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Abstract

Next-generation networks enable the deployment of Artificial
Intelligence Functions (AIF) directly in the network. As massive
volumes of data are generated across geographically distributed
network nodes, Federated Learning (FL) emerges as a key para-
digm for distributed model training through local updates and
aggregation, without requiring centralized data collection. To sup-
port timely in-network learning, we leverage the Data Pipeline
System (DPS) to collect, preprocess, and route network data to-
ward AIF clients. However, the joint chaining and assignment of
DPS functions and AIF clients onto the physical network remains
largely unexplored. We study the joint chaining and assignment
of DPS functions and AIF clients with the objective of minimizing
energy consumption while satisfying data end-to-end latency
constraints. This problem, denoted as DPS-AIF-CA, is NP-hard.
We propose a mathematical formulation and evaluate its perfor-
mance on benchmark network topologies.
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1 Introduction

The emergence of 5G and the ongoing evolution toward beyond-
5G networks are driving a paradigm shift in the design and oper-
ation of communication infrastructures. Modern networks are
no longer static systems but highly dynamic, heterogeneous, and
densely distributed ecosystems composed of diverse elements
such as base stations, routers, switches, or edge servers. These
components continuously generate vast amounts of statistical
information, namely network data. Handling and processing
these data is becoming essential for enabling intelligent network
automation and supporting advanced tasks such as traffic opti-
mization, anomaly detection, predictive maintenance, fault local-
ization, or resource management [2]. To address these challenges,
there is a growing trend toward embedding AIF directly into
the network fabric, where they can process data closer to its
point of origin. This concept, commonly referred to as in-network
intelligence, allows learning and decision-making processes to
operate with significantly reduced latency, improved reactivity,
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and enhanced scalability. By analyzing live network conditions
and adapting control operations in real time, in-network intel-
ligence is expected to play a central role in the management of
next-generation communication systems.

At the same time, the rapid expansion and densification of net-
work infrastructures have dramatically increased the structural
complexity of communication networks. Next-generation archi-
tectures are becoming inherently distributed and hierarchical,
with intelligence expected to be deployed across multiple lay-
ers, from centralized core network nodes to decentralized multi-
access edge computing nodes, and even at base stations. This
decentralization is motivated by the need to avoid the bottlenecks,
overhead, and reliability concerns associated with purely cen-
tralized management. Consequently, distributed Al frameworks,
most notably FL, are being actively explored as they enable train-
ing models from distributed data and sharing only model updates
for aggregation. This reduces communication overhead and al-
lows learning from local data and context-specific network obser-
vation. However, effectively supporting FL in operator networks
requires more than local training alone: data must be collected,
preprocessed, and routed in a timely and energy-efficient manner.
The Data Pipeline System (DPS) plays a key role in enabling such
in-network intelligence by structuring data flows from sources
toward AIF clients [8].

As depicted in Figure 1, the DPS consists of a virtual chain
of three functions: network data flows from the sources to the
ingress broker function (ib), it is then processed in batch by the
preprocessing function (p), and it is finally delivered by the egress
broker function (eb) to the corresponding AIF client.
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(a) noFlex: chaining fixed (b) semiFlex: chaining (c) Flex: chaining fixed

from the source fixed from the source or ib from the source, or ib or p

Figure 1: Three possible settings of DPS functions (ib, p,
and eb) connecting data sources s to AIF client ¢
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In this work, the DPS functions and the AIF for FL are mod-
elled as virtual network nodes, and the data flows between them
are represented as virtual links, where merging data at s, at ib
or at p is enforced to preserve data locality. Mapping this vir-
tual network onto the physical network infrastructure results
in an assignment problem. The aim is then to jointly optimize
DPS and AIF Chaining and their Assignment within the oper-
ator network to enable efficient in-network FL. This problem
will be denoted (DPS-AIF-CA) in the sequel. To the best of our
knowledge, no prior work directly addresses this problem, even
though this problem can be naturally related to the virtual net-
work embedding (VNE) problems [7, 12]. VNE problems have
been extensively studied and are often modelled as mixed-integer
linear or quadratic optimization problem [6, 11]. Some heuristics
or decomposition-based approaches were also proposed [3, 4].
These works typically consider node resource constraints and,
in some cases, bandwidth and end-to-end latency constraints,
together with structural constraints such as function precedence,
placement conflicts, or function sharing across virtual function
chains. Existing objectives include installation and operational
cost minimization [4], energy consumption minimization [3, 13],
or joint energy-traffic-aware optimization [10].

