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Abstract—Conventional federated learning assumes that
greater learner participation improves training performance, by
leveraging abundant, independently generated local data. How-
ever, in federated reinforcement learning (FRL) for unmanned
aerial vehicle (UAV) teams in hazardous environments where
experience generation is severely constrained by safety consid-
erations, energy limitations, and mission duration, this assump-
tion may break. This work introduces Experience-Constrained
Hierarchical Federated Reinforcement Learning (EC-HFRL), a
framework in which clusters act as federated learning agents,
while multiple intra-cluster learners represent parallel learning
resources that reuse a shared experience pool. We show that
increasing participation does not necessarily improve learning
performance. Instead, learning performance is strongly asso-
ciated with experience reuse strategy and the dominance of
key analytically identified gradient transition experiences within
a cluster. In particular, minibatch size primarily determines
effective replay exposure, while higher intra-cluster participation
increases reuse level. Empirical results demonstrate that the
performance regimes are strongly associated with the structure
of the learning signal, rather than federated aggregation effects,
clarifying the limited and secondary role of learner participation
in experience-constrained FRL.

Index Terms—federated reinforcement learning, experience-
constrained learning, prioritized experience replay, multi-UAV
systems

I. INTRODUCTION

Unmanned aerial vehicles (UAVs) are increasingly deployed
for missions in hazardous environments, including radiation
inspection in contaminated areas, wildfire response, and post-
disaster structural assessment [1]. In such settings, agents must
operate under severe uncertainty in environmental dynamics
and hazard distributions, such as toxic gas dispersion and
radiation exposure [2]. Although deep reinforcement learning
provides a principled framework for adaptive control, real-
world deployment in hazardous environments introduces a fun-
damental and often overlooked constraint: safe and informative
experience can only be generated at a limited rate.

Unlike conventional multi-agent learning settings where
large-scale data collection is feasible, experience generation
in hazardous environments is inherently slow, costly, and
risky. Each task execution carries a non-negligible probability

of irreversible UAV failure due to environmental exposure,
collision, or communication loss. Moreover, hazards are typ-
ically unknown and only partially observable: UAVs have
no prior knowledge of hazard sources, spatial extent, or
failure mechanisms, and cannot directly observe when or
how exposure leads to failure. As a result, agents must infer
hazardous regions indirectly from onboard sensing, sparse
rewards or penalties, and observed failures while learning to
avoid destructive conditions under severe uncertainty.

These constraints substantially alter the learning regime
in experience-constrained FRL settings. UAVs are not freely
reusable training entities, and each deployment consumes
a limited physical resource. Consequently, the total amount
of experience that can be safely generated is bounded by
operational constraints rather than computational capacity.
Even with large fleets that have abundant parallel computation
resources, learning is still constrained by a low experience
generation rate. At the same time, participation in learning
and communication incurs non-negligible energy costs for
each agent. In this regime, increasing the number of parallel
learners does not expand the available data pool; instead, it
reshapes how a limited experience pool is repeatedly used
during optimization. As a result, architectural choices that
increase parallel learning participation may significantly in-
crease system-level energy consumption, with marginal gains
in learning performance.

Federated reinforcement learning (FRL) provides a natural
paradigm for collaborative learning among edge devices by
enabling decentralized policy optimization with limited data
sharing [3], [4]. Most existing FRL methods, however, implic-
itly assume abundant training data and emphasize scalability
through increased participation or efficient aggregation [5], [6].
Under fixed experience budgets, these assumptions no longer
hold: learning dynamics are shaped by finite-sample effects,
experience reuse, and the structure of stochastic updates,
altering the role of participation during training.

In this work, we study learning dynamics in FRL under
constrained experience generation using a cluster-based hier-
archical framework [7]. We focus on experience-constrained



federated reinforcement learning, where the rate of safe expe-
rience generation is fixed by environmental, safety, or mission
constraints. In this regime, increasing learner participation
changes how a fixed experience pool is reused rather than
introducing additional data. Our analysis is restricted to this
fixed-budget setting rather than data-abundant or throughput-
oriented reinforcement learning scenarios.

We propose a hierarchical architecture for Experience-
Constrained Hierarchical Federated Reinforcement Learning
(EC-HFRL) where UAVs are organized into clusters with
no inter-cluster experience sharing. In each training round,
only a small subset of UAVs within each cluster interacts
with the hazardous environment to generate new experience,
while the remaining UAVs learn from these cluster-specific
experiences through local updates. The local models are first
aggregated at the cluster level, and then aggregated at the
system level. Our goal is to manage these learning resources
to maximize learning performance under fixed experience
budgets, while analyzing the resulting energy implications of
different participation configurations.

From a learning-signal perspective, we analyze how the
parameters of this architecture shape optimization. Increasing
the number of intra-cluster learners introduces more con-
current updates from the same replay pool but does not
increase experience availability. Their participation therefore
primarily affects the statistical stability of replay sampling.
On the other hand, minibatch structure, particularly batch size,
determines which transitions dominate the loss and shape
the policy updates. Under constrained experience budgets,
learning progress depends strongly on whether semantically
critical transitions, referred to as key experiences, enter the
loss-dominant subset of prioritized replay. When such tran-
sitions are absent, increased reuse and aggregation amplify
uninformative gradients, leading to diminished returns despite
higher cost.

We validate these findings on two large-scale UAV team
tasks modeling chemical leakage detection and wildfire hazard
assessment, where agents learn under unknown and potentially
destructive environmental conditions. Across both domains,
we observe consistent performance regimes driven by learning-
signal structure under fixed experience budgets. These results
demonstrate that performance variation in data-scarce FRL is
strongly associated with learning signal composition rather
than participation intensity, while participation density primar-
ily governs system-level energy cost.

The main contributions of this paper are summarized as
follows:

• We propose EC-HFRL, a hierarchical FRL under fixed
per-round experience budgets, designed for multi-UAV
deployments where hazardous conditions fundamentally
limit safe experience generation.

• We analyze how intra-cluster learning resource allocation
and minibatch configuration shape learning dynamics
under this regime, showing that increased participation
primarily stabilizes replay sampling, while minibatch

structure determines which transitions dominate opti-
mization.

• We identify two system metrics, Key Enrichment Ratio
(KER) and Key TD Contribution (KTC), as the indicators
of the contribution of key experiences in the learning pro-
cess, and demonstrated that they are strongly associated
with effective learning.

• Through empirical studies of EC-HFRL on UAV team
tasks in two hazardous-environment tasks, we analyze
learning-signal structure and reveal how (K, b) shapes
learning performance and energy cost under fixed expe-
rience budgets.

II. RELATED WORK

A. Experience-Constrained Reinforcement Learning and Re-
play

Many real-world reinforcement learning problems operate
under severe data constraints, where experience generation
is costly, risky, or rate-limited. Experience replay is widely
adopted to improve sample efficiency by reusing previously
collected transitions, and prioritized experience replay (PER)
further biases sampling toward transitions with large TD errors
to accelerate learning under limited data [8].

Most replay-based methods focus on designing sampling
priorities for individual transitions and analyzing their effects
on convergence or stability. However, these approaches typ-
ically place less emphasis on how learning signals are ag-
gregated within minibatches, especially under repeated replay
reuse. When minibatches are large, task-critical transitions can
be diluted by gradient averaging, weakening their influence on
updates.

This limitation becomes more pronounced when replay is
combined with parallel learning from a shared buffer with
overlapping samples. While parallelism is often assumed to
improve learning efficiency, existing work rarely examines its
interaction with replay under fixed experience budgets, where
parallelism primarily intensifies reuse.

Our work addresses this gap in experience-constrained
federated reinforcement learning by analyzing replay expo-
sure and minibatch structure under constrained experience
generation, and by characterizing how these factors jointly
determine which transitions dominate learning signals during
optimization.

B. Federated and Parallel Reinforcement Learning under Lim-
ited Data

Federated learning (FL) enables distributed optimization
through parallel local updates and periodic parameter ag-
gregation [9], [10]. In practice, FL systems often operate
under partial participation due to communication, computa-
tion, or availability constraints [5]. In supervised learning,
increased participation is commonly associated with improved
convergence because additional clients typically contribute
independent data.

In hierarchical FRL deployments for physical multi-agent
systems, experience generation is often limited by safety



and mission constraints. In these regimes, increasing learner
participation mainly changes how a fixed experience budget
is reused across updates. Despite this distinction, much of
the existing FRL literature still adopts participation intuitions
inherited from data-abundant FL settings.

Parallel reinforcement learning architectures such as A3C
[11] and IMPALA [12] leverage parallelism to improve
throughput in experience collection and policy optimization.
Prior work has shown that increased parallelism can introduce
policy lag, correlated updates, and finite-sample effects, lead-
ing to diminishing returns unless explicitly addressed. These
issues are exacerbated when parallel learners repeatedly sam-
ple from a shared replay buffer, yet their interaction with par-
ticipation density remains underexplored. Unlike throughput-
oriented parallel RL settings, our focus is on regimes where
parallelism only redistributes reuse of a fixed experience
budget.

Recent studies in federated optimization further indicate that
participation patterns influence convergence behavior beyond
communication efficiency [13]. In contrast to system-oriented
analyses emphasizing scheduling or aggregation efficiency, our
work focuses on federated reinforcement learning under fixed
per-round experience budgets and analyzes how learner par-
ticipation and minibatch configuration shape learning behavior
through experience reuse and learning signal composition.

III. PROBLEM FORMULATION

We consider federated reinforcement learning for large-scale
multi-UAV systems operating under strict energy constraints
and limited experience generation. The learning problem is
formulated as a decentralized partially observable Markov
decision process (Dec-POMDP) [14], augmented with explicit
constraints on energy consumption and experience availability.
Our objective is to characterize how learning dynamics depend
on experience aggregation and learner resource allocation
when data generation is inherently bounded by hazardous
operating conditions. Here, a cluster c is a federated learning
entity. We use Ctc and Ktc to denote the set of UAVs in cluster
c and the set of UAVs participating learning in c at time t,
Ktc ⊆ Ctc. Ktc is randomly selected over time to ensure an
even distribution of the workload and UAVs in Ktc are parallel
learning resources operating on a shared experience pool.

A. Resource-Constrained Multi-UAV Model

We consider a group of N UAVs indexed by i ∈ {1, . . . , N}
operating in a bounded three-dimensional workspace X ⊆ R3.
Each UAV is subject to strict SWaP (Size, Weight, and Power)
constraints, such that both mission execution and learning-
related activities incur non-negligible energy costs.

The global system state at time t is defined as

st = [Pt,Vt,Et,Ht],

where Pt and Vt denote the joint positions and velocities
of all agents, Et = {et1, . . . , etN} represents residual onboard
energy levels, and Ht denotes latent environmental hazard
parameters that influence transition dynamics and failure risk.

Energy consumption arises from both physical operation
and learning participation. Physical execution consumes en-
ergy through propulsion and control, while learning incurs
additional energy cost due to local policy optimization and
model communication. The energy dynamics of agent i are
given by

et+1
i = eti−I(modei = Fly)·Efly(a

t
i)−I(i ∈ Kt)·Elearn, (1)

where Kt denotes the set of agents participating in learning
during communication round t.

The learning-related energy cost is decomposed as

Elearn = Etrain + Ecomm + Eagg,

where Etrain accounts for local optimization computation,
Ecomm captures wireless model transmission and reception,
and Eagg represents aggregation and broadcast overhead at the
cluster head. All energy terms are computed using a physics-
grounded power model by integrating device-specific power
consumption over execution time, with parameters derived
from representative embedded compute and radio modules
used in UAV platforms.

This formulation captures the coupling between mission
execution, learning participation, and finite energy budgets,
enabling quantitative analysis of the energy implications of
different participation and minibatch configurations. Energy
modeling is used exclusively for post-hoc evaluation of
deployment-level trade-offs and does not alter the learning
objective, reward function, or policy optimization process.

B. Hazard-Aware Environment Dynamics

Environmental risk is modeled by a continuous hazard field
Z : S → [0, 1] defined over the environment state space S. For
an agent at state st ∈ S , the hazard field specifies local risk
intensity, which is mapped to the probability of catastrophic
failure via a monotonic function F(·). Specifically, failure at
time t is sampled as

Pfail(st) ∼ Bernoulli(F(Z(st))). (2)

This failure mechanism induces irreversible termination
and directly constrains experience generation by limiting the
duration and frequency of safe interactions. The hazard field
may depend on spatial location or jointly on agent state
variables, leading to heterogeneous transition dynamics across
tasks. These differences give rise to distinct learning regimes,
which are examined empirically in Sec.V-A. The hazard model
affects transition dynamics and data availability but does not
introduce explicit safety constraints or risk-sensitive optimiza-
tion objectives.

C. Learning Participation under Fixed Experience Budgets

We consider a cluster-based federated reinforcement learn-
ing architecture in which UAVs are partitioned into clusters for
hierarchical optimization. Each cluster is treated as a federated
learning entity and maintains its own experience pool, while
clusters do not share experience with one another.



Fig. 1. Overview of the EC-HFRL framework.

Within each cluster c, a fixed-size subset of UAVs is
designated as active learners, denoted by Kc ⊂ Cc with
|Ktc| = Kt. These active learners act as parallel learning
resources and perform local policy updates by reusing cluster-
specific experience. The aggregated update at communication
round t is given by

gt =
∑
i∈Kt

c

∇Li(θ). (3)

This algorithmic formula illustrates aggregated local updates
and does not assume a specific optimizer. Learning-rate scaling
and normalization are omitted as our analysis focuses on
relative learning-signal composition.

A defining characteristic of physical multi-agent systems is
that the amount of newly generated experience per communi-
cation round is constrained by mission duration, safety con-
siderations, and energy availability. Accordingly, we assume
that each cluster contributes a fixed amount of experience per
round, independent of the number of participating learners.
Active learners sample minibatches from a shared cluster-level
experience pool to perform local updates and the sampling is
performed independently to save communication.

This formulation establishes a controlled setting for analyz-
ing learning dynamics under experience scarcity. Participation
size K and minibatch size b act as external configuration
parameters that shape experience reuse and gradient aggrega-
tion, rather than decision variables optimized by the learning
algorithm, and are fixed throughout each experimental run.

IV. METHOD

This section presents the EC-HFRL training protocol. We
characterize prioritized replay under multi-learner sampling
and analyze how learner participation and minibatch configu-
ration shape replay exposure during optimization. These rela-
tionships provide the structural foundation for our subsequent
empirical analysis of which exposed transitions are associated
with downstream performance.

A. Training Protocol under Fixed Experience Budgets

EC-HFRL adopts a cluster-based hierarchical federated re-
inforcement learning architecture, illustrated in Fig.1. UAV
agents are partitioned into geographically or operationally

defined clusters. Within each cluster, a designated cluster
head (CH) [15] aggregates model updates from participating
agents, while a global server periodically aggregates cluster-
level models and broadcasts the updated policy to all clusters.
CH rotation follows the LEACH protocol [15], which proba-
bilistically rotates the CH role to balance energy consumption
across UAVs. This hierarchy enables scalable coordination
across large UAV teams and localizes experience storage
and replay at the cluster level, serving as a system-level
organization for distributed learning without modifying the
underlying reinforcement learning algorithm.

Training proceeds in synchronized communication rounds.
In each round and for each cluster c, only a small subset of
UAVs interacts with the environment to collect new trajecto-
ries, which are stored in a shared cluster-level replay buffer
Dtc. The amount of newly collected experience per round is
rate-limited by hazard-driven operational constraints, such as
mission duration and recovery cycles, and is therefore treated
as fixed.

Within each cluster, a subset of agents is selected as
active learners Ktc, with |Ktc| = K. Here, each cluster is
treated as a federated learning agent, while the active learners
Ktc represent parallel learning resources allocated within the
cluster that reuse a shared experience pool. Each active learner
independently samples minibatches of size b from the logically
shared replay buffer to perform local policy updates. Local
updates are aggregated at the cluster head and subsequently
synchronized at the global server using standard average
aggregation. Aggregation follows standard federated averaging
and is not modified or adapted based on replay statistics or
learning signal properties.

Under this protocol, learner participation K does not affect
the rate of experience generation. Instead, the configuration
(K, b) shapes how a fixed experience pool is sampled and
reused across parallel stochastic updates. Throughout this
work, K and b are treated as externally configured parameters
rather than algorithmic decision variables, forming the basis
for the replay exposure analysis in the next subsection.

B. Prioritized Replay under Multi-Learner Sampling

Under the protocol described above, we analyze prioritized
replay when multiple learners concurrently sample from the
same local replay buffer. In this setting, prioritized replay
not only determines how frequently individual transitions are
reused, but also how much distinct experience is effectively
exposed to learning updates within a communication round.

To characterize this effect, we introduce a replay exposure
measure that quantifies the distinct transition support covered
by the union of sampled minibatches. Formally, let D denote
the replay buffer in a given round with |D| = N transitions.
Each learner k ∈ {1, . . . ,K} samples a minibatch Mk of
size b according to its local prioritized sampling distribution.
Let

∣∣∣⋃Kk=1Mk

∣∣∣ denote the number of distinct transitions,
identified by buffer indices, that appear at least once across



all learners. We define the union coverage ratio (UCR) as

UCR ,

∣∣∣⋃Kk=1Mk

∣∣∣
Kb

. (4)

Repeated samples of the same transition across learners do not
increase the numerator, so a smaller UCR indicates stronger
concentration and greater overlap under a fixed sampling bud-
get. We emphasize that UCR does not measure replay buffer
coverage, but rather the distinctness of replayed transitions per
unit sampling budget within a communication round.

This definition makes explicit how replay exposure ex-
hibits a clear association with both parallelism and minibatch
structure. Under a highly concentrated priority distribution,
many draws fall on a small subset of high-priority transitions.
As K increases with b fixed, the total number of draws
Kb increases, but the number of distinct transitions grows
sublinearly due to repeated sampling of the same high-TD
replay subset. Consequently, the number of distinct transitions
exposed to learning grows much more slowly than the total
number of draws, and the UCR decreases. Similarly, larger
minibatches amplify concentration effects through gradient
averaging, further reducing the effective diversity of samples
contributing to updates.

Importantly, this exposure compression arises from the
interaction between the concentration of the replay priority dis-
tribution and parallel reuse from a logically shared replay dis-
tribution, rather than from stochastic variability alone. While b
controls per-learner sampling granularity, K shapes the extent
of within-round reuse over the same high-TD replay subset.
Replay exposure under multi-learner prioritized sampling is
therefore jointly shaped by (K, b) and the distribution of replay
priorities.

C. Key Experience Replay under Constrained Exposure

Repeated sampling of high-priority transitions alone does
not guarantee effective learning under constrained replay
exposure. Transitions that steer policy updates toward task
success may constitute only a small fraction of the replay
buffer. We refer to such transitions as key experiences. Here,
key experiences are introduced as an analytical notion to
reason about learning relevance under constrained exposure,
rather than as algorithmic entities available during training.
In particular, under fixed buffer capacity and compressed
exposure, such key experiences that contribute meaningfully
to learning progress are even more limited.

In hazardous environments with asymmetric reward struc-
tures, many transitions provide limited or redundant gradient
information, while a small subset consistently shapes the
direction of policy updates. Which transitions are informative
is closely linked to both the task and the current policy state.

Importantly, key experiences are identified based on learning
relevance as assessed post hoc, rather than outcome of the
rewards. Depending on the task and training stage, they may
correspond to successful behaviors, near-boundary avoidance
events, or failure cases that reveal hazardous conditions. As
training progresses, the semantic role of key experiences

shifts with changes in exploration patterns, error modes, and
remaining uncertainty. Consequently, key experiences are nei-
ther static nor uniformly distributed across the replay buffer.
Conceptually, we distinguish two broad learning stages when
interpreting key experiences. In the early stage, the dominant
bottleneck is to discover a policy that can reliably reach the
destination region or complete the task. In the later stage,
once such behavior becomes stable, the bottleneck shifts to
refinement, such as avoiding hazard, reducing unnecessary
failure, or improving safety and efficiency. Accordingly, the
criteria used to identify key experiences are stage-dependent
and may change as the dominant learning bottleneck shifts
over training.

