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Abstract

In modeling the assembly processes of aircraft structures, multiple solutions of
quadratic programming problems of a special type are required. Contact prob-
lems of stress-strain analysis of structures are reduced to such problems. These
numerical models serve as core components of the aircraft assembly digital twin.
Despite the use of specialized accelerated solvers, the solution time can be sig-
nificant, especially for large-scale problems, since the runtime of any solver
grows polynomially with increasing problem dimension. One of the acceleration
techniques consists of employing initial guesses close to the problem solution,
constructed using a neural network. The network is trained on data obtained by
solving a large number of problems with synthetic input data. It is known that a
finite multilayer perceptron with ReLLU activation is capable of accurately repro-
ducing the dependence of the solution of a quadratic programming problem on its
input data. In this connection, multi-label classification machine learning mod-
els intended for detecting contact in potential contact node pairs are considered.
The architecture of the neural network is selected experimentally, and its influ-
ence on prediction quality and solver speedup is discussed. The proposed deep
learning warm-start method utilizes neural-network-generated initial guesses to
accelerate the quadratic programming solver. Evaluated within the context of
aerospace informatics, this approach has demonstrated high efficiency on air-
craft assembly models. Recommendations are provided for selecting the model



architecture and its quantitative characteristics to achieve a balance between the
initial guess construction speed and its accuracy.

Keywords: Aerospace informatics, Aircraft smart manufacturing, Contact problems,
Deep learning warm-start, Computational efficiency.

1 Introduction

Modern aircraft manufacturing imposes high precision requirements on the assembly
of large-scale structures: even minor deviations in part geometry caused by manufac-
turing tolerances lead to increased internal stresses and assembly forces. Therefore,
digital simulation within the context of digital twins for assembly processes consti-
tutes an important part of computer-aided design systems, enabling the assessment of
structure assemblability and the optimization of the technological process already in
the design stage.

The theoretical foundations of contact interaction modeling are presented in the
monograph by Wriggers [1]. For aircraft assembly problems, these approaches have
been developed in the works of Petukhova et al. [2], Lupuleac et al. [3, 4], and Stefanova
et al. [5, 6], where mathematical models and numerical methods are proposed that
account for elastic deformations of parts, contact constraints, features of the riveting
process, and methods to specify the initial gap between panels proposed by Zaitseva
et al. [7]. The developed methods are implemented in the ASRP software package
(Assembly Simulation of Riveting Process).

The key computational problem in assembly simulation is the contact problem,
which, after an appropriate formulation, reduces to a convex quadratic programming
(QP) problem with constraints. Its dimension is determined by the number of potential
contact pairs and can reach several thousand variables, which leads to significant
computational costs in large-scale numerical experiments.

A large number of methods have been developed for solving convex QP problems:
classical active-set algorithms proposed by Goldfarb and Idnani [8], including the
solver gpOASES developed by Ferreau et al. [9], oriented toward parametric problems,
and its parallel modification for MPC (Model Predictive Control) [10]; as well as the
method with guaranteed complexity proposed by Arnstrom and Axehill [11]; interior-
point methods adapted to contact assembly problems proposed by Stefanova et al. [5];
operator splitting methods implemented by Stellato et al. [12] in the OSQP solver;
modern first-order methods for large-scale problems [13-15]. With regard to aircraft
assembly, the efficiency of various approaches has been investigated in [6, 16]. Despite
the diversity of solvers, their runtime grows polynomially with increasing problem
dimension, which makes additional acceleration of computations a relevant task.

An effective technique for such an acceleration is the use of an initial guess close to
the problem solution. In recent years, learning-to-optimize methods have been actively
employed to construct such guesses; a survey of these methods is provided by Chen
et al. [17]. The theoretical justification for the applicability of neural networks to QP
problems is provided by the following result. A finite multilayer perceptron with ReL.U



(Rectified Linear Unit) activation is capable of accurately reproducing the dependence
of the solution of a parametric QP problem on its input data [18, 19]. This result is also
supported by unsupervised learning results for large-scale problems [20]. On this basis,
a number of approaches have been proposed for predicting the active set and con-
structing an initial guess: for embedded MPC by Klau?o et al. [21] and for large-scale
MPC by Chen et al. [22]; end-to-end learning methods that account for the influence
of the initial guess on solver convergence speed by Sambharya et al. [23, 24]; graph
neural networks that exploit the structure of constraint matrices by Schmidtobreick
et al. [25].