Unlike standard VNE problems, achieving FL in large-scale
networks introduces several fundamental challenges. First the
chaining and assignment of the DPS functions strongly influence
the latency, freshness, and quality of the data delivered to the AIF
clients. Suboptimal configurations may lead to excessive delays,
stale data, and degraded model performance, which can introduce
bias or reduce training stability in FL scenarios. Moreover, the
vast amount of data to handle raises significant concerns regard-
ing network-wide energy consumption, as both communication
and computation contribute to overall energy usage. Efficient as-
signment of DPS functions and ATF is therefore crucial not only
for performance but also for sustainable and energy-efficient
network operation. These issues highlight the need for a holis-
tic approach that jointly considers the chaining and assignment
of the DPS functions and AIF within an integrated framework
which is the scope of our work.

The key contributions of this paper can be summarized as
follows. We first prove that the DPS-AIF-CA problem is NP-hard
(Section 2), then we introduce a mathematical model for the DPS-
ATF-CA problem (Sections 3). Finally, we perform a thorough
evaluation on benchmark network topologies from the literature
to assess the efficiency of our formulation (Section 4).

2 Problem Statement

Mapping DPS functions and AIF (clients and aggregator) onto
nodes of the operator network and determining the routing of
data flows through the network reduces to an assignment prob-
lem. The routing decisions specify the paths as well as the data
between successive functions and the associated traffic volumes.
The solution must satisfy a set of constraints. Namely, resource
constraints must be satisfied as memory and processing capaci-
ties are limited on nodes. In addition, bandwidth capacities on the
links must be observed. Finally, latency constraints are imposed.
Indeed, AIF clients require sufficiently recent data to ensure up-
to-date training. Therefore, the age of data, which we define as
the end-to-end latency along the data paths to each AIF client,
must not exceed the target threshold, in order to prevent training
on stale data. In addition to resource, bandwidth, and latency
constraints, the virtual chaining and network assignment affects
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the overall energy consumption of the operator’s network. The
total energy consumption includes a fixed energy part for config-
uring nodes and a variable part induced by deploying functions,
processing or routing data. In addition, energy consumption is
incurred for transporting data across the network.

Enforcing strict end-to-end latency constraints to guarantee
data freshness may require deploying, for each source, a dedi-
cated DPS function chain and an AIF client, and placing both
as close as possible to the associated data source. While this
strategy reduces latency, it increases the number of active nodes
and the overall network utilization, which in turn raises energy
consumption. Conversely, increasing the number of data sources
assigned to the same ib, as well as the number of ib assigned to a p
function, can reduce the number of active nodes and the number
of links involved in data transport. However, this comes at the
cost of increased processing and pulling times, which can lead to
violations of strict end-to-end latency constraints. Therefore, the
DPS-AIF-CA problem inherently entails a trade-off among data
freshness, resource usage, and energy efficiency. The parameters
of the problem are formally defined in the following.

For every FL round, all data must be collected, processed by
DPS functions, and delivered to the AIF clients within a given
time limit Timax, which specifies the maximum allowable age of
the data delivered to the AIF clients in each training round. This
per-round latency constraint is enforced independently for all
rounds, thereby ensuring temporally consistent and up-to-date
inputs across successive FL iterations.

The operator network infrastructure is modeled as an undi-
rected graph G = (V, &), where YV is the set of nodes and & is
the set of links. Each node v € V has an available computing
resource Ay, characterized by the amount of memory and the
number of CPU cores. For example, a node v may have computing
resources of 32 GB of memory and 16 CPU cores. An available
bandwidth A, is defined for each link (u,v) € &. The parameter
Dy, provides the time required to transmit data from node u to
v, namely the propagation delay. The set of data sources, which
may include base stations, VNF embedded within nodes, or any
other nodes in the operator network from which network data
are collected for Al task purposes, is denoted S. We will con-
sider that each data source s € S produces Ny data samples per
training round.

