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Abstract 

Within a single-depth, fixed line property, single-line synthetic quasi-static scope, this 
study develops an endpoint-prioritized two-stage training framework for full catenary 
geometry and terminal tension prediction. The global three-dimensional (3D) reference 
configuration first learns the coupled output and then applies validation-only selection 
for endpoint-focused refinement. An axisymmetry-informed radial plane representation 
enhancement is evaluated as the preferred accuracy configuration within the frozen seed-
42 scope, yielding geometry root mean square error (RMSE) of 0.360 m, endpoint RMSE 
of 0.344 m, and tension mean absolute error (MAE) of 1641.8 N. Software-level cross-val-
idation against MoorPy completed 1000 of 1000 requested cases, while a five-seed global-
3D ensemble produced an empirical ensemble spread indicator whose geometry spread 
error Spearman correlation was 0.701. Runtime depended on batch size: central pro-
cessing unit (CPU) batch-1 inference provided no advantage over the reference solver, 
whereas CPU batch-1000 throughput was 29.78× faster on the same machine. Expanded 
screening retained 19 unresolved solver failures. These results support preliminary static 
screening only. This software-level cross-validation does not constitute experimental, 
field, or external physical validation. The evidence does not establish dynamic, multiline, 
or calibrated uncertainty validation. 

Keywords: deep-water mooring lines; static catenary prediction; surrogate modeling;  
residual neural network; endpoint-prioritized fine-tuning; quasi-static analysis;  
preliminary design screening 
 

1. Introduction 
Deep-water floating offshore systems depend on mooring lines for station keeping 

and for controlling structural response under environmental loading. Catenary systems 
remain widely used because their restoring force is governed by self-weight, geometric 
nonlinearity, and seabed contact within mature design frameworks. 

Static mooring prediction matters because the equilibrium profile controls suspended 
shape, touchdown behavior, seabed contact, and terminal tensions. Engineering workflows 
often require many equilibrium evaluations as fairlead positions and line lengths vary dur-
ing screening, optimization, uncertainty propagation, or design exploration. Conventional 
catenary solvers are reliable and physically interpretable, but repeated calls can be ineffi-
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cient when many static states must be considered. This motivates engineering surrogates 
that preserve sufficient physical fidelity while reducing computational cost. 

The static analysis used in this study builds on a long line of cable and mooring equi-
librium work. Peyrot and Goulois established a cable structure analysis framework that 
remains relevant for catenary systems, and Masciola et al. implemented a multisegment 
quasi-static cable model for mooring applications [1,2]. In the Journal of Marine Science and 
Engineering (JMSE), Li et al. formulated quasi-static response prediction through mechani-
cal energy minimization, Touzon et al. compared numerical fidelity levels for wave-energy-
converter mooring design, and Lim et al. used time-domain analysis within Bayesian moor-
ing optimization [3–5]. These studies show why static analysis is still useful as an early equi-
librium screening layer, even when final designs require dynamic verification. 

Recent finite-element studies of offshore wind support structures have examined soil 
property sensitivity, nonlinear dynamic integrity, and seismic demand under coupled en-
vironmental loading, illustrating the broader structural response context in which efficient 
computational screening is valuable [6–8]. 

Surrogate modeling has also been introduced to reduce repeated offshore simulation 
and optimization costs [9]. Christiansen et al. and de Pina et al. used neural network sur-
rogates for mooring line and time domain simulation tasks [10,11]. More recent JMSE 
studies by Li et al., Nikkhah et al., and Li et al. applied artificial neural network (ANN)- 
or long short-term memory (LSTM)-based models to mooring tension and floating pro-
duction, storage, and offloading (FPSO) mooring system prediction [12–14]. Related work 
by Zhao, Payenda, Xie, Yan, and Ye and their co-workers further developed deep learning 
models for mooring tension prediction under floating platform or floating wind settings 
[15–19]. These studies mainly target scalar tensions, time histories, monitoring signals, 
optimization responses, or system-level characteristics [20–24]. They do not directly ad-
dress full static catenary geometry together with terminal tensions, which is the output 
needed when endpoint closure and line shape admissibility must both be checked. 

