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Abstract

Training physics-informed neural networks (PINNs) can be
viewed as a multi-task optimization problem, where data-
driven and physics-driven loss functions must be simultane-
ously minimized, despite the potential competition between
them. Manually tuning the weight coefficients for various loss
terms in PINNs is often time-consuming and lacks a system-
atic approach. To address this challenge, this work proposes
an adaptive loss balancing framework for PINNs, using multi-
objective optimization (MOO) algorithms to dynamically bal-
ance competing loss terms during training. Specifically, the
Non-dominated Sorting Genetic Algorithm II (NSGA-II) is
integrated into the PINN training process to explore the
Pareto front of the multiple objectives. A novel variance-
aware relative improvement (VARI) weighting method is pro-
posed to translate Pareto-optimal information into adaptive
loss weights. The proposed MOO-VARI method is validated
through several examples, where the results show that the
MOO-VARI PINN consistently outperforms standard PINN
and other state-of-the-art adaptive weighting strategies in
terms of convergence speed, predictive accuracy, and param-
eter estimation performance.

Introduction
Physics-informed neural networks (PINNs) have emerged as
a rapidly advancing paradigm within the intersection of ma-
chine learning and engineering systems (Karniadakis et al.
2021). By incorporating physical laws into the loss function
of neural networks, PINNs can guide model training toward
physically consistent solutions rather than relying purely on
data-driven approaches. In contrast to traditional machine
learning methods, which might require a large amount of
labeled data or risk violating physical constraints, PINNs
can better handle scenarios involving limited data, complex
boundary conditions, or noisy measurements.

PINNs typically incorporate multiple loss terms to con-
strain the solution space, including residual loss from par-
tial differential equation (PDE), initial condition loss, and
boundary condition loss (Raissi, Perdikaris, and Karniadakis
2019; Hao et al. 2024). The different loss terms collectively
guide the network to approximate the true solution while sat-
isfying physical constraints (Müller and Zeinhofer 2023). To
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balance the individual contributions of each term to the over-
all gradient, one usually introduces scaling factors. Previous
studies have indicated that the training efficiency of PINNs
is highly dependent on the weights associated with the dif-
ferent loss terms (Wang, Teng, and Perdikaris 2021; Hwang
and Lim 2024; Rathore et al. 2024). Manual adjustment of
these weights through grid or random search can be time
consuming, especially when the number of loss terms in-
creases (Krishnapriyan et al. 2021). Although several stud-
ies have explored methods to adjust the relative importance
of different loss terms (Elhamod et al. 2022; Van Der Meer,
Oosterlee, and Borovykh 2022), these approaches often re-
main non-adaptive across different training stages and can
therefore miss the ideal balance as the network develops.

Recent studies have focused on adaptive methods for
weight selection (Wang, Yu, and Perdikaris 2022; Liu et al.
2024; McClenny and Braga-Neto 2023; Xiang et al. 2022).
However, these existing adaptive strategies remain funda-
mentally scalarisation-based, limiting their ability to explic-
itly consider trade-offs among conflicting objectives at dif-
ferent training stages. The difficulty is further exacerbated
under parameter uncertainty, such as in engineering appli-
cations, where the first-principles model parameters might
be partially unknown. In these cases, the weights chosen
by these adaptive methods can overfit incomplete physical
constraints, leading to suboptimal solutions that do not sat-
isfy observed data or accurate governing equations. This
highlights the necessity for a more flexible and adaptive
framework that adjusts loss weights while respecting inter-
objective trade-offs and parametric uncertainties.

From an optimization perspective, the training of a PINN
can be formulated as a multi-objective optimization (MOO)
problem, where each loss term represents a unique objective
to be minimized. Therefore, MOO methods may provide a
more comprehensive exploration of the solution space and
provide valuable Pareto frontier information, which high-
lights the trade-offs between competing objectives (Wang
et al. 2020). Despite this potential, adaptively adjusting the
weights of each loss term through multi-objective optimiza-
tion techniques has not been investigated at this stage. This
gap presents a significant opportunity to improve the ef-
ficiency of PINN training and the predictive performance
through a systematic method of loss balancing.