As mentioned earlier, the DPS is composed of a set of virtual
chains of three functions, the ib, which queues data sent by the
associated data sources, the p function, which fetches data from
the associated ib for batch processing, and the eb, which queues
preprocessed data and makes them available for consumption by
the associated AIF client. The p function produces data batches
that are indivisible and of size between Bp,i, and Bpyax.

We denote 7, P and O as the set of ib, p and eb functions
respectively. A maximum number of instances allowed for all
functions in the network Mmax is imposed. We consider a set
C of AIF clients, which train local models using data received
from the associated DPS function chain. We adopt the classical FL
setup, where an aggregator, denoted by a, periodically performs
the aggregation after receiving the model updates of the locally
trained models from the set of connected AIF clients ¢ € C.

We assume that each function f € ¥, where ¥ =7 UPUOU
CU{a}, is deployed on a node as a Docker container and therefore
it requires a computational resource Uy, which captures both the
amount of memory needed to load the function onto the node, and
the number of CPU cores required to process incoming data. We
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also define £ = {(SXT)U(I xP)U(PxO)U(OXC)U(Cx{a})}
as the set of allowable function virtual links.

Parameter Ep, denotes the energy consumed to process one
byte of data when function f is executed on node v. The energy
consumed to transmit one byte of data over the network link
(u,v) is given by Ey,. Installing and launching the function in-
duces a fixed energy consumption Fy, when deploying function
f on node v. Similarly, configuring node v to host one or more
functions f incurs a fixed energy consumption F,.

A per-sample processing time Ty is defined for each function
feF\A{a}

Finally, the number of bytes per sample for a function f is
defined by a . Before processing at p, all functions operate on raw
data of a given size. Once processed by p, the data size is reduced
by a factor p € (0, 1), accounting for filtering, normalization, and
other transformations required to generate AlF-ready data.

The virtual chaining problem aims to determine both the num-
ber of functions f € ¥ to deploy in the network and their chain-
ing structure, which can be represented as a sequence (virtual
chain) (s, 1, j, k, c,a) where s € S is the data source, i € I the ib
function, j € P the p function, k € O the eb function, ¢ € C the
ATF client and a the aggregator. The chaining allows at least one
source to be assigned to the same ib, as well as at least one ib to
be assigned to the same p function. In addition, the chaining must
follow a tree structure as the ones depicted in 1, and the clients
and the aggregator a cannot share the same physical node.

The following theorem establishes the complexity of the prob-
lem.

THEOREM 1. The DPS-AIF-CA problem is NP-hard.

Proor. We consider a restricted version of our problem in
which there is a single source and no capacity constraints on
either links or nodes. We set Tpax = +0 (i.e., no latency con-
straints). Precedence constraints (i.e., no ordering among DPS
functions and AIF) and batch size constraints are relaxed. Fur-
thermore, unit energy consumption on arcs E, and on nodes
E, are set to zero, and the number of data samples at the source
is fixed to Ny = 1. The aggregator function is considered as
fixed. Under these assumptions, the resulting restricted instance
is identical to the instance used to establish the NP-hardness of
the VNF placement and routing problem addressed in [4]. This
problem reduces to an uncapacitated facility location problem,
which is known to be NP-hard. Therefore, our problem is also
NP-hard. O

3 DPS-AIF-CA Problem Formulation

In this section, we present the mathematical formulation of the
DPS-AIF-CA problem. The set of candidate functions that can
be placed right after (resp. before) function f € ¥ in the se-
quence representing the virtual chain is denoted §*(f) = {g |
(f.9) € L} (xresp. 67 (f) ={h| (h f) € L}), they are also called
downstream (resp. upstream) functions.

Decision variables. We introduce binary variables x, ((f,g) €
L) that indicate if the pair of functions (f, g) corresponds to an
active virtual link. For the assignment of virtual chains to the
physical network, we use binary assignment variable y 7, ((f, 0) €
{(EXV)U(F xV)}) that is equal to 1 if function f is deployed at
node v. Moreover, variables w, (v € V) indicate if node v is active.
To model the data paths in the physical network, we decompose
the path into active links related to each (f, g). These links will
be defined by binary variables z% ((f,9) € L, (u,0) € &), that
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indicate whether the physical link (u,v) is used to route data
from f to g. The number of data samples from f to g are given by
positive variables nz,((f,g) € £). The number of data sample
reaching function g is defined by positive variables ngy(g € 7).
Finally, we use positive variables t7(f € I U% U O) to compute
the time at which the data ends being processed by function f.
Since the age of data samples from its sources to the AIF clients
are bounded by Tj,qx, we introduce a positive variable ¢.(c € C)
representing the end-to-end latency to client c.

