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Abstract. Cyber-physical control systems must satisfy strict constrains on the magnitude of
control actions and the rate of signal change, while simultaneously balancing multiple, often
conflicting, control objectives. In multi-objective optimization (MOO) problems, the optimizer
naturally produces a set of competing control candidates. However, in closed-loop operation, a
single implementable control action must be selected at each sampling instant. In practice, this
selection is typically performed through fixed scalarization rules, which can lead to performance
degradation under changing operating conditions in the case of non-convex Pareto fronts or
poorly scalable objectives. This work aims to improve the quality of control based on MOO through
a decision support system that accounts for the structure: the proposed architecture decouples
online Pareto-front construction from action selection. A heuristic multi-objective optimization
algorithm based on the NSGA-II genetic algorithm generates feasible control sequences under
magnitude and rate constraints, while a learned selector, denoted as Learned Pareto Filter
(LPF), evaluates these candidates using structural features that account for both individual
characteristics of the solutions and their interrelations within the Pareto set. The method is
evaluated on two benchmark problems. First, a system with an analytically known Pareto front
structure is used. Second, the approach is validated on a nonlinear boiler-turbine load-changing
scenario, widely used in constrained nonlinear control studies. The results demonstrate that
LPF-based selection produces smoother control actions, improved tracking performance, and
greater robustness to regime changes compared to objective-based scalarization methods. The
findings confirm that, in Pareto-based control, closed-loop quality depends critically on the
selection mechanism rather than solely on the optimizer generating the Pareto set.
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Annoramus. Kubepdusmueckue cucteMbl yIpaBiaeHUST TOMXKHBI YIOBIECTBOPSATH CTPOTUM
OrPAaHUYEHMSIM T10 BEJIMYMHE YIPaBISIOIIMX BO3ACHCTBUI M CKOPOCTH M3MEHEHUs CUTHala,