Physics-informed neural networks (PINNs) provide a different route. Raissi et al. in-
troduced PINNs by embedding differential equation residuals in neural network training, 
and subsequent reviews by Karniadakis and Cai and their co-workers consolidated their 
use in scientific machine learning and fluid mechanics [25–27]. That formulation is pow-
erful when governing equations and residual terms can be imposed cleanly, but it also 
requires differentiable residual construction and automatic differentiation. The present 
study therefore takes a narrower engineering route: physical knowledge enters through 
solver-generated static data, a structured output that includes geometry and terminal ten-
sions, and selective supervision of the fairlead endpoint. 

A remaining gap is the joint prediction of structured full-line geometry and terminal 
tensions while respecting an engineering-critical endpoint. This nonlinear, regime-de-
pendent task is more demanding than scalar or time-series tension prediction, yet a full 
residual equation formulation is not required for the targeted screening role. 

We therefore retain endpoint-prioritized two-stage training as the method spine. 
Standard mean squared error (MSE) pretraining learns the global configuration before 
static endpoint weighting is introduced for targeted refinement; this ordering is curricu-
lum-style staging, but it is not a claim to a new curriculum-learning algorithm. The end-
point weight is chosen by validation-only selection, with no test-set reselection. 

The axisymmetry-informed radial plane representation enhancement addresses re-
dundant azimuthal variation in the fixed-property, single-depth, single-line problem. It is 
a representation change rather than a new training algorithm and is positioned only as 
the preferred accuracy configuration within the frozen seed-42 scope. The global three-
dimensional (3D) reference configuration remains the evidence base for sensitivity, en-
semble spread, runtime, and screening analyses. 
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The contributions of this study are to: (i) formulate structured geometry-plus-tension 
prediction; (ii) evaluate endpoint-prioritized two-stage training against static weighting 
and architecture alternatives; (iii) quantify a bounded radial plane seed-42 enhancement; 
and (iv) assess software-level MoorPy agreement, empirical ensemble spread, batch-de-
pendent runtime, and preliminary screening. All claims remain limited to synthetic quasi-
static data at one depth with fixed line properties and one line. 

2. Materials and Methods 
2.1. Static Catenary Problem and Output Quantities 

A catenary mooring line in static equilibrium is governed by the balance between 
axial tension, submerged weight, and boundary constraints. Let the line centerline be de-
scribed by the position vector r(s) = [x(s), y(s), z(s)]ᵀ, where s denotes the arc-length coor-
dinate measured from the anchor point to the fairlead. Under static conditions, the inter-
nal tension T(s) satisfies the force–balance relation [1,28] 

dT(s)
ds

 + q(s) = 0, (1)

where q(s) is the distributed external load per unit unstretched length, primarily deter-
mined by the submerged weight of the line. In the present study, hydrodynamic drag and 
dynamic inertial effects are neglected, so that the problem is restricted to static geometric 
equilibrium. 

For a fixed water depth and line property set, the equilibrium configuration is deter-
mined by the two end conditions and the total line length. In engineering analysis, this 
configuration is usually obtained with numerical or semi-analytical equilibrium solvers. 
These methods are reliable and physically interpretable, but repeated evaluations become 
costly when many static states must be analyzed. 

The static catenary problem is parameterized by four inputs: the fairlead coordinates (x_f, y_f, z_f) and the total unstretched line length L. In the simplified single-line setting, 
these variables define the boundary geometry required by the equilibrium solver. The an-
chor point is fixed on the seabed, while the fairlead position changes with the prescribed 
operating condition. 

The outputs of interest are the full 3D line configuration and the terminal tensions. 
We represent the line shape with discrete nodal coordinates sampled along the arc length 
and include terminal tensions to retain engineering relevance for mooