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Abstract

Genetic Algorithms (GAs) are promising for receding-
horizon control in nonlinear, constrained systems, but
their wall-clock cost is dominated by objective evalu-
ations. We propose a rejection-based GA tailored to
horizon-structured genomes that performs exactly one
plant-evaluation batch per generation and filters uneval-
uated offspring through a lightweight, calibrated clas-
sifier. On a standard nonisothermal Continuous Stirred
Tank Reactor (CSTR) benchmark, we compare four op-
timizers under identical settings: a baseline GA, our
committee-gated RB-GA, the baseline with Simple Vari-
able Population Sizing (SVPS), and the recently pro-
posed Two-Level Adaptive Simulated Binary Crossover
(TLASBX). RB-GA consistently improves tracking ac-
curacy over the baseline at lower generation budgets.
Baseline+SVPS and TLASBX closely match the base-
line. We attribute this outcome to the limited number
of generations, which constrains their learning effects.
Overall, the results indicate that the proposed mecha-
nism enhances optimization convergence in expensive-
evaluation regimes.
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1 Introduction

Recent advances in control and optimization drove Ge-
netic Algorithms (GAs) [Deb, 1999] back to the sur-
face, fortified by their capabilities to optimize through-

out complex application scenarios, where non-convex
objectives, hard constraints, hybrid dynamics, and mul-

tiobjective trade-offs are routine.

Vladimir Khokhlovskiy
Higher School of Cyberphysical
Systems and Control
Peter the Great St. Petersburg
Polytechnic University
Saint Petersburg, Russian Federation
hohlovskij_vn@spbstu.ru

Viacheslav Shkodyrev
Higher School of Cyberphysical
Systems and Control
Peter the Great St. Petersburg
Polytechnic University

shkodyrev @spbstu.ru

In diverse engineering applications, embedding GA-
search into a receding horizon framework has deliv-
ered consistent improvements in control and optimiza-
tion compared to baseline (linearized) MPC and GA-
only strategies in microgrid energy management [Cavus
and Allahham, 2024, chemical reactors [Deeb et al.,
2024b], PID control designs [Ramos et al., 2024} Kho-
dadoost et al., 2024]], load frequency control under non-
linearities [Saini and Ohri, 2023]], and robotics [Deeb
et al., 2024alDeeb et al., 2025bl|Liu et al., 2024al Duan
et al., 2024, Wu et al., 2025].

This paper develops a rejection-based genetic algo-
rithm tailored to horizon-structured decision vectors for
receding-horizon control. The proposed method uses a
lightweight learned filter to prioritize expensive objec-
tive evaluations while retaining deterministic elite carry-
over and diversity maintenance. We demonstrate that,
under identical plant models, objectives, and bounds,
the filter preserves solution quality and clarifies when
its overhead is justified-namely, in costly-evaluation
regimes. From a broader perspective, the proposed
methodology aligns with the principles of cybernetical
neuroscience, which studies learning, adaptation, and
control in complex systems using cybernetic and com-
putational methods [Babich et al., 2025||. In this sense,
rejection-based evolutionary control can be viewed as a
lightweight mechanism for regulating computational ef-
fort in adaptive decision-making loops.

The remainder of this paper is organized as follows.
Section[2]reviews related work on surrogate-assisted and
learning-enhanced genetic algorithms. Section [3] for-
mulates the optimization problem, details the proposed
rejection-based genetic algorithm, and describes its ex-
tension to multi-objective optimization and receding-
horizon control. Section [] presents the experimental
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evaluation on standard benchmark functions and the
nonlinear CSTR control case study. Section [5]concludes
the paper. Finally, Section [6] discusses the main limita-
tions and outlines future research directions.

2 Related Work

Research in evolutionary computation has increasingly
incorporated machine learning to enhance search effi-
ciency and reduce evaluation cost. Two primary avenues
have emerged: (i) learning to adapt variation opera-
tors, and (ii) learning to approximate fitness evaluation.
These approaches collectively aim to optimize resource
allocation during search, and drive a better convergence
towards the solution.

