dstat), we define the perturbed empirical
distribution [63] as

o (5 Dotar) i= / 4(5: Dyiat )N (5 5, 0°T)ds

= %Z/\/’(si;si,aﬁ), (13)
where o is the noise level controlling the degree of per-
turbation applied to the original data. As demonstrated by
the two-dimensional Swiss roll distribution in Fig. 3, an
increase in ¢ results in a progressively smoother distribution.
Afterward, we try to reformulate Eq. (12) by introducing an
uncertainty penalty term based on the smoothed distance to
data [65]. Taking an arbitrary point in the smoothed state space
s € R™, we formally define the smoothed distance to data as

- 1.
dy (5:Dstar)* = Softminoiﬂs e
ot len[5 exp(— a5 s I8)] + €1, (14

where (7 is the constant to ensure positiveness of
dy (3; Dstat)?. Different from [65], which directly optimizes
actions based on policy gradient methods, we apply this
“smoothed distance to data” metric to constrain the generated
states for conservative planning. More precisely, the rationality
of using the smoothed distance to data as an uncertainty metric
can be explained in the following lemma.

Lemma 1: The negative log-likelihood of the perturbed
empirical distribution ¢, (S; Dstas) 1S equivalent to the
smoothed distance to data by the noise level o, up to some
constant that does not depend on s,

_02 IOg qJ (gv Dstat) = drf (§7 Dstat)2 + C(M/7 n, U)a (15)

where we define C(M’,n,0) := o2(log M’ +n/2log(270)).

The proof of Lemma 1 is included in Appendix A. Intu-
itively, Lemma 1 explicitly links the likelihood and the
“smoothed distance to data” metric. Unlike aforementioned
uncertainty-penalty-based methods [21], [53] that rely on
model ensembles or require value function fitting, this metric
offers higher computational efficiency and models uncertainty
with reasonable accuracy.
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Next, we mathematically establish the relationship between
the “smoothed distance to data” metric and e(s) in Eq. (12),
by analyzing how much the metric provides an upper bound
on the true uncertainty using the Lipschitz constant [66] of the
model bias L..

Theorem 1: Let L. be the local Lipschitz constant of the
true error e(s) valid over the state space S. For any s € S,
e(s) can be bounded by

e(s) < e(se) + V2Ler/do(8; Dsar)? + Co,  (16)

where s := argmin || s — s* ||§, i.e., the closest data-point,
8" EDstat
and Cy := 0%log M’ — C4, with C; defined in Eq. (14).
The proof of Theorem 1 is unveiled in Appendix B. We
believe this offers benefits over directly maximizing log-
likelihood, as the smoothed distance to data avoids numerical
instability and does not require explicit density estimation. In
general, it is difficult to obtain L. in the absence of more struc-
tured knowledge of the empirical distribution ¢(s). However, it
is possible to obtain confidence bounds on L, using statistical
estimation with pairwise finite slopes ||e(s?)—e(s?)||/||s*—s|
within the dataset [67, Ch. 3] [68]. Based on Theorem 1, the
“smoothed distance to data” metric can overestimate the true
uncertainty e(s), enabling the establishment of an error bound
and serving as a safeguard against excessive deviation from
the true data distribution. Moreover, leveraging the powerful
distribution modeling capability of DMs, we can assume that
the first term on the right side of Eq. (16) approaches zero.
Therefore, we primarily focus on optimizing the second term.
Additionally, as the smoothing degree approaches zero, i.e.,
o — 0, the smoothed distance to data converges to the standard
squared distance d(s; Dytat)® = mingiep,,,, 5//s — 5i||§. To
encourage the surrogate state distribution closer to the real
noise-free data distribution, we employ this true minimum
distance d(s; Dyiat)® as the uncertainty metric during prac-
tical training. As a byproduct, it also enhances the safety
of long-term planning and promotes policy conservativeness.
Moreover, we relax this minimum distance by the deviation
between the model-generated states and the input states within
data batches. According to Eq. (4), the states generated by
the model can be directly obtained from the reconstructed
trajectories as

xr(T)— /1 — areg
Vi '
a7

Based on this, we reformulate the conservative objective in
Eq. (12) as an OOD penalty term, namely

(8¢, 81415+ 5814 H-1)=T0(T):=

t+H—1 2
| se =3 [I7]

Loon(0) = Ep rep {Z (18)

t'=t+1
where sy represents the state within the batch from the
offline dataset. Since this relaxed distance is guaranteed to
be greater than or equal to the true minimum distance, we can
theoretically prove that this metric still bounds the true model
error e(s). Ultimately, we formulate the penalized loss as

Lcpmp—pen (0, ¢) :== Lepmp (6, ¢) + (Loop(F),  (19)
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Algorithm 1 Offline Training of CDMP & CDMP-Pen

Algorithm 2 Implementation of CDMP & CDMP-Pen

Input: Offline trajectory dataset D and state dataset Dgiat,
planning horizon H, diffusion steps K, conditional infor-
mation removal probability 5, OOD penalty weight ¢
Initialize Diffusion noise model €y and inverse dynamics
model f4 with random parameters 6, ¢

for each epoch do

1:

2: for each step do

3 Sample a mini-batch B of xy(7) in D

4: Predict actions f,(s, s") for each state transition pair
in B

5: y(7) < Return(r) > Obtain the condition informa-

tion by Eq. (9)
6: k ~ Uniform({1,2,--- ,K})
7: €~ N(O, I)
8: xp (1) — Varmo(r) + 1 —ake > Apply the

forward diffusion process

9: Predict noise eg(xk(7), (1 — B)y(7) + B2, k)

10: if training CDMP then

11: Update the diffusion noise model €y and inverse
dynamics model f4 by Eq. (11)

12: else if training CDMP-pen then

13: (§ta<§t+17' : '7§t+H71) —

(zk(T)—VI—0keg) Nk

> Reconstruct trajectory

14: Update the diffusion noise model €y and inverse
dynamics model f4 by Eq. (19)

15: end if

16: end for

17: end for

where ( controls the weight of OOD penalty term. The
overall offline training procedure of CDMP & CDMP-pen is
summarized in Algorithm 1, while the implementation process
of both frameworks will be detailed in Section I'V-D.

D. Implementation

We can implement the well-trained noise model and inverse
dynamic model to generate trajectories for policy optimization.
Formally, the trajectory generation process py can be described
as starting from Gaussian noise xx(7) ~ N(0,£I) and
diffuse x(7) into xp_1(7) at each diffusion step k with the
perturbed noise as

€ :=ep(xy(7), D, k)
+ w(eg(xr (1), y(1), k) — eo(xr(7), D, k),

where we manually set the condition y(7) as a high constant
value during implementation, which serves as the conditional
expected return, and the scalar w adjusts the influence of
the condition by amplifying and extracting the most relevant
portions of trajectories that exhibit the desired attributes in the
dataset. Meanwhile, to reduce randomness and enable the DM
to focus on generating higher-likelihood trajectories from the
dataset, we employ low-temperature sampling with a scaling
factor £ € [0,1) [58]. This approach reduces the variance
of the Gaussian distribution at each step of the denoising

(20)

Input: Diffusion noise model ¢y, inverse dynamics model
f#, planning horizon H, diffusion steps K, conditional
guidance scale w, condition y
Initialize t + 0

1: while not done do

2. Observe s;; Initialize T (1) ~ N(0,£1)

33 @k (7)[0] < s; >Constrain consistency

4: for k=K ---1do

5: € <« elxp(r),k) + wleg(zi(r),y,k)
o(@n(r), k)
>Classifier-free guidance

6: (tk—1,Xk—1) < Denoise(x (1), €)

7: xp-1(7) ~ N(pr—1,88-1)