OIHOBPEMEHHO obecrieunBasi 0agaHC MEXIY HECKOJbKUMM (4aCTO MPOTUBOPEUMBBIMU) LIS~
MU yhpaBiaeHus. B 3amayax MHOTOKpUTEpUAJTbHON ONTUMHU3ALMU ONTUMU3ATOP E€CTECTBEH-
HBIM 00pa30M TeHepHpPYyeT MHOXKECTBO KOHKYPUPYIOIINX KaHAUIATOB Ha yrpaBieHne. OmHAKO
B 3aMKHYTOM KOHTYpPE Ha KaXJOM LIare AUCKPETU3alUu TPeOYeTCs BbBIOpaTh €IMHCTBEHHOE
peanu3yeMoe yIpasJisiollee Bo3neiicTBue. Ha mpakTuke 3TOT BBIOOP OOBIYHO BBIMOIHSIETCS C
MOMOILbIO (PUKCUPOBAHHBIX MPABUJ CKATSIPU3ALMU, YTO MOXKET MTPUBOAUTH K YXYIUIEHUIO Xa-
PaKTepUCTUK MPU U3MEHEHUN PEXMMOB IKCIUTyaTalluM B ClIydyae HEBBIMYKJIOU (popMbl ppoH-
Ta [lapeTo uau TpymaHO MacluTabupyembix Kputepusix. [JaHHas paboTa HampaBjieHa Ha IO-
BBILIEHNE KAayeCcTBa YIPABJIECHUSI, OCHOBAHHOTO HA MHOTOKPUTEPUATbHOW ONTUMU3ALIUU, HA
0a3e CHCTEeMBI IMOAICPXKXKN MPUHITHUS PEIICHUN, YIUTHIBAOIICH CTPYKTYPY: MPeaI0KeHHBIN
METOJ pas3deisieT 3Tall OHJaiH-mocTpoeHus dpoHTa [lapero m aTam BbIOOpa YIIpaBISIOLIE-
rO BO3AEUCTBUSI. DBPUCTUYECKUI aJTOPUTM MHOTOKPUTEPUATBHONU ONTUMU3ALMM, OCHOBaH-
HbII Ha reHeTndyeckux aaroputmax NSGA-II, reHepupyeT OOMyCTUMBbIE MOCAEA0BATEIbHOCTU
YIIPABJSIONIEr0 BO3AEHCTBUS C YYETOM OTPAHUYEHUN MO BEJIUYMHE U CKOPOCTU U3MEHEHMUIA,
TOTAA KaK MPemJIOKEeHHBI o0y4aeMblii celekTop, 000o3HaueHHbI Kak Learned Pareto Filter
(LPF), oeHmBaeT 3TUX KaHAWIATOB, MCIIOIB3YSl CTPYKTYpHBIC TIPU3HAKY, YUUTHIBAIOIINE KaK
WHIWBUIYaJlbHbIE XapaKTePUCTUKHU PEIICHU, TaK M UX B3aMMOCBSI3M BHYTPpM MHOXecTBa [la-
pero. MeToJ olieHMBaeTCsl Ha IBYX 3TAJIOHHBIX 3ajayax. Bo-mepBbIX, UCMOb3yeTCsl cucTeMa ¢
aHAJIMTUYECKU U3BECTHOU CTpykTypoil dpoHTa I[lapeTo. Bo-BTOphIX, MOAX0OA MpOBepsieTcs Ha
HeJMHEHON 3aJaye U3MEHEHUSI HArpy3Ku KOTJIOTYPOUMHHON YCTaAaHOBKM, IIMPOKO UCMOJIb3ye-
MO B UCCJIEIOBAaHUSX YIIPABICHUS HEJIMHEMHBIMUA CUCTEMAMU C OTPAHUYECHUSIMU. Pe3ynbraTsl
MOKAa3bIBaKOT, YTO BEIOOp Ha ocHOBe LPF obGecneunBaeT GoJjiee riaakue yrpapisioline Bo3aeii-
CTBUSI, YAYYIIEHHYIO TOYHOCTD CJEKEHHUSI M OOJBIIYI0 YCTOMUMBOCTh K U3MEHEHMSIM pexkuma
10 CpaBHEHUIO C METOAAaMHU, OCHOBAaHHBIMM MCKJIOUUTEJ]bHO Ha CcKalspu3aluu KpUTEepUEB.
ITonyyeHHbIe BBIBOABI MOATBEPXKIAIOT, UYTO KadyecTBO IlapeTo-OpMEeHTHMPOBAHHOTO YIpaBie-
HUS 3aMKHYTBIM KOHTYPOM B KPUTUYECKOI CTEMEHU OIMpeaeasIeTcss MeXaHUu3MOM BbIOOpa, a He
TOJIbKO ONITUMU3ATOPOM, (popMupyrommum MHoxecTBo [Tapero.

KiioueBble ciioBa: MHOTOKpUTEpHAIbHAas ONTUMM3ALIAS, MOIEJIBbHO-IIPOTHOCTUYECKOE YIIPaBJe-
HME, CUCTEMBI TTOANCPKKYU MPUHATHUS pellieHnit, otoop 1o ITapeto, rpadoBble HEpOHHBIEC CETH,
yIpaBJieHUe HEJIMHEWHBIMU CUCTEMaMU C OTPaHUYEHUSIMU
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Introduction

New-generation cyber-physical systems are increasingly required to operate within strict safety
envelopes, under hard actuator bounds and rate constraints, while simultaneously satisfying multiple,
and often conflicting, performance objectives. This requirement is particularly pronounced in energy
and process industries, where strong variable coupling, nonlinear dynamics, and continuously shifting
operating regimes render controller design a nontrivial task. Thermal power units and boiler-turbine
systems constitute representative examples: they must guarantee safety-critical constraints while delive-
ring the demanded power output despite nonlinear interactions and multivariable dependencies [1—3].

Such characteristics naturally motivate control paradigms that explicitly incorporate constraints and
performance trade-offs, rather than reducing the problem to a single aggregated objective. In this con-
text, Model Predictive Control (MPC) has emerged as a principled framework for constraint-aware
decision making and has been widely adopted in industrial practice [4, 5]. Nevertheless, in highly non-
linear plants, real-time feasibility often necessitates structural simplifications, including local lineariza-
tion, gain scheduling, or fuzzy approximations around operating points [6—9]. Alternative approaches
based on learning-based controllers and evolutionary optimization offer improved adaptability to non-
linearities and uncertainties, yet they frequently introduce considerable computational overhead, which
complicates their deployment in strict real-time environments [10—15]. Consequently, practical control
design becomes a balance between model expressiveness (nonlinear representations, multi-objective for-
mulations, hard constraints) and the need for immediate actionable decisions.

A common strategy for handling multiple objectives is scalarization, where several performance
criteria are combined into a single cost function via weighted sums or related aggregation rules. Al-
though convenient, scalarization requires the selection of preference weights a priori and may become
fragile when the appropriate trade-off varies across operating regimes [16]. In online control settings,
this leads to what may be termed a meta-decision gap: even if a multi-objective optimizer produces a
set of nondominated solutions, the closed-loop implementation requires selecting exactly one control
input at each sampling instant. If the selection mechanism does not reflect the current regime, the
resulting closed-loop behavior may degrade, even when the computed Pareto set is accurate.

To address this meta-decision gap, this paper proposes a structure-aware Decision Support System
(DSS) for multi-objective optimization (MOQO)-driven control. The proposed DSS operates within
a receding-horizon framework. At each step, it constructs an approximate Pareto front of feasible
control sequences that satisfy hard input bounds and slew-rate constraints, and subsequently selects
one candidate using a learned, structure-exploiting selection mechanism. Instead of relying on fixed
scalarization, Pareto selection is formulated as a context-dependent decision problem over a varia-
ble-sized set of alternatives. The selector leverages both per-candidate attributes and relational in-
formation among candidates — such as dominance relations, smoothness properties, and similarity
measures — to adaptively determine the applied control action.

The main contributions of this work can be summarized as follows:

* A set-based formulation for online MOO-driven control under hard input bounds and rate con-
straints, where the optimizer returns a feasible Pareto set of control sequences and a dedicated selec-
tor determines the applied input.

* A structure-aware selection mechanism that evaluates Pareto candidates using features cap-
turing both individual and relational properties, enabling adaptive and regime-dependent trade-off
selection without manual weight tuning.

* An experimental validation based on an online Pareto-front construction procedure (NSGA-II)
[17], with comparisons against standard scalarization-based selection rules, demonstrating improved
decision consistency under changing operating conditions.
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Related works

Constraint handling is central in real systems due to actuator saturation and rate limits. MPC
provides a principled framework to embed such constraints directly in control synthesis [4—5]. In
boiler-turbine and related thermal systems, constrained predictive control has often relied on model
simplifications, including fuzzy multi-model schemes and operating-point strategies [3, 6—7], as well
as robust and nonlinear variants built on local models or auxiliary constructions to preserve feasibility
and stability [18—19]. Online linearization and piecewise representations remain common tools to
balance accuracy and computational tractability across regimes [8§—9].

When objectives are nonconvex, discontinuous, or expensive to evaluate, evolutionary computa-
tion offers flexible black-box optimization and has been applied to control design and online tuning
[13—14]. Learning-based controllers can further capture nonlinearities and uncertainties, improving
performance over classical baselines [10—11, 20]. However, real-time deployment is constrained by
training, inference, and repeated optimization costs within the loop [12], motivating architectures
that separate expensive policy search from fast online execution while preserving constraint awareness
and regime adaptability.

MOO naturally arises in constrained control problems involving competing criteria such as track-
ing, energy usage, and safety margins [16]. Evolutionary multi-objective algorithms are widely used
to approximate Pareto fronts in complex spaces [17], yet they do not resolve the core online require-
ment: selecting a single admissible action from a set of nondominated candidates. In practice, scalar-
ization is the dominant baseline, but it encodes fixed global preferences, can miss nonconvex regions,
and is sensitive to scaling and regime changes [16, 21].

Theoretical works on multi-objective MPC analyze how selection rules affect stability and perfor-
mance. Formal multi-objective MPC formulations link Pareto concepts with receding-horizon control
[22], utopia-based selection has been used to reason about stability [23], and hierarchical/lexicograph-
ic prioritization has been studied to avoid destabilizing trade-offs in nonlinear MPC [24]. Moreo-
ver, it has been shown that closed-loop guarantees may be achieved without approximating the entire
Pareto front at each step, provided that an appropriate Pareto-optimal sequence is selected [25]. This
highlights the importance of the selection mechanism itself.

From a decision-support and multi-criteria decision-making (MCDM) perspective, choosing among
Pareto candidates depends on scaling, geometry, and operating context, and fixed scalarizations are
often fragile in practice [21]. Recent learning-based approaches, including multi-objective reinforce-
ment learning (MORL), treat Pareto coverage and online selection as primary objectives, guiding policy
search with predictive signals to improve front quality and adaptability [26]. However, such methods ty-
pically do not emphasize explicit constraint feasibility and receding-horizon structure required in hard
real-time systems.

Taken together, the literature reveals a persistent gap: classical multi-objective MPC provides con-
straint-aware predictive structure and stability analysis under fixed selection principles [21—25], while
learning-based multi-objective control emphasizes adaptive selection but often abstracts away strict
constraint handling [26]. A structure-aware decision support system for MOO-driven control lies be-
tween these paradigms: it preserves explicit constraint feasibility and short-horizon predictive optimiza-
tion, yet replaces fragile fixed scalarizations with learned, context-aware selectors that operate directly
on the structure of the Pareto candidate set.

Problem formulation

Consider a discrete-time controlled system:

xk+1=f(xk,uk), x, €eR", u, eR", (1)
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operating under hard input bounds and rate (slew) limits:

Au, <u, —u, <Au__, 2)

max ? min

where inequalities are elementwise. At each time step, the controller must choose an admissible ac-
tion that balances multiple, potentially conflicting objectives. Let

& (x)

g(x)=| 2 e 3)

' g,(x)

denote a vector of performance criteria to be minimized. For a horizon H, we define a candidate control
sequence:

Hi
U=(uy, u,..., u,_, ) e R™, 4)
and its predicted terminal state:

X, =0, (x,U); @, (x,U)=f(uyy)oo f(suy)(x,). (5)

The induced multi-objective cost of the candidate is then:

J(Usx,)=g(x,). (6)

To reduce actuator chattering and encourage smooth actions we add a quadratic increment penalty

Iy

1
S(Usu )= |u

1

2
29

U, U =U . (7

i

Il
o

The online decision problem at time k can be stated as a constrained MOO over sequences:
rrbln(J(U;xk),ksS(U;uk_l)), (8)

where U satisfies (2) across the horizon, and ks > 0 trades off smoothness.

The meta-decision gap in Pareto-based control

A central issue in Pareto-based control is that the optimizer returns alternatives, but the closed
loop requires one actionable control input. In many Multiple-Input and Multiple-Output (MIMO)
applications, it is common to collapse the objective vector into a single scalar cost via a fixed linear
combination (weighted sum),

J(U)=2wJ N (U;z,), w,20. 9)

J

While convenient, such scalarizations implicitly assume that preferences are known a priori and
remain valid across operating regimes. Moreover, linear scalarizations can fail to represent important
trade-offs and often require extensive retuning when conditions change. In practice, this “merge-the-
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objectives” step becomes a bottleneck: even if ’Pk is accurate, a poor selection rule can degrade closed-
loop performance.

Learning-based preference modeling

The proposed strategy is to learn a selector m offline from preference labels generated by an oracle
utility u”(+):

>

u,f(l):u*( ,(f);sk), (10)

designed to reflect tolerance-aware preferences. A function approximator is trained to predict ﬁk (1)
from (gk,i ), and the online decision is

. - ("
i = argmax, (i), u, =ty - (11)
This decoupled architecture replaces fixed scalarization by adaptive, data-driven selection while
preserving the underlying multi-objective optimizer. Rather than collapsing to a single scalar objec-
tive. We approximate the Pareto set of nondominated candidates at each step. Specifically, we define
Pareto dominance in objective space: for two candidates U¢ and U?,

U’ <u’ @J(U“;xk)sJ(U”;xk) elementwise and

2
F:J,(Ux, )<, (U ). (2

The (approximate) Pareto front at time £ is then the set of candidates not dominated by any other
candidate in the population:

P(x,)={U el (x,):3U el (x,)st.U < U}, (13)

where Z/{H (x,) denotes the set of feasible sequences under (2). Given P(xk), a selector policy must choose
one candidate to apply in receding-horizon fashion:

Uy =(P(x,). %1, ukz(UZ)O. (14)

Graph neural networks as Pareto-front selectors

A key difficulty in (14) is that the Pareto front is a set whose size and composition vary over time.
Hand-designed scalarizations such as weighted-sum and Chebyshev methods impose a fixed prefe-
rence structure and can behave poorly when the front is nonconvex, poorly scaled, or when the appro-
priate trade-off changes with the state.

Graph neural networks (GNNSs) offer a natural way to map a variable-size set of candidates to
scores while exploiting relational structure. A GNN operates on a graph G = (V, E) with node featu-

res {hv}veV and edge features {e } .. and updates node embeddings through message passing:

m0= 5 (e, ) 05
UEN(V)
A & — ¢(5) (h(f)’m(f))’ (16)
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for layers ¢ =0,..., L — 1, where \(v) denotes neighbors of v. A permutation-invariant readout then
produces a graph-level embedding

«(@)=»((i"), ). o

and finally, a scalar score s(G) is computed by a small predictor head. This architecture is well-suited
to Pareto selection because:

1) the candidate set is naturally represented as nodes,

2) pairwise relations can be encoded as edges,

3) invariance to candidate ordering is required.

LPF filtering under feasibility constraints

We propose a learned selector, denoted as Learned Pareto Filter (LPF), that chooses u, by scoring
Pareto candidates using a GNN. At time k, a multi-objective evolutionary search (NSGA-II) produces
an approximate front

A

P(x)={U",..., U}, (18)
with associated per-candidate attributes
(s, 70 =g (), 8 =5 (005, (19)

We build a graph Gk whose nodes correspond to candidates U”. Node features encode both candi-
date-specific and context features:

By =0(x w6, 9, 59 ) (20)

and edges encode candidate-to-candidate relations, such as dominance indicators, objective-space dis-
tances, or normalized differences in terminal states:

el.j.zn(J(i)—J(j), xg)—xg)). (21)
The LPF model produces a scalar score for each node i:
s, =GNN, (G,;i), (22)

and selects the candidate with minimal score:

* . i*
i =arg min s,, ukz(U( )] . (23)
ie{l,...Ni }
0

Training signal

To ground the learned selector with a concrete notion of progress, we train 6 to imitate a teacher that
is available in simulation. For the benchmark considered in this work, the teacher evaluates a candidate
by the one-step improvement toward the true Pareto set in decision space, optionally with a smoothness
term:

2 R .
o= (), (24)

y/(ci) =dp (’9@1 ) +a ”(()i) Uy
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where dP (v) is a known distance-to-Pareto-set metric in the benchmark and o > 0 controls smooth-
ness. The training objective is mean-squared error

rneinE[(GNNe (Gysi)— ! )2} 25)

eyaluated over graphs produced by rollouts in which the teacher closes the loop. At test time, only
P(xk) and the learned model are used.