On the operator side, adaptive operator selection
(AOS) leverages online learning to dynamically choose
among variation operators based on performance feed-
back and problem-specific landscape features [Fialho,
2010} /Consoli et al., 2016l |Geng et al., 2023]. Policy-
based methods, including tree-based and reinforcement
learning controllers, extend this adaptivity to more com-
plex decision spaces.

Simultaneously, surrogate-assisted evolutionary algo-
rithms (SAEAs) have emerged as a means to reduce
computational cost via predictive modeling. Recent sur-
veys provide comprehensive taxonomies of surrogate
types (e.g., regression, classification), infill criteria, and
model management strategies in black-box optimization
[He et al., 2023]]. These surrogates serve as stand-ins for
expensive fitness evaluations, supporting faster conver-
gence with fewer objective function calls.

Within SAEAs, classification models are increasingly
used to prioritize candidate solutions before evaluation.
Techniques include ensemble-based surrogates [Wang
et al., 2018]] and integrated predictors such as Random
Forests in deep evolutionary architectures [Sun et al.,
2019]. In many-objective and constrained settings, clas-
sifiers estimate dominance or feasibility to filter infeasi-
ble or suboptimal offspring [Pan et al., 2018} |Li et al.,
2022], while active learning and committee models in-
form sample selection [Wang et al., 2017]].

Various learners-including k-NN and gradient-boosted
trees-have demonstrated strong ranking performance
in constrained evaluation environments [Jiang et al.,
2024, Mao et al., 2024]. Hybrid metaheuristics, such
as GA-PSO variants, further enhance performance by
blending global and local search behaviors [Aivaliotis-
Apostolopoulos and Loukidis, 2022, /Ali and Tawhid,
2017]. The overarching objective remains consistent: to
predict and allocate evaluation effort judiciously.

Structural innovations within the GA family pro-
vide a robust foundation for integrating learning-based
components. The Gene-pool Optimal Mixing Evo-
lutionary Algorithm (GOMEA) and its variants—e.g.,
clustered (CGOMEA) and real-valued (RV-GOMEA)
forms—Ilearn linkage information online, offering scal-
ability and theoretical guarantees [Dushatskiy et al.,
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2024||Andreadis et al., 2024,|Q1ao and Gallagher, 2024]).

Learned variation operators also continue to advance
the field. For instance, Deep Neural Crossover (DNC)
has demonstrated superior performance over traditional
crossover operators in combinatorial domains [Shem-
Tov and Elyasaf, 2024]], while dueling-DQN agents
guide operator selection [Yin and Xiang, 2024]. Clas-
sical operators like SBX have also been enhanced via
Bayesian hyperparameter tuning [Deeb et al., 2025a].
Theoretical analyses further support these mechanisms,
showing provable gains in scenarios such as (u+1)-GAs
on JUMP functions [Opris et al., 2025Doerr et al., 2024]
and EMO tasks requiring crossover for efficient conver-
gence [Dang et al., 2024}|Opris, 2025]].

At the system level, recent developments aim to reduce
evaluation overhead and stabilize evolutionary progress.
Techniques such as modern niching scale effectively
to high-dimensional multimodal landscapes [Matanga
et al., 2024], while scheduled population control man-
ages evaluation cost without degrading solution qual-
ity [Jiménez Laredo et al., 2024]. Constraint-handling
strategies like Boundary Updating have shown to ex-
pedite feasibility discovery with minimal bias [Rahimi
et al., 2024].

Comprehensive reviews have consolidated best prac-
tices for SAEA in both continuous and combinatorial
domains [Liang et al., 2024, |Liu et al., 2024b]. Notably,
large language models (LLMs) are now being integrated
into multiobjective SAEA frameworks to further reduce
evaluation requirements [Wang et al., 2024]]. Automated
and parallelized EA systems also support deployment
at scale by minimizing human-in-the-loop tuning [Al-
Terkawi and Migliavacca, 2025].

Despite this breadth of progress, one strategy remains
notably underexplored: the use of a calibrated machine
learning classifier as a hard rejection mechanism dur-
ing generation assembly. Existing work typically em-
ploys classification for ranking, prioritization, or sur-
vival prediction [He et al., 2023/ Pan et al., 2018, /Chen
et al., 2021]]. In contrast, the proposed method en-
forces a strict accept/reject gate—applied prior to evalu-
ation—by filtering offspring through a committee-based
classifier calibrated to manage false acceptance rates.
This approach reconceptualizes classification from a soft
heuristic into a formal gatekeeping mechanism, enabling
evaluation-aware control without compromising genetic
diversity or convergence behavior.

3 Problem Formulation
Consider the continuous optimization problem

min f(x) s.t.

Eigxiguia izla"'7na (1)
xER™

where f : R™ — R is the objective and [¢;, u;] are box
constraints for an input vector X = [x1,Za, - ,Zy].
A population-based search maintains /N candidate so-

lutions P9 = {xgg), e ,xﬁf})} at generation g. At
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(9)

every generation, each individual ;" is scored by its

objective value f (Xg-g )). Afterwise, parents are chosen
by binary tournament: sample two individuals uniformly
without replacement, and select the one with lower ob-
jective value. Repeating this [NV times yields a mating
pool of parent pairs:

MO = {(x9) x93 N/2, )

Using Simulated Binary Crossover (SBX), for each

parent pair (x](g'{),xé,g)) and for each decision variable

i € {1,...,n}, with crossover probability p., we gener-
ate two chlldren c( ), 1(-2) as
f-nnn{fmz7x£?}
U —
€Ty max{xpl [ p2 7,}
(2u)7FT, u< 3,
Bq = 1
() ™ u> 4, 3
u~U0,1), n. >0,
1
oV =11+ 8l + (1= Bl

652) [( ﬁq) pg1)z+(1+ﬁq) pzz]

In case crossover is not applied (with probability 1 —
Pe), the children inherit xl(fi ),i and :cl(f; )71- unchanged. SBX
is symmetric in the parents and preserves the parental
mean. Bound feasibility is enforced by simple repair, for
example:

( )

< min {u;, max{/;, c }} m e {1,2}. (4)

For mutation, each child undergoes independent poly-
nomial mutation per variable with probability p,,,:

6;:%_&, 6i+:ui xz’
u; — ¥ u; — s 5)
r~U0,1), 7n >0,
with
Ai,la r< %7
i= X ©)
Ai2, 723,
where

1
Ajp=[2r+ (1 —2r)(1 =6 )mtt]mFT —1,
_ 5,+)nm+1 } T T
(N
then x; is updated as x; + x; + A; (u; — ¢;), and fol-
lowed by the same bound repair. This operator adapts the

mutation step to the available interval and is controlled

by the mutation distribution index 7,,.
The last step is replacement and termination, where the

next generation P91 is formed by the offspring, op-
tionally using (u+\) elitism to preserve the best y indi-
viduals:

Aip=1-[201-r)+2(r—3)(

P« Besty (P(g) U Offspring(g)). (8)
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The algorithm iterates evaluation, selection, SBX, and
mutation until a stopping criterion holds.

3.1 Rejection-based gate between reproduction and
evaluation

We place a surrogate gate after reproduction (selec-
tion+SBX+mutation) and before any new plant evalua-
tions. The current population P(9) is the only set evalu-
ated at generation g. Offspring O9) are screened by the
gate to decide admission into the next population, and
are evaluated only at generation g+1.

After evaluating P(9), assign within-generation labels
by a quantile rule with parameter 5 € (0, 1):

X; € P(g)

({f( )}XEP(Q))} )
©))

Append (x;,y;) to a replay buffer D and train a cali-
brated classifier h : R™ — [0, 1] on the most recent win-
dow Dy to predict

yi = 1{f(xi) < ¢

p(x) = P(y=1|x). (10)

For thresholding and committee rule, we fix a target
false-reject rate e € (0, 1), then compute per-model
conformal thresholds on recent positives:

Tm = (jefr ({ﬁ(m) (Xz) : yz‘:l, (Xivyi) S Drec}) 3

7 = min(r, 72).
Y
Given an offspring x’ € 09 accept iff

win{p )} 2
|p(1) ) 15(2) (X/)’ <4,
where § € [0, 1] limits committee disagreement. Let
A9 be the accepted offspring.

Finally, we assemble the next population without eval-
uating offspring in g:

+1)
ply )—topn(P(g)) U A9

clite admitted offspring
@)y 13
U backﬁu(N — Jtop,| — |A |) .
diversity
If the acceptance ratio p(g) = ié( >} falls below ppin,

backfill by highest mean confidence p(x) = 1 (pV)(x)+

ﬁ(z)(x)). This enforces three invariants per generation:

one evaluation pass on P9 no evaluation of O9); sur-
rogates trained only from evaluated individuals in D.

Complexity (per generation): one plant batch of size
N, O(|0¥]) surrogate queries, and infrequent recali-
bration every T¢j¢ on Diec-
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Algorithm 1 Gate placement between reproduction and
evaluation (generation g)

Require: Population P(9) (size N); offspring size M;
elite fraction n; gate params (3, €g, Pmin,0); Win-
dow W
Evaluate f(x) for all x € P9
Label via (9); update replay D; set Dyec
if g mod T = 0 then
Train/calibrate A1), h(?) on Dyee
end if
Reproduce: build 0@ by tournament, SBX, and
polynomial mutation
7: Gate: compute p(1), 5?); accept A9 = {x' €
0 : (12) holds}
8: if [A9)|/M < puin then
9:  Backfill by descending p until quota
10: end if
11: Assemble P(9+1) via (T3); do not evaluate O'9) in
generation g

AR

3.2 Extension to Multi-Objective Optimization

We generalize the single-objective tracking problem to
the K -objective setting:

min  F(x) = [fl(X),--~7fK(X)]T

st 4 <z <wy,

with the standard Pareto dominance relation: u < v iff
fr(u) < fr(v) for all k and f;(u) < f;(v) for at least
one j. The optimal solutions form the (unknown) Pareto
set X* and Pareto front 7* = {F(x) : x € XA*}.

Within each generation, parents are chosen by NSGA-
IT criteria: fast non-dominated sorting. Resulting in
front ranks r(-) and crowding distance cd(-)-that main-
tain spread. Tournaments minimize (r, —cd) and elites
are retained using the same ordering. Operators (SBX
crossover and polynomial mutation) and box projection
are unchanged.

The rejection-based gate still guarantees one plant
evaluation per generation: offspring are filtered by a
calibrated-conformal classifier trained on a replay buffer.
For multi-objective data we define a scalar Pareto score

s(x) =r(x) —ecd(x), &>0, (15)
where r is the front rank and cd is the per-front normal-
ized crowding distance. Samples with low scores (bet-
ter rank, larger crowding) are labeled positive using a
percentile threshold, probabilities are calibrated, and a
conformal threshold on the positive class controls false
rejects. If the accepted set is too small, a soft top- K fall-
back (by mean calibrated probability) guarantees a min-
imum offspring ratio, while the remaining slots are filled
without additional evaluations (mix of elites and random
mutations).
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3.3 Preceding-horizon Control with RB-GA

We address online horizon optimization for output
tracking using a single-batch, rejection—-based genetic
algorithm (RBGA). The plant is treated as a black box
that can be rolled out from the current state; all plant
specifics are deferred to the experiments.

At control step k, given state xj, and a reference trajec-
tory rx+1.x+H, we choose a horizon-structured genome

g = Uk:k+H-1 S [umin7umax]H7 (16)

and define the discounted, normalized tracking loss

H 2
ZT=1 Wr (yk+‘r (g§ Xk) - rk+‘r)
qu—{:l Wr

Wr = 77_17 v e (07 1]7

Ji(g | xi) =

)

17
where Y+ (g; X ) is the plant output at step k+7 when
rolling out from X under g. We solve

min
2€ [Umin,Umax]F

Ji(g | %), (18)
applying only uj then shifting the horizon.

4 Experiments and Evaluations

4.1 Benchmarking RBGA on Standard Test
Functions- Single Objective Optimization
We compare five GA variants on standard continuous
benchmarks at dimension D=30:

1. plain GA (baseline).

2. RBGA with a calibrated Decision Tree gate
(RBGA-DT).

3. RBGA with a calibrated XGBoost gate (RBGA-
XGB).

4. RBGA committee gate requiring DT and XGB
agreement (RBGA-committee).

5. Shrinking viable population schedule, following the
2024 SVPS schedule [Jiménez Laredo et al., 2024].

Each run uses population 120 for 150 generations and
performs exactly one expensive objective evaluation per
generation. We run 20 repeats per method and function.
Objectives are Sphere, Rastrigin, and Ackley with stan-
dard box bounds. Metrics per method: final best ob-
jective, AUC of the best-so-far curve over generations
(lower is better) and mean wall time.

Results show that RBGA with calibrated RBGA-XGB
gate delivers the best final values and AUC on all three
functions tested. On Sphere it reaches 0.65 £ 0.16 with
AUC 3.65x103, improving over RBGA-DT (0.91 +
0.21) and far outperforming baseline (14.05+6.23). On
Rastrigin RBGA-XGB achieves 88.26 £+ 16.50 and AUC
2.54x10%, beating RBGA-committee (101.35 4 14.73)
and RBGA-DT (126.77 + 18.27). On Ackley RBGA-
XGB yields 5.25 + 0.54 and AUC 1.89x 102, ahead of
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RBGA-DT (5.50+0.71) and baseline (9.4041.73). The
committee gate is competitive on Rastrigin but slower.
Wall time reflects gating overhead: baseline/svps are
sub-second per run, RBGA-DT/RBGA-XGB/RBGA-
committee are slower (about 9.7, 14.0, and 20.6 s re-
spectively). Table|[T]lists means + std across runs for the
final objective, AUC, and time, and Figure |I| shows the
mean and std so-far convergence during the run. Cali-
brated gating with RBGA-XGB reliably accelerates con-
vergence in objective space at the cost of higher CPU
time. The committee gate is conservative and slower
but competitive on structured landscapes. Plain GA and
SVPS are fastest but less effective under the same evalu-

ation budget.

Figure 1.
so-far with =10 band over 20 runs.

Table 1. RBGA variants on D =
generations, pop 120).

30 benchmarks (20 runs, 150

Convergence curves on ) = 30 benchmarks. Mean best-

Function Method Final AUC Time [s]
) 1.41 x 10* 6.47 x 10° 9.40 x 10~*
Sphere baseline 0 3 o
+6.23 x 10 +1.16 x 10> £2.00 x 10
@ 9.13 x 1071 3.83 x 10° 9.69 x 10°
+2.05x 1071 +£4.52 x 10> £5.70 x 107!
b 6.45 x 10~ * 3.65 x 10° 1.40 x 10*
X;
g +1.56 x 10°Y +3.79 x 102 +4.26 x 10°
committee 2.34 x 10° 4.78 x 10° 2.07 x 10!
+7.20x 107" £5.80 x 10> +£8.10 x 107!
8.28 x 10° 5.74 x 103 7.20 x 1071
sSVps
P +5.22 x 10° £7.51 x 10> £1.00 x 1072
L . 2.71 x 10% 4.47 x 10* 1.05 x 10°
Rastrigin  baseline 1 3 o
+2.05 x 10 +2.08 x 10>  £1.00 x 10
@ 1.27 x 102 2.95 x 10* 9.01 x 10°
+1.83 x 10! +1.91 x 10°  +4.40 x 107!
b 8.83 x 10* 2.54 x 10* 1.28 x 10*
X;
& +1.65 x 101  +2.27x10% £5.80x 107"
committee 1.01 x 102 2.68 x 10* 2.07 x 10!
+1.47 x 100 +£1.89 x 10> +7.20 x 107!
2.46 x 102 4.36 x 10* 7.70 x 1071
sSVps a
P +3.33 x 10! +2.12 x 10°  +£1.00 x 1072
. 9.40 x 10° 2.21 x 10° 1.10 x 10°
Ackley baseline o 2 o
+1.73 x 10 +1.64 x 102 £1.00 x 10
@t 5.50 x 10° 1.91 x 10® 9.70 x 10°
+7.10 x 1071 +£1.14 x 10> £3.90 x 107!
b 5.25 x 10° 1.89 x 103 1.25 x 10*
X;
& +5.40 x 107 +9.60 x 10> +£4.50 x 10~*
committee 7.07 x 10° 2.06 x 10° 2.09 x 10*
+8.00x 107! £7.40 x 101  £7.70 x 107!
s 7.91 x 10° 2.16 x 103 8.40 x 1071
P +1.45 x 10°  4+1.65 x 102 £1.00 x 1072
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4.2 Multi-Objective Benchmark:
ZDT1/ZDT2/ZDT3 with Pareto-Front Tracking

We evaluate RBGA on the ZDT suite (KX=2 objec-
tives; decision domain X = [0, 1]”), comparing base-
line GA, RBGA-DT, RBGA-XGB, RBGA-Committee,
and SVPS. Per generation only the current population
is evaluated; offspring are filtered by the calibrated—
conformal gate (committee agreement when applicable)
and the remainder of the next population is filled without
additional evaluations, preserving the one-evaluation-
per-generation invariant. For each generation we log the
objective cloud, extract the non-dominated set, and com-
pute IGD/GD (lower is better) and HV (higher is bet-
ter; reference r = (1.2,1.2)). We show the per-step
best convergence in Figures 23] and ] and the final-
generation metrics in Tables [2] 3] and 4]

2ZDT1: Convergence (meanstd from CsVs)

— Recaxce
— RecACommittee 25

Figure 2. ZDT1: convergence from per-generation CSVs — (a) IGD,
(b) GD, (c) HV.

ZDT2: Convergence (mean<std from C5Vs)

Baseline
RBGADT 150
— RoGAX

— RBGA Committee

— sves

Figure 3. ZDT?2: convergence from per-generation CSVs — (a) IGD,
(b) GD, (c) HV.

Figure 4. ZDT3: convergence from per-generation CSVs — (a) IGD,
(b) GD (c) HV.
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Table 2. ZDT]I: final-generation metrics. Lower IGD/GD, higher HV

are better.
method IGD | GD | HV 1
. 1.27 x 10° 1.63 x 10° 1.74 x 10°
baseline
+2.20 x 1071 £2.50 x 1071 £6.20 x 107!
it 3.67x 107" 4.15x 107! 1.05 x 10°
+3.80x 1072 +5.40 x 1072 +8.10 x 102
2.86 x 1071 3.16 x 10! 1.02 x 10°
xgb
+9.00 x 1072 +9.80 x 1072 +1.20 x 10!
) 3.03x 107"  3.32x 107! 1.05 x 10°
committee
+6.00 x 1072 +£5.60 x 1072 +£1.10 x 10!
1.52 x 10° 2.06 x 10° 1.90 x 10°
svps
+4.80x 107' +£3.70 x 107' £5.10 x 107!
Table 3. ZDT?2: final-generation metrics. Lower IGD/GD, higher HV
are better.
method IGD | GD ] HV 1
. 1.05 x 10° 5.69 x 1071 0.00 x 10°
baseline
+1.90 x 107* £2.10 x 10~*  £0.00 x 10°
dt 4.67x 1071 443 x 107! 285 x 107!
+1.20 x 107! 41.00 x 1071 £9.50 x 1072
452 x 1071 458 x 107! 3.85 x 10!
xgb
+6.80 x 1072 +£5.40x 1072 +1.10 x 10!
. 517x 1071 512x 107! 3.33x 107!
committee
+8.90x 1072 +9.30 x 1072 +£1.20 x 10!
1.23 x 10° 7.72 x 1071 0.00 x 10°
SVps
+1.60 x 107* +£1.70 x 10*  +0.00 x 10°

Table 4. ZDTS3: final-generation metrics. Lower IGD/GD, higher HV

are better.
method IGD | GD | HV 1
. 9.66 x 10~1 1.29 x 10° 1.41 x 10°
baseline
+250x 1071 +4.40 x 107* +£3.70 x 10!
" 271 x 1071 226 x 107! 1.32 x 10°
+3.90x 1072 +1.00 x 10~* +1.30 x 10!
270 x 1071 2.38 x 107! 1.41 x 10°
xgb
+240 x 1072 £6.90 x 1072 £9.70 x 1072
) 2.62 x 1071 2.26 x 1071 1.35 x 10°
committee
+2.70 x 1072 +£4.60 x 1072 £1.20 x 10!
1.21 x 10° 1.71 x 10° 1.91 x 10°
SVps
+3.90 x 1071 +£4.50 x 1071 +£3.20 x 10!