8 x;—1(7)[0] < s; >Constrain consistency

9 end for

10: Extract (s¢, s¢41) from xo(7)

11:  Execute a; = fy(sy, Si41); t <+t +1
12: end while

process, progressively lowering the noise intensity as the
model iteratively refines the generated trajectory. By applying
this scaling factor at every step, we prevent the degradation
of model generation quality due to the contamination of sub-
optimal behaviors in the offline dataset, which helps stabilize
the exploration process and ensures that the model generates
more accurate and reliable trajectories. In addition, to ensure
consistency between the generated trajectory and the historical
data, the first state of the trajectory is always set to the
currently observed state throughout all diffusion steps. After
completing the final K iterations of the denoising process, we
can infer the next researchable predicted state and determine
the optimal action using our inverse dynamics model f,. This
procedure repeats in a standard receding-horizon control loop
described in Algorithm 2.

E. Time Complexity and Space Complexity Analysis

1) Time Complexity Analysis: The time complexity of our
algorithm at each decision timestep is primarily determined
by: the diffusion steps K, the time complexity of the diffu-
sion noise model 7y and the time complexity of the inverse
dynamics model 734, which can be expressed as

ﬂotal =K- 7;’ + 7:;5 (21)

Due to the discrete and non-smooth nature of the action
space, we employ an autoregressive strategy to generate ML-
dimensional action vector. Specifically, the inverse dynamics
model first encodes the input state-transition pair using a
4-layer MLP into a latent representation of dimension dt,ans.
Each action dimension is then generated sequentially, con-
ditioned on the state embedding and a d,.-dimensional
representation of previously predicted components. This con-
catenated embedding is passed through an output head that
produces a probability distribution over N discrete bins, while
the final action is obtained by sampling from these distribu-
tions. This structure improves generalization by breaking the
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high-dimensional action prediction into conditionally depen-
dent subproblems, and its formulation over discrete bins makes
it naturally compatible with non-continuous action domains,
enhancing the accuracy of action synthesis. Notably, the dom-
inant computational cost arises from this iterative generation
process, while the cost for embedding state-transition pairs
is negligible. Therefore, the overall time complexity of the
inverse dynamics model is given by

ML

7:;5 = Z (O(l . dact) + O((dact + dtrans) : N))
i=1

=0 ((ML)2 'dact) +0 (ML' (dact +dtran8) N)

Following the design in [35], we primarily adopt the tempo-
ral U-Net architecture [69] as the diffusion noise model €g. The
network consists of 3 paired downsampling and upsampling
residual blocks, each comprising two temporal convolutions.
Without loss of generality, for a block with the number of input
and output channels Cj, and Cyy, it has time complexity as

O ((Cin + C’out) : C’out : kconv : D) ) (23)

where kcony denotes the kernel size, and D is the output
feature length. In our case, the first residual block maps
the input of Dgiate channels to a base channel count Cy,
and the subsequent two blocks increase this to 4Cy, and
8Cout» respectively. Meanwhile, the feature length starts with
D = H, and is downsampled by half to H/4 through the
next two blocks. The reverse upsampling path is symmetric
to this downsampling process. Diffusion step and condition
embeddings are generated by separate 2-layered MLPs and are
concatenated before getting added to the activations of the first
temporal convolution within each block. Note that the main
computational cost derives from the temporal convolutions in
residual blocks. Thus, by Eq. (23), the time complexity of €y
can be expressed as

,TQ =0 ((Dslale + Cout) ' C’out . kconv ' H)
Merging Eq. (22) and Eq. (24) into Eq. (21), we have
ﬂotal =0 (K (Dslale+coul) 'Coul'kconv H)
+ O ((ML)2 'dact) +O (ML (dact +dtrans) N) .
(25)
2) Space Complexity Analysis: Next, we analyze the space
complexity of CDMP & CDMP-pen. Generally, the runtime
memory usage can be expressed as

(22)

(24)