Prioritized replay increases the sampling frequency of tran-
sitions with large temporal-difference (TD) errors. However,
TD magnitude alone does not determine learning usefulness.
Large TD errors may also arise from instability, stochastic-
ity, or failure modes with limited long-term value, allowing
uninformative transitions to dominate replay usage without
contributing to task-relevant learning.

Under the multi-learner sampling protocol described in
Sec.IV-B, independent sampling from learners further concen-
trates replay exposure on the portion of transitions with high
TD error. Only transitions that appear in the union of sampled
minibatches across learners are eligible for subsequent am-
plification, effectively defining an admissible replay support.
Replay exposure refers to the set of unique transitions that are
sampled into the minibatch. It therefore acts as an effective
filter: it influences which transitions are repeatedly reused and
which remain unseen, regardless of their potential learning
relevance.

These observations motivate a shift from analyzing replay
intensity to analyzing which transitions are actually exposed
and reused during training.Rather than focusing solely on
aggregated TD magnitude, we emphasize the presence of
key experiences within the exposed replay support. In the
following sections, we empirically examine how exposure
compression influences the admission of key experiences over
training and how their presence is empirically associated with
downstream performance.

V. EXPERIMENTS

We design experiments to examine how learner participa-
tion and minibatch configuration shape learning dynamics in
federated reinforcement learning under fixed per-round expe-
rience budgets. Rather than comparing algorithmic variants,
our experiments isolate how experience reuse, update relia-
bility, and learning signal structure interact across hazardous
environments with heterogeneous risk characteristics.

A. Experimental Setup

To examine how learner participation and minibatch struc-
ture interact with experience characteristics under fixed per-
round budgets, we evaluate EC-HFRL on two high-fidelity
3D simulation benchmarks with distinct hazard structures.
These environments induce qualitatively different distributions



Fig. 2. UCR under different learner participation levels K and minibatch
sizes b in the Chemical and Fire environments.

of task-critical transitions, enabling a controlled study of
how replay exposure and learning-signal composition shape
performance across contrasting learning regimes.

Position-Dependent Chemical Leak (PD-Chem). PD-
Chem models a hazardous gas leakage scenario in which
environmental risk is determined primarily by agent position
relative to the leak source. Early in training, many approach
trajectories yield similar reward and exposure patterns, re-
sulting in high semantic redundancy. As destination-reaching
behavior becomes reliable, the main bottleneck shifts to refin-
ing trajectories by reducing unnecessary exposure and other
suboptimal approach behaviors. Accordingly, key experiences
in PD-Chem are mainly corrective transitions that distinguish
safer and more efficient approaches from poor terminal out-
comes.

State-Dependent Wildfire Interception (SD-Fire). SD-
Fire simulates a high-speed wildfire interception task with
second-order dynamics, where agents control acceleration un-
der strong inertial effects. Hazard depends jointly on position
and velocity, so unsafe outcomes are closely tied to motion-
dependent behaviors such as hovering, prolonged exposure,
and delayed maneuvering. Because successful interception
remains difficult through most of training, the main bottleneck
is discovering and stabilizing successful or near-successful
interception behavior. Accordingly, key experiences in SD-
Fire are mainly success- and near-success-related transitions
that provide informative gradients for interception and safe
maneuvering.

While the basic concept of key experiences remains un-
changed across environments, their semantic composition dif-
fers: in SD-Fire, key transitions are predominantly success-
or near-success-related experiences, whereas in PD-Chem
they more often correspond to corrective or avoidance-related
events.

Together, these benchmarks illustrate different dominant
optimization bottlenecks under fixed per-round experience
budgets.As a result, learning dynamics in SD-Fire are more
sensitive to replay exposure and sample composition.

B. Replay Exposure under Fixed Experience Budgets

We first analyze how learner participation and minibatch
structure shape replay exposure under fixed per-round experi-

Fig. 3. Replay exposure and key experience diagnostics under fixed experi-
ence budgets. (a)(b) show results for PD-Chem and (c)(d) for SD-Fire. Left:
relationship between replay exposure (UCR) and key experience admission
(KER). Right: relationship between key experience admission (KER) and key
TD contribution (KTC).

ence budgets. Replay exposure is quantified using the UCR,
defined in Eq.4. Figure2 reports the mean UCR under varying
learner participation levels K and minibatch sizes b for both
environments, revealing consistent trends across tasks.

Under the fixed experience budget setting, increasing learner
participation is empirically observed to induce a monotonic
decrease in UCR for a fixed minibatch size. As more learners
independently sample from a logically shared replay buffer
under the same prioritized distribution, sampling overlap in-
creases and replay usage concentrates on a smaller subset
of transitions. Minibatch size exhibits a consistently stronger
effect. As b increases, UCR decreases sharply across all values
of K, indicating accelerated concentration of replay usage and
a reduced effective support of prioritized replay.

These results indicate that under fixed experience budgets,
replay exposure is shaped in a predictable and monotonic
manner by (K, b). Minibatch structure plays a dominant role:
quantitatively, increasing minibatch size from b = 8 to
b = 256 reduces UCR by more than 60% on average across
all configurations. In contrast, increasing learner participation
from K = 8 to K = 64 yields a smaller but consistent
reduction in UCR, reflecting increased overlap induced by
parallel reuse rather than expanded data coverage. However,
reduced replay exposure alone is insufficient to account for
learning outcomes. Instead, performance depends critically on
the semantic composition of the prioritized samples admitted
under this constrained exposure.

C. Key Experience Admission and Learning Signal Composi-
tion

We next examine how replay exposure, quantified by UCR,
aligns with changes in the semantic composition of prioritized
samples and how this composition is reflected in learning
signal allocation. Specifically, we analyze whether transitions
that define the dominant optimization bottleneck at a given
training stage, referred to as key experiences, are admitted



into the high-TD replay subset and whether they subsequently
dominate gradient updates. To this end, we introduce two
complementary diagnostics that capture key experience ad-
mission at the data level and learning signal allocation at the
optimization level.

To assess the role of prioritized replay under fixed experi-
ence budgets, we compare PER against uniform replay while
holding K and b fixed. In PD-Chem, PER improves success
rates by 8%–15% across minibatch sizes. In SD-Fire, the gap
is substantially larger: PER achieves 2–5× higher success
rates than uniform replay under identical configurations, while
uniform sampling often fails to surface success or near-success
transitions. These results show that prioritized replay is more
effective than uniform sampling at surfacing learning-relevant
transitions under fixed experience budgets. We therefore next
ask a finer-grained question: among the transitions emphasized
by replay, are the task-relevant key experiences represented in
the high-TD replay subset, and how much TD-error mass do
they account for?

Key Enrichment Ratio (KER). Let D denote the replay
buffer. For analysis, we define Tp as the high-TD replay
subset, i.e., a compact representation of the average high-TD
replay region induced by repeated replay resampling at a fixed
checkpoint, with p = 5 in our experiments. Given a stage-
dependent key indicator κ(τ) ∈ {0, 1}, we define

KER , Pr
(
κ(τ) = 1 | τ ∈ Tp

)
− Pr

(
κ(τ) = 1 | τ ∈ D

)
.
(5)

The indicator κ(τ) is constructed post hoc for analysis based
on task-specific criteria, and is not available during training.
A positive KER indicates that key experiences are overrep-
resented in the high-TD replay subset relative to the replay
buffer as a whole. KER captures enrichment in the high-TD
replay subset without weighting transitions by TD magnitude.
In implementation, KER is estimated by averaging over replay-
resampled minibatches; Tp is used as compact notation for the
resulting average high-TD replay region at a fixed checkpoint.

Figure3(a,c) plots KER against UCR for both environments,
with each point corresponding to a (K, b) configuration and
color indicating test success rate. In PD-Chem, lower UCR
configurations tend to exhibit higher KER, suggesting that
replay becomes more concentrated on stage-relevant corrective
transitions once successful behaviors become common. In
SD-Fire, the relationship between UCR and KER is less
monotonic: replay exposure alone does not guarantee that key
experiences are sufficiently represented in the high-TD replay
subset, leading to wide variability in KER at similar UCR
levels.

