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Abstract. Human immunodeficiency virus (HIV) gradually depletes CD4+ T-cells,
weakening the immune system and potentially leading to AIDS without effective
treatment. To counter this immune decline, antiretroviral therapy (ART) has greatly
improved the clinical management of HIV by suppressing viral replication and preserving
immune function. However, because treatment is often required over long periods, its
use may be limited by cumulative toxicity, drug resistance, and adherence challenges.
These limitations have encouraged the study of structured treatment interruptions, in
which therapy is temporarily stopped and resumed according to a planned schedule
to reduce drug exposure while maintaining viral control. In this context, this work
proposes a clinically motivated block-wise multi-objective optimization framework for
HIV treatment scheduling, based on a nonlinear six-state dynamical model with two
binary control variables corresponding to protease inhibitor (PI) and reverse transcriptase
inhibitor (RTI) therapies. Rather than determining a single treatment schedule over the
entire time horizon, the proposed framework incorporates sequential re-optimization
over consecutive 30-day blocks to reflect periodic clinical reassessment and treatment
adaptation. The study also compares asynchronous and synchronous binary control
strategies under identical conditions. Within each block, daily treatment decisions are
optimized using the Non-dominated Sorting Binary Genetic Algorithm II (NSBGA-II),
with the aim of preserving CD4+ T-cell levels, suppressing viral load, and reducing
total drug administration. This formulation provides a more clinically realistic basis for
constructing adaptive and personalized HIV treatment schedules.
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1 Introduction

HIV is a chronic infection that directly attacks the immune system, progressively destroying
CD4+ cells. Without treatment, it leads to AIDS, leaving the patient vulnerable to numerous
opportunistic infections. The global challenge posed byHuman Immunodeficiency Virus (HIV)
[16] continues to drive the search for effective, long-term treatment strategies capable of pre-
serving immune function while limiting the burden of therapy.

In this context, structured treatment interruptions (STIs) have been proposed [1, 10, 14, 21].
These consist of an initial period of continuous therapy, followed by planned treatment breaks
aimed at reducing drug exposure while maintaining sufficient viral control. From a control
perspective, ART scheduling under STIs can be formulated as a multi-objective binary opti-
mal control problem, where daily treatment decisions are either “on” (drug administered) or
“off” (drug withheld). The aim is to balance several conflicting goals, namely preserving im-
mune function, suppressing viral load, and reducing treatment burden. These goals are captured
through three objective functions.

To formulate the optimization problem, we rely on mathematical models that describe HIV
progression. Early models, based on three differential equations, represented the interaction
between healthy cells, infected cells, and free virus particles [12]. These were later enriched
with the incorporation of cytotoxic T-lymphocytes (CTLs) [19] and, more recently, the inclusion
of viral aggressiveness and the direct effects of treatments, leading to the advanced six-equation
model in [9], which we adopt in this work.

Building on this HIV model, the present study investigates block-wise multi-objective op-
timization of binary ART schedules under periodic clinical reassessment. Rather than deter-
mining a treatment plan once over the entire horizon, the total treatment period of 1500 days
is decomposed into successive 30-day blocks, and treatment decisions are updated from one
block to the next according to the patient’s evolving physiological state. Optimization begins
when the CD4+ count falls below the clinical threshold of 350 cells/µL, marking the initiation
of ART.

Within each block, daily treatment decisions are binary, meaning that each drug is either ad-
ministered (1) or withheld (0). These decisions are optimized using the Non-dominated Sorting
Binary Genetic Algorithm II (NSBGA-II) a binary-chromosome adaptation of NSGA-II [5] as
implemented in [17]. However, the contribution of the present work does not lie in introducing
a new optimization algorithm itself, but in reformulating the treatment decision process in a
block-wise manner so that therapy can be re-evaluated and updated sequentially over time. The
final state of one block becomes the initial state of the next, and the remaining days at the end
of the horizon are also incorporated into the optimization procedure.

We further examine two binary control strategies under the samemodeling and optimization
framework:
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1. Asynchronous control, in which PI and RTI are scheduled independently, offering
greater flexibility in treatment adjustment;

2. Synchronous control, in which both drugs are administered or withheld simultaneously,
simplifying treatment and potentially improving patient adherence.

Their comparison constitutes an additional contribution of this work, since it makes it possi-
ble to evaluate how the structure of treatment decisions influences the resulting schedules and
objective trade-offs under identical conditions.

The remainder of the paper is structured as follows. In Section 2, we review the mathemat-
ical progression from foundational HIV models to the extended six-state system used in this
study and establish positivity and boundedness of solutions. Section 3 formulates the multi-
objective optimal control problem and justifies the choice of NSBGA-II. Section 4 presents
the numerical implementation and the main optimization results under asynchronous and syn-
chronous control. Section 5 reports supplementary sensitivity and robustness analyses. Finally,
conclusions and future directions are discussed in Section 6.

2 Mathematical Models for HIV Infection

A foundational approach to modeling the in-host dynamics of HIV infection is presented in [12],
where the system tracks three state variables: healthy CD4+ T-cells, infected CD4+ T-cells, and
free virus particles, within a whole-body framework. The model assumes constant influx and
natural death of healthy T-cells, infection driven by virus-cell interactions, and viral production
from infected cells. Mathematically, the dynamics are given by:

ẋ = λ− dx− βxv,

ẏ = βxv − ay,

v̇ = ky − τv.

(1)

In this model, we look at the concentrations of three key components: healthy CD4+ T-cells
x, infected CD4+ T-cells y, and free virions v. The natural regeneration rate of CD4+ T-cells
is denoted by λ, while d represents the death rate of healthy CD4+ T-cells. On the other hand,
a is the death rate of infected CD4+ T-cells. The infection rate, or how quickly healthy cells
become infected, is represented by β. We also have k, which is the production rate of virions
per infected cell, and τ , which is the natural clearance rate of free virions.

To better understand how the immune systemworks, Wodarz and Nowak extended the basic
model in [19] by incorporating cytotoxic T-lymphocyte (CTL) dynamics. The expanded system
introduces two additional compartments: CTL precursors (w) and CTL effectors (z), capturing
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their proliferation, differentiation, and virus suppression functions. The model is formulated
as: 

ẋ = λ− dx− βxv,

ẏ = βxv − ay − pzy,

v̇ = ky − τv,

ẇ = cxyw − cqyw − bw,

ż = cqyw − hz,

(2)

where CTL precursors proliferate with rate cxyw, differentiate into effectors at rate cqyw, and
decay with rate bw, while CTL effectors decay at rate hz. The immune-mediated clearance of
infected cells is accounted for by an additional term −pzy.