Stotal = Sp + S, (26)

where Sp and Sy represent the space complexity of eq
and fg4, respectively. Based on the structural analysis in
Section IV-E.1, Sy mainly arises from the residual blocks
of the U-Net, while S is primarily attributed to the autore-
gressive generation layers. Accordingly, the overall space
complexity can be approximated as

Stotal =0 ((Dstate + C'oul) . C'oul . kconv)
+ O ((ML)2 'dact) +O (ML (dact+dtrans) : ]V) )
27
where the first term corresponds to Sy, and the latter two terms
collectively represent Sg.
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V. PERFORMANCE EVALUATION

In this section, we conduct numerical experiments to
evaluate the performance of our algorithm and validate the
effectiveness of the proposed framework. Additionally, we
explore the influence of different hyperparameters on the
algorithm’s behavior to further demonstrate its robustness.

A. Experimental Settings

We represent the noise model €y with a temporal U-Net
[69], consisting of 6 repeated residual blocks. Timestep and
condition embeddings are concatenated together and then
added to the activations of the first temporal convolution within
each block. The inverse dynamics model fy is developed as
a self-regressive network generating ML-dimensional actions,
where each dimension is predicted sequentially based on the
previous ones.

We select OPNET as the simulation platform of a clustered
wireless ad hoc network, where the environment spans a
10 km %10 km area with randomly placed 16 nodes. Each
node has a maximum transmission range of 6 km and can
transmit packets in 4 channels at a rate of 2 Mbps. The traffic
transmission stage of the frame consists of 10 time slots. We
simulate diverse network loads by adjusting the ratios of high-
to low-speed nodes from 4 : 12, 6 : 10, to 8 : 8. Each node
generates data packets following an exponential distribution,
where low-speed nodes produce a fixed-size packet every 0.02
seconds on average, while high-speed nodes create a packet
every 0.0025 to 0.0033 seconds depending on the high-to-
low speed node ratio in the scenario, so as to balance overall
traffic load and avoid excessive congestion in high-density
settings. To collect the offline dataset, we allocate time slots
based on these ratios to generate actions in multiple random
communication contexts, recording environment data every
frame. This yields a dataset of 1,814 action-state trajectories
labeled with rewards, each corresponding to a communication
duration of 30 seconds (i.e., 6,000 time-steps).

All algorithms including our proposed CDMP & CDMP-
pen, MFRL approaches such as Behavior Cloning (BC)
[31], Conservative Q-learning (CQL) [32], Implicit Q-learning
(IQL) [33] and Decision Transformer (DT) [34], as well as the
MBRL method Diffuser [35], are then trained on this offline
dataset for 100 epochs, with each epoch comprising of 1,000
training steps. During testing, we evaluate the training plan-
ners on the aforementioned OPNET platform under random
communication scenarios and compare performance based on
the average reward and QoS (e.g., average throughput, average
delay, and packet loss rate) of 5-second episodes. We report
the mean and the standard deviation over 3 random scenarios.
Furthermore, the principal parameters used in simulations are
summarized in Table II.

B. Performance Comparison

1) Numerical Results of CDMP: Firstly, we demonstrate
the superiority of CDMP compared to other methods and plot
the average reward curves during training, as shown in Fig. 4.
Notably, the oracle represents the optimal strategy, where the
ratio of high- to low-speed nodes is known in advance, and
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TABLE II
Li1ST OF KEY PARAMETER SETTINGS FOR THE SIMULATION