In what follows, we describe more formally the constraints of
the DPS-AIF-CA problem.

Virtual chaining constraints.
Source chaining. Each source s is linked to exactly one ib i:

szi =1, VseS.
iel

1

Single downstream function. Each function f can send its output
to at most one downstream function g, enabling a tree structure
for the function chaining:

Z xpg <1, VfeF\{a}.
ges*(f)
Single upstream function for eb and AIF clients. Since the p function
merges data sample into an indivisible batch, we enforce that the
processed batch follows the same path in the rest of the virtual
chain, (i.e. same eb and same AIF client) to satisfy the data locality
constraint of FL:

@

xpp <1 VfeOucC. (3)
hes=(f)

Activation of virtual chains from p functions. If an ib i sends data

to a p function j, the downstream virtual chain must be activated

where n is the associated index:

Xjpkn 2 Xijns Xknen 2 Xijns Xena 2 Xijy, Vi € 1,Yn € [1, Mimax].

O]

Virtual chaining consistency. To ensure that each virtual chain

starts from a source and ends at the aggregator, we activate a

virtual link (f, g) only if f has both upstream and downstream

functions:

Xpg< ). X V(fi9) € L\Cx{a}, 6)
hed*(g)

Xpg < Y. xnp V(fig) € LA\SXT. ©)
hes™(f)

Number of data samples in the virtual chains. The number of data
of a source s is Ns, and the maximum number of data between f
and g is bounded by the maximum batch size Bmax:

ngi = Nsxsi, Vs€e S, VielT. (7)
nfgSBmaxxfg) Y(f.9) € L\ (SxI). ®)
Number of data samples reaching function g.
ng= Y ng VgeF. )
feé7(9)
Batch size limits at p.
Bmin < nj < Bmax, VjeP. (10)
Flow conservation at each function of the virtual chain.
npf — ngg =0, Vf e F\{a}. (11)
hed™(f) ge8*(f)
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Constraints for assigning virtual chains to physical net-
work.

Assignment of virtual functions to physical nodes. We enforce
function f to be assigned to at most one physical node v, only if
f is activated within a virtual function chain:

Z Yo < 1, VfedF, (12)
veV
> ypo = g, VFeF, Vhes (f).  (13)
veV

Node activation. We can assign function f to node v only if v is
active:
Yfo S wy, VfETF, YoeV. (14)

ATIF clients and aggregator conflict constraint. The aggregator can-
not be assigned to the same node than any client:

Yoo+ Yao <1, VYVceC, Yoe V. (15)

Data paths in the physical network. Any active virtual link in £
between f and g must follow a path in the physical network:

2 s

Zt = xpg (Yo = Ygo), Yo € V, Y(f.9),

w:(o,w)e& u:(u,0) €8
(16)
z}‘c; S1-yp, YoeV,V(f.9), (17)
u:(u,0) €&
> 2 < 1= yg, eV, V(f.9). (18)
w:(o,w)e&

Chaining-routing consistency.

If there is no virtual link between f and g, or if both functions
are assigned to the same node v, there exist no path in the physical
network between f and g:

z]lﬁ; <xrg, Y(f.g) € L V(uo) €&, (19)
<2-

zjlﬁ; (Yro+ygo), VY(f.g9) € L, ¥Y(u,0) € &. (20)

Bandwidth capacity. Each edge (u,v) € & has a bandwidth capac-
ity Ayo to be satisfied:

Z agngrg z?; < Auw, VY(u,0) € 8. (21)
(f.g)eL
Node resources capacity. The total required resources (CPU, mem-
ory) of all functions assigned to a node must not exceed A,:

D Urypo < Ap, Voe V. (22)
feF
Computation of the end-to-end latency.
The time ¢; at which ib function i ends its processing is equal
to the sum of the latest arrival time of data from its upstreamed
sources and of the processing time of ib:

ti = max{ Dyozs? } +Tin;, Viel, (23)

s€S L e

Similarly, the time t; at which function p ends its processing
is:

tj =max{t,~xij+ Z Duvz;‘j”}+Tjnj, VjeP. (24)
iel
(u,0)e&
We classically linearize the max operators of Constraints (23)
and (24) as follows:

t; > Z Dyozly +Ting,
(u,v)e&

tj = tixij + Z DuvZ?jv+Tjnj,
(u,0)e&

Vs e S,Vie T, (25)

Vie I,VjeP. (26)

Recall that there is no data merging in the virtual chains after p,
therefore the time t;, at which eb function k,, ends its processing
is:

tey =tin+ D DuoZi% +Tiunjukys V1 € [1L,Mun]. (27)
(u,0)e&

The end-to-end latency between the sources and a client ¢y, is:

ten = th, + Z Duo 2%, Vn € [1, Muax]. (28)
(u,v)e&
We finally enforce that the allowable end-to-end latency at
client ¢ (age of data) is at most Tpax:

te £ Tmaxs Ve € C. (29)

Objective function. We aim to minimize the total energy con-
sumed by the network for handling the DPS and AIF, which
includes fixed energy consumption related to activation of nodes
and assignment of functions, as well as variable energy consump-
tion induced by data processing and propagation on the physical
network.

The fixed amount of energy related to node activation and func-
tion assignment is given by:

Eqct = Z Z Froyfo + Z Fywy. (30)

veV feF veV

The data processing and propagation energy consumption
is weighted by the number of data samples processed by each
virtual function and transmitted over physical links:

Eexec = Z Z arEponpyro + Z Z agEupnyg z;ﬁ;. (31)
oeV feF (4.0)€E (f.g)eL

In addition, since the physical distance Dy, between two nodes

is not considered in Eexec, we consider an additional term in the

objective function to enforce having solutions that minimizes the

distances in the physical network, and so to decrease the end-to-

end latency between sources and the aggregator. To capture this,
we introduce into the objective function a third term, Egjpe:

Efime = Er ) (tc + ) Duuz};;), (32)

ceC (u,v)e&

where E; is a scaling factor chosen such that Egme acts as a
secondary objective.

Mathematical model. The resulting formulation of the DPS-
AIF-CA problem is a binary quadratically constrained quadratic
problem:

min  Eact + Eexec + Etime
s.t. (1) = (22), (25) - (29)

Remarks. Note that Constraints (12), (19) and (20) are redundant
by optimality, as the objective function minimizes the assignment
variables yr, and data path variables z';°. However, keeping it in
our formulation ensures that the solutions obtained by solving
the problem within a restricted time limit are at least feasible
for DPS-AIF-CA. Furthermore, the proposed formulation can be
easily extended to a multi-aggregator setting.

4 Computational results

In this section we evaluate the computational performances of
our formulation (DPS — AIF — CA) on three network topologies
and three different virtual chaining settings.
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4.1 Experimental setup and instance
generation

Experimental environment. Our experiments were carried
out on a laptop with an AMD Ryzen 5 5625U CPU (6 cores, 12
threads, 4.39 GHz) and 30 GB of RAM, under a Linux operating
system. We use the solver Gurobi 13.0.0 to solve the binary
quadratic problem (DPS — AIF — CA). For all our experiments,
we set a total time limit of 1800 seconds.

Network topologies. We consider three network topologies.
The first one, netOp (67 nodes, 70 links), is derived from a realistic
network operator dataset [8]. The two other topologies, Geant
(22 nodes, 36 links) and Brain (161 nodes, 166 links), are taken
from the SNDIib library [9]. Geant is a small network with long
inter-node distances, while Brain is a larger network with smaller
distances.