4.3 Nonlinear Control of CSTR system

We consider the

standard nonisothermal CSTR

[Berberich et al., 2022]] with states x; (concentration)
and xo (temperature), sampled with period 75 > 0.
To avoid overloading the time index k, we denote the
reaction-rate constant by x > 0. The discrete-time dy-
namics are

T, M
T1kt1 = fl,k"‘?(l_ml,k) ~Tskxi e "2+, (19)
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T.
T 11 = Tk + ?S(Cﬂf - xz,k)

__um 20
+TskT1 e "2F (20)

—Tsaug (o5 — xc),

where 6 > 0 is the residence-time constant, M > 0
the scalar activation parameter, x ¢ the feed temperature,
z. the coolant temperature, and «« > 0 the heat-transfer
coefficient. We use the output y;, 1= 1 .

At each control step k, given the current state x; =
[1 %, T2.x] T, We optimize an H-step input sequence
Ukt H—1 = {Ug,...,Uk+H—1} to minimize a dis-
counted, weighted MSE:

min  Ji (Wkikrm-1 | XK) =

Uk:k+H—1
H 2 21
27—21 Wr (Z/k-i—r - 7”k+7—) @D
I71 )
Z-,—:l Wr
s.t. Umin < Uktr—1 < Umaxy T = 1,..., H,

with designer-chosen positive weights w.. (we use w, =
77! with y € (0,1]) and box constraints (Umin, Umax )-
Only the first action uj;, is applied; the horizon then shifts
(apply-and-shift MPC). The decision vector (genome) is
g = Uk:k+H-1 € [umina umax]H (22)

Unless stated otherwise, we follow [Deeb et al.,
2024b]). In our experiments we use Ty = 0.2, § = 20,
k = 300, M = 5, zy = 0.3947, z. = 0.3816, o =
0.117, a concentration reference 4. = 0.6519, horizon
H = 15, and input bounds (tmin, Umax) = (0.1, 2.0).

We solve using a rejection-based GA tailored to
horizon-structured genomes as explained in Algorithm
il

We compare four optimizers that share exactly the
same interface, objective (2I), plant model (T9)—(20),
bounds, horizon H, and target sequence. Any perfor-
mance difference thus stems from the search mechanism.
Wee add to the methods used in this experiment, the re-
cently proposed TLASBX-7; baseline GA using an SBX
distribution index 7 learned on a source task by Bayesian
Optimization [Deeb et al., 2025a].
Evaluation protocol.

1. Same receding-horizon loop of length ' = 750 with
T, = 0.2; at each step we plan an H = 15-step
sequence and apply the first input (apply-and-shift).

2. GA hyperparameters: population P = 100, exten-
sion factor A = 100 for offspring proposals, identi-
cal seeds across methods.
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CSTR Output Response

® —e— Baseline GA (30 Gen) RB-GA (40 Gen) 1
Baseline GA (40 Gen) -»- TLASBX-n (30 Gen) |
Baseline+SVPS (30 Gen) TLASBX-n (40 Gen) !
Baseline+SVPS (40 Gen) ~ — - target /
—v- RB-GA (30 Gen)

Figure 5. CSTR output overlays for all methods (physical time
axis). Curves largely coincide for TLASBX-7), Baseline, and Base-
line+SVPS; RB-GA reduces tracking error at the expense of run time
and—at lower budgets—higher control effort.

Table 5. Baseline GA, RB-GA (Decision-Tree gate), Base-
line+SVPS, and TLASBX-7) under 7' = 750, H = 15, population
P = 100, and extension factor A = 100. Times are end-to-end

wall clock for the full I"-step run on the same machine.