Parameters Description Value

Simulator

Number of nodes N =16

Number of time slots in a frame M =10

Number of channels L=4

Coverage area of the simulation environment 10 km X 10 km

Maximum transmission range of each node 6 km

Packet transmission rate 2 Mbps

Ratios of high- to low-speed nodes 4:12,6: 10, or
8:8

Number of trajectories in the offline dataset 1,814

Communication duration of a trajectory in the offline | 30 s

dataset

Communication duration of an episode during test- | 5's
ing

CDMP & CDMP-pen

Diffusion steps K =200

Planning horizon H=12

Discount factor v =0.99

Conditional guidance scale w=1.6

Conditional information removal probability B =0.25

OOD penalty weight ¢=1.0

Neural Network Training

Architecture of the noise model €y U-Net

Architecture of the inverse dynamics model fg Self-regressive
network

Dimension of diffusion step embedding in €y 256

Dimension of condition embedding in €g 256

Dimension of state-transition pair embedding in fs | 256

Dimension of action embedding in fg 128

Base channel count of the temporal U-Net backbone | 256

Kernel size of the temporal U-Net backbone 5

Batch size 128

Number of training epochs Nepoch = 100

Number of training steps per epoch Nstep = 1,000

Learning rate le—4

Optimizer Adam

EMA decay factor for model updates 0.995
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Fig. 4. Comparison of CDMP with different methods in terms of average

reward.

time slots are allocated proportionally according to the ratio
at the very beginning. It can be observed that CDMP achieves
higher average rewards and approaches optimal performance
after sufficient training. It also converges significantly faster
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Fig. 5. Comparison of CDMP with different methods in terms of QoS.

Specifically, static services represent a constant ratio of high- to low-speed
nodes throughout the communication period. In contrast, dynamic services
involve a changing ratio of high- to low-speed nodes over time.

with a smaller training variance, indicating a more stable
training process.

Additionally, to further validate the effectiveness of CDMP,
we compare the detailed QoS metrics, as shown in Fig. 5. The
results for static services in Fig. 5(a) demonstrate that CDMP
outperforms other methods in terms of average through-
put, average delay, and packet loss rate. To better emulate
real-world wireless environments characterized by service het-
erogeneity and non-stationary demands, we construct scenarios
with dynamically shifting traffic patterns, where the high-
to-low-speed node ratio changes randomly, averaging twice
every 5 seconds. Fig. 5(b) indicates that under such fluctuating
conditions, CDMP, which can adaptively adjust time slot
allocation, even surpasses the fixed oracle strategy and more
effectively accommodates the evolving traffic distributions.

2) Empirical Analysis of CDMP-Pen: To substantiate the
potency of the proposed uncertainty penalty in addressing the
distribution shift problem, we compare the performance of
CDMP-pen and CDMP under varying interference duty cycles,
as shown in Fig. 6. In the experiment, OOD scenarios are
simulated by introducing random “interference” packets into
two channels. The comparison reveals that as the interference
duty cycle increases, both CDMP and CDMP-pen experi-
ence performance degradation. However, CDMP-pen exhibits
a slower decline. Moreover, under the same interference
level, CDMP-pen achieves a higher average reward, indicating
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Fig. 7. Comparison of CDMP & CDMP-pen with different methods in the
node mobility scenario in terms of average reward.

that the designed distance-to-data metric effectively quantifies
the errors introduced by an imperfect dynamic model. This
mechanism helps reduce model confidence in OOD regions,
preventing high-risk decisions in unknown scenarios while
enhancing policy robustness and generalization.

3) Generalization Capability Study: In the original offline
dataset and prior evaluation scenarios, the positions of the
nodes are predetermined and remain fixed during simula-
tions. To further examine the algorithm’s effectiveness under
dynamic conditions, we divide the 16 nodes into four groups
based on their initial locations and randomly assign each group
a movement direction - north, south, east, or west - at a con-
stant speed of 100 m/s. As illustrated in Fig. 7, our proposed
methods consistently outperform the baseline algorithms in
terms of both higher average reward and lower standard devi-
ation, indicating superior adaptability and enhanced robustness
to node mobility. Furthermore, the CDMP-pen variant demon-
strates performance improvement over the original CDMP
approach, providing stronger empirical evidence that the incor-
poration of an uncertainty-aware penalty term significantly
enhances the algorithm’s generalization capability in dynamic
and previously unseen environments.