Parameter generation description. For netOp, the propagation
delays Dy, are taken from [8], and for Geant and Brain, they are
computed from node coordinates using the Haversine formula,
assuming optical fiber links [5]. For all topologies, the set of
nodes is partitioned in two sets: Edge nodes with limited capaci-
ties Ay = (32 GB, 6CPUs), and Core network nodes with larger
capacities A, = (64 GB, 28CPUs). netOp has 7 core and 60 edge
nodes, Geant has 13 core and 9 edge nodes and Brain has 9 core
and 152 edge nodes. In order to estimate per-function resource
usage Uy, per-sample processing time Ty, and energy consump-
tion Fy,, we ran an FL-based anomaly detection integrated with
DPS [8]. The per-byte transmission energy consumption Eyq,
are taken from the literature [1]. All the parameter values are
reported in Table 1.

We set for all experiments By to 50 and Bmax to 200. The max-
imum end-to-end latency has been set such that both feasibility
and data-freshness are ensured. Preliminary experiments allow
finding relevant values that vary from 90 to 200. The sources
exist only on edge nodes and we consider a maximum of one
source per edge node. The number of data samples generated by
each source follows a uniform distribution in [50, 100].

Table 1: Parameters of the NetOp, Geant and Brain
topologies

fer feP feo fecC a
Ep,-Core (J)  244-107° 244:107° 23-107°  243-107° 4.14-107°
EfyEdge () 9.7-107  9.7.107®  9.22.107% 7.32.107* 8.29-107°
Fry () 4.75 4.27 4.7 4.73 5.06
Us(GB,CPUs)  (05,1) (0.25,1)  (0.25,1) (2,4) (1,2)
Ty (ms) 0.18 0.21 0.2 15 -

Per-byte transmission energy: Eyy = 9.65 - 1078
Scaling factor: E; = 0.01

4.2 Experimental analysis

We first describe the virtual chaining settings before analyzing
the impact of two structural parameters of the problem, end-to-
end latency and number of sources.

Virtual chaining settings.

The DPS-AIF-CA formulation corresponds to our proposed
fully flexible chaining configuration. An illustrative example of
such a virtual function chain is shown in Figure 1(c), referred
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to as the Flex setting. To computationally evaluate DPS-AIF-CA
with respect to the trade-off between total energy consumption
and computational time, we investigate the impact of progres-
sively restricting its flexibility. Specifically, we introduce two
additional settings noFlex and semiFlex depicted in Figure 1(a)
and Figure 1(b) respectively. These setting are obtained by incor-
porating additional constraints into the DPS-AIF-CA formulation
(i.e. Flex setting) and and by using the index n to indicate from
which point the virtual function chain is activated with respect
to constraint (4).

o noFlex, where the virtual function chaining is fixed from
the source, i.e. each virtual function chain is independent
and there is exactly one chain from each source to the
aggregator. This is enforced by adding the constraints

Xspin = L, Xiyj, 2 Xs,in, YN € [1, Mmax |, (35)

where Mpax = |S]-

semiFlex, where the virtual function chaining is fixed from
ib, i.e. merging chains is allowed at ib. This is enforced by
adding the constraints

Xipjp 2 Xsin, VS € S,Vn € [1, Mimax], (36)
where Mpmax < |S].
Impact of the maximum end-to-end latency
Table 2: Results for Geant with varying Tyax
Tax noFlex semiFlex Flex
Opt Time (s) Opt Time (s) Opt Time (s)
90 333.18 3.1 314.61 374.5 290.01 252.3
100 333.18 4.9 281.96 575.0 281.96 244.7
110 333.18 2.1 278.54 87.1 270.48 388.4
120 333.18 5.0 261.45 52.0 261.45 241.6
130 333.18 4.0 259.37 100.3 259.37 335.9
140 333.18 2.6 258.03 69.5 258.03 376.0
150 333.18 3.3 257.93 103.7 257.93 277.7
330 A b T T T hd T T
320 1
@
2 310 A
>
g
s 300 A
g
o
S 2904
o
E
gl 280
2701 —o— noFlex
semiFlex
260 7 —a— Flex
B‘D 160 lil) 12‘0 13‘0 U‘IU 15‘0

Tmax

Figure 2: Impact of Tihax on optimal energy consumption

We evaluate the impact of parameter Ty, 4y across the different
settings with 6 sources on Geant. We present in Table 2 the results
for the Geant network topology where each line corresponds to
one instance. For each setting, we report the optimal value (Opt)
of each instance, and the computation time to find the optimal
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Table 3: Optimality gap results with varying number of sources on the three settings
Instance  #Sources noFlex semiFlex Flex
Gap Gap Gap Gap Gap Gap Gap Gap Gap
10 min 20 min 30 min 10 min 20 min 30 min 10 min 20 min 30 min