To more realistically capture disease progression and therapeutic intervention, a further ex-
tension was proposed in [9], where the infection rate constant β is replaced by a time-evolving
state variable r, interpreted as a marker of viral aggressiveness. Moreover, the administration
of antiretroviral treatments is modeled using binary control variables ηP and ηR, which indicate
whether protease inhibitors (PI) and reverse transcriptase inhibitors (RTI) are applied, respec-
tively. The efficacy of each treatment is represented by the parameters uP and uR, which
quantify the intensity of the protease inhibitor and reverse transcriptase inhibitor effects when
activated. These therapies modulate the infection and viral production processes. The model
employed in this study corresponds to the version proposed in [9]:

ẋ = λ− dx− rxv,

ẏ = rxv − ay − pyz,

ẇ = cxyw − cqyw − bw,

ż = cqyw − hz,

v̇ = k(1− uP ηP )y − τv,

ṙ = r0 − uRηR.

(3)

This formulation reflects both the immune system response and the impact of therapeutic
strategies aimed at suppressing viral replication and limiting disease progression.

The model incorporates several parameters that must be specified for numerical simulations.
A summary of the parameter descriptions, numerical values, and units is provided in Table 1.
These descriptions and values are sourced from [9]. This study is entirely simulation-based
and does not use real patient data. Therefore, ethical approval and informed consent are not
required.

Dimensional consistency for ṙ = r0 − uRηR is maintained as uR and r0 share the units copies−1 mLday−2. Thus,
the net rate r0 − uR = 10−10 carries these units, representing the suppressed growth intensity of infectivity.
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Table 1: Description and values of parameters used in the HIV model.1

Parameter Description Value / Unit

λ Production rate of healthy CD4+ T cells from the source 7 cells µL−1 day−1

d Natural death rate of healthy CD4+ T cells 7× 10−3 day−1

a Death rate of infected CD4+ T cells 0.0999 day−1

p Elimination rate of infected cells by CTL effectors 2 µL cells−1 day−1

c Proliferation rate of CTL precursors 5× 10−6 µL2 cells−2 day−1

q Activation threshold for converting CTL precursors into CTL effectors 120 cells µL−1

b Death rate of CTL precursors 0.017 day−1

h Death rate of CTL effectors 0.06 day−1

k Virus production rate per infected cell 300 copies mL−1 cells−1 day−1

τ Natural clearance rate of free virus particles 0.2 day−1

r0 Viral infectivity rate (growth intensity) 10−9 copies−1 mL day−2

uP Dosage of protease inhibitors (PI), reducing virion maturation 0.7

uR Dosage of reverse transcriptase inhibitors (RTI), blocking new infections 9× 10−10 copies−1 mL day−2

Before introducing the optimization framework, we first verify that system (3) is well posed
and biologically meaningful.

2.1 Positivity and Boundedness of Solutions

Proposition 1. For any measurable binary controls ηP (t), ηR(t) ∈ {0, 1} and any nonnegative
initial condition

X(0) = (x(0), y(0), w(0), z(0), v(0), r(0)) ∈ R6
+,

the solution of system (3) exists uniquely for all t ≥ 0 and all state variables remain nonnegative
and bounded on every finite time interval.

Proof. Positivity follows by evaluating the vector field of system (3) on the boundary of R6
+.

Indeed, if x = 0 then ẋ = λ > 0; if y = 0 then ẏ = rxv ≥ 0; if w = 0 then ẇ = 0; if
z = 0 then ż = cqyw ≥ 0; if v = 0 then v̇ = k(1 − uP ηP (t))y ≥ 0; and if r = 0 then
ṙ = r0 − uRηR(t) ≥ 0. Hence R6

+ is positively invariant.
To prove boundedness, note that, since all states are nonnegative,

ẋ = λ− dx− rxv ≤ λ− dx.

A comparison argument yields

0 ≤ x(t) ≤ max
{
x(0),

λ

d

}
.

Furthermore, ṙ = r0 − uRηR(t). Since ηR(t) ∈ {0, 1}, the RTI term uR actively suppresses
the rate of increase in viral aggressiveness. Consequently, r(t) is bounded within [r(0)+(r0−
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uR)t, r(0)+r0t], remaining biologically meaningful and bounded on any finite interval. Using
these bounds in the (y, v) equations shows that their growth is controlled by the linear decay
terms −ay and −τv, and hence y(t) and v(t) remain finite. The equations for w(t) and z(t)

then have bounded coefficients, so w(t) and z(t) are also bounded. Therefore all components
of the solution remain bounded on every finite time interval.

3 Multi-Objective Optimal Control Problem

In this section, HIV therapy design is formulated as a multi-objective binary optimal control
problem. We consider a nonlinear system of six differential equations describing the within-
host dynamics of HIV infection (see Section 2). The state vector is defined as:

X(t) = (x(t), y(t), w(t), z(t), v(t), r(t)) ∈ R6
+, ∀t ∈ [t0, tf ],

where the biological meanings of the state variables are as follows:

• x(t): healthy CD4+ T-cells,

• y(t): infected CD4+ T-cells,

• w(t): precursor cytotoxic T-lymphocytes (CTLs),

• z(t): effector CTLs,

• v(t): free virus particles,

• r(t): viral aggressiveness.

The binary control variables represent structured on-off drug administration:

η(t) = (ηP (t), ηR(t)) , ηP (t), ηR(t) ∈ {0, 1}, ∀t ∈ [t0, tf ],

where:

• ηP (t) = 1 indicates the application of the protease inhibitor (PI), while ηP (t) = 0 indi-
cates no administration of the PI.

• ηR(t) = 1 indicates the application of the reverse transcriptase inhibitor (RTI), while
ηR(t) = 0 indicates no administration of the RTI.

Drug effects enter the system through the modification of key terms in the ODEs:

• PI reduces the viral production term via a factor (1− uP ηP (t)),
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• RTI suppresses viral replication by reducing the infection rate via ṙ(t) = r0 − uRηR(t).

Let E denote the set of admissible binary control functions defined over [t0, tf ], measurable and
taking values in {0, 1}. Given a control pair η(t) ∈ E , the system evolves from an initial state
X(t0), producing a trajectory X(t) through numerical simulation.

E = {(ηP , ηR) | ηP (t), ηR(t) ∈ {0, 1}, measurable over [t0, tf ]} . (4)

3.1 Objective Functions

The objective functions are expressed in discrete form, where the time step corresponds to days
in the discretized version of system (3).
Objective function 1 – Immune Preservation
This objective function aims to sustain a high level of healthy CD4+ T-cells over the treatment
horizon, ensuring a strong immune system. To express this goal within a minimization frame-
work, it is defined as the negative cumulative CD4+ T-cell count.

I1(η) = −
tf∑

t=t0

x(t). (5)

Objective function 2 – Viral Suppression
This objective function aims to reduce the viral burden by minimizing the cumulative viral load
over the treatment horizon. Lower values of this objective correspond to stronger suppression
of HIV replication.

I2(η) =

tf∑
t=t0

v(t). (6)

Objective function 3 – Treatment Burden
This objective function penalizes the overall treatment burden induced by the applied therapy
schedule. It is defined through the cumulative drug administration over the treatment horizon.

I3(η) =

tf∑
t=t0

(ηP (t) + ηR(t)) . (7)

The three objective functions in our study are defined separately to preserve their distinct
clinical meanings. Immune preservation, viral suppression, and treatment burden correspond
to different therapeutic goals, and reducing them to a single aggregated criterion would mask
the natural conflicts between them. Their separate formulation therefore allows the optimiza-
tion framework to explore clinically relevant trade-offs and identify Pareto-optimal treatment
schedules.
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3.2 Optimization Problem Statement

The objective of this study is to identify structured treatment schedules that achieve a balance
between therapeutic effectiveness and the preservation of immune health. To guarantee the
clinical relevance of the generated schedules, we impose a state-path constraint on the healthy
CD4+ T-cell count:

x(t) ≥ 500 cells/µL, ∀t ∈ [t0, tf ]. (8)

This constraint is motivated by clinical considerations, aiming to prioritize the maintenance of
the patient’s immune system [15]. By enforcing a minimum threshold, we ensure that CD4+ T-
cell levels remain within a healthy range throughout the 1500-day treatment horizon, preventing
the immune system from dropping to dangerously low levels.

Consequently, the complete multi-objective binary optimal control problem is formulated
as follows:

min
η∈E

(I1(η), I2(η), I3(η))

subject to:

ẋ(t) = λ− d x(t)− r(t)x(t) v(t),

ẏ(t) = r(t)x(t) v(t)− a y(t)− p y(t) z(t),

ẇ(t) = c x(t) y(t)w(t)− c q y(t)w(t)− bw(t),

ż(t) = c q y(t)w(t)− h z(t),

v̇(t) = k
(
1− uP ηP (t)

)
y(t)− τ v(t),

ṙ(t) = r0 − uR ηR(t),

x(t) ≥ 500, ∀ t ∈ [t0, tf ],

ηP (t), ηR(t) ∈ {0, 1}, ∀ t ∈ [t0, tf ],

x(t0) = x(0), y(t0) = y(0), w(t0) = w(0),

z(t0) = z(0), v(t0) = v(0), r(t0) = r(0).

(9)

3.3 Pareto Optimality

Definition. A control strategy η∗ ∈ E is said to be Pareto optimal if there is no other admissible
control η ∈ E such that:

Ii(η) ≤ Ii(η
∗), for all i = 1, 2, 3, (10)

Ii(η) < Ii(η
∗), for at least one i ∈ {1, 2, 3}. (11)
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The set of such non-dominated solutions forms the Pareto front, which visualizes the trade-
offs between competing treatment goals.

The high-dimensional binary control space considered in this study (e.g., 60 variables per
block for two medications over 30 days) leads to significant computational challenges. Due to
the exponential growth of the search space, exact solution methods become computationally
intractable [3, 6, 7, 8]

In this study, we approximate the Pareto front using NSBGA-II, a binary variant of NSGA-
II [5], following the implementation framework in [17]. A comparison of the optimization
problem formulations is provided in Table 2 to illustrate the expanded scope of this work. Here,
NSBGA-II is applied to determine daily treatment decisions within 30-day simulation blocks.
The rationale for this choice is discussed in Section 3.5.

Table 2: Comparison of the optimization frameworks between the proposed work and [17].

Aspect Our manuscript Ref. [17]

Model dimension Six-state HIV model (x, y, w, z, v, r) Three-state HIV model (x, y, v)

Objectives Three objectives: max CD4+ T-cells, min viral
load, min treatment burden

Two objectives: min tracking error, min
drug usage

Control structure Two binary controls (PI and RTI) with asyn-
chronous and synchronous scheduling

Single binary control signal

Optimization horizon 1500 days 1500 days

3.4 Constraint Handling via Additive Penalty

To enforce the safety requirement x(t) ≥ 500 within the NSBGA-II framework, we apply an
additive penalty method. Genetic algorithms are naturally suited for unconstrained optimiza-
tion, so we introduce a penalty function P (η) that increases with the cumulative violation of
the constraint:

P (η) = β

tf∑
t=t0

max(0, 500− x(t)), (12)

where β = 108. The fitness of each individual is then evaluated using the augmented objectives
Ĩi = Ii + P . By including this penalty across all three objectives, we ensure that infeasible
solutions are Pareto-dominated by feasible ones, while the continuous nature of P (η) provides
a numerical gradient that steers the population toward the feasible region.
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3.5 Justification of the Choice of NSBGA-II

The optimization problem considered in this work is a finite-horizon multi-objective schedul-
ing problem in which each treatment decision is binary. Under asynchronous control, the de-
cision vector consists of two binary dosing sequences, one for each drug class, while under
synchronous control a single binary sequence is optimized. Consequently, the search space is
discrete and combinatorial rather than continuous.

For this reason, we adopted a binary version of NSGA-II (denoted here by NSBGA-II) as
the main optimizer. This choice is motivated by both methodological and practical considera-
tions. First, the binary chromosome representation matches the structure of the treatment sched-
ule directly, without requiring continuous relaxation, thresholding, or repair operators. Second,
NSGA-II combines elitism, fast non-dominated sorting, and crowding-distance diversity preser-
vation, which are known to be central ingredients for constructing accurate and well-distributed
approximations of Pareto fronts in multi-objective evolutionary optimization [5]. In particular,
elitism prevents the loss of high-quality non-dominated schedules, while crowding-distance
sorting helps preserve diverse trade-offs among immune preservation, viral suppression, and
treatment burden.

To evaluate whether this choice is justified relative to other widely used multi-objective
metaheuristics, we compared NSBGA-II against three representative alternatives: SPEA2,
MOEA/D, and a binary adaptation of MOPSO (hereafter BMOPSO). SPEA2 is another elitist
Pareto-based evolutionary algorithm that uses strength-based fitness assignment, density esti-
mation, and archive truncation [22]. MOEA/D decomposes a multi-objective problem into a set
of scalar subproblems and solves them collaboratively through neighborhood interactions [20].
BMOPSO belongs to the family of multi-objective particle swarm methods that use an external
archive of non-dominated solutions to guide the swarm [4]. These methods are well established
and provide meaningful comparators.

Since exact Pareto sets can be computed for short horizons, we performed a benchmark
for L ∈ {5, 7, 10} under both asynchronous and synchronous control, using exhaustive enu-
meration as ground truth. Under asynchronous control, each decision period admits four pos-
sible control combinations, so the exact reference front was obtained by enumerating all 4L

admissible schedules. Under synchronous control, only one binary control is applied at each
period, so the exact reference front was obtained by enumerating all 2L admissible schedules.
All heuristics were run with the same population size, the same number of generations, and
20 independent runs. Performance was assessed by coverage with respect to the exact Pareto
front, normalized generational distance (GD), normalized inverted generational distance (IGD),
Pareto set size, and runtime. Each reported value corresponds to the median over the 20 runs.

The benchmark shows that NSBGA-II provides the best overall compromise for the present
problem. Under asynchronous control, NSBGA-II achieved exact recovery of the Pareto front
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for L = 5 and L = 7, and maintained a high median coverage of 0.929 for L = 10, while
remaining the fastest method in all cases. SPEA2 followed closely in accuracy but required
nearly double the computational time. MOEA/D showed significantly lower coverage as the
horizon increased, and BMOPSO’s performance began to degrade at L = 7, dropping to a
coverage of 0.476 at L = 10. Under synchronous control, NSBGA-II recovered the exact
front in all tested horizons (L = 5, 7, 10) while consistently recording the lowest runtimes.
While SPEA2 and BMOPSO also achieved full coverage for the synchronous case, they were
substantially slower than NSBGA-II, whereas MOEA/D remained less reliable, with coverage
falling sharply as the horizon length increased

Table 3: Benchmark results under asynchronous control. Reported values are medians over 20 independent runs.
For each horizon length L, the exact Pareto front was obtained by exhaustive enumeration of all 4L admissible
schedules. Best runtime in each block is highlighted in bold.

L Algorithm Coverage GDnorm IGDnorm Pareto size Runtime (s)

5

NSBGA-II 1.000 0.000e+00 0.000e+00 11.0 5.26
SPEA2 1.000 0.000e+00 0.000e+00 11.0 9.51
MOEA/D 0.818 0.000e+00 2.041e-02 9.0 19.56
BMOPSO 1.000 0.000e+00 0.000e+00 11.0 8.77

7

NSBGA-II 1.000 0.000e+00 0.000e+00 15.0 6.47
SPEA2 1.000 0.000e+00 0.000e+00 15.0 11.73
MOEA/D 0.733 5.848e-03 4.453e-02 12.0 23.32
BMOPSO 0.867 0.000e+00 4.780e-03 14.0 9.50

10

NSBGA-II 0.929 0.000e+00 2.382e-03 20.0 8.68
SPEA2 0.905 0.000e+00 7.143e-03 19.0 15.06
MOEA/D 0.571 1.040e-02 8.270e-02 14.0 26.76
BMOPSO 0.476 9.583e-03 4.090e-02 16.0 11.03

4 Numerical Implementation and Results

In this section, we present the implementation details and outcomes of our proposed therapy op-
timization framework using the binary multi-objective genetic algorithmNSBGA-II. We divide
the discussion into two parts: first, we analyze the natural progression of the disease without
treatment, and then we evaluate the performance of the optimized treatment strategies under
both asynchronous and synchronous control.
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Table 4: Benchmark results under synchronous control. Reported values are medians over 20 independent runs.
For each horizon length L, the exact Pareto front was obtained by exhaustive enumeration of all 2L admissible
schedules. Best runtime in each block is highlighted in bold.

L Algorithm Coverage GDnorm IGDnorm Pareto size Runtime (s)

5

NSBGA-II 1.000 0.000e+00 0.000e+00 6.0 4.71
SPEA2 1.000 0.000e+00 0.000e+00 6.0 9.04
MOEA/D 0.833 0.000e+00 3.554e-02 5.0 15.27
BMOPSO 1.000 0.000e+00 0.000e+00 6.0 8.78

7

NSBGA-II 1.000 0.000e+00 0.000e+00 8.0 5.80
SPEA2 1.000 0.000e+00 0.000e+00 8.0 10.99
MOEA/D 0.625 1.286e-02 7.585e-02 6.0 17.76
BMOPSO 1.000 0.000e+00 0.000e+00 8.0 10.22

10

NSBGA-II 1.000 0.000e+00 0.000e+00 11.0 7.87
SPEA2 1.000 0.000e+00 0.000e+00 11.0 13.72
MOEA/D 0.409 3.198e-02 1.120e-01 7.0 21.50
BMOPSO 1.000 0.000e+00 0.000e+00 11.0 12.14

4.1 Open-Loop Dynamics (No Treatment)

The simulation is performed using the fourth-order Runge-Kutta (RK4) method [2], a widely
used numerical scheme for approximating solutions to ordinary differential equations with
higher-order accuracy. For a general control-dependent system of the form:

Ẋ(t) = f(X(t), η(t), t), (13)

the RK4method updates the state from tn to tn+1 = tn+∆t according to the following iterative
procedure:

k1 = f(Xn, ηn, tn),

k2 = f(Xn +
∆t

2
k1, ηn, tn +

∆t

2
),

k3 = f(Xn +
∆t

2
k2, ηn, tn +

∆t

2
),

k4 = f(Xn +∆tk3, ηn, tn +∆t),

Xn+1 = Xn +
∆t

6
(k1 + 2k2 + 2k3 + k4),

(14)

where ∆t denotes the time discretization step and Xn represents the state at time tn. In the
present study, this scheme is used to simulate the nonlinear within-host HIV dynamics under
the prescribed treatment controls, ensuring numerical stability and precision over the simulation
horizon.
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To gain a deeper understanding of the natural progression of HIV infection without external
intervention, we perform an open-loop simulation, meaning no treatment is applied throughout
the simulation horizon: ηP (t) = ηR(t) = 0. This setup isolates the disease’s intrinsic dynamics,
allowing us to observe how the immune system responds to viral proliferation in the absence
of therapy.

The initial state of the system is defined as:

X(0) =
(
1000, 0, 10−3, 10−7, 104, 4× 10−7

)
,

which corresponds to a patient with a strong immune baseline, no prior infection, and a small
initial viral and immune activity level.

The resulting trajectories are visualized in Figure 1, which illustrates the temporal evolution
of all six state variables under this untreated scenario.

Figure 1: Open-loop response showing disease progression without treatment intervention.

4.2 Closed-Loop Control Strategies with NSBGA-II

The treatment optimization process is based on a block-wise NSBGA-II strategy, where each
block spans 30 days. This structure emulates a clinical setting in which the patient’s health is
monitored periodically, consistent with routine clinical reassessment intervals. In our imple-
mentation, the measured state at the end of each block is approximated using simulated state
trajectories and then used as the initial condition for the next block. While this differs from
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real-world clinical observation, it preserves the principle of adaptive, receding-horizon control.

We evaluate two control strategies:

4.2.1 Strategy 1: Asynchronous Control

Following the open-loop simulation, we observe that CD4+ T-cell levels decline steadily in the
absence of treatment, crossing the clinical threshold of 350 cells/μL on day 27. This marks the
initiation of antiretroviral therapy in the closed-loop setting. From this point onward, the 1500-
day treatment horizon is partitioned into consecutive 30-day blocks, starting precisely at day 27.
This yields a total of 49 full treatment blocks, covering 1470 days, followed by 3 leftover days
at the end of the horizon. The treatment scheduling is thus aligned with the onset of immune
suppression while ensuring full coverage of the simulation period.

In this control strategy, the administration schedules of the two medications, protease in-
hibitor (PI) and reverse transcriptase inhibitor (RTI), are optimized independently. This results
in a 60-dimensional binary control vector per block, with 30 entries for each drug. Each en-
try represents a daily on/off decision (1 for drug administration, 0 for no administration). The
Non-dominated Sorting Binary Genetic Algorithm II (NSBGA-II) is employed to determine
Pareto-optimal control strategies for each block by simultaneously minimizing the three con-
flicting objectives defined in Equations (5)–(7). The resulting Pareto front provides a set of
non-dominated trade-offs, allowing a clinician to select a specific strategy based on the patient’s
priorities. For instance, a clinician might prioritize aggressive immune preservation (min I1) or,
conversely, a reduced treatment burden (min I3). Accordingly, the framework remains flexible
to different clinical selection criteria.

The optimization framework also explicitly accounts for the 3 leftover days that fall outside
the final full block. These days are treated as a separate decision segment to ensure that the
entire post-treatment-initiation horizon, from day 27 to day 1500, is optimally covered without
any temporal gaps.

The complete optimization procedure for Strategy 1 is presented in Algorithm 1.

Figure 2 displays the Pareto fronts for a representative 30-day block, Block 15 (days 447–
477), under asynchronous control. Each point corresponds to a non-dominated treatment strat-
egy that reflects a unique trade-off among the three competing objectives. The graph on the left
represents the results of selecting the solution that maximizes healthy CD4+ T cells (min I1)
from each previous block, with the current selection highlighted by a blue marker. In contrast,
the graph on the right represents the results of selecting the solution that minimizes treatment
burden (min I3) from each previous block, with the current selection highlighted by a green
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Algorithm 1 Block-Wise Optimization Under Asynchronous Control

Require: Model parameters; X(0) = (1000, 0, 10−3, 10−7, 104, 4 × 10−7); Ttotal =
1500 days; B = 30 days; xthreshold = 350 cells/µL; xsafe = 500 cells/µL;
E = {0, 1}2B .

Ensure: Policy {(η∗P,i, η
∗
R,i)}; state trajectories over [0, Ttotal]; Pareto fronts {Fi}.

1. Pre-treatment simulation. Set ηP (t) = ηR(t) = 0 for all t. Compute tstart ← min{t : x(t) ≤
xthreshold} and set X1(0)← X(tstart).

2. Block decomposition. ComputeNblocks ← ⌊(Ttotal−tstart)/B⌋, L← (Ttotal−tstart) mod B. Initialize
All_Pareto← ∅, Chosen← ∅.

3. For i = 1 to Nblocks:

a. Optimization. Apply NSGA-II over (ηP , ηR) ∈ {0, 1}2B from Xi(0), minimizing augmented
objectives (k = 1, . . . , B):

P (η) = β

B∑
k=1

max(0, xsafe − xi(k)), Ĩj(η) = Ij(η) + P (η), j = 1, 2, 3,

I1 = −
B∑

k=1

xi(k), I2 =

B∑
k=1

vi(k), I3 =

B∑
k=1

(ηP,i(k) + ηR,i(k)).

b. Pareto extraction. Extract Pareto front Fi.
c. Schedule selection. Select (η∗P,i, η

∗
R,i) ∈ Fi by clinical priority.

d. State propagation. Simulate under (η∗P,i, η
∗
R,i); update Xi+1(0)← Xi(B).

e. Record. Append Fi to All_Pareto and (η∗P,i, η
∗
R,i) to Chosen.

4. Residual block (only if L > 0):

a. Set XNblocks+1(0)← XNblocks(B).
b. Apply NSGA-II over (ηP , ηR) ∈ {0, 1}2L from XNblocks+1(0).
c. Extract FNblocks+1 and select optimal schedule (η∗P,Nblocks+1, η

∗
R,Nblocks+1) by clinical priority.

d. Simulate and append results to All_Pareto and Chosen.

5. Return Chosen, full state trajectories, and All_Pareto.



In
Pr
es
s

16 Multi-Objective Binary Control Of HIV Treatmen

marker. These two distinct visualizations highlight how the available trade-offs evolve based
on the prioritized objective.

Figure 3 illustrates the closed-loop trajectories and corresponding treatment schedules under
asynchronous control. We present results based on the Pareto-optimal solution from each block
that minimizes the first objective function (Best I1, blue trajectory) and the third objective
function (Best I3, green trajectory).

Figure 2: Pareto fronts under asynchronous control.

4.2.2 Strategy 2: Synchronous Control

As in Strategy 1, treatment begins on day 27, immediately after CD4+ T-cell levels fall below
the clinical threshold of 350 cells/μL in the open-loop scenario. The 1500-day horizon is thus
divided into 49 full 30-day blocks and 3 leftover days, ensuring a consistent temporal structure
across both control strategies.

In this control strategy, both PI and RTI are administered synchronously, i.e., ηP (t) =

ηR(t) = η(t), resulting in a single 30-dimensional binary decision vector per block. This
simplification reduces the dimensionality of the decision space and may facilitate improved
patient adherence by unifying drug schedules.

The optimization in this setting considers three objectives: maximizing healthy CD4+ T-
cell levels, minimizing viral load, and reducing the cumulative treatment burden, here measured
through the shared binary control η(t). Accordingly, the third objective is defined as

I3(η) =

tf∑
t=t0

η(t) (15)

The complete optimization procedure for Strategy 2 is presented in Algorithm 2.
Figure 4 displays the Pareto fronts for a representative 30-day block, Block 15 (days 447–

477), under synchronous control. Each point corresponds to a non-dominated treatment strategy



In
Pr
es
s

Bennadja, et al. 17

Figure 3: Optimized closed-loop response under asynchronous control.
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that reflects a unique trade-off among the three competing objectives. The graph on the left
represents the results of selecting the solution that maximizes healthy CD4+ T cells (min I1)
from each previous block, with the current selection highlighted by a blue marker. In contrast,
the graph on the right represents the results of selecting the solution that minimizes treatment
burden (min I3) from each previous block, with the current selection highlighted by a green
marker. These two distinct visualizations highlight how the available trade-offs evolve based
on the prioritized objective.

Figure 5 illustrates the closed-loop trajectories and corresponding treatment schedules un-
der synchronous control. We present results based on the Pareto-optimal solution from each
block that minimizes the first objective function (min I1, blue trajectory) and the third objec-
tive function (min I3, green trajectory).

Figure 4: Pareto fronts under synchronous control.

The optimization experiments were conducted on a system with an Intel Core i5-8265U
processor (4 cores, 1.6 GHz) and 8 GB of RAM. The average runtime per block was 22.78s for
asynchronous control and 21.96s for synchronous control.

4.3 Descriptive Analysis of the Selected Optimized Schedules

To interpret the treatment structures generated by the optimization procedure, a descriptive
analysis was performed on the selected binary schedules for both themin I1 andmin I3 solutions.
In this analysis, a pulse denotes a consecutive interval of active treatment, while a rest period
denotes an interval of inactivity. Accordingly, pulse and rest lengths quantify the durations of
therapeutic phases and drug-free windows, respectively.

Under asynchronous control, the two solutions exhibit markedly different temporal organi-
zations. The min I1 schedule is characterized by a nearly continuous treatment backbone, with
the protease inhibitor (PI) active during 98.9% of the window and very long pulses (mean of
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Algorithm 2 Block-Wise Optimization Under Synchronous Control

Require: Model parameters; X(0) = (1000, 0, 10−3, 10−7, 104, 4 × 10−7); Ttotal =
1500 days; B = 30 days; xthreshold = 350 cells/µL; xsafe = 500 cells/µL;
E = {0, 1}B .

Ensure: Policy {η∗i }; state trajectories over [0, Ttotal]; Pareto fronts {Fi}.

1. Pre-treatment simulation. Set η(t) = 0 for all t. Compute tstart ← min{t : x(t) ≤ xthreshold} and
set X1(0)← X(tstart).

2. Block decomposition. ComputeNblocks ← ⌊(Ttotal−tstart)/B⌋, L← (Ttotal−tstart) mod B. Initialize
All_Pareto← ∅, Chosen← ∅.

3. For i = 1 to Nblocks:

a. Optimization. Apply NSGA-II over η ∈ {0, 1}B fromXi(0), minimizing augmented objectives
(k = 1, . . . , B):

P (η) = β

B∑
k=1

max(0, xsafe − xi(k)), Ĩj(η) = Ij(η) + P (η), j = 1, 2, 3,

I1 = −
B∑

k=1

xi(k), I2 =

B∑
k=1

vi(k), I3 =

B∑
k=1

ηi(k).

b. Pareto extraction. Extract Pareto front Fi.
c. Schedule selection. Select η∗i ∈ Fi by clinical priority.
d. State propagation. Simulate under η∗i ; update Xi+1(0)← Xi(B).
e. Record. Append Fi to All_Pareto and η∗i to Chosen.

4. Residual block (only if L > 0):

a. Set XNblocks+1(0)← XNblocks(B).
b. Apply NSGA-II over η ∈ {0, 1}L from XNblocks+1(0).
c. Extract FNblocks+1 and select η∗Nblocks+1 by clinical priority.
d. Simulate and append results to All_Pareto and Chosen.

5. Return Chosen, full state trajectories, and All_Pareto.
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Figure 5: Optimized closed-loop response under synchronous control.

104.14 days). Conversely, the min I3 solution produces a more intermittent structure where the
PI is active only 62.7% of the time, with shorter pulses (mean of 14.44 days) and significantly
longer rest periods (mean of 8.71 days). While the min I1 joint schedule avoids global treatment
interruptions (max rest of 2 days), the min I3 solution allows for extended joint rest periods of
up to 45 days, reflecting a strategy that prioritizes drug reduction.

Under synchronous control, both solutions maintain a structured pulse pattern, though the
intensity differs. The min I1 synchronous schedule is predominantly sustained (93.1% ON
fraction), with short interruptions. In contrast, the min I3 synchronous schedule reduces the
ON fraction to 56.7%, increasing the mean rest period from 1.6 to 13.9 days and allowing a
maximum rest of 46 days. This indicates that as the optimization goal shifts from I1 toward
I3, the resulting schedules transition from a sustained coverage pattern to a structured pulsing
approach that incorporates substantial drug-free intervals.

Overall, the selected schedules display clear temporal structures rather than irregular pat-
terns. The main difference lies in the density of the pulses: min I1 results in a high-density,
nearly continuous treatment, whereas min I3 leverages the system dynamics to allow for signif-
icant rest periods without losing control over the viral dynamics.

All statistics are computed over the 1473 post-initiation days (days 27–1500).
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Table 5: Descriptive statistics of the selected optimized schedules (min I1 vs. min I3). 2

Solution Control Schedule
ON
days

ON
fraction

No. of
switches

No. of
pulses

No. of
rests

Mean
pulse

Max
pulse

Mean
rest

Max
rest

min I1

Asynch. PI 1458 0.989 26 14 13 104.14 239 1.15 2

Asynch. RTI 601 0.408 506 254 253 2.37 76 3.45 19

Asynch. Any treatment active 1459 0.990 24 13 12 112.23 303 1.17 2

Synch. Common schedule 1372 0.931 124 63 62 21.80 120 1.60 5

min I3

Asynch. PI 924 0.627 126 64 63 14.44 76 8.71 45

Asynch. RTI 666 0.452 64 33 32 20.18 76 25.22 74

Asynch. Any treatment active 924 0.627 126 64 63 14.44 76 8.71 45

Synch. Common schedule 835 0.567 92 47 46 17.80 76 13.90 46

5 Sensitivity and Robustness Analysis

In addition to the nominal simulations presented above, we conducted supplementary analyses
to evaluate the robustness of the proposed framework with respect to parameter uncertainty and
its sensitivity to the choice of block length.

5.1 Parametric Sensitivity and Robustness Analysis

To examine the effect of parameter uncertainty, a one-at-a-time parametric sensitivity analy-
sis was performed around the nominal parameter set [18]. The parameters r0, k, and λ were
selected because they differ from one patient to another [13]. The parameters k and λ were
perturbed by ±10%, whereas r0 was perturbed by ±5%. A smaller perturbation range was
adopted for r1 because larger negative variations produced biologically infeasible trajectories.

For all subsequent analyses, the specific solution selected from the Pareto front for evalua-
tion is the one that maximizes the cumulative healthy CD4+ T cell count.

Two complementary levels of analysis were considered. In the first level, the treatment
schedule computed for the nominal parameter set was kept fixed, and only the parameter under
study was perturbed. The system was then re-simulated using this same schedule. This level
evaluates the robustness of the nominally designed therapy, that is, whether the original treat-
ment remains effective when the true parameter values differ moderately from their nominal
estimates.

In the second level, after perturbing one parameter, the multi-objective optimization proce-
dure was performed again for the perturbed model. A new treatment schedule was therefore
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computed for each perturbed case. This level evaluates the sensitivity of the optimal design
itself by showing how the resulting trajectories, cumulative outcomes, and treatment patterns
change when the parameter values are modified.

Both levels of analysis were carried out under asynchronous and synchronous control. The
results are presented through the trajectories of healthy CD4+ T cells, together with the cumu-
lative healthy CD4+ cells, cumulative viral load, and cumulative treatment effort. For clarity
of presentation, the first quantity is reported as the positive cumulative healthy CD4+ count, al-
though in the optimization procedure it is implemented through the minimization of its negative
value.