Additionally, we adopt the Free-Space Path Loss (FSPL)
[70] model to simulate signal propagation in our wireless
communication system. Besides ideal Radio Frequency (RF)
conditions, where stable and reliable signal transmission could
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Fig. 8. Comparison of CDMP & CDMP-pen with different methods in the
ideal and limited RF scenarios in terms of average reward.

be achieved, we further assess the model’s generalization capa-
bility under more practical, limited RF conditions. Specifically,
we increase the carrier frequency to induce higher propagation
loss and simultaneously decrease the transmission power to
reduce the effective communication range, thereby emulating
the limited RF setting with signal degradation. As shown in
Fig. 8, although all methods exhibit performance degradation
in this harsher RF regime, our algorithms consistently maintain
a significant performance margin over the baselines. This
demonstrates the superior generalization ability across varying
RF environments, highlighting the practical applicability of
our algorithms in more complex and unpredictable wireless
deployment scenarios.

We also investigate the scalability of the proposed algo-
rithms with respect to the number of nodes, aiming to evaluate
the effectiveness in more complex and realistic network
environments. We compare the performance of our methods
against baseline algorithms under scenarios with 16, 20, and 24
nodes, as illustrated in Fig. 9. The results demonstrate that our
algorithms consistently achieve superior performance across
all settings. This highlights not only the robustness but also
the strong generalization capability to varying node densities.
The ability to maintain stable and effective performance as the
network scales underscores the suitability of our algorithms
for deployment in large-scale and dynamic wireless ad hoc
networks, where adaptability and reliability are essential.

C. Ablation Studies

To evaluate the efficacy and simplicity of the reward func-
tion defined in Eq. (6), we design further experiments to
investigate how different reward function definitions affect the
algorithm’s performance. Particularly, we re-define the QoS-
weighted average reward function as

N . .

Ri-w = Zi:l </\ . ugl) - dEl)) — 1y
where uiz) represents the size of data packets successfully
transmitted and received, while [; denotes the ratio of lost
packets to total sent packets in the network. The factors A and
71 balance the weights of these metrics, aiming to promote high
throughput while minimizing delay and packet loss across the
entire communication system. The framework trained with this
weighted reward is denoted as CDMP-w, and we compare

(28)
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Fig. 10. Comparison of different reward function definitions in terms of QoS.
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Fig. 11. Comparison of different conditional guidance scales w in terms of
average reward.

the QoS metrics with CDMP as illustrated in Fig. 10. As
observed from the figure, using average delay alone as the
reward function yields performance comparable to that of the
QoS-weighted average reward function. Furthermore, it leads
to a lower packet loss rate and a smaller standard deviation.
This indicates that the simplified reward function not only
circumvents the complexities of hyperparameter tuning but
also contributes to improved model stability.

Next, we investigate the impact of conditional guidance
scale w on the algorithm’s performance of CDMP. By varying
w, we track the average reward during training, as illustrated
in Fig. 11. The results indicate that for different w settings,

Average Reward

-04

0 10 20 30 70 0 90 100

Trainiﬁg Epoch

Fig. 12. Comparison of different planning horizons H in terms of average
reward.

the model consistently converges to similar average reward
values once completing sufficient training. This demonstrates
the robustness and adaptability of the model with respect
to variations in conditional guidance scalar, ensuring reliable
results under varying conditions. However, small w values may
prevent the model from effectively capturing contextual cues,
while excessively large w values may cause the algorithm
to rely too heavily on conditional guidance. These results
suggest that a practical operational range of w € [1.2,1.6]
offers a good trade-off between conditioning effectiveness
and model generality in our setting. Therefore, in real-
world deployments, it is advisable to tune w within this
range to balance convergence speed, stability, and contextual
expressiveness.