Geant 4 0 0 0 0 0 0 0 0 0

8 0 0 0 0.07 (0.21) 0.00 (0.00) 0.00 (0.00) 3.59 (5.30) 2.69 (4.72) 1.84 (3.85)
NetOp 4 0 0 0 0 0 0 0 0 0

8 0 0 0 14.02 (27.98) 8.04 (13.13) 551 (9.14) 6.00 (9.54) 5.16 (8.48) 4.91 (8.09)

16 1.02 (2.65) 049 (243) 030 (1.45)  44.05 (46.62) 27.48(28.85)  26.13(28.55)  48.84 (61.82)  43.78 (61.82)  31.11 (45.02)
Brain 4 0 0 0 0.29 (1.43) 0.24 (1.21) 0.19 (0.96) 2.60 (4.12) 1.02 (1.60) 0.60 (1.19)

8 0 0 0 28.46 (32.20) 25.56 (30.17)  22.46(28.99)  19.58 (31.79)  11.39(17.80)  10.73 (15.67)

16 3.29(3.99) 2.35(3.93) 1.77(3.14)  100.00 (100.00)  100.00 (100.00)  82.32 (82.32)  100.00 (100.00)  70.54 (73.17)  68.09 (69.77)

solution (Time) in seconds. We observe that the average compu-
tation time is 3.6s, 194.6s and 302.4s for noFlex, semiFlex and Flex
respectively. This result shows that a strong restriction on the
virtual chaining can lead to fast computational time. Regarding
the optimal energy consumption, allowing more flexibility in
the virtual chaining induces a gain of 19, 4% in average. Figure 2
depicts the optimal values of each instance for each setting. We
observe that parameter Tnax has no impact on the optimal value
in the noFlex setting, while for settings semiFlex and Flex energy
consumption is reduced when Tjhax increases up to 130, beyond
which the objective value stabilizes. From the objective value
point of view, setting Flex outperforms the other settings. The
choice of Ty reflects a trade-off between data freshness, and
energy efficiency.

Impact of the number of sources. We report the results of
experiments where the number of sources are set to 4, 8, and 16 for
a fixed Tmax = 150 for Geant, and Tnax = 200 for netOp and Brain.
Since Geant has only 9 edge nodes and since sources are placed
exclusively on edge nodes, the 16-source case is not relevant for
Geant. To ensure statistically reliable results, each experimental
setting is executed 5 times with source nodes randomly selected
among the edge nodes, sources are chosen randomly in the edge
nodes and number of data samples Ng from a uniform law in
[50, 100].

The experimental results are reported in Table 3. The average

gap (Gap) equals to % % 100, where UB (resp. LB) is the
best Upper Bound (resp. Lower bound) known after 10, 20, or 30
minutes of computation time. The values between parentheses
represent the average maximum gaps computed for instances
providing finite gaps.
For a small number of sources (4), all settings reach the optimal
solution within 10 minutes. As the number of sources increases,
the noFlex setting maintains low optimality gaps, whereas the
semiFlex and Flex settings exhibit significantly larger gaps, par-
ticularly for large-scale network topologies such asNetOp and
Brain. While increased flexibility enables higher potential energy
savings, it also results in longer computation times and larger
solution gaps.

5 Conclusion

We introduced DPS-AIF-CA, a model for the energy-efficient
placement of DPS functions and AIF for in-network FL, ensuring
that network data are routed to AIF clients within strict time
bounds. The DPS-AIF-CA model enables chain merging at the
ib and p functions to preserve data locality, which is a key con-
straint in FL settings. We proved that DPS-AIF-CA is NP-hard
and formulated it as a binary quadratically constrained quadratic
program.
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Evaluation results on realistic network topologies show that
the model finds an optimal solution with computation times
below 10 minutes for small networks or a limited number of data
sources, but scalability becomes challenging as the network size
and the number of sources grow. Future work will therefore focus
on developing scalable optimization algorithms and heuristics to
address these limitations.
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