Method Gens RMSE MAE

Baseline GA 40  0.17745 0.15528
Baseline GA 30 0.20862 0.20822
RB-GA (DT gate) 40  0.16782 0.13972
RB-GA (DT gate) 30  0.19446 0.18500
Baseline + SVPS 40  0.17745 0.15528
Baseline + SVPS 30 0.20862 0.20822
TLASBX-n 40  0.17745 0.15528
TLASBX-n 30 0.20862 0.20822

3. Metrics: tracking RMSE and MAE between y and
r over 1. Hardware: Intel Core 19, 64 GB RAM,
Ubuntu 24.04.

Results. Table [5|summarizes performance at two gener-
ation budgets (30, 40) under the large-horizon, extended-
population regime. RB—GA consistently improves track-
ing accuracy over the Baseline GA, with the clearest
gains at 40 generations (RMSE 0.1678 vs. 0.1774, MAE
0.1397 vs. 0.1553). Baseline+SVPS tracks the Base-
line identically in this configuration, confirming that
deterministic shrinkage alone does not alter accuracy.
TLASBX, despite introducing Bayesian optimization of
the SBX parameter on a source task, converges to numer-
ically identical trajectories to the Baseline under our re-
ported setup, suggesting that in this regime the learned n
does not change closed-loop behavior. The closeness of
results across Baseline, Baseline+SVPS, and TLASBX
can be attributed to the relatively small number of gen-
erations allocated to the GA, which limits the opportu-
nity for their respective learning mechanisms to mani-
fest. Output overlays in Fig. [§]illustrate that all methods
track the target closely; only RB—GA exhibits a visible
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reduction in error envelopes, while SVPS and TLASBX
coincide with the Baseline.

5 Conclusion

Genetic Algorithms (GAs) show potential for use in
receding-horizon control of nonlinear and constrained
systems, although their computational expense primar-
ily stems from numerous objective function evaluations.
This study introduces a specialized rejection-based GA
designed specifically for genome structures related to
horizons. It ensures only one batch of plant evalua-
tions per generation and utilizes an efficient, calibrated
classifier to screen out untested offspring. In com-

parison experiments on a typical non-isothermal CSTR
scenario, four different optimizers were evaluated un-

der uniform conditions: a basic GA, the newly devel-
oped committee-gated RB-GA, a baseline augmented
with simple variable population sizing (SVPS), and Two-
Level Adaptive Simulated Binary Crossover (TLASBX).
Results demonstrated that RB-GA consistently enhanced
tracking precision compared to the baseline while us-
ing fewer generational resources. Both Baseline+SVPS
and TLASBX showed performance similar to the base-
line due to the restricted number of iterations limiting
their ability to learn effectively. These findings suggest
that the proposed methodology enhances optimization
efficiency particularly in computationally intensive envi-
ronments that seems to be very important and promising
for use in open real-time automation systems like cyber-
physical ones. Moreover, the presented approach can be
considered as a basis for implementation of specific GA
for computationally-consuming real-time tasks.

6 Limitations and Future Work

While the proposed RB-GA achieves substantial eval-
uation savings and improved convergence, several lim-
itations remain. First, the gating mechanism depends
on classifier calibration quality; inaccurate calibration
or limited replay data can lead to premature rejection
of promising candidates. Second, the approach assumes
deterministic evaluations and noise-free feedback, which
may not hold in practical control settings. Third, while
we enforced one evaluation batch per generation, this
constraint may slow convergence for low-cost objec-
tives where more evaluations are affordable. Finally, the
current implementation uses fixed hyperparameters for
quantile labeling, false-reject tolerance, and committee
disagreement.

An important direction for future research is the appli-
cation of RB-GA to partial differential equations (PDE)-
constrained optimal control problems, such as subsur-
face reservoir optimization, where objective evaluations
depend on computationally intensive simulators [Sirota
and Ovsyannikov, 2025]. While recent work has demon-
strated the effectiveness of neural operator surrogates for
enabling gradient-based optimization in such settings,
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rejection-based evolutionary controllers provide a com-
plementary, gradient-free alternative that may offer im-
proved robustness to model mismatch, nonconvex con-
straints, and limited differentiability.

Future work will focus on adaptive schemes that learn
these parameters online, probabilistic committees that
quantify uncertainty, and extensions to constrained and
stochastic optimization. We also plan to explore differ-
entiable surrogate gates embedded within gradient-based
meta-optimization, and real-time deployment on cyber-
physical testbeds for process control and microgrid en-
ergy management.
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