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Abstract—Future 6G edge networks must support ultra-
reliable and low-latency communication for applications such as
autonomous driving and industrial automation, while operating
under strict bandwidth and compute constraints. Achieving this
balance requires telemetry systems that are adaptive, scalable,
and resource-efficient. However, existing telemetry approaches
either rely on static deployment or network-wide activation,
leading to excessive overhead and redundant measurements in
dense edge environments. This paper presents ARTA, an Adaptive
Redundancy-Aware Telemetry Node Activation framework that for-
mulates the telemetry activation problem as a redundancy-aware
benefit–cost optimization. Each node is evaluated by anomaly
likelihood, traffic importance, topological centrality, and context
relevance, while redundancy, caused by nearby nodes reporting
overlapping telemetry data, and resource limits are explicitly
modeled. The resulting submodular objective enables a greedy
algorithm with provable optimality guarantees. Simulations on
edge–core topologies of up to 1,000 nodes show that ARTA
achieves approximately 0.8 normalized accuracy (80% of the
maximum achievable accuracy) while activating only 20% of
nodes within a few seconds, demonstrating scalability and zero-
touch observability.

Index Terms—6G networks, edge computing, adaptive node
activation, submodular optimization, zero-touch orchestration.

I. INTRODUCTION

The evolution toward 6G networks introduces new chal-
lenges for network observability. Emerging applications such
as autonomous driving, industrial automation, and extended
reality depend on ultra-reliable and low-latency communica-
tion [1], requiring accurate, real-time telemetry across both
the core and the edge. Unlike 5G, which mainly relied on
centralized telemetry, 6G connects a large number of edge and
far-edge nodes (e.g., vehicular units and lightweight servers),
creating dense and dynamic environments that demand a
rethinking of telemetry design and deployment [1], [2].

Existing telemetry approaches cannot meet these require-
ments. Current 5G and early In-band Network Telemetry
(INT) systems rely on static placement or network-wide activa-
tion [3]–[5]. While offering fine-grained visibility, they incur
excessive bandwidth, computation, and storage overhead in
dense networks. This overhead is further exacerbated when
adjacent telemetry nodes report correlated measurements,
generating redundant data that burdens the network without
improving observability [3], [5]. Telemetry must therefore
become adaptive, activating only where information is most
valuable while minimizing wasted resources [6].
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Designing adaptive telemetry for 6G edge networks is
challenging due to the large number of candidate nodes and the
dependency between activation decisions, whereby activating
one node affects the value of others, making the problem NP-
hard. Prior approaches based on static probe placement [3]–[5]
or topology heuristics [7] fail to scale because they overlook
these interdependencies and redundancy effects, while acti-
vation decisions must still be computed rapidly under strict
bandwidth and compute constraints.

To address this problem, we propose the ARTA framework
that formulates telemetry activation as a redundancy-aware
benefit–cost optimization problem. Each candidate node is
evaluated by anomaly likelihood, traffic importance, topolog-
ical centrality, and context relevance, while redundancy from
overlapping telemetry and resource constraints is modeled.

We analyze the properties of the formulated optimization
problem and show that it exhibits a submodular structure
with cardinality constraints. Leveraging this property, ARTA
employs a greedy algorithm that achieves provable optimality
guarantees and runs inO(|V |K) time, where |V | is the number
of candidate telemetry nodes and K is the activation budget,
ensuring scalability for large topologies [4], [5], [8].

ARTA models redundancy among nodes with overlap-
ping monitoring coverage and enforces resource constraints
to maintain efficient and nonoverlapping operation. This
redundancy-aware formulation keeps telemetry adaptive and
resource-efficient even in large 6G edge networks. Simulations
on topologies of up to 1,000 nodes show that ARTA achieves
high anomaly-detection accuracy while reducing cost and
redundancy, providing a practical foundation for zero-touch
and resource-aware observability in next-generation networks.
This paper makes three main contributions:

• We define the telemetry node activation problem for
dense 6G edge networks, highlighting the importance of
balancing telemetry accuracy with resource efficiency.