Existing studies in the field of learning-to-optimize are mainly focused on control
problems and general-form QP problems with specialized solvers. Contact problems
in aircraft assembly possess a number of specific features: a large number of poten-
tial contact pairs, strong imbalance of active constraints, high conditioning, and dense
Hessian matrices. For solving such problems, projection methods of both first and
second order are often employed [16, 26]. These features complicate the direct appli-
cation of existing approaches. To the best of the authors’ knowledge, the construction
of initial guesses for such problems has remained virtually unexplored.

The present paper proposes a neural network-based method for constructing an ini-
tial guess for contact problems in the aircraft assembly. The problem is formulated as
multi-label classification: for each potential contact pair, the model predicts a binary
indicator of whether contact is present in the solution. Due to the class imbalance char-
acteristic of assembly models, appropriate quality metrics and training strategies are
employed [27-29]. The approach is integrated into ASRP and is intended to accelerate
the QP solver without modifying the optimization algorithm used.

The paper is organized as follows. Section 2 presents the mathematical formulation
of the contact problem and discusses methods for its solution. Section 3 describes the
proposed neural network method: data preparation, model architecture, and training
procedure. Section 4 reports the results of computational experiments. The conclusion
summarizes the main findings and outlines directions for future research.

2 Mathematical formulation of the contact problem

2.1 Contact problem in assembly

In modeling the assembly processes of aircraft structures, it is necessary to determine
the stress-strain state of the parts after the installation of the fasteners. Prior to
assembly, there exist initial technological gaps between the mating surfaces, caused by
deviations in part geometry and errors in their relative positioning. After the fasteners
are installed, the parts deform, as a result of which some of the potential contact pairs
come into contact, while for the remaining pairs a residual gap is preserved.

After finite element discretization, the assembly contact problem is formulated as
a convex quadratic programming problem with a special structure [2, 6]. The solution
of this problem determines the stress-strain state of the structure and constitutes the
most computationally expensive part of the variational assembly analysis.
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2.2 Quadratic programming problem

The quadratic programming problem, to which the contact problem is reduced, can
be written in the following form:

1
min §mTKa: + fla, Ax <g, (1)

where @ is the vector of unknown displacements, K is the positive definite stiffness
matrix of the structure, f is the vector of forces, A is the matrix of contact constraints,
and g is the vector of initial gaps.

Convex quadratic programming problems often arise in stress-strain analysis and
are widely studied in the literature on numerical optimization [14, 30].

In this work, three interrelated formulations of the contact problem are considered:
the primal, the dual, and the relative formulation [6]. For generating the training data,
the relative formulation is used, in which the unknowns are the gaps between the parts.

Fig. 2: Schematic view and cross-section of the assembly, adapted from [6]



2.3 Active set of constraints

The structure of the active set of constraints plays a key role in solving the quadratic
programming problem:

Toct ={i €{1,...,m} : g; —u} =0}, (2)

where u; denotes the optimal value of the relative displacement in the i-th contact
pair.

The active set corresponds to the contact pairs for which the initial gap is com-
pletely eliminated after assembly. Conversely, if g; — w; > 0, the corresponding
constraint remains inactive, and no contact occurs between the given pair of nodes.

In many algorithms for solving quadratic programming problems, the active set
structure significantly affects the convergence rate and the total number of itera-
tions [8, 10, 11]. If information about the expected active set is known in advance with
a certain degree of confidence, a substantially better initial guess can be constructed
compared to the standard solver initialization [26].

Information about the expected active set has been used to construct an initial
guess in a number of previous works [21-23]. Before proceeding to the description of
the neural network method proposed in the present work (Section 3), the solver for
which the initial guess is constructed is briefly described.

2.4 Method for solving the quadratic programming problem

In the present paper, the first-order gradient projection solver [16] is accelerated using
a neural network approximation for the initial guess. This solver is based on catalyst
acceleration of coordinate descent, which is a variant of the A-HPE framework by [31]
that uses a fully implicit composite optimization problem statement and a base first-
order solver for handling inexact proximal operator calculation:

Th+1 A5 Prox,, g (yx) = arg min | H(x) + i\\w —ull’] (3)
where H : R™ — R is the proper closed p-strongly convex composite objective and
hi denotes the step size. It can be shown that such a calculation, namely, a proximal
subproblem, has the same form as the original QP problem, but with a lower condition
number of the Hessian. Although the A-HPE framework is too general for direct
implementation, the envelope by d’Aspremont et al. [32, Algorithm 24] is used.

The coordinate descent is implemented to solve the proximal subproblems. In gen-
eral, the use of a non-accelerated first-order solver for handling proximal inexactness
results in an accelerated solver within the catalyst acceleration. This has been shown
by d’Aspremont et al. [32] for deterministic global optimization algorithms and by Lin
et al. [33] for both deterministic and stochastic algorithms. Although the analysis of
coordinate descent provided by Nesterov [34] focuses on stochastic coordinate descent,
the deterministic strategy of index selection based on the most violated optimality
condition (namely, the largest absolute value of the objective subgradient) is used.