Furthermore, to verify the relationship between the plan-
ning horizon H and the performance of CDMP, we conduct
relevant experiments to evaluate how different values of H
affect average rewards. It can be observed from Fig. 12
that different planning horizons result in fluctuating model
performance at the beginning of training. However, all settings
rapidly converge to similar, high average rewards, indicat-
ing that the model maintains stable performance and strong
reliability across a range of planning horizon configurations.
Nonetheless, an excessively short horizon may neglect long-
term rewards and future states, while longer horizons increase
the computational complexity, impairing overall algorithm
efficiency. These results suggest that an operational range of
H € [4,12] provides reliable performance in our scenario.
In practice, the horizon length should be adapted based on
the environment’s temporal complexity and system resource

Authorized licensed use limited to: Zhejiang University. Downloaded on January 08,2026 at 07:21:28 UTC from IEEE Xplore. Restrictions apply.



14606

DDPM-based
0.72
0.70 ﬁ

DDIM-based

o
>
2

Average Reward

25 50 100 200 25 50 100 200

Diffusion Steps
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Fig. 14. Comparison of different diffusion noise model backbones in terms
of average reward.

constraints to balance planning accuracy with computational
efficiency.

We also conduct a more in-depth numerical analysis on
the effects of diffusion steps K and the denoising sampling
mechanism in CDMP, with results presented in Fig. 13. The
sampling process is built upon the DDPM and DDIM [71]
frameworks, where DDIM leverages a pre-trained DDPM-
based noise model (K = 200) and follows a deterministic,
non-Markovian strategy with uniform stride skipping to reduce
iterations. Our comparison reveals that the DDPM-based
model exhibits a steady increase in average reward as K
grows, with a concurrent reduction in standard deviation,
enhancing performance robustness. In contrast, the DDIM-
based model results in lower average rewards with smaller
K, likely due to reduced denoising refinement and incomplete
noise removal. While DDIM benefits from faster sampling,
training-free deployment, and consistent outputs due to its
deterministic structure, this often leads to reduced sample
diversity and suboptimal performance in complex decision-
making tasks. Therefore, the choice of sampling framework
and K should be carefully tailored to balance computational
efficiency and policy performance. In our setting, we find that
DDPM with K > 100 and DDIM with K > 50 offer stable
and reliable results, while overly aggressive reduction in K
leads to degraded QoS. To our knowledge, this is the first
study comparing DDPM and DDIM sampling frameworks in
decision-making applications of DMs.

Moreover, we examine how different diffusion noise model
backbones affect the overall performance of our algorithm. As
analyzed in Section IV-E.1, the U-Net backbone adopted in
our main implementation is relatively complex. To improve
decision-making efficiency, we explore a simplified variant
by replacing the temporal U-Net with a 3-layer MLP, while
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keeping the diffusion step and condition embedding net-
works unchanged. The average reward during training is
shown in Fig. 14. Although the MLP-based CDMP achieves
slightly lower average rewards than the U-Net variant, it still
approaches oracle-level performance after sufficient training.
Notably, it consistently outperforms the strongest baseline,
Diffuser, in terms of higher average reward, faster conver-
gence, and lower variance, demonstrating superior reliability
and stability. These results indicate that, in real-world deploy-
ments, the choice of noise model backbone should be guided
by the specific trade-offs between decision quality and com-
putational efficiency required by the application scenario.

In addition, we investigate the impact of the OOD penalty
weight factor ( in the CDMP-pen loss function defined in
Eq. (19). Experiments are conducted under a scenario with
a 10% interference duty cycle, where the average rewards
of different weighting strategies are recorded, as illustrated
in Fig. 15. Comparative analysis reveals that CDMP-pen
models with moderate penalty weights, which impose penalties
on unknown and hazardous states that deviate significantly
from the offline dataset exhibit lower variance, demonstrate
enhanced adaptability and robustness in dynamic environ-
ments. However, assigning excessively large weights (e.g.,
¢ = 1.2) may lead to performance degradation, likely due
to overfitting and overly conservative behavior. Conversely,
small penalty values (e.g., ¢ = 0.4) fail to provide sufficient
regularization, weakening the model’s ability to avoid unsafe
OOD actions. These findings highlight the importance of
proper penalty calibration. Overall, our experiments suggest
that an operational range of ¢ € [0.6,1.0] offers a favorable
balance between conservatism and exploration, guiding prac-
titioners in parameter tuning for enhanced policy robustness
and adaptability.