• We formulate a redundancy-aware benefit–cost optimiza-
tion problem and prove its submodularity, enabling scal-
able greedy algorithms with provable guarantees [8]
(§III).

• We evaluate ARTA on network topologies with up to
1,000 nodes, achieving about 0.8 of the maximum ac-
curacy while activating 20% of nodes with near-zero
redundancy and improved scalability (§IV).

The remainder of this paper is organized as follows. Sec-
tion II reviews background and related work, Section III
presents the proposed redundancy-aware optimization frame-



work, Section IV evaluates ARTA, and Section V concludes
the paper and outlines directions for future work.

II. BACKGROUND AND RELATED WORK

Network telemetry enables operators to monitor network
performance such as latency, loss, and congestion in real
time, supporting functions such as fault diagnosis and adaptive
control. Telemetry systems can operate in two principal modes:
in-band, where measurement metadata is embedded within live
packets as they traverse the network, and out-of-band, where
probes are generated separately and sent to collectors [9].

In 5G systems, most telemetry operations were concentrated
at the network core. In contrast, 6G extends observability to
a large number of edge and far-edge nodes, significantly in-
creasing the scale and heterogeneity of telemetry data sources
while intensifying resource constraints at the edge [1], [2].
Efficient and adaptive telemetry activation therefore becomes
a fundamental design requirement for 6G.

A. Placement Strategies for Telemetry Nodes
Recent research on telemetry placement has evolved toward

more flexible and context-aware strategies. Examples include
INT-Label, which distributes labeling to reduce metadata [3],
INTO, which applies topology heuristics [4], and DeltaINT,
which reports only on local state changes [5]. Tomography-
based selection [10] and other static designs perform well in
stable networks but cannot adapt at runtime.

To move beyond static and topology-based placement,
intent-driven approaches have emerged to make telemetry
activation more adaptive and goal-oriented. Sel-INT enables
programmable switches to insert telemetry selectively [11],
ITU-T FG-AN promotes intent-based orchestration for ob-
jectives such as anomaly detection and SLA assurance [6],
and Newton translates high-level intents into network-wide
monitoring configurations [12]. While these designs improve
flexibility, they typically assume a fixed set of active nodes,
leaving open the question of where activation should occur.
Prior work such as INT-balance [7] optimizes telemetry path
planning to balance monitoring coverage and overhead, while
NetView [13] orchestrates telemetry collection and visualiza-
tion through controller coordination. These systems improve
telemetry execution but not activation.

ARTA addresses the complementary problem of where
telemetry should be activated, a challenging decision task due
to the scale and coupling of 6G edge systems. It employs sub-
modular optimization, which offers a principled basis for node
selection via diminishing returns and greedy maximization.
Prior work applied similar methods to sensor placement [8],
online selection [14], and dynamical systems [15], but typ-
ically under static or centralized settings. ARTA generalizes
these principles to redundancy-aware, adaptive activation with
provable scalability guarantees.

B. Benefit–Cost and Design Factors in Telemetry
The usefulness of activating telemetry at a node depends

on multiple factors. Prior studies emphasize individual dimen-
sions: DeltaINT reports only when local states change beyond

a threshold, capturing anomaly likelihood [5]; AdapINT uses
deep reinforcement learning to deploy probes under latency
and bandwidth limits, highlighting traffic importance [16];
network tomography selects vantage points to maximize ob-
servability, reflecting topological centrality [10]; and intent-
driven systems such as Newton and Sel-INT adapt teleme-
try to situational needs, emphasizing context relevance [11],
[12]. These approaches optimize one metric or use heuristic
learning rather than a unified optimization model. In contrast,
ARTA jointly considers all four factors through a submodular
optimization framework that captures their trade-offs and
redundancy interactions.

Alongside these benefits, telemetry also incurs costs. Sys-
tems such as INTO and DeltaINT introduce extra probes
and headers that consume bandwidth and may congest user
traffic [4], [5]. Large-scale monitoring platforms like Pingmesh
demonstrate how uncontrolled telemetry streams can overload
data collectors [17]. On-device monitoring further stresses
limited memory and compute resources, as shown in systems
such as OpenSketch and lightweight telemetry designs for
constrained edge environments [18], [19].