The performance of such a solver is highly dependent on a good initial guess. This
is not only an intuitive proposition, but also a result of an a priori analysis of estimates
for the functional gap by Nesterov [34], which uses the value R(x() as a measure of
the initial guess sublevel set. Although the set of @ such that F(x) < F(x(), where F
is the quadratic objective of the QP problem, is considered nontrivial in the original
Nesterov’s analysis, the strong convexity of the QP problem objective implies that the
optimal set contains only the problem solution x.. Therefore, the value R(xo) can be
considered a measure of the quality of the initial guess. Nesterov’s a priori estimate
for coordinate descent, together with the functional gap estimates by Lin et al. [33]
for catalyst acceleration, forms a tight a priori functional gap estimate that tends to
zero whenever x is close to a,. This observation provides not only intuitive but also
theoretical motivation for generating an initial guess g as precise as possible for the
described accelerated first-order solver.

This method, along with others [5, 26], is implemented in the ASRP software
package, which is designed to model the assembly process of aircraft structures. The
same package also incorporates the neural-network-based procedure for generating an
initial guess, which is the subject of the present work.

3 Neural network-based method for constructing the
initial guess

The proposed method belongs to the class of learning-to-optimize approaches. Instead
of directly recovering the solution of the quadratic programming problem, the neural
network is used to predict the structure of the active set of constraints, which deter-
mines the initial guess for the numerical solver. This separation of functions preserves
the mathematical correctness of the solution, since the final result is always computed
by the solver rather than by the model. At the same time, it simplifies the learning
task: instead of recovering a high-dimensional continuous solution vector, the network
solves a multi-label binary classification problem.

The general scheme of the approach consists of two stages (Fig. 3). In the training
stage, a training dataset is generated from the results of solving a series of contact
problems in ASRP, and a multilayer perceptron is trained on this dataset. The output
of this stage is the weights of the trained network. In the inference stage, the trained
network predicts an initial guess for a new contact problem based on its input data.
This initial guess is then passed to the QP solver to obtain the final solution.
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Fig. 3: General scheme of the proposed approach

3.1 Training data

The training dataset is generated fully automatically in the ASRP software pack-
age by repeatedly solving the contact problem for randomly generated fields of initial
gaps. For generating such fields, the methodology of Zaitseva et al. [7] is used. In this
methodology, the initial gap is described as a realization of a Gaussian random process
using a parametric model. This approach makes it possible to obtain statistically rep-
resentative gap realizations even with a limited amount of experimental measurements
from actual assembly. The resulting gap fields reflect possible geometric deviations of
the mating parts and are used as input data for solving the contact problem.

For each initial gap field, a random fastener configuration is automatically gen-
erated. The contact problem is then solved, and the results are used to construct a
training example. The number of possible fastener configurations is combinatorially
large even for medium-size models; therefore, the dataset is constructed with random
statistical sampling rather than exhaustive enumeration. In the present work, 10000
examples are generated for the model with m = 121, and 30000 examples for the
model with m = 621.

For each potential contact pair, two features are used: the contact force f; and the
initial gap g;. Thus, the input vector has the form

w:(fh"'vfm» gla"'agm)T7 (4)
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Fig. 5: Architecture of the multilayer perceptron for predicting the active set of con-
tact constraints

where m is the number of potential contact pairs. The target variable is a binary label
vector y = (y1,--.,Ym)’ determined by whether the constraint is active or not (2):

1, gi—u=0
yi: ) g’L ul I (5>
0, gi—u; >0.

The features are normalized by the mean and standard deviation computed on the
training set. The same normalization parameters are applied at the inference stage.
The dataset is divided into training, validation, and test parts in a 80:10:10 ratio, with
the original class ratio preserved (stratified split).

The label distribution is substantially imbalanced and depends on the model char-
acteristics. On average, the proportion of contact pairs is 16.4% for the model with
m = 121 and 33.3% for the model with m = 621 (Fig. 4). To compensate for this
imbalance, the parameter wp.s is used, which increases the contribution of the positive
class to the loss function [27, 28].

Model with 121 Contact Pairs
1e6 1e7

1012151 1.4 4
(82.6%)

Model with 621 Contact Pairs

12428 201
(66.7%)

6201 799
(33.3%)

197 849 0.4 4
(16.4%)

No Contact

Contact
Class Class

Fig. 4: Distribution of contact labels for models with m = 121 and m = 621

No Contact

Contact

3.2 Model architecture and training

A multilayer perceptron is used. The input and output layers have fixed dimensions
of 2m and m, respectively. There are four fully connected hidden layers with Layer-
Norm, LeakyReLU, and Dropout (Fig. 5). The width of the hidden layers was selected
experimentally as 512 for m = 121 and 1024 for m = 621.



Training is performed by minimizing the weighted binary cross-entropy

m

1
L= - > [wpos yilog ps + (1 — ;) log(1 — pi)], (6)
i=1

where p; = 0(0;), and Wpos = Nneg/Npos compensates for the class imbalance described
in Section 3.1. In the inference stage, the probability is binarized with a threshold 7
selected on the validation set using the Macro-F1 metric [28]:

~ ]-a pi > T,
Yi = { (7)

Oa Pi S T.

Optimization was performed using the Adam algorithm [35] with early stopping
based on the Macro-F1 metric on the validation set. The specific hyperparameter
values for both models are presented in Section 4.1 (Table 1) together with the results
of computational experiments.

3.3 Construction of the initial guess

The predicted binary vector g is not used as the state variable values, but rather as
the initial active set Isgz. An index i is included in I;gz if the label g; = 1 for primal
and relative problems and ¢; = 0 for dual problem. The initial values of the residual
and Lagrange multipliers are set to zero. Such an initialization provides the solver with
a starting point that is substantially closer to the desired active set compared to the
standard initialization, which reduces the number of required iterations. The subse-
quent computational process is performed entirely by the first-order solver described
in Section 2.4, without modifying its computational scheme.

The next section provides an experimental evaluation of the quality of the active
set prediction and the efficiency of the proposed initial guess construction method.

4 Computational experiment

4.1 Experimental setup

The goal of the experiment is to evaluate the quality of the active set prediction and
the resulting speedup in solving contact problems using the proposed initial guess.
All computations were performed in the ASRP software package. The machine learn-
ing model was implemented in PyTorch, and interaction with the C++ solver was
performed via the built-in Python interpreter.

The study was conducted on two aircraft assembly models with m = 121 and
m = 621 potential contact pairs. For each model, a training dataset was generated
according to the methodology described in Section 3 (10,000 and 30,000 examples,
respectively). The quality of the model was evaluated on an independent test set, and
the solution time was compared for 200 independent test problems using the standard
solver initialization and the proposed initialization. In all cases, identical input data



was used; the only difference was in the method of constructing the initial guess. The
main experimental parameters are presented in Table 1.

Table 1: Main parameters of the computational
experiment and model training for m = 121 and

m = 621
Parameter m =121 | m =621
Input dimension n 242 1242
Output dimension m 121 621
Training set size 10000 30000
Hidden layer width 512 1024
Number of hidden layers 4 4
Dropout 0.1 0.15
Optimizer Adam
Learning rate 5.10~1% [ 2.10~ 7
Batch size 128
Maximum number of epochs 300
Early stopping (patience) 20
Loss function BCEWithLogitsLoss
Model selection criterion Macro-F1
Binarization threshold 7 0.7 [ 0.6

4.2 Prediction quality and solution speedup

The quality of the active set prediction on the test set is presented in Table 2. For
the model with m = 121, a Macro-F1 score of 0.91 was achieved, and for the more
complex model with m = 621, a score of 0.80 was obtained. The decrease in the metric
with increasing dimension is expected and is related to the growth in the number of
potential contact pairs, the more complex structure of the active set, and the more
pronounced class imbalance. As the results show, perfectly accurate recovery of the
active set is not required to construct an effective initial guess. This observation is
consistent with similar findings reported in [21, 23].

The solution time of the contact problem was compared with the standard solver
initialization and with the initial guess generated by the neural network for two for-
mulations: dual and relative. The summarized results are presented in Table 3 and
Table 4. The use of the neural network initial guess reduces the average solution time
by 24-41%, depending on the problem dimension and the formulation. The highest
speedup is achieved for the model with m = 121, where the active set prediction
quality is the highest. For the model with m = 621, the speedup is somewhat lower,
which is consistent with the decrease in classification accuracy; nevertheless, it remains
substantial.