Motivated by the above considerations, in this work,
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we develop an adaptive weighting framework for physics-
informed machine learning based on MOO to tune the loss
term weights. Specifically, we treat different loss terms as
separate objectives in a multi-objective setting. The non-
dominated sorting genetic algorithm II (NSGA-II) is em-
ployed to jointly optimize these objectives, discovering a
Pareto frontier of solutions that reflect different trade-offs
among the multiple loss terms. Based on Pareto-optimal
solutions, we explore the competition and synergy be-
tween different objectives and propose a variance-aware rel-
ative improvement (VARI) method that dynamically assigns
weights to each loss term during training. Through several
case studies including both PDEs and ordinary differen-
tial equations (ODEs), we demonstrate the effectiveness of
the proposed framework in improving the performance of
PINNs.

Related Work
Physics-Informed Neural Networks. PINN has attracted
significant interest in a variety of fields, such as fluid dynam-
ics (Cai et al. 2021a), material science (Wang et al. 2024),
and engineering domains (Zobeiry and Humfeld 2021; Cai
et al. 2021b). Despite the demonstrated success of PINNs, it
still faces challenges when solving highly nonlinear PDEs,
which may show slower convergence rates and get stuck at
the local optimal solution (Krishnapriyan et al. 2021). To
accelerate the learning of PINNs, extensive research has fo-
cused on sampling schemes (Matsubara and Yaguchi 2025;
Yang, Qiu, and Fu 2023) and allocation of loss weights (Liu
et al. 2024). For example, Relative Loss Balancing with
Random Lookback (ReLoBRaLo) is developed to periodi-
cally adjust loss weights based on historical trends and rela-
tive magnitudes of losses (Bischof and Kraus 2025).

Weighting method for MOO. MOO is a powerful tool
for handling conflicting objectives in engineering design and
decision-making problems (Gunantara 2018; Sharma and
Kumar 2022). A variety of algorithmic families (Mirjalili,
Jangir, and Saremi 2017; Ye et al. 2022) are used to ap-
proximate Pareto fronts in non-convex landscapes and have
seen extensive use in engineering design. Typically, solu-
tions on the Pareto front represent trade-offs among com-
peting objectives, without explicit prioritization. Therefore,
decision-makers must introduce objective weighting meth-
ods to select a final solution that best aligns with practi-
cal or domain-specific preferences (Wang et al. 2020; Ye
et al. 2025). Among existing approaches, criteria importance
through intercriteria correlation (CRITIC) method (Diak-
oulaki, Mavrotas, and Papayannakis 1995), statistical vari-
ance methods (Yusop et al. 2015), and entropy method (Li,
Liu, and Li 2014) are frequently used to determine relative
importance for individual objectives.

Preliminaries
Physics-Informed Neural Networks
Consider a nonlinear PDE of the general form:

ut +Nx[u; k] = 0, x ∈ Ω, t ∈ [0, T ],
u(x, 0) = I(x), x ∈ Ω,
u(x, t) = B(x, t), x ∈ ∂Ω, t ∈ [0, T ],

(1)

where x ∈ Ω and t ∈ [0, T ] are the spatial and time coor-
dinates, respectively.Nx is a nonlinear differential operator.
u(x, t) is the continuous latent function to be found under
the specific initial condition I(x) and the boundary condi-
tion B(x, t). k is a set of unknown parameters in the nonlin-
ear differential operator Nx.

In PINNs, the latent solution u(x, t) is approximated by a
neural network û(x, t; θ, k) with trainable parameters θ and
k. Specifically, the forms of the loss terms are defined as
follows:
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∥∥û (
xj
data, t

j
data; θ,k

)
−uj

data

∥∥2

2
,

(2)
where Lr is the residual loss term, which measures how
accurately the PINN output û(x, t; θ, k) satisfies the gov-
erning equation at a set of interior collocation points
{(xj

r, t
j
r)}

Nr
j=1. Minimizing this residual ensures that the

neural network remains closely aligned with the under-
lying physics captured by the governing equations. The
boundary condition loss LBC uses the boundary data
{(xj

b, t
j
b), B(xj

b, t
j
b)}

Nb
j=1 to measure the discrepancy be-

tween the PINN output û(x, t; θ, k) and the prescribed
boundary condition B(x, t), which ensures that the network
predictions consistently match boundary constraints. Simi-
larly, the initial condition loss LIC renders the predictions to
initial data {xj

i , I(x
j
i )}

Ni
j=1. Additionally, the data loss term

Ldata can be included to evaluate the discrepancy between
neural network predictions and measured values at sample
data {xj

data, t
j
data, u

j
data}

Ndata
j=1 if additional measurements

are available from experiments, sensor readings, or other so-
lutions. The overall loss function for training the PINN often
takes the form:

L(θ, k) =λrLr(θ, k) + λbLBC(θ, k)

+ λiLIC(θ, k) + λdLdata(θ, k) (3)

where λr, λb, λi, and λd are loss weights that control the
relative importance of each loss term during the optimiza-
tion process. It should be noted that PINNs have not only
demonstrated success in solving PDEs, but have also been
widely applied to ODEs, which cover a broad range of prob-
lems in industrial domains. These applications include, but
are not limited to, solving chemical kinetics (Ji et al. 2021),
studying the dynamics of the system (Sun et al. 2025), and
modeling the power system (Misyris, Venzke, and Chatzi-
vasileiadis 2020).

Methodology
Given that the objectives in Eq. 3 are trained simultaneously,
the training process can be viewed as a multi-objective op-
timization problem, where the goal is to find a set of solu-
tions that optimize multiple (conflicting) objectives simul-
taneously. Therefore, in this section, we develop an adap-
tive loss balancing framework from the perspective of multi-
objective optimization to determine the loss weights during
the training process, which is illustrated in Fig. 1.
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Figure 1: Schematic of multi-objective-VARI framework for
PINN training.

Pareto Front Search for PINN Training
We first propose a multi-objective optimization framework
for PINNs by employing the NSGA-II algorithm to search
for the Pareto front considering the loss terms in Eq. 2. The
NSGA-II algorithm provides a systematic and efficient strat-
egy to address MOO problems with its population-based
evolutionary framework and the ability to explore trade-offs
systematically (Deb et al. 2002). By integrating NSGA-II
into the PINN training process, our goal is to explore the
parameter space of PINN and identify a Pareto front that op-
timally balances the different loss terms (i.e.,Lr,LBC ,LIC ,
and Ldata), which will be used to determine the loss weights
in the next section.

The integration of NSGA-II into the PINN training pro-
cedure is outlined in Algorithm 1. Specifically, the algo-
rithm begins by initializing a population of candidate so-
lutions P0, where each individual represents a unique set
of parameters θ and unknown parameters k in the PINN
model. The initial populations are randomly sampled from
the feasible space in the original NSGA-II algorithm. In
this work, we fix half of the initial population with the
current θ and k in the PINN model, while the remaining
half of the population are randomly generated within fea-
sible bounds (θmax, θmin, kmax, kmin). This population ini-
tialization method ensures that the algorithm explores a di-
verse range of solutions while still leveraging the informa-
tion from the previous training results of the PINN.

Next, at each generation g, the algorithm evaluates the
fitness of each individual in the population. At this stage,
it should be noted that the neural network parameters θi

and unknown parameters ki of the ith individual should be
first extracted from the population, and then assigned to the
PINN model. Then the fitness of each individual is evalu-
ated by calculating the four loss terms in Eq. 2 separately
using the PINN model. These losses form the objective vec-
tor F i for each individual, explicitly quantifying how well
each candidate set of parameters satisfies the PDE, bound-
ary and initial conditions, and observational data. Follow-
ing evaluation, the population Pg undergoes non-dominated
sorting, where individuals are ranked into Pareto fronts
based on their performances across all loss terms. Next,
parents for generating offspring are selected based on both
their Pareto rank and crowding distances, using a crowded-
comparison operator. The selected parents are then subjected

to crossover and mutation operations to produce offspring
Qg , which are combined with the current population Pg to
form a new population Pg+1. Finally, the algorithm termi-
nates after a Ng generations, and the final population PNg

contains a set of non-dominated solutions that approximate
the Pareto front of the multi-objective optimization problem.

The proposed MOO-PINN framework uses MOO tech-
niques to treat every competing loss term in the PINN loss
function as a unique objective to be explored, which of-
fers insight that scalarisation-based PINNs cannot provide.
Specifically, the Pareto front returned by NSGA-II provides
engineers with explicit trade-off visualizations, which quan-
tify the marginal cost of tightening the residual error versus
gaining a better data fit. This visual diagnostic allows en-
gineers to flexibly select and design weight selection meth-
ods that are more in line with practical problems. Addition-
ally, because the Pareto set is regenerated periodically dur-
ing training, subsequent decisions about weight updates are
therefore informed by the current frontier of attainable com-
promises, rather than relying on preset annealing curves or
manual rules. Furthermore, the new directions supplied by
the Pareto front can guide the Adam optimizer to escape lo-
cal minima, which is particularly beneficial for inverse prob-
lems, where the parameter space is highly non-convex.

Algorithm 1: NSGA-II-Based Pareto Front Search
for PINN

Input: population size Np, number of generations Ng ,
current neural network parameters θ, unknwon
parameters k, upper and lower bounds of the
network parameters space θmax and θmin, un-
known parameters range kmax and kmin

1 for g = 0 to Ng do
2 for i = 1 to Np do
3 Extract the parameters θi and ki from the pop-

ulation for the ith individual
4 Assign θi and ki to the PINN model
5 Evaluate the multiple objectives using the

PINN model:
6 F i=[Lr(θ

i,ki),LBC(θi,ki),LIC(θi,ki),Ldata(θ
i,ki)]

7 end
8 Perform non-dominated sorting on Pg and assign

Pareto ranks
9 Compute crowding distances within each Pareto

front of Pg

10 Select parents using crowded-comparison opera-
tor based on Pareto rank and crowding distance

11 Generate offspring population Qg using crossover
and mutation operators

12 Combine parent and offspring populations to form
a new populations: Pg+1 = Pg ∪Qg

13 end
Output: Pareto front of objective matrix F from the

final population PNg
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Variance-Aware Relative Improvement (VARI)
Weighting Method
After obtaining the Pareto-optimal front through Algo-
rithm 1, the next step is determining an optimal weight-
ing strategy for the loss terms in the PINN training pro-
cess. Drawing inspiration from existing weighting methods,
we propose a novel weighting method called variance-aware
relative improvement (VARI), designed explicitly for PINN
training. The VARI method leverages insights gained from
the variance of Pareto-optimal solutions, while also consid-
ering the relative improvement of each loss term over the
training process. Specifically, the VARI method operates in
two main stages: quantifying the relative improvement of
objectives and computing their standard deviation across the
Pareto front. The detailed steps of the VARI method are il-
lustrated in Algorithm 2 and can be described as follows.

First, VARI quantifies the relative improvement of each
loss term compared to its historical training performance.
To achieve this, we define the historical baseline for each
loss term Lpre

j as the minimum loss value observed over a
specified historical window:

Lpre
j = min

t∈T
Lhist

t,j , where T = {t | t = Tend − α, . . . , Tend }
(4)

where Lhist
t,j denotes the historical loss value of the jth ob-

jective recorded at training iteration t, Tend denotes the cur-
rent training iteration, and α defines the length of the his-
torical time window. It should be noted that due to the com-
plex training dynamics of PINN, individual loss terms often
exhibit significant fluctuations rather than monotonically or
smoothly decreasing over time. Directly using the loss value
from the previous training epoch as Lpre

j can thus lead to
misleading assessments of relative improvement. Therefore,
we use the minimum loss value observed across the last α
training epochs to provide a stable benchmark for measur-
ing subsequent relative improvements. Next, we calculate
the mean performance of each objective across all current
Pareto-optimal solutions:

F j =
1

Np

Np∑
i=1

Fij i ∈ {1, 2, . . . , Np}, j ∈ {1, 2, . . . ,M} (5)

where Fij represents the jth objective value of the ith so-
lution on the Pareto front. Np represents the total number
of Pareto solutions, and M is the number of objectives. The
relative improvement ratio rj for each objective is then de-
fined as the ratio between the mean objective value across
Pareto-optimal solutions and the historical baseline (i.e.,
rj =

Fj

Lpre
j

). A lower relative improvement ratio rj indicates
significant improvement in the solutions obtained through
the MOO process compared to previous training steps. This
suggests that the corresponding objective has considerable
room for further optimization in subsequent training and
should thus be prioritized to help the PINN escape local op-
tima. Conversely, a higher rj implies slower improvement,
indicating the corresponding objective may have reached a
performance plateau within the current solution space and
thus might not require immediate emphasis.

In the second stage, the VARI method evaluates the vari-
ability of Pareto solutions for each objective. This stage be-

gins with normalizing the Pareto-optimal objectives to en-
sure fair comparison across different scales. Each objective
Fij is normalized by applying the max-min normalization :

Fnorm
ij =

Fij −mini∈Np
Fij

maxi∈Np Fij −mini∈Np Fij
(6)

The standard deviation σj of each normalized objective
across the Pareto front is then calculated as:

σj =

√∑Np

i=1

(
Fnorm
ij − F

norm
j

)2
Np

j ∈ {1, 2, . . . ,M} (7)

where F
norm

j = 1
Np

∑Np

i=1 F
norm

ij is the arithmetic mean of
values of jth normalized objective. Finally, the composite
score sj for each objective is defined by integrating the rel-
ative improvement ratio and standard deviation, which are
then used to calculate the weight for each loss term:

sj =
σj

rj
, λj =

M · exp(sj/Tj)∑M
j=1 exp(sj/Tj)

(8)

where the score sj intuitively balances the sensitivity of
each objective and the recent trajectory of improvement,
thus enabling adaptive prioritization of objectives based on
evolving training dynamics and uncertainties. To convert
these composite scores into explicit weights, we employ a
temperature-controlled softmax normalization. The temper-
ature parameter T controls the sensitivity of the softmax
function. A smaller temperature value intensifies the dif-
ferences among objectives, enabling sharper prioritization
of those requiring immediate attention, such as data-driven
losses in early training phases. Conversely, a higher temper-
ature results in smoother weight adjustments, suitable for
later training stages when objectives approach convergence.
Considering that static weighting approach may incorrectly
emphasize physics-driven terms too early under parameter
uncertainty, slowing down convergence and reducing predic-
tive accuracy, Tj is adaptively adjusted based on the current
magnitude of the Ldata. Specifically, when the data-driven
loss term Ldata exceeds a predefined threshold ϵ, indicating
insufficient parameter approximation, a smaller temperature
(e.g., Tdata = 0.5) is allocated for this objective. On the
other hand, when Ldata reduces below the threshold, a uni-
form higher temperature (i.e., T = 1) is applied across all
objectives to ensure stable weight evolution.

The overall multi-objective PINN training framework is
finally constructed in Algorithm 3. Specifically, after each
cycle of MOO, the calculated weights λ from the VARI
method are integrated back into the PINN training loop for
standard gradient-based optimizers (e.g., Adam) to itera-
tively minimize the total weighted loss L(θ, k). Rather than
invoking NSGA-II and VARI at every epoch, the framework
activates these steps only once every fMOO epochs. This is
because running only a single epoch of Adam between suc-
cessive MOO and VARI steps may not allow the optimizer to
sufficiently explore the parameter space under the latest set
of weights. Additionally, updating weights frequently may
disturb the momentum terms in Adam, jeopardizing the sta-
bility of its parameter updates. Finally, running MOO at each
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Algorithm 2: Variance-Aware Relative Improvement
(VARI) Weighting Method

Input: Pareto-optimal objective matrix F ∈ RNP×M ,
historical loss values Lhist

t,j , historical time win-
dow α, threshold of data-driven loss term ϵ =
0.001, and temperature vector Tj = 1

1 Extract the historical baseline: Lpre
j ← Lhist, α

2 Compute the mean objective values: F j ← Fij

3 Calculate the relative improvement ratio: rj ← Fj ,Lpre
j

4 Normalize the objective matrix: Fnorm
ij ← Fij

5 Calculate standard deviation for normalized objectives:
σj ← Fnorm

ij , F
norm

j

6 Compute the composite score: si ← σi, ri
7 if Ldata > ϵ then Tdata = 0.5;
8 Computer the adaptive weights: λj ← sj , Tj

Output: Adaptive weights vector λ ∈ RM

epoch would impose an extra computational cost. There-
fore, an intermittent activation schedule can achieve a bal-
ance between exploration, numerical stability, and compu-
tational efficiency. By applying MOO to capture the latest
trade-offs between different loss terms, the proposed frame-
work can handle complex loss landscapes that arise when
additional regularization terms increase. Moreover, instead
of using gradient statistics to update the loss weights, the
proposed framework uses changes in the loss values and the
dispersion of Pareto-optimal solutions to guide the optimizer
continually adjusts its search direction.

Remark 1. It should be noted that the proposed MOO-
VARI framework is not limited to a particular MOO algo-
rithm or inner optimizer. Our goal is to cast PINN training
in a multi-objective perspective and systematically allocate
weights across competing loss terms. In addition to NSGA-
II, one may use other evolutionary algorithms, gradient-
based MOO, or surrogate MOO when objective evaluation
is expensive. We also compare alternative MOO solvers
(e.g., NSGA-III (Jain and Deb 2013), and Reference vec-
tor Guided Evolutionary Algorithm (RVEA) (Cheng et al.
2016)) in the experiments to show this interchangeability.
Similarly, the update of neural network parameters does not
depend on Adam. Other optimizers such as SGD, AdamW,
or L-BFGS can be used without changing the framework.

Remark 2. The key contribution of this work lies in re-
framing the design of PINN loss functions through the lens
of MOO, rather than developing novel optimization algo-
rithms. In contrast to existing methods that dynamically ad-
just weights based on gradient or heuristics, our approach
treats each loss term as an objective and optimizes them
jointly to be equally good. This is a fundamental advantage
of MOO: it inherently seeks balanced trade-offs across all
objectives, avoiding overfitting to dominant terms and re-
ducing dependence on expert knowledge or manual tuning.

Algorithm 3: Multi-objective-VARI PINN training
framework

Input: Initial weights λ ∈ RM , number of training
epochs Nepochs, hyperparameters of Algorithm
1 and Algorithm 2, and activation frequency of
MOO fMOO

1 for t = 0 to Nepochs do
2 Integrate λ into the PINN overall loss function:

L(θ, k)←
∑M

j=1 λj Lj(θ, k)

3 Update the parameters of PINN by minimizing
L(θ, k) via a Adam optimizer: θ, k ← Adam

4 Store the current loss value in the historical loss list:
Lhist ← Lj

5 if t mod fMOO = 0 then
6 Perform MOO to find the Pareto-optimal front:

F ← Algorithm 1(θ, k)
7 Compute the adaptive loss weights by VARI

method: λ← Algorithm 2(F,Lhist)
8 end
9 end

Output: Trained PINN parameters (θ, k)

Experiments and Results
In this section, we illustrate the effectiveness of the pro-
posed MOO-VARI framework by applying it to both PDE
and ODE systems: Burgers equation, Lorenz system, and
chemical process. We also compare our method with three
other strategies: a novel loss balancing method called Rel-
ative Loss Balancing with Random Lookback (RelobraLo)
(Bischof and Kraus 2025), a MOO-PINN framework that
obtains the Pareto-optimal front and assigns weights with
the CRITIC weighting method (denoted as MOO-CRITIC
PINN) (Diakoulaki, Mavrotas, and Papayannakis 1995), and
a baseline PINN with fixed weights. The detailed experi-
mental settings of the case studies are provided in Appendix.

Burgers Equation. We consider the Burgers equation
with Dirichlet boundary conditions as follows:

∂u
∂t + u∂u

∂x = ν ∂2u
∂x2 , x ∈ [−1, 1], t ∈ [0, 1],

u(x, 0) = − sin(πx), u(−1, t) = u(1, t) = 0
(9)

where the viscosity ν is an unknown parameter to be esti-
mated during the training process of PINNs.

Fig. 2 presents the comparison between the predicted so-
lutions by MOO-VARI PINN model and the reference so-
lution, which demonstrates that MOO-VARI PINN can ef-
fectively solve Burgers equation. As shown in Fig. 3a, it
is apparent that all models exhibit a rapid decrease in test
loss during the initial training epochs. However, after the
activation of their respective weighting methods at 1000
epochs, MOO-VARI PINN demonstrates superior conver-
gence speed and achieves the lowest test loss by the end of
training, indicating better predictive accuracy compared to
the baseline, RelobraLo, and MOO-CRITIC methods. Ad-
ditionally, Fig. 3b illustrates the approximation trajectory of
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the viscosity parameter ν. The MOO-VARI PINN consis-
tently achieves the most accurate estimation of the true pa-
rameters, demonstrating its capability to adaptively balance
competing objectives and efficiently capture the true under-
lying physics of the system. These results indicate the effec-
tiveness of our proposed framework in solving PDE systems.
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0 0.5 1

t

-1

0

1

x

-0.5

0

0.5

Predicted u(x,t)

0 0.5 1

t

-1

0

1
x

-1

0

1
Absolute Error

0 0.5 1

t

-1

0

1

x

0.1

0.2

0.3

Figure 2: Burgers equation: Comparing the reference solu-
tion and predictions of MOO-VARI PINN.
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Figure 3: Burgers equations: (a) Evolution of the test loss
during the training process. (b) Approximation of the true
parameter value ν using different models.

Lorenz System. We consider the Lorenz system as fol-
lows:
dx

dt
= δ(y − x),

dy

dt
= x(ρ− z)− y,

dz

dt
= xy − βz

(10)
where x, y, z are the state variables. δ, ρ, and β are the three
unknown parameters to be estimated.

Fig. 4 shows the reference solutions and predictions made
by baseline PINN and MOO-VARI PINN at 10000, 30000
and 60000 epochs during the training process. It should
be noted that the adaptive weighting mechanism of MOO-
VARI PINN is activated after 10000 epochs. As training pro-
gresses to 30000 epochs, the predictions of baseline PINN
remain inaccurate in certain critical portions of the trajec-
tory. In contrast, the predictions of MOO-VARI PINN al-
ready demonstrate closer alignment with the reference so-
lution, reflecting its ability to adaptively assign more suit-
able weights and thus achieve faster convergence. At the
final training epochs, while both methods eventually con-
verge closer to the reference solution, the MOO-VARI PINN
achieves a consistently better overall match.

As shown in Fig. 5a, distinct differences among the vari-
ous PINN models become apparent following the activation
of their respective adaptive weighting schemes at 10,000
epochs. Remarkably, MOO-VARI PINN consistently out-
performs all other methods throughout the training pro-
cess, maintaining a notably faster convergence rate. Its test
loss quickly decreases to 10−3 within approximately 20000

epochs and reaches 10−4 earlier than other methods. Given
the available data and collocation points, this level of pre-
cision is considered close to the practical limit. Addition-
ally, Fig. 5b shows that different MOO solvers deliver sim-
ilar gains in convergence speed and accuracy, which con-
firm the generality of the proposed framework. As depicted
in Fig. 6, the MOO-VARI PINN model shows superior per-
formance for parameter identification among all methods,
which has the fastest convergence speed toward the true pa-
rameter values. The result highlights that the VARI weight-
ing scheme effectively prioritizes critical objectives at each
training stage by explicitly incorporating information of
Pareto-optimal front and relative improvement metrics, lead-
ing to superior convergence behavior and model accuracy.

Figure 4: Lorenz system: Comparison of the reference so-
lution and predictions of baseline PINN and MOO-VARI
PINN at 10000 (left), 30000 (middle) and 60000 (right)
epochs during training.
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Figure 5: Lorenz system: (a) Evolution of the test loss during
the training process. (b) Evolution of the test loss obtained
with different MOO algorithm coupled with VARI.
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Figure 6: Lorenz system: Approximation of the true param-
eter value δ, ρ, β.

Application to a Nonlinear Chemical Process. In pro-
cess systems modeling, the PINN formulation is frequently
generalized to physics-informed recurrent neural network
(PIRNN), whose internal state update naturally accom-
modates time-series data streams while still embedding
first-principles constraints for engineering applications. This
section demonstrates the effectiveness of the proposed
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Case study Baseline PINN MOO-VARI PINN One-time MOO-VARI
Burgers equation 6 min 16 s 6 min 30 s 11 s
Lorenz system 7 min 56 s 9 min 22 s 12 s
CSTR 33 min 27 s 40 min 45 s 183 s

Table 1: Computational time for training different case studies.

MOO-VARI framework using a continuous stirred tank re-
actor (CSTR). The system dynamics can be presented as fol-
lows (Heidarinejad, Liu, and Christofides 2012):

dCA

dt = Fin

V (CA0 − CA)− k0e
−E
RcT C2

A
dT
dt = Fin

V (T0 − T ) + −∆H
ρLCp

k0e
−E
RcT C2

A + Qh

ρLCpV

(11)

where CA and T are two state variables. Our goal is to use
PIRNN model to capture the dynamic behavior of the reactor
so that it can be used for prediction and operation of CSTR.
The inputs and states of the system are formulated as uT =
[∆CA0 ∆Qh] and xT = [CA − CAs T − Ts], such that
the equilibrium point (CAs, Ts) of the system is at the origin
of the state-space. Fin and k0 are assumed to be unknown
and will be approximated during the training process.

Fig 7a indicates that the state profiles predicted by the
MOO-VARI PIRNN model are in line with the ground-truth
CSTR response, which demonstrates that MOO-VARI
method can achieve reliable predictive performance. As
shown in Fig. 7b, all models share identical fixed weights
during the first 100 epochs. It can be seen that the
MOO-VARI PIRNN displays the steepest drop in test loss,
rapidly outperforming other models and ultimately attaining
the lowest error level. As shown in Fig. 8, parameter estima-
tion is particularly challenging in this case because k0 is of
the order 106. Even small deviations in its estimate can al-
ter the reaction rate and thus destabilize training. Similarly,
the MOO-VARI PIRNN achieves the fastest and most accu-
rate convergence for both parameters, approaching the true
values within the 1500 epochs and then remaining stable.
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Figure 7: CSTR: (a) The state trajectories predicted
by MOO-VARI PIRNN with the initial condition
(−1.5 kmol/m3, 70K). (b) Evolution of the test loss
during the training process.

Computational Resources. Table 1 compares the compu-
tational times required by the baseline PINN and the pro-
posed MOO-VARI framework for the three case studies.
Although the integration of the MOO framework into the
training process results in slightly increased training time,
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Figure 8: CSTR: Parameter estimation of Fin and k0.

the extra cost is moderate and manageable. The extra cost
per MOO-VARI activation mainly comes from evaluating
each individual’s objectives in NSGA-II, which scales with
the number of objectives M , the population size Np, and
the complexity of the neural network architecture. In PINN
framework, M is fixed. Therefore, the extra cost is influ-
enced by Np and network complexity, while only a small
Np is typically sufficient. Specifically, each activation of the
MOO-VARI framework (e.g., 11 s for Burgers’ equation) ac-
counts for only a minor portion of the overall training time,
demonstrating that the improvement of accuracy and conver-
gence speed of the MOO-VARI framework is achieved with
a small additional computational burden. The detailed cost
scale of NSGA-II algorithm has been discussed in (Doerr
and Qu 2023). Additionally, the MOO procedure is read-
ily parallelized using distributed computing architectures,
which allows the evaluation of the Pareto front and the corre-
sponding weight adjustment to be performed simultaneously
on distributed nodes or GPU accelerators. Specifically, dis-
tributing the population across two nodes reduces the single
activation time from 11 s to 5 s for the Burgers equation,
from 12 s to 6 s for the Lorenz system, and from 183 s to 72
s for the CSTR.

Conclusion
In this work, we proposed an adaptive weighting for
physics-informed machine learning to dynamically adjust
the weights of each loss term, especially for inverse prob-
lems with parameter uncertainty. Specifically, the MOO
technique using NSGA-II was integrated into the training
procedure of PINNs to explore Pareto-optimal solutions.
Additionally, a novel VARI weighting method was intro-
duced to convert the rich Pareto-front information into adap-
tive loss weights, explicitly accounting for both objective
sensitivity and historical training trajectories. Compared to
the baseline PINN, as well as other state-of-the-art weight-
ing approaches such as RelobraLo and CRITIC methods, the
proposed MOO-VARI PINN exhibited superior convergence
speeds, lower test errors, and more accurate parameter iden-
tification results.
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