VI. CONCLUSION

In this paper, we have studied a centralized MBRL-based
planning solution for MF-TDMA time slot scheduling strategy
optimization. In particular, we have proposed the CDMP
algorithm with a significant performance boost in terms of
communication efficiency and effectiveness, addressing the
challenges of resource allocation in clustered ad hoc networks.
Specifically, we have utilized a conditional diffusion model
to generate high-quality state sequences and employed an
inverse dynamics model to predict the optimal actions. After-
ward, we have introduced a dynamics uncertainty penalty to

tackle the OOD groblem in offline RL, extending it into a
8 UTC from IEEE Xplore. Restrictions apply.
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CDMP-pen algorithm, which has been theoretically proven
to effectively bound the true distribution error. We have
demonstrated the superiority & robustness of our framework
over several classical offline RL algorithms through extensive
simulations.

There are many interesting directions to be addressed in
the future. For example, our current simulation scenarios
are limited to relatively simple and traditional MF-TDMA
communication frameworks. Upon validating the proposed
algorithm’s effectiveness and advantages, future research could
explore its integration with more sophisticated communica-
tion protocols. This would enable a more comprehensive
investigation of the algorithm’s generalization capabilities
and adaptability, broadening its practical applications and
contributing to further advancements in communication sys-
tems. Moreover, our framework relies on centralized resource
scheduling. Thus, as the network scales up, it significantly
increases the complexity of training. Given these chal-
lenges, it is worthwhile to explore distributed decision-making
approaches. Through localized task allocation and parallel
training, distributed strategies can facilitate more efficient
learning of optimal policies at the individual level, ultimately
alleviating the burden of centralized information exchange
and accelerating convergence. In addition, since this study
focuses on resource allocation within pre-defined clusters in
a clustered ad hoc network, future work may consider jointly
optimizing clustering strategies and resource assignment. By
dynamically adjusting both the cluster structure and resource
distribution, the proposed algorithm could better adapt to
heterogeneous and time-varying network conditions. This line
of investigation holds promise for improving the flexibility
and robustness of the framework in complex and practical
deployment environments.

APPENDIX A
PROOF FOR LEMMA 1

The perturbed data distribution can be written as a sum of
Gaussians, since
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Then we consider the negative log of the perturbed data
distribution multiplied by o? as
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Then the lemma comes. L

APPENDIX B
PROOF FOR THEOREM 1

Let L. denote the local Lipschitz constant of the true
error e(s) valid over the state space S, and define s. :=
argmin ;|| s — s’ ||5, i.e., the closest data-point. By definition,
s"€Dgtat . .
we have e(s) < e(s') + Lc||s — s*||2. Consequently, the
following holds:

e(s) < min [e(s")

5" E€Dggat
< e(se) + Lells — s¢l|2

1
= e(se) + V2Ley s = sell3

e(se) + V2L,

+ L.||s — sng}

1
— min |ls—s?3
2 s1€Dgtat

< e(50)+V2Ley /02 log (5 T exp(— 5= 15— 57[13))
= e(s¢) + V2Le/do (5; Dstat)? + Cs, 31)

where Cy = o%log M’ — C1, with C} defined in Eq. (14). In
the second line, we leverage the fact that as s, is a feasible
solution to the minimization problem in the first line, it serves
as an upper bound for the optimal value. In the fifth line, we
rely on convex analysis and the characteristics of the smoothed
minimum, where for any vector v = [vy,---,v,]" € R",
the inequality min{vy, -+ ,v,} < —+log>7" | exp(—dv;) +
% holds for any scaling parameter § > 0. Thus, we attain
the theorem. u
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