5.1.1 Level 1: robustness of the nominally designed schedule.

Tables 6 and 7, together with Fig. 6, show the effect of parameter perturbations when the nom-
inal treatment schedule is kept unchanged. Under both control strategies, decreasing r0 by 5%
slightly improves the outcomes, whereas increasing r0 by 5% slightly worsens them. More
precisely, under asynchronous control, the cumulative healthy CD4+ cells increase by 1.27%
and the cumulative viral load decreases by 1.15% for the negative perturbation. This indicates
that the model is only mildly sensitive to moderate changes in r0.

The parameter k has a stronger influence, particularly on the cumulative viral load. Under
asynchronous control, a decrease of 10% in k increases the cumulative healthy CD4+ cells by
2.78% and reduces the cumulative viral load by 9.20%, whereas a 10% increase in k decreases
the CD4+ count by 3.08% and raises the viral load by 11.04%. A similar pattern is observed
under synchronous control, with variations of approximately +2.40% and −11.80% for k −
10%, and −1.93% and +9.69% for k + 10%. These results confirm that viral production is a
significant source of sensitivity.

Among the three perturbed parameters, λ produces the largest changes. Under asyn-
chronous control, a decrease of 10% in λ reduces the cumulative healthy CD4+ cells by 13.65%
and increases the cumulative viral load by 14.30%, while a positive perturbation improves the
CD4+ count by 13.18%. Under synchronous control, the corresponding changes are −11.48%
and +8.30% for λ − 10%, and +11.91% and −8.56% for λ + 10%. Therefore, λ is the most
influential parameter among those considered in this level.

It is also worth noting that the cumulative treatment effort remains unchanged at this
first level of analysis under both control strategies (2059 for asynchronous and 1372 for syn-
chronous). This is expected, since the treatment schedule is fixed. Overall, the same qualitative
trends are observed under both control strategies, though synchronous control appears slightly
more robust to perturbations in λ.
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Figure 6: Level 1 sensitivity analysis: full-horizon trajectories of healthy CD4+ T cells under parameter pertur-
bations for asynchronous and synchronous control.

Table 6: Level 1 sensitivity analysis under asynchronous control.

Perturbation Cumulative healthy CD4+ cells Cumulative viral load Cumulative treatment effort

Nominal 1041385.8040 5211596.1507 2059.0000

r0 − 5%
1054648.6397

(+1.27%)

5151877.4853
(-1.15%)

2059.0000
(+0.00%)

r0 + 5%
1028095.8635

(-1.28%)

5273382.7117
(+1.19%)

2059.0000
(+0.00%)

k − 10%
1070353.7038

(+2.78%)

4731947.3171
(-9.20%)

2059.0000
(+0.00%)

k + 10%
1009355.8939

(-3.08%)

5786720.2218
(+11.04%)

2059.0000
(+0.00%)

λ− 10%
899244.2409

(-13.65%)

5956710.5004
(+14.30%)

2059.0000
(+0.00%)

λ+ 10%
1178631.4079

(+13.18%)

4736738.7474
(-9.11%)

2059.0000
(+0.00%)
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Table 7: Level 1 sensitivity analysis under synchronous control.

Perturbation Cumulative healthy CD4+ cells Cumulative viral load Cumulative treatment effort

Nominal 1136262.5643 5310730.4863 1372.0000

r0 − 5%
1153198.8809

(+1.49%)

5199428.3025
(-2.10%)

1372.0000
(+0.00%)

r0 + 5%
1119507.6226

(-1.47%)

5416923.1698
(+2.00%)

1372.0000
(+0.00%)

k − 10%
1163563.4268

(+2.40%)

4683949.1315
(-11.80%)

1372.0000
(+0.00%)

k + 10%
1114327.1659

(-1.93%)

5825392.6307
(+9.69%)

1372.0000
(+0.00%)

λ− 10%
1005805.1864

(-11.48%)

5751512.0606
(+8.30%)

1372.0000
(+0.00%)

λ+ 10%
1271628.9677

(+11.91%)

4856346.3957
(-8.56%)

1372.0000
(+0.00%)

5.1.2 Level 2: sensitivity with re-optimization.

Tables 8 and 9, together with Fig. 7, report the results obtainedwhen the optimization is repeated
for each perturbed parameter set. In this case, the treatment schedule adapts, and the cumulative
effort varies.

For r0, the re-optimized solutions show improvements in CD4+ counts of 1.58%and 1.97%
for r0 − 5% under asynchronous and synchronous control, respectively. Interestingly, the opti-
mization compensates for these changes by slightly increasing treatment effort (up to+0.73%).

For k, the effect of re-optimization ismore pronounced than in Level 1. Under asynchronous
control, k−10% allows for a 3.70% increase in CD4+ cells and a significant 16.53% reduction
in viral load, even with 1.31% less treatment effort. Conversely, k + 10% results in a 19.24%
increase in viral load despite the optimized adaptation. This highlights k as a critical driver of
the viral burden.

The parameter λ remains the dominant sensitivity factor. Under asynchronous control, λ−
10% leads to an 11.70% reduction in cumulative healthy CD4+ cells and a 14.11% increase in
viral load, requiring a significant 4.95% increase in treatment effort to maintain stability. Under
synchronous control, λ+10% improves outcomes by 12.08% in CD4+ count and reduces viral
load by 10.67%.

Unlike Level 1, the adaptation of the treatment schedule shows that for parameters that
“worsen” the disease state (like decreasing λ or increasing r0), the optimizer generally increases
the treatment effort tomitigate the damage. For parameters that “improve” the disease state (like
increasing λ), the optimizer often finds more efficient schedules with slightly lower drug usage.
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Figure 7: Level 2 sensitivity analysis: full-horizon trajectories of healthy CD4+ T cells under parameter pertur-
bations with re-optimization for asynchronous and synchronous control.

Table 8: Level 2 sensitivity analysis under asynchronous control.

Perturbation Cumulative healthy CD4+ cells Cumulative viral load Cumulative treatment effort

Nominal 1041385.8040 5211596.1507 2059.0000

r0 − 5%
1057811.6070

(+1.58%)

5176089.0624
(-0.68%)

2063.0000
(+0.19%)

r0 + 5%
1029614.6395

(-1.13%)

5263327.1711
(+0.99%)

2074.0000
(+0.73%)

k − 10%
1079869.0308

(+3.70%)

4350233.8205
(-16.53%)

2032.0000
(-1.31%)

k + 10%
1000130.6810

(-3.96%)

6214433.9974
(+19.24%)

2026.0000
(-1.60%)

λ− 10%
919507.2520

(-11.70%)

5946997.9717
(+14.11%)

2161.0000
(+4.95%)

λ+ 10%
1178298.3171

(+13.15%)

4689409.3826
(-10.02%)

2004.0000
(-2.67%)
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Table 9: Level 2 sensitivity analysis under synchronous control.