Experiments

Decision support effect towards a known Pareto front

To evaluate the decision-support capability of the proposed selector independently of plant com-
plexity, we adopt a controlled benchmark with analytically known Pareto structure. The system is a
discrete-time integrator:

Xe =%, +Tu, x, eR?, u eR’, (26)
subject to elementwise magnitude and slew-rate constraints

U Su, <u

min

Au_ <u, —u,_, <Au__ . 27)

Two conflicting quadratic objectives are defined at the terminal predicted state:
2 2.
gl(x):x1 +x55 (28)

2 (x)&=(x, 1) +(x, -1). (29)

Minimizing g, attracts the state toward the origin, whereas minimizing g, attracts it toward (I, I).
The Pareto-optimal set in decision/state space is analytically known as

P ={(t0)l<[o.1]}. (30)

which provides an exact reference for measuring convergence in both state and objective spaces.
At each time step, an approximate Pareto set over horizon-H admissible control sequences H =

= (U, .--» U, ) is constructed using NSGA-II under constraints. Each candidate is evaluated by:

& (q)H (xk’U))

Im)= & (CDH (xk,U))

9

€2y

H-1

S(Usti) = 2t =

i=

From this candidate set, four selection strategies are compared:

1. WS: fixed weighted sum scalarization.

2. CHEB: Chebyshev scalarization relative to a utopia point.

3. PROJ: oracle baseline selecting the candidate whose terminal state is closest to PX.
4. LPF (ours): learned Pareto filter using a graph neural network.

102



4 System Analysis and Control >

Only the first control action of the selected candidate is applied in receding-horizon fashion.
Convergence is measured in both decision and objective spaces. The decision-space distance to the
Pareto set is

d,(x)=min|x- p| (32)

’
PPy 2

while objective-space proximity is measured by distance to a dense sampling of the true front 77);

d;(f)=min|f~q],. /=g(x). (33)

Closed-loop simulations are run for 7 steps from the same initial condition X,, using identical
NSGA-II parameters across all strategies. Training data are generated from simulated rollouts. At
each step, NSGA-II provides a candidate Pareto set. For each candidate, a teacher target is computed
based on one-step progress toward Px:

2

W =d, (x+Tu) )+ aful’ —u, (34)

)

A graph representation of each candidate, encoding objective values, smoothness, and contextual
state information, is used to train a GNN to regress this target via mean-squared error. During data
generation, the oracle PROJ selector is used to ensure coverage of relevant regions of the state space.

Table 1 summarizes the convergence statistics obtained from the closed-loop simulations.
Pareto convergence statistics over 7' = 40 steps.

Table 1
Pareto convergence statistics over 7= 40 steps
Method Final d_ Final df Mean d_ Mean df
LPF 0.314 0.642 0.405 0.663
WS 0.242 0.072 0.751 1.280
CHEB 1.119 1.455 1.082 1.997
PROJ 0.278 0.767 0.609 1.221

Objective-space trajectories during the first control steps for all selectors, overlaid on the true Pareto
front. LPF rapidly aligns its trajectory with the Pareto front, closely matching the oracle-like PROJ
behavior, while WS and CHEB deviate due to fixed scalarization biases.

Fig. 1 provides a geometric interpretation of these results. While all strategies start from the same
initial condition, their trajectories in objective space differ markedly. LPF rapidly steers the system
toward the Pareto front and then evolves along it.

MPC-based control of boiler-turbine unit

To stress-test our strategy, we design the following experiment as a strict ablation of the decision
stage in Pareto-front based nonlinear MPC for the boiler-turbine unit. All components of the control
framework are kept identical to those reported in [27] except for the rule used to select a single control
sequence from the Pareto front. We also decrease the Genetic Algorithm (GA) parameters to keep the
Pareto front estimation in its early stages. This helps reduce calculation time but degrades the effi-
ciency of the control strategy, ensuring that any observed performance difference is solely attributable
to the Pareto front selection mechanism.