The distributions of the solving time (Fig. 6, Fig. 7) show that the use of the
neural network systematically shifts the solution time to lower values and noticeably
reduces the right tail of the distribution. This means that the probability of unfavorable
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Table 2: Quality of active set predic-
tion on the test set

Metric m =121 m =621
Threshold 7 0.70 0.60
Macro-F1 0.9103 0.8001
Micro-F1 0.9505 0.8196

Balanced Accuracy 0.9111 0.8057
Precision (contact) 0.8483 0.7127
Recall (contact) 0.8522 0.7644
F1 (contact) 0.8503 0.7376

Table 3: Summary of solution time characteristics for the model with 121 contact
pairs

Mode Total, s | Mean, s | Median, s Range, s Reduction, %
Dual, no NN 19.997 0.100 0.104 0.002-0.368 37%
Dual, with NN 12.560 0.063 0.064 0.007-0.158

Relative, no NN 140.255 0.701 0.654 0.271-1.548 41%
Relative, with NN 82.700 0.414 0.400 0.004-0.914

Table 4: Summary of solution time characteristics for the model with 621 contact pairs

Mode Total, s | Mean, s | Median, s Range, s Reduction, %
Dual, no NN 938.980 4.695 4.065 0.596-14.350 28%
Dual, with NN 675.661 3.378 3.303 0.606-11.250

Relative, no NN 6619.937 33.100 30.997 11.377-107.392 24%
Relative, with NN | 5023.725 25.119 23.339 7.155-68.921

scenarios with a large number of solver iterations is reduced, and the predictability of
the numerical solver performance is improved.

In addition, the inference time through the neural network was measured on the
same 200 test problems. For the model with m = 121, the average time to construct the
initial guess was 2.83 ms, which constitutes approximately 2.8% of the average solution
time in the dual formulation. For the model with m = 621, the corresponding value was
5.81 ms, or approximately 0.12% of the dual solution time. Thus, the computational
cost of the neural network prediction is negligible. At the same time, the use of the
neural network initial guess leads to a reduction in the number of solver iterations,
thereby reducing the total time of the computational procedure.

11
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Fig. 7: Solution time distribution for the model with 621 contact pairs

4.3 Discussion of results

The obtained results confirm that the proposed method for constructing the initial
guess provides a consistent reduction in the solution time of contact problems without
modifying the mathematical formulation of the problem or the numerical algorithm
used. This finding is consistent with the general conclusions of the works [21-23] on
the application of machine learning to accelerate numerical optimization methods.

A key observation is the relationship between classification quality and the resulting
speedup. The highest Macro-F1 score (0.91 for m = 121) corresponds to the highest
speedup, while a lower score (0.80 for m = 621) still provides a substantial gain. This
confirms the initial idea of the method: for an effective initial guess, an approximate
recovery of the active set structure is sufficient, and exact recovery is not required.

5 Conclusion

A deep learning warm-start method based on active set prediction has been proposed
to solve contact quadratic programming problems that arise in the simulation of air-
craft assembly processes. In contrast to the approach of Sambharya et al. [23, 24],
which is based on end-to-end learning of the initial guess without explicit active set

12



prediction, and to existing active set prediction approaches for model predictive con-
trol problems [21, 22], the proposed method is adapted to the specific features of
contact assembly problems in aircraft structures: a large number of potential contact
pairs and the characteristic class imbalance.

A fully automated procedure to generate training data has been developed and
integrated into the ASRP software package to enhance its computational efficiency.
On this basis, training datasets have been constructed, and neural networks have been
trained for two models of aircraft assembly, containing 121 and 621 potential contact
pairs, respectively.

The computational experiments performed have demonstrated that the proposed
method provides high quality active set structure prediction (Macro-F1 above 0.91
for the model with 121 contact pairs and approximately 0.80 for the model with
621 contact pairs) and a consistent reduction in contact problem solving time by
24-41%, depending on the problem dimension and formulation, without loss of accu-
racy in the final solution. This confirms that exact recovery of the full solution of
the quadratic programming problem is not required for effective acceleration of the
numerical method. It is sufficient to determine the structure of the active set of con-
straints with acceptable accuracy, after which the numerical solver rapidly refines the
remaining components of the solution.

Based on these outcomes, a practical recommendation can be formulated for the
choice of model architecture. For problems with a relatively small number of poten-
tial contact pairs, a network with narrower hidden layers is sufficient, providing high
classification quality with minimal training and inference costs. For problems of larger
dimension, increasing the width of the hidden layers partially compensates for the
growing complexity of the active set structure but does not eliminate the natural
decrease in prediction accuracy. The choice of architecture should therefore be deter-
mined by the trade-off between the initial guess construction time and the required
classification accuracy.

The proposed approach does not depend on a specific algorithm for solving the
quadratic programming problem, which makes it promising for a broad class of prob-
lems in computational mechanics and engineering optimization. Future work includes
investigating the application of graph neural networks and transformer architectures
for active set prediction, increasing the volume of automatically generated training
data, and extending the approach to contact problems of larger dimension and to
other formulations of quadratic programming problems.
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