Perturbation Cumulative healthy CD4+ cells Cumulative viral load Cumulative treatment effort

Nominal 1136262.5643 5310730.4863 1372.0000

r0 − 5%
1158629.8836

(+1.97%)

5126116.7283
(-3.48%)

1382.0000
(+0.73%)

r0 + 5%
1123020.8040

(-1.17%)

5314702.5687
(+0.07%)

1377.0000
(+0.36%)

k − 10%
1171808.0806

(+3.13%)

4350223.3130
(-18.09%)

1386.0000
(+1.02%)

k + 10%
1110208.2508

(-2.29%)

6222343.5786
(+17.17%)

1372.0000
(+0.00%)

λ− 10%
1014441.2054

(-10.72%)

5819595.9589
(+9.58%)

1388.0000
(+1.17%)

λ+ 10%
1273499.5607

(+12.08%)

4744076.6721
(-10.67%)

1371.0000
(-0.07%)

Comparative Discussion. The two levels of analysis provide complementary information.
Level 1 demonstrates that the nominally designed therapy is robust, maintaining qualitative
effectiveness even without adaptation. Level 2 evaluates how the optimal treatment strategy
adapts to patient-specific variations. In both levels, the results are consistent: decreasing r0

or k improves outcomes, while increasing them worsens results. The parameter λ is consis-
tently the most influential factor. Furthermore, synchronous control demonstrates a slightly
better robustness profile, particularly regarding the sensitivity of the viral load to variations in
λ. Overall, these results indicate that the proposed control framework is reliable under moderate
parametric uncertainty.

5.2 Block-Size Sensitivity Analysis

To examine the influence of the block length on the obtained treatment strategies, an additional
sensitivity analysis was carried out by repeating the block-wise optimization with block sizes of
15, 30, and 60 days. For comparison, we also considered the case where the whole remaining
treatment horizon was optimized at once. The same selection rule as in the main study was
retained, namely choosing from each Pareto set the solution that maximises the cumulative
amount of healthy CD4+ T cells.

The resulting CD4+ T-cell trajectories for asynchronous and synchronous control are dis-
played in Figure 8. In all tested cases, the optimized treatment strategies led to a substantial
improvement over the no-treatment scenario. However, clear differences appear when the block
length is varied.
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Under asynchronous control, shorter blocks produced better preservation of healthy CD4+

T cells over the treatment horizon. In particular, the 15-day block size gave the best result,
with a cumulative healthy-cell value of 1,120,494.319, followed by the 30-day block size with
1,041,385.804, whereas the 60-day block size yielded a lower value of 962,891.686. The same
tendency can be observed in Figure 8, where the 15-day strategy maintains the highest CD4+ T-
cell trajectory for most of the treatment interval. This improvement is accompanied by a larger
treatment effort, since the cumulative treatment amount increased from 1735 for 60-day blocks
to 2059 for 30-day blocks and 2516 for 15-day blocks. Thus, under asynchronous control, de-
creasing the block length improves health outcomes, but at the price of more frequent treatment
activation.

Under synchronous control, a similar trend was observed where decreasing the block size
led to progressively better health outcomes. The 15-day block size provided the best overall
performance, with the highest cumulative healthy-cell value, equal to 1,181,151.700, and the
lowest cumulative viral load, equal to 4,547,773.644. The 30-day block size followed with
1,136,262.564 cumulative healthy cells and 5,310,730.486 cumulative viral load, whereas the
60-day block size showed a more visible deterioration, with 1,101,169.224 cumulative healthy
cells and 5,843,341.825 cumulative viral load. Figure 8 confirms that the trajectories for 15-
day and 30-day strategies remain superior to the 60-day strategy, which preserves fewer CD4+

T cells over time.

The global-horizon optimization produced significantly weaker results under both con-
trol strategies. In the asynchronous case, it led to the lowest cumulative healthy-cell value,
824,369.092, together with a much higher cumulative viral load of 11,185,704.536. Similarly,
in the synchronous case, it produced 867,693.499 cumulative healthy cells and 10,204,355.022
cumulative viral load, which are both substantially less favorable than the corresponding block-
wise results. This behavior can also be observed in Figure 8, where the global strategy remains
well below the block-wise trajectories under both control strategies.

Overall, these results show that the conclusions of the study remain qualitatively stable
when the block size is varied. Under both asynchronous and synchronous control, shorter blocks
are more beneficial in terms of preserving healthy cells and reducing viral burden, although they
require a larger treatment amount. While the 15-day block size provides the best biological
results, the choice of 30-day blocks remains well-justified as it yields strong performance while
remaining consistent with the monthly clinical reassessment motivation adopted in this work.
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Figure 8: Block-size sensitivity analysis: full-horizon trajectories of healthy CD4+ T cells for asynchronous and
synchronous control.

Table 10: Block-size sensitivity analysis under asynchronous control.

Block length (days) Cum. healthy cells Cum. virus load Treatment Final x Final v

15-day blocks 1120494.319 4790092.772 2516 761.948 2425.885
30-day blocks 1041385.804 5211596.151 2059 659.007 2700.993
60-day blocks 962891.686 5922411.354 1735 588.216 3299.435
Global horizon 824369.092 11185704.536 1765 514.482 7074.965

Table 11: Block-size sensitivity analysis under synchronous control.

Block length (days) Cum. healthy cells Cum. virus load Treatment Final x Final v

15-day blocks 1181151.700 4547773.644 1468 854.151 2112.406
30-day blocks 1136262.564 5310730.486 1372 804.496 2792.933
60-day blocks 1101169.224 5843341.825 1302 763.890 3283.389
Global horizon 867693.499 10204355.022 944 502.866 8616.650
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6 Conclusion

Compared with existing multi-objective HIV ART control studies, the present work explicitly
enforces binary daily dosing and investigates synchronous and asynchronous PI/RTI scheduling
over successive 30-day optimization blocks. The proposed approach was developed on the ba-
sis of a six-state HIV dynamical model and solved using NSBGA-II to identify Pareto-optimal
treatment schedules that balance immune preservation, viral suppression, and treatment burden.
The results demonstrate the ability of the proposed framework to generate clinically meaning-
ful treatment schedules under both asynchronous and synchronous control, while accounting
for the trade-offs among the considered objectives. These findings highlight the potential of
the proposed framework as a computational decision-support tool for exploring HIV treatment
scheduling strategies tailored to patient-specific conditions.

Limitations. The proposed framework is developed under deterministic HIV dynamics and
does not explicitly incorporate stochastic variability or measurement noise inherent in clinical
settings. Although a sensitivity analysis was performed, additional sources of uncertainty may
affect real-world applicability.

Future Work. Future work will build on the present HIV-specific framework by extending
the current sensitivity and robustness analysis toward stochastic uncertaintymodeling to support
more robust and personalized HIV therapy strategies. Extension to other chronic diseases may
also be possible, subject to disease-specific reformulation.
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