103




4CV|CTeMHb|17| aHanu3 u ynpasfeHue >

Objective-space convergence (first 9 steps), x0=[2.5, -1.5]

== True Pareto front
—4— LPF

—— WS

—m— CHEB

—&- PROJ]

@

g1(x)

Fig. 1. Objective-space trajectories during the first control steps
for all selectors, overlaid on the true Pareto front

The nonlinear model of a boiler-turbine unit is used without approximation or simplification. The
state dynamics and the algebraic output relations for y,, y,, y, are preserved exactly as reported in
[27]. The sampling time is 7, = 0.1 s. The constraints of magnitude 0 < u,< 1,9 =1, 2, 3 and rate:

~0.007 <1i, 0.007, —2<1i, <2, —0.05<1i, <0.05,

are enforced online through a trimming operator applied to every control update. The system is ini-
tialized at the 120 MW operating point:

Xpo = [137, 120, 299.09]", u,, =[0,563, 0.868, 0.743]',
and the reference is switched at one quarter of the simulation time to the 140 MW operating point:
T
X4 =[148.94, 140.7, 356.3] .
The total simulation time is 400 s. At each policy update, a multi-objective GA searches over a pre-

diction horizon of H = 10 steps. The objectives are defined as the discounted absolute tracking errors
of the three outputs along the horizon,

H-1
Ji= 2y (k)= i=1,2.3,
k=0
with ¥ = 0.9. The GA parameters match those of [27]: population size 80, 40 generations, and NSGA-
II non-dominated sorting.

Figs. 2 and 3 show the system outputs and control inputs during the load transition. We see that,
under the same configurations, the baseline GA fails to control the system near its singular point, and
causes a huge mathematical derived from the system equations. As this drift might not be physically
accurate, the algorithms are working with the mathematical model that indeed has singular points in
the dynamic model. Overcoming this drift is possible by increasing the horizon of the GA, as well as
its genetic capability, like population and number of generations. However, our proposed LPF was
able to avoid the singularity trap under the same configurations, showing a more stable performance.
The main conclusions are:
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Fig. 2. Comparison between baseline GA selection and LPF-based selection during the MW
to MW load transition. The LPF controller achieves smoother inputs and improved tracking performance
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Fig. 3. Comparison between the control signals of the two algorithms

* The LPF-based controller produces significantly smoother control actions, avoiding the oscilla-
tory behavior often selected by the baseline GA policy.

* The tracking of drum pressure, water level, and power output is faster and exhibits reduced over-
shoot with LPE.

* The LPF policy maintains the system inside the physically valid operating region of the boiler
model, preventing the undesirable excursions that appear with purely objective-based selection.

These results demonstrate that the LPF does not alter the optimization process itself, but rather
improves the decision stage by selecting physically consistent trajectories from the Pareto front. This
confirms that structural awareness of candidate solutions leads to better closed-loop performance
than traditional objective-based ranking, even when both methods use the same optimization back-
bone.
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Conclusion

This paper introduced a structure-aware DSS for MOO-driven control under hard magnitude and
slew-rate constraints. The core contribution lies in explicitly addressing the meta-decision gap in-
herent in Pareto-based receding-horizon control: while multi-objective optimizers provide sets of
nondominated candidates, practical implementation requires selecting a single admissible control
action at each time step. By decoupling Pareto-front generation from action selection, the proposed
framework preserves the expressive power of MOO while replacing fragile fixed scalarization rules
with a learned, structure-aware selector. The LPF leverages both candidate-specific attributes and
relational information within the Pareto set, enabling context-dependent trade-off selection without
manual weight tuning. Importantly, the LPF operates as a lightweight module, making it suitable for
real-time constrained control architectures.

Experimental results on an analytically tractable benchmark demonstrated that the learned selector
consistently guides the system toward the true Pareto set more reliably than classical weighted-sum
or norm-based scalarizations. In the nonlinear boiler-turbine load-change scenario, the LPF-based
controller achieved smoother control inputs, improved tracking performance, and avoided singular
or unstable regions encountered by purely objective-based selection, despite identical optimization
backbones. These findings confirm that, in Pareto-based control, the primary performance bottleneck
often lies not in Pareto-front approximation but in the selection stage.

Future work will focus on extending the selector to provide theoretical closed-loop guarantees,
integrating stability-aware training objectives, and exploring transferability across operating regimes
and system classes. Additionally, incorporating uncertainty-awareness and adaptive online refinement
of the selector may further enhance robustness in large-scale industrial applications.
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