While a few studies combine cost and benefit factors, most
address them separately. In contrast, ARTA provides a unified
model that jointly optimizes benefit, cost, and redundancy,
enabling adaptive and resource-efficient telemetry activation
for large-scale 6G edge networks.

III. SYSTEM MODEL AND PROBLEM FORMULATION

This section presents the system model and optimization
framework underlying ARTA. Telemetry-related signals used
to derive benefit and cost are treated as configurable inputs
inspired by existing monitoring systems, while the ARTA
formulation, the explicit modeling of inter-node redundancy,
and the resulting submodular optimization problem constitute
the original contributions of this work. Telemetry activation
is formulated as a decision problem in which a subset of
candidate nodes is selected to maximize monitoring benefit
under resource constraints. Figure 1a illustrates how ARTA
favors high-benefit, moderate-cost nodes, achieving balanced
and efficient activation across the network.

A. Network Model

The network is represented as a graph G = (V, E), where
V denotes the set of candidate telemetry nodes and E the
set of communication links among them. The node set V
may include backbone, edge, and far-edge elements of the 6G
system, while E includes all real or virtual links over which
telemetry information is transmitted between nodes.

Each node i ∈ V is associated with a benefit score
Bi, capturing its monitoring value, and an activation cost
Ci, representing resource consumption. Both parameters are
derived from telemetry-related metrics obtained from passive
measurements or historical statistics, consistent with prior
work [3]–[5], [17], [18], [20]. These parameters are treated as
inputs to ARTA. Table I summarizes the main notation used
in the formulation.



The main decision variables of ARTA indicate whether
telemetry is activated at each candidate node. Formally,

Decision variable:

xi =

{
1, if telemetry is activated at node i,

0, otherwise.

The binary vector x = (xi)i∈V represents the activation
state of all candidate telemetry nodes. The parameters and
activation decisions can be revisited periodically, depending on
network dynamics and controller policies, and ARTA operates
efficiently enough to update these decisions even at fine
time scales. Activation decisions are computed centrally by
a network controller and applied across distributed edge and
core nodes.

Constraint: Activating telemetry at many nodes can over-
whelm network and device resources [3], [5], [17], [21]. To
prevent such overload, we impose a cardinality budget on the
number of simultaneously active telemetry nodes:∑

i∈V
xi ≤ K, (1)

where K is the maximum number of simultaneously acti-
vated nodes (e.g., 20% of edge devices). Such constraints
are common in network utility maximization, network design,
and sensor placement to prevent overload while preserving
tractability [22]–[24].

B. Benefit and Redundancy-Adjusted Benefit Function

As defined in the network model, each node i is associated
with a benefit score Bi that quantifies the monitoring value
of activating it. The benefit is expressed as four normalized
components capturing different aspects of telemetry value:

Bi =

4∑
k=1

λksi,k, (2)

where si,k ∈ [0, 1] are feature scores and λk are their non-
negative weights (defaulting to 0.25 each):

• Anomaly likelihood: Probability that a node experiences
or is about to experience faults, inferred from standard
counters such as queue occupancy or packet drops, with-
out requiring prior telemetry [5], [21], [25].

• Traffic importance: Criticality of flows handled by the
node, derived from QoS or SLA descriptors.

• Topological centrality: Structural importance, measured
by path coverage or connectivity, indicating its effective-
ness as a monitoring point.

• Context relevance: Situational factors that increase mon-
itoring value, e.g., V2X segments during rush hours or
boundary nodes in cross-domain settings.

In dense 6G edge networks, activating telemetry on
nearby nodes often yields correlated measurements, such as
nearly identical latency or queue statistics across connected
switches [3], [5], [21]. These redundant probes consume band-
width and collector resources without improving visibility.

TABLE I
SUMMARY OF NOTATION

Symbol Definition
V Set of candidate telemetry nodes
S ⊆ V Activated subset of nodes
Bi Baseline benefit score of node i
Ci Activation cost of node i
Ji(x) Redundancy-adjusted benefit of node i
J(S) Set-level objective function for selected nodes S
wij Redundancy weight (similarity) between nodes i and j
N (i) Set of nodes within a limited hop distance from node i
xi Activation decision for node i
λk Weight of benefit component k
si,k Normalized score of benefit component k for node i
γc Weight of cost component c
qi,c Normalized score of cost component c for node i
β Redundancy sensitivity parameter
α Weight for benefit–cost trade-off
K Activation budget (maximum nodes that can be active)

To address this inefficiency, ARTA models redundancy by
assigning weights wij ∈ [0, 1] for all j ∈ N (i), where
N (i) denotes the set of nodes within a limited hop distance
from node i. The weight wij decreases with hop distance,
reflecting weaker redundancy between more distant nodes.
Such correlation weights have also been adopted in prior INT
and network monitoring studies [3], [4], where wij can be
estimated from shared traffic flows, overlapping path segments,
or statistical similarity among monitored data streams.

The redundancy-aware benefit of node i under an activation
vector x is defined as

Ji(x) = Bi − β log
(
1 +

∑
j∈N (i)

wijxj

)
, (3)

where β ∈ [0, 1] controls redundancy sensitivity. The log-
arithmic term captures diminishing returns from correlated
activations, balancing observability and scalability in dense
6G edge networks.

C. Cost Function

Complementing the benefit score, the cost Ci is defined
as the resource burden of enabling telemetry at node i. It is
expressed as a weighted sum of three normalized components:

Ci =

3∑
c=1

γcqi,c, (4)

where qi,c ∈ [0, 1] are normalized scores for each cost
component, and γc are non-negative weights (defaulting to
equal values). The three representative components are:

• Bandwidth Cost: additional link capacity consumed by
probes or metadata.

• Collector/Processing Cost: load imposed on back-end
collectors and analytics systems.

• On-Device Resource Cost: memory and compute usage
at telemetry-capable nodes.

Higher cost values indicate limited resource availability or
temporary resource stress at a node, which naturally reduces
the likelihood of activating telemetry there. These dimensions



capture the main sources of overhead while remaining flexible,
allowing additional factors (e.g., energy consumption) to be
incorporated as needed.

D. Optimization problem

The telemetry activation problem is formalized by combin-
ing the redundancy-aware benefit and the activation cost into
a single optimization objective:

max
x∈{0,1}|V|

∑
i∈V

Ji(x)xi − α
∑
i∈V

Ci xi, (5)

s.t.
∑
i∈V

xi ≤ K, xi ∈ {0, 1}, ∀i ∈ V.

This formulation integrates monitoring utility, redundancy,
and resource constraints, framing the problem as a submodular
maximization under a cardinality constraint. The greedy algo-
rithm provides the classical (1−1/e) guarantee [26], offering
a tractable and theoretically grounded approach for selective
telemetry activation in 6G edge networks. This is a challenging
problem, since each activation decision xi = 1 depends on its
benefit Ji(x), which in turn varies with other activated nodes.
Next, we analyze its properties and develop a scalable solution.

E. Complexity, Submodularity, and Greedy Solution

The computational and structural properties of the teleme-
try activation problem are analyzed under the logarithmic
redundancy penalty. To examine complexity, the objective
is rewritten in equivalent set-function form [8], following
standard submodular optimization notation. Let S ⊆ V denote
the subset of activated nodes corresponding to the binary
vector x, where xi = 1 if and only if i ∈ S. The benefit
term is expressed as J(S), while the complete objective also
includes the cost and the cardinality constraint |S| ≤ K. This
function is submodular, defined as follows:

Definition 1 (Submodularity). A set function J : 2V → R is
submodular if for all A ⊆ B ⊆ V and x ∈ V \B,

J(A ∪ {x})− J(A) ≥ J(B ∪ {x})− J(B).

The redundancy-adjusted benefit can then be written as:

max
S⊆V

J(S) =
∑
i∈S

Bi − β
∑
i∈S

log

(
1 +

∑
j∈S\{i}

wij

)
,

subject to a cardinality constraint |S| ≤ K.

Lemma 1 (Computational Hardness). The telemetry activation
problem is NP-hard.

Proof. Maximizing a nonnegative submodular function under
a cardinality constraint is NP-hard [26]. The logarithmic
redundancy term couples node selections, making the objective
non-separable and combinatorial. Therefore, solving it exactly
requires exploring an exponential number of activation subsets,
and the problem is NP-hard.

Lemma 2 (Submodularity of J). The utility function J(S) is
submodular. Consequently, the greedy algorithm used in ARTA

Algorithm 1 Redundancy-Aware Greedy Algorithm
1: St ← ∅, U ← V ▷ initialize selected and candidate sets
2: while |St| < K and U ̸= ∅ do
3: for all i ∈ U do
4: ∆i(St)← Bi − β log

(
1 +

∑
j∈St

wij

)
5: UTIL(i)← ∆i(St)− αCi

6: p← argmaxi∈U UTIL(i)
7: if UTIL(p) > 0 then
8: St ← St ∪ {p} ▷ add the most valuable node
9: U ← U \ {p}

10: return St ▷ final set of activated telemetry nodes

achieves the classical (1 − 1/e) approximation ratio to the
optimal solution under the cardinality constraint [26].

Proof. For S ⊆ V and x /∈ S, the redundancy penalty of
adding x is

∆S(x) = Bx − β log
(
1 +

∑
j∈S

wxj

)
.

Since log(1 + z) is concave and
∑

j∈S wxj is modular, their
composition is concave-over-modular, which implies submod-
ularity [8], [27].

Proposition 1 (Sufficient Monotonicity). If for every x ∈ V
and S ⊆ V \ {x} it holds that

Bx ≥ β log

1 +
∑
j∈S

wxj

 , then J is monotone.

Since the problem is NP-hard but submodular, ARTA uses
a greedy selection that activates the node with the high-
est marginal utility, defined as redundancy-penalized benefit
minus weighted cost. Greedy algorithms yield near-optimal
solutions for submodular maximization under cardinality con-
straints with linear complexity per iteration [26].

The method is summarized in Algorithm 1. It begins with
an empty selected set St and a candidate pool U (Line 1).
While the number of selected nodes is below the upper limit
K and candidates remain (Line 2), the algorithm computes
for each candidate i ∈ U its redundancy-adjusted gain ∆i(St)
and marginal utility UTIL(i) = ∆i(St) − αCi (Lines 3–4).
The node p with the highest utility is identified (Line 5) and
added to St if it provides a positive improvement (Lines 6–7).
The process repeats, removing each chosen node from the pool
until the budget K is reached (Lines 8–9). The final output is
the selected set St of active telemetry nodes (Line 10).

IV. EVALUATION

ARTA is evaluated on hierarchical edge–core topologies
generated with NetworkX, where dense edge clusters connect
to few core nodes, reflecting typical 6G architectures [1],
[2]. Candidate nodes represent telemetry-capable devices and
lightweight edge servers. Each experiment is repeated with
different random seeds, and results are averaged across runs.



(a) Per-node benefit vs. cost scatter (N=100 ex-
ample). ARTA selects high-benefit, moderate-cost
nodes while avoiding redundancy, enabling effi-
cient monitoring.

(b) Objective value vs. network size (N ), where
negative values indicate cost-dominated regimes.

(c) Anomaly-detection accuracy vs. network size
(N ), normalized to the maximum achievable value.
Shaded regions denote the standard deviation over
five runs.

Fig. 1. ARTA performance compared with baselines across objective, accuracy, and selection.

(a) Runtime vs. network size (N ), where the MILP
baseline scales superlinearly and becomes infeasi-
ble, while ARTA remains within a few seconds.

(b) Total cost vs. network size (N ). ARTA keeps
monitoring cost below 25% of full activation while
matching MILP for small N .

(c) Total redundancy vs. network size (N ). com-
puted as

∑
i,j wij over activated nodes.

Fig. 2. ARTA compared with baseline methods across runtime, cost, and redundancy metrics.

Randomized parameters and multiple seeds are intentionally
used to avoid bias toward specific topologies or traffic pat-
terns and to evaluate ARTA under diverse and representative
operating conditions.

Redundancy weights wij are randomly generated in the
range [0, 1], where higher values represent stronger correlation
between nearby nodes. ARTA selects nodes by their marginal
benefit-to-cost ratio while accounting for redundancy. The
benefit combines four normalized components: anomaly like-
lihood, traffic importance, topological centrality, and context
relevance, each with equal weights (λk = 0.25). The activation
cost aggregates bandwidth, collector, and on-device usage with
uniform weights (γc = 1/3). Equal weights ensuring neutral
contribution among factors for both benefit and cost [4], [5].

The default parameters are set to α = 0.7, β = 0.2, and
K = 0.2|V|. These values were empirically chosen to balance
accuracy, cost, and redundancy across network sizes. We also
verified that small variations (±20%) in α or β did not affect
the overall performance trends, confirming that ARTA’s results
are robust to parameter changes. Evaluation metrics include
accuracy, cost, redundancy, and runtime scalability.

The evaluation compares ARTA with three baselines: (i)
Full activation, which enables telemetry at all nodes and
achieves maximum coverage at prohibitive cost [3]–[5]; (ii)

Random selection, which activates K nodes uniformly at ran-
dom and serves as a standard benchmark in sensor placement
studies [8]; and (iii) Solver-based optimization (MILP BASE-
LINE), implemented in CVXPY [28] with the CBC solver,
computes the exact optimum of the benefit–cost formulation
for small topologies due to its high complexity.

Figure 1b reports the objective value as network size in-
creases. ARTA matches the MILP baseline on small topolo-
gies and maintains near-optimal performance as the network
scales, while random selection exhibits high variance and full
activation degrades due to accumulated cost and redundancy.
Shaded areas denote the standard deviation over five runs.

For accuracy evaluation, 5–10% of nodes are randomly
marked as anomalous, and a node is considered correctly
detected if it belongs to the activated set covering an anoma-
lous node. Figure 1c reports the normalized accuracy, where
1 denotes the maximum achievable value. ARTA achieves
0.8 accuracy (80% of the maximum),remaining stable across
network sizes, while random selection fluctuates due to un-
coordinated activation. Full activation yields perfect accuracy,
and the MILP baseline matches ARTA on small networks but
becomes infeasible as N grows.

The MILP baseline uses a piecewise-linear approximation
of the logarithmic redundancy penalty. Figure 2a shows that



its runtime grows superlinearly with N , becoming infeasible
beyond 200 nodes, while ARTA remains within a few seconds
at 1,000 nodes, confirming its scalability.

Figure 2b and Fig. 2c report the monitoring cost and
total redundancy, respectively. As network size increases, full
activation quickly becomes inefficient, while random selection
incurs high cost due to uncoordinated activation. ARTA main-
tains low cost by selecting informative nodes, matching the
MILP baseline on small topologies before the latter becomes
infeasible. Redundancy exhibits the same qualitative behavior
across methods.

Increasing the activation budget K from 10–30% improves
accuracy as expected, without changing the relative perfor-
mance trends, demonstrating ARTA’s robustness to parameter
choice. At N = 1,000 nodes, ARTA achieves about 0.78
accuracy with less than 25% of the cost of full activation and
near-zero redundancy, confirming its efficiency at scale.

V. CONCLUSION AND FUTURE WORK

This paper presented ARTA, an Adaptive Redundancy-
Aware Telemetry Node Activation framework for efficient
observability in 6G edge networks. By formulating teleme-
try activation as a redundancy-aware benefit–cost optimiza-
tion, ARTA balances monitoring accuracy with resource ef-
ficiency and scales effectively to large topologies. Simula-
tions show that ARTA achieves ∼0.8 normalized accuracy
(80% of the maximum achievable accuracy) while activating
only 20% of nodes and maintaining minimal redundancy.
These results demonstrate the practicality of selective ac-
tivation for resource-efficient telemetry in next-generation
networks.Future work will extend ARTA toward online and
dynamic settings, including highly mobile vehicular and IoT
scenarios, and integrate adaptive learning and intent-driven
orchestration to enable self-healing and autonomous telemetry.
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