To assess whether key experiences also account for a large
share of TD-error mass within the high-TD replay subset,
we further examine their relative TD contribution. Key TD
Contribution (KTC). We define

KTC ,

∑
τ∈Tp I[κ(τ) = 1] |δ(τ)|∑

τ∈Tp |δ(τ)|
, (6)

where δ(τ) denotes the TD error of transition τ . KTC mea-
sures the fraction of absolute TD error within the high-TD
replay subset contributed by key experiences and serves as a
proxy for their relative contribution to gradient updates.

Figure3(b,d) shows a strong positive association between
key experience admission and TD-mass contribution. Config-
urations with higher KER tend to have higher KTC, indicating
that key experiences account for a larger fraction of TD-error
mass within the high-TD replay subset. In contrast, low or
negative KER indicates that key experiences remain underrep-
resented in this subset, so a large total TD-error mass need not
imply a large key-experience contribution. Consistent with this
pattern, high test success rates are observed predominantly in
configurations where both KER and KTC are high.

To quantify this dependence, we compute Spearman rank
correlation coefficients between final success rate and KER
at a converged training stage, denoted by ρ. In the Chemical
environment, success rate exhibits a moderate positive corre-
lation with KER ρ = 0.37, while correlations with learner
participation (K) and replay coverage (UCR) are negligible
(|ρ| < 0.05). In the Fire environment, this dependence is
substantially stronger (SR–KER: ρ = 0.70), suggesting that
performance is more sensitive to whether key experiences are
represented in replay than to aggregation intensity or replay
exposure alone.

High KTC alone, however, is not sufficient to ensure strong
performance, particularly in the Fire environment. Because
KTC is a relative measure within the high-TD replay subset,
it does not capture the absolute availability or diversity of
key experiences. Thus, even when key experiences account
for a large share of TD-error mass within that subset, replay
may still lack sufficient coverage of other learning-relevant
transitions to support stable policy improvement.

Together, these results suggest that replay exposure influ-
ences performance by shaping both key experience admission
and subsequent learning signal allocation.

D. Performance and Energy Implications under Fixed Expe-
rience Budgets

We next evaluate task performance across learner partici-
pation levels and minibatch sizes to assess how the learning-
signal patterns identified in Sec. V-C manifest at the outcome
level. Performance is interpreted jointly with replay exposure
and key experience admission under fixed per-round experi-
ence budgets.

Figure 4 reports test performance over the (K, b) grid
for both environments. Across tasks, minibatch structure is
associated with clear and systematic performance trends, while
learner participation primarily modulates performance magni-
tude without altering the underlying regime. When interpreted
together with the diagnostics in Fig. 3, strong performance is
predominantly observed in configurations with stronger key-
experience representation in the high-TD replay subset, where
key experiences dominate learning signal allocation. Con-
versely, configurations with limited key experience admission



Fig. 4. Performance–energy trade-off across different (K, b) configurations.
Bars represent success rate, while the blue curve indicates the corresponding
system-level energy cost.

exhibit inferior performance, even when replay exposure or
aggregate TD magnitude is comparatively high.

Under experience-constrained federated learning, changing
minibatch size induces larger and more consistent variation in
success rate than changing learner participation. Specifically,
across the (K, b) configurations shown in Fig. 3, varying
minibatch size induces success rate changes of approximately
10–18%, whereas varying learner participation yields sub-
stantially smaller and less consistent differences within the
decentralized aggregation regime.

We further examine the energy implications of learner par-
ticipation to expose the performance–energy trade-off under
fixed experience budgets. As shown in Fig. 4, configurations
achieving comparable success rates can incur substantially
different energy costs depending on learner participation. In
particular, increasing K consistently raises communication
and computation energy due to parallel optimization and
aggregation, while providing limited or unstable performance
gains once key experience admission saturates. This reveals
a trade-off: under constrained experience generation, higher
participation primarily increases energy expenditure rather
than improving learning effectiveness, whereas appropriately
chosen (K, b) configurations can achieve competitive and
stable performance at significantly lower energy cost.

VI. CONCLUSION

Under fixed experience budgets, increasing learner partic-
ipation does not reliably improve performance and instead
mainly increases experience reuse and energy cost. Our results
show that performance in experience-constrained federated
reinforcement learning is governed more by replay dynamics
under limited data than by participation density or aggregation
scope, clarifying when sparse participation is sufficient.
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