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Abstract—Modern distributed systems, such as the Cloud-
Edge-IoT continuum, are becoming increasingly complex, hetero-
geneous, and large-scale, making continuous monitoring essential
for ensuring reliability and detecting failures. Yet, monitoring
such systems can generate large volumes of data across many
nodes, services, and devices, which makes exhaustive metric
collection costly, resource-intensive, and difficult to manage espe-
cially at the edge/IoT layer, in terms of collection, transmission,
processing, and storage overhead. To address this issue, we focus
on adaptive metric selection under monitoring constraints. We
propose a reinforcement learning based framework that learns to
adaptively select at each monitoring window a compact and infor-
mative subset of metrics by prioritizing anomalous and causally
influential signals while balancing long-term monitoring utility
and resource usage. The approach is implemented using a Deep
Sets inspired actor-critic policy trained with PPO and evaluated
on both synthetic and real-world datasets. Experimental results
show that the proposed method reduces monitoring volume by up
to 66% compared to exhaustive monitoring and 33% compared
to capacity-aware baselines, while maintaining strong anomaly
coverage and importance preservation.

Index Terms—Reinforcement learning, resource-aware moni-
toring, metric subset selection, anomaly detection, causal analysis.

I. INTRODUCTION

Monitoring Cloud-Edge-IoT continuum systems is a foun-
dational yet challenging task. These systems span a wide
range of heterogeneous resources, from high-capacity cloud
servers to resource-constrained edge and IoT devices dis-
tributed across geographic and administrative boundaries [1].
To ensure reliable performance, fault detection, and resource
optimization, system components must be continuously moni-
tored through the collection of telemetry data, including logs,
traces, and metrics. In this work, we focus specifically on
metrics, as they provide continuous quantitative indicators of
system behavior and are widely used for performance analysis,
anomaly detection, and operational diagnosis.

The main challenge is that observability cost is strongly
tied to the amount of monitoring data that is continuously
collected, transmitted, processed, and stored. As systems scale
with more services, interactions, devices, and user requests, the
number of collected metrics and time series also increases,
especially when metrics include high-cardinality labels or
wide-ranging dimensions. In cloud environments, this directly
translates into monetary cost, since providers charge customers
based on collected monitoring data and metrics [2]. However,
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many collected metrics may never be used in dashboards,
alerts, or diagnosis, leading to storage and processing costs
with limited operational value [3]-[5]. This issue is even more
critical for edge and IoT devices, which operate under limited
CPU, memory, bandwidth, energy, and storage resources. It is
further amplified when the set of collected metrics and their
collection frequency are configured in advance and remain
mostly static during operation, regardless of the current system
state or the actual diagnostic value of each metric. Therefore,
exhaustive metric collection may be acceptable in some cloud
settings, but it becomes costly or impractical in resource-
constrained continuum systems. This motivates adaptive mon-
itoring approaches that decide not only how often telemetry
should be collected, but also which metrics should be selected
under resource constraints.

Reinforcement Learning (RL) provides a principled frame-
work for sequential decision-making under uncertainty and
has been widely explored for resource management in net-
working, distributed systems, and IoT networks [6], [7]. In
the monitoring context, unlike static monitoring strategies,
RL can learn policies that account for long-term trade-offs
between metric informativeness, monitoring cost, and capacity
constraints. In addition, anomaly detection and causal analy-
sis provide valuable insights into system behavior: anomaly
scores can highlight metrics that reflect abnormal conditions,
while causal relationships can identify structurally influential
metrics. However, their use as informative priors for adaptive
metric selection remains underexplored.

In this paper, we propose a RL-based framework for adap-
tive metric selection under resource constraints. We formulate
metric selection as a sequential decision making problem
where, at each monitoring window, the agent selects a subset
of metrics to monitor in the next window. The policy is
guided by anomaly and causal indicators and learns to balance
monitoring utility, resource usage, and soft node-level capacity
constraints. To model the structured nature of the decision, we
implement the policy using a Deep Sets inspired actor-critic
architecture [8] optimized with PPO [9]. The policy represents
node-metric pairs with shared parameters and combines local
metric features with a global monitoring context to produce
multi-binary selection decisions. We evaluate the proposed
approach in controlled monitoring environments with het-
erogeneous node capacities and dynamically evolving metric
behaviors derived from synthetic and real-world datasets. The
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main contributions of this work are summarized as follows:

o We formulate adaptive metric selection for Cloud-Edge-
IoT monitoring as a fine-grained sequential decision mak-
ing problem under soft node-level resource constraints.
We adapt a Deep Sets inspired actor-critic architecture
that represents node-metric pairs with shared parameters
and combines local metric information with a global
monitoring context to produce multi-binary selection de-
cisions.

We introduce an importance-driven monitoring strategy
that integrates anomaly and causal indicators, enabling
the agent to prioritize informative metrics while reducing
unnecessary monitoring.

We evaluate the proposed approach against multiple base-
lines on synthetic and real-world datasets, showing that
it can substantially reduce monitoring volume and cost
while preserving monitoring utility under heterogeneous
constraints.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on monitoring systems, anomaly
detection, causal analysis, and RL. Section III presents the
problem formulation and the proposed RL-based metric selec-
tion approach. Section IV describes the experimental setup and
discusses the results. Finally, Section V concludes the paper
and outlines future research directions.

II. RELATED WORK
A. Monitoring Systems and Adaptive Monitoring

Widely adopted monitoring systems like Prometheus [10]
operate under a pull-based model, periodically scraping all
exposed metrics from configured targets. In practice, exporters
expose dozens or even hundreds of metrics per node, typically
collected uniformly at fixed intervals. While this design sim-
plifies observability and deployment, it does not distinguish
between informative and non-informative metrics, nor does
it adapt to evolving system conditions. These limitations
motivate the need for adaptive metric selection mechanisms
that prioritize relevant signals while respecting system-level
capacity constraints, a capability not addressed by traditional
monitoring systems.

Several works have investigated adaptive monitoring strate-
gies for resource-constrained environments. For instance, [11]
proposes low-cost adaptive monitoring techniques that dynam-
ically adjust sampling frequency to reduce communication
and energy overhead in IoT systems. Similarly, [12] lever-
age probabilistic time-series forecasting to adapt monitoring
intensity in edge computing environments. These approaches
improve efficiency by adjusting monitoring frequency [13] or
scheduling policies. In contrast, our work focuses on what to
monitor under explicit per-node monitoring budgets.

B. Anomaly Detection and Causal Discovery

Anomaly detection (AD) plays a central role in system
monitoring, where time-series metrics are analyzed to iden-
tify performance degradation, faults, or abnormal operational
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conditions. A wide range of AD approaches have been pro-
posed, including statistical, isolation-based, and deep learning
methods [14]-[18]. In this work, we do not aim to propose a
new AD method. Instead, we use anomaly scores as decision
signals that help the monitoring agent prioritize metrics that
are more likely to reflect abnormal system behavior.

Causal inference, on the other hand, aims to identify di-
rectional relationships among variables and determine how
changes in one metric may influence others. Several families
of causal discovery methods have been proposed for both
i.i.d. and time-series data, including constraint-based and func-
tional causal model-based approaches, as well as Granger-
causality-based methods for temporal settings [19], [20]. In
monitoring environments, understanding causal dependencies
between time-series metrics is useful for distinguishing root
causes from secondary effects and for prioritizing structurally
influential signals.

C. Reinforcement Learning

RL has been increasingly used for adaptive resource man-
agement in distributed systems, networking, and wireless
IoT environments [21]. For example, Mao et al. [6] showed
that deep RL can learn resource management policies as an
alternative to hand-crafted heuristics. Xu et al. [22] proposed
an experience-driven DRL framework for traffic engineering
in communication networks, where the agent learns resource
allocation decisions from network experience. More recently,
DRL has also been investigated for online resource allocation
in IoT networks, highlighting its potential for dynamic and
resource-constrained environments [7].

These works show the relevance of RL for decision-
making in networked systems. However, most existing RL-
based resource-management approaches focus on allocating
computational, storage, or communication resources. They do
not directly address the problem of deciding which monitoring
metrics should be collected at fine granularity under node-level
capacity constraints. In our setting, the monitoring action is
not a single allocation decision, but a set of simultaneous
binary decisions over many node-metric pairs. The agent
must therefore balance metric usefulness, monitoring cost, and
capacity violations over time.

This makes adaptive metric selection different from classical
resource allocation problems. Since the decision is defined
over a collection of node-metric pairs, set-based neural ar-
chitectures such as Deep Sets [8] provide a useful modeling
perspective through shared representations and aggregation.
Building on this idea, our work formulates adaptive metric
selection as an RL problem for resource-aware monitoring,
where anomaly and causal indicators guide the selection policy
under soft capacity constraints.

III. REINFORCEMENT LEARNING-BASED DYNAMIC
METRIC SELECTION

We propose a RL-based approach for dynamic metric
selection in Cloud-Edge-IoT environments under resource
constraints. The proposed framework combines monitoring
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Fig. 1. Overview of our RL-based learning framework for selecting the subset
of monitoring metrics at each monitoring window.
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indicators, resource context, and a learning-based selection
policy to decide which metrics should be monitored over time.
Figure 1 illustrates the overall pipeline, including the anomaly
detection module, the causal discovery module, and the RL-
based monitoring agent.

A. System Model

We consider a system composed of N nodes, where each
node n € {1,..., N} exposes M monitorable metrics. The
nodes belong to different layers of the computing continuum
(Cloud, Edge, and IoT), and are characterized by two layer
dependent monitoring constraints: a soft monitoring budget
MC,,, which defines the preferred number of metrics that
can be monitored simultaneously on node n, and a per-metric
monitoring cost that reflects the relative overhead of collect-
ing, transmitting, processing, and storing each metric. These
quantities abstract local resource limitations, including CPU,
memory, bandwidth, energy, and storage capacity. Therefore,
resource constrained IoT and edge nodes are assigned smaller
monitoring budgets and higher monitoring costs, while cloud
nodes can support larger budgets and lower relative costs due
to their higher computational, communication, and storage
capabilities.

B. Problem Formulation

We formulate dynamic metric selection as a RL problem
defined by the tuple

(Sa Aa T7 R7 7)7

where S denotes the state space, A the action space, 7 the
transition dynamics, R the reward function, and € (0, 1] the
discount factor.

At the beginning of each monitoring window w, the agent
observes the current state s,, € S, constructed from the latest
available monitoring indicators and resource context. Based
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on this state, it selects an action a,, € A corresponding to the
subset of metrics to monitor during the next window. After
that window is evaluated, the environment provides a reward
T reflecting the usefulness of the selected metrics and their
resource usage, and transitions to the next state s,i. The
objective is to learn a policy that maximizes the expected
discounted return.

Node-level capacity constraints are not enforced as hard
action constraints, instead violations are incorporated into the
reward as penalty terms, allowing the agent to learn constraint-
aware metric selection through experience.

C. Anomaly and Causal Scores

The proposed policy uses anomaly and causal indicators as
complementary signals of metric importance. Anomaly scores
capture the temporal abnormality of each metric, while causal
scores reflect its structural influence on other system metrics.

To estimate anomaly scores, we use TimeEval [23], a
benchmarking framework for time-series AD. In particular, we
rely on LSTM-AD to compute anomaly scores for metrics over
time. The score is based on the variance-normalized squared
deviation of the mean absolute prediction error. Since raw
anomaly scores may differ across metrics, we use normalized
scores to make them comparable. At each monitoring window,
the anomaly indicator of a metric is obtained by aggregating
its anomaly scores within that window.

For causal importance estimation, we use PCMCI+ [19],
a method designed to identify causal relationships in mul-
tivariate time-series data. For each metric ¢, we compute a
static causal influence score by aggregating its statistically
significant outgoing causal effects on the other metrics in the
system across the considered time lags. Formally, the causal
score is defined as

CausalScore(i) = Z Z 1(ir — j) - [valis;(7)],

JEMi£jTET

where M denotes the set of metrics in the system, 7 the set of
considered time lags, and val;_,;(7) represents the estimated
causal strength at lag 7.

Both anomaly and causal indicators can in principle be
updated as new monitoring data becomes available, allowing
the selection policy to be integrated into an online monitoring
pipeline. In this work, however, we compute these indicators
from historical training data to focus the evaluation on the
metric selection policy itself.

D. State Space

The state space is represented as a three-dimensional tensor
NxM x5
sw €R 2,

where each metric on each node is represented by the follow-
ing 5 features:

o Anomaly score: Previous window anomaly score reflect-
ing abnormal behavior of the metric.
o Causal score: Metric’s causal influence on the system.
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« Placement history: Boolean, true if the metric was se-
lected for monitoring at the previous monitoring window.

o Capacity ratio: Normalized node level monitoring ca-
pacity.

o Cost feature: A normalized per-metric feature that repre-
sent the resource effort to collect, transmit, process, and
store the metric.

This representation provides the agent with the latest avail-
able system signals and historical monitoring context, while
explicitly exposing capacity constraints.

E. Action Space

At each monitoring window w, the agent selects a subset of
metrics to monitor across all nodes. The action is represented
as a multi-binary decision matrix

ay € {0,1}V*M

where each entry a,, ,(w) corresponds to the monitoring de-
cision for metric m on node n. An action value a,, ,,,(w) =1
indicates that the metric is selected for monitoring, while
an,m(w) = 0 indicates that it is not selected. This formulation
induces a high-dimensional action space, allowing the policy
to output one logit for each node-metric pair.

FE. Reward Function

The reward function is designed to guide the agent toward
selecting a compact and informative subset of metrics while
reducing monitoring cost and limiting capacity violations. At
each monitoring window w, the agent receives a positive
reward for selecting metrics with high monitoring importance,
and penalties for exceeding capacities, increasing monitoring
cost, changing selections unnecessarily, or selecting no met-
rics. The reward is defined as:

Tw = QTimp(w) — ﬁrcap(w) - ATCOSt(W) - 5Tswitch(w) —NTidle(w) s

where the coefficients «, 8, A, 4, and 7 control the relative
weight of each term. These weights are selected empirically
and kept fixed across experiments unless stated otherwise (last
row in II).

a) Importance reward: Encourages the selection of met-
rics that are either anomalous or causally influential (above
their baselines). Let AS,, ,,(w) denote the anomaly score of
metric m on node n at window w, and let C'S,, ,,, denote its
causal score. The importance reward is defined as:

N M
Timp(w) = Z Z anvm(w)(max (0, ASy m(w) — bg)

n=1m=1

+ max (0, CSpm — bc))

where AS, (W) = maxiecy ASnm(t), and b,, b, define
minimum anomaly and causal informativeness levels, with
higher rewards assigned to metrics whose scores exceed these
thresholds by larger margins.

b) Capacity Penalty: The goal of this penalty is to
penalize the agent when it exceeds the preferred capacity
(MC},). The capacity overflow is defined as

N
Teap(w) = Z max (0, |Syw| — MCy) .
n=1

where S, ,, denote the set of selected metrics on node n at
window w.

c) Cost Penalty: This term complements the capacity
penalty by accounting for the additional heterogeneous costs
in the system.

N M
rcost(w) = Z Z an,m(w)kn,m~

n=1m=1
d) Additional Penalties: The switching penalty 7switch
penalizes changes in monitoring decisions between consecu-
tive windows, but only for metrics that are not informative,
thereby discouraging unnecessary reconfigurations. The idle
penalty riqle prevents degenerate policies that select no met-
rics.

G. Policy Architecture

The monitoring decision is defined over a collection of
node-metric pairs rather than over a single scalar resource.
This motivates the use of a Deep Sets-inspired actor-critic
architecture [8], where each node-metric pair is processed with
shared parameters before being aggregated into a global repre-
sentation. This structure is well suited to our setting because
the same notion of metric relevance can be learned across
all node-metric pairs, while preserving the local structure of
each monitoring decision and avoiding the treatment of the
full monitoring state as a single unstructured vector.

a) Local encoding.: We represent the state at monitoring
window w as a collection of node-metric feature vectors. Each
vector corresponds to one pair (n,m) and contains the features
defined in Section III-D:

(W) e R,

n,m

Each vector is independently encoded by a shared two-layer
MLP ¢y with LayerNorm and ReL.U activations:

B, = oo (wli)) € R,

Although the encoder is shared, layer-aware behaviour is
preserved: features encoding node cost ¢, and capacity M C,,
differ across layers, so metrics on different layers produce
distinct local embeddings even when their anomaly scores are
identical.

b) Global context: The local embeddings are aggregated
into a single global context vector that summarises the overall
monitoring state:

g™ = po <p001<{h55f%} )) € R,

where pool is mean pooling, and py is a learned linear
projection followed by LayerNorm and ReLU.
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¢) Actor head: Following the segmentation branch of
PointNet [24], the global context is concatenated with each
local embedding before producing per-pair outputs. This al-
lows the policy to make individual selection decisions while
conditioning each decision on the overall monitoring state:

A = [l | 6] € mecr,

The actor then outputs one logit for each node-metric pair,
defining independent Bernoulli decisions and producing the
multi-binary action matrix a,, € 0, 17> The critic uses the
global representation to estimate the value of the current state.
The actor and critic are trained jointly using PPO [9].

IV. EXPERIMENTAL EVALUATION

We evaluate the proposed approach from three perspectives.
First, we assess whether the learned policy can reduce mon-
itoring volume and cost while preserving anomaly coverage.
Second, we compare it with exhaustive, heuristic, and learning-
based baselines under different anomaly densities and on
real monitoring data. Third, we examine the contribution
of the policy architecture and analyze how different reward
configurations affect the learned behavior.

A. Experimental Setup

We consider a monitoring environment composed of nodes
distributed across the Cloud-Edge-IoT continuum, where IoT
nodes represent 30% of the system, edge nodes 40%, and
cloud nodes the remaining 30%. The preferred monitoring
capacity of each node is defined as a fraction of the number
of available metrics: 20-40% for IoT nodes, 40-70% for edge
nodes, and 70-90% for cloud nodes. Monitoring costs are also
layer-dependent, with IoT metrics assigned the highest cost,
followed by edge and cloud metrics. These settings follow the
qualitative resource heterogeneity reported for Cloud-Edge-
IoT systems, where endpoint and edge devices are resource-
constrained relative to cloud data centers [1], and where
telemetry collection and transmission dominate the energy
budget of constrained devices [11], [25]. The literature there-
fore motivates the adopted ordering of resource constraints and
monitoring costs across the IoT, edge, and cloud layers, while
the specific layer proportions, capacity ranges, and cost values
are chosen experimental parameters rather than measurements
from a particular deployment.

We evaluate the proposed policy on two synthetic settings
and one real-world monitoring dataset. The first synthetic
setting contains N = 5 nodes and M = 7 metrics per node,
and is used to study the behavior of the policy under differ-
ent anomaly densities. The second synthetic setting contains
N =10 nodes and M = 15 metrics per node, generated with
GutenTAG, an extensible tool integrated with TimeEval [23]
and it is used for the reward ablation study under a 0.25
anomaly density. For the real-world evaluation, we use the
Server Machine Dataset (SMD) [16]. The dataset contains
monitoring data from N = 28 machines, each described by
M = 38 metrics, including CPU load, memory usage, and
network activity. This dataset is used primarily to evaluate

the scalability of the proposed policy and its behavior on real
monitoring data. Layer assignments, monitoring capacities,
and costs are therefore introduced synthetically using the same
proportions as in the previous setting.

We compare our method against four baseline strategies:
Random-Selection where the agent randomly selects metrics
while respecting the preferred per-node budget, Monitor-
Everything selects all available metrics at each monitoring
window, TopK-Anomaly-Causal which is a non-learning
baseline that, at each monitoring window, ranks the metrics of
each node using a combined score based on the latest available
anomaly and causal scores, and selects the top metrics up
to the node’s preferred budget, and RL-Flat-MLP which
flattens the complete monitoring state into a single vector and
processes it using a standard MLP-Policy.

Experiments were executed on a server equipped with dual
Intel Xeon Gold 6258R CPUs, 503 GB RAM, and an NVIDIA
RTX A6000 GPU (48 GB VRAM) running Ubuntu 22.04.

To evaluate the performance of each approach we define the
following metrics:

o Anomaly Coverage Rate (ACR): Rate of anomalous

metrics selected for monitoring.

o False Monitoring Rate (FMR): Rate of selected metrics

that are not anomalous.

« Total-Coverage: Defined as the harmonic mean between

ACR and (1 — FMR).

o Budget Consumption Ratio (BCR): It measures how

much of the available monitoring capacity is consumed.

« Capacity Violation Rate (CVR): Rate of nodes where

the capacity constraint is violated.

¢ Cost: Average monitoring cost per window, including col-

lection, transmission, processing, and storage overhead.

The PPO agent is trained with a discount factor v = 0.99, a
learning rate of 3 x 104, and a clipping range of 0.2. Episodes
contain 512 or 1024 raw timesteps depending on the dataset
size, and decisions are made over monitoring windows of size
10 timesteps. The best-performing model is selected through
periodic evaluation during training. The size of feature vector
F is set to 5 in all the experiments.

B. Performance Comparison

We first evaluate the proposed monitoring policy on the first
synthetic dataset, resulting in 35 monitorable metrics. Table I
reports the performance under two anomaly-density settings
over 5 paired seeds, allowing us to assess the behavior of each
method when anomalies are either sparse or more frequent.

As expected, Monitor-Everything achieves the highest ACR,
since it collects all available metrics at every monitoring
window. However, this exhaustive strategy comes at the cost
of the highest budget consumption ratio, highest cost, and a
large number of unnecessary metric selections, as reflected
by its high FMR. In contrast, Random-Selection respects the
monitoring budget but provides weak coverage, since it se-
lects metrics without considering their importance. The TopK-
Anomaly-Causal baseline improves over Random-Selection by
prioritizing metrics with high anomaly or causal importance,
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TABLE I
PERFORMANCE COMPARISON UNDER DIFFERENT ANOMALY DENSITIES (MEAN &+ BETWEEN-SEED STD. OVER FIVE SEEDS).

Anomaly-Density Method ACRT FMR| Total-Cov{ BCR Selected. CVR| Cost|
Random-Selection 0.5164 008 0.8844 002 0.1894+ .003 1.000+.000 18.140.1 0.000+.000 0.255+ 002
Monitor-Everything 1.000+ o00 0.883+.000 0.209+ 000 1.9354 000 35.040.0 1.0004 000 0.7004 000

0.05 TopK-Anomaly-Causal 0.9154 001 0.794+ 001 0.3364 001 1.0004+ 000 18.140.1 0.000-+ .000 0.2554 002
RL-Flat-MLP 0.907+ 006 0.7414+ 009 0.403+ 011 0.7844 024 14.240.4 0.1764 015 0.2304 006
Ours 0.936+ 010 0.6114+ g75 0.5434+ 066 0.5744+ o3 104417 0.067+ 018 0.146+ 015
Random-Selection 0.518+ 003 0.533+.003 0.4914 003 1.000+ 000 18.140.1 0.000-+ 000 0.2554 002
Monitor-Everything 1.000+ 000 0.533+.001  0.636+.001 1.935+.006 35.040.0  1.000+.000  0.700+ 000
0.25 TopK-Anomaly-Causal 0.7884 .001 0.296+ 001 0.7434+ 001 1.0004+ 000 18.140.1 0.000-+ 000 0.2554 002
RL-Flat-MLP 0.891+ 004 0.309+ .004 0.778+ 003 1.1624+ 010 21.040.1 0.504+ 013 0.387+.007
Ours 0.861+.012 0.10641 034 0.8771 017 0.8701.038 15.010.7 0.2611019 0.2544 007

resulting in higher ACR and Total-Coverage. However, it
always uses the full monitoring capacity and cannot reduce the
monitoring volume when fewer metrics would be sufficient.
This limitation is more clear in the sparse anomaly setting,
where the method maintains a relatively high FMR.

Compared with these baselines, our proposed policy
achieves the best overall trade-off between anomaly coverage,
false monitoring, and monitoring cost. The trained policy
learns not only which metrics are informative, but also when
selecting additional metrics is not worth the monitoring cost.
This is clearly shown by its lower FMR and higher Total-Cov
in both anomaly-density settings. For instance, at anomaly
density 0.05, our policy selects only 10 metrics on aver-
age while achieving the best Total-Cov score. Similarly, at
anomaly density 0.25, it outperforms TopK-Anomaly-Causal
in ACR, FMR, and Total-Cov, while selecting fewer metrics
at a comparable monitoring cost.

The comparison with RL-Flat-MLP further highlights the
benefit of the structured policy architecture. In both anomaly
densities, our policy generally outperforms the RL-Flat-MLP,
having lower FMR, higher Total-Coverage, fewer selected
metrics, lower cost and lower capacity violation rate. When
anomalies are more frequent, RL-Flat-MLP reaches a slightly
higher ACR at the cost of all other performance metrics. This
shows that preserving the node—metric structure leads to a
better overall trade-off than processing the monitoring state
as a single flat vector.

C. Evaluation and Comparison with Real Dataset

We further evaluate the proposed approach on the SMD
dataset to assess its behavior on real monitoring data and in
a larger monitoring setting. Anomaly and causal scores are
computed as described in III-C .

As shown in Fig. 2, the proposed policy achieves the best
trade-off between coverage and monitoring cost. It reaches an
ACR of 0.92 while selecting only 436 metrics on average,
and thus reduces the cost by 19% compared with TopK-
Anomaly-Causal and up to 68% compared to the Monitor-
Everything baseline. More importantly, the structured policy
clearly outperforms RL-Flat-MLP baseline where the last
clearly shows degradation in performance when we scale,
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Fig. 2. Performance evaluation on the SMD dataset, comparing our approach
with the baselines and an RL-Flat-MLP policy. Bars report the mean over 5
paired seeds and error bars denote + one between-seed standard deviation.

our approach obtains higher anomaly coverage (0.92 vs 0.76)
while selecting 45.7% fewer metrics than RL-Flat-MLP. This
suggests that explicitly encoding each node-metric pair and
combining it with a global monitoring context is more effective
than learning from a fully flat vector especially when we scale.

Overall, the SMD results show that the proposed policy
remains effective on real monitoring data.

D. Ablation Study of Reward Parameters

To investigate the impact of each reward term, we perform
an ablation study by varying the reward weights using the
second synthetic setting generated with GutenTAG. Table II
summarizes the results.

When only the importance term is active (o = 10.0), the
agent prioritizes anomalous and causally influential metrics,
achieving near optimal anomaly coverage (0.98). However,
without cost or capacity penalties, the policy selects a large
number of metrics, resulting in the highest CVR and monitor-
ing cost. This configuration illustrates that optimizing instan-
taneous importance alone leads to near exhaustive monitoring
and highlights the necessity of cost and capacity regularization.

Adding the cost penalty (A = 3.0) substantially changes this
behavior. The average number of selected metrics decreases
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TABLE II
EFFECT OF REWARD WEIGHTS ON THE PERFORMANCE OF THE PROPOSED
APPROACHM SINGLE RUN PER EVALUATION.

a B X 6 n ACR 7T Tot-Cov.t Selected) CVRJ Costl
100 0.0 0.0 0.0 0.0 0.983 0.493 140 0.967 3.471
10.0 0.0 3.0 0.0 0.0 0.734 0.788 40 0.136  0.884
10.0 3.0 0.0 0.0 0.0 0.578 0.688 31 0.013  0.573
0.0 3.0 3.0 1.0 0.0 0.000 0.000 0 0.000  0.000
100 1.0 0.1 0.1 2.0 0.827 0.799 50 0.128  0.996

from 140 to 40, while the monitoring cost drops from 3.4705
to 0.8844. We can notice here that the CVR remains above
zero, indicating that the cost penalty alone does not always
keep the policy within the preferred node capacities.

When the capacity penalty is added instead (5 = 3.0), the
policy becomes more conservative. The average number of
selected metrics decreases to 31, and the CVR falls to 0.0132,
but this comes at the expense of the ACR and Tot-Cov.

Finally, when the importance weight is set to zero, the
agent prefers not to monitor any metrics, leading to negligible
coverage. This behavior motivates the inclusion of the no-
monitor penalty in the reward design to prevent degenerate
solutions.

V. CONCLUSIONS AND FUTURE WORK

This paper presented a RL framework for adaptive metric
selection in Cloud-Edge-IoT continuum systems under het-
erogeneous monitoring constraints. The proposed policy pro-
cesses node-metric pairs with shared parameters and combines
their local features with a global monitoring context, enabling
fine-grained selection decisions based on anomaly relevance,
causal influence, monitoring cost, and node capacity.

The learned policy outperforms the baselines in balancing
monitoring utility and resource use, reducing monitoring vol-
ume by 57% - 70% over exhaustive monitoring and 17% - 42%
over capacity-aware methods while preserving strong anomaly
coverage. The SMD results also show that maintaining the
node—metric structure improves scalability, enabling the policy
to select only metrics whose value justifies their cost.

Future work will investigate online updates of anomaly
and causal indicators, generalization across systems with het-
erogeneous metric sets, and decision-making under partial
observability when unselected metrics are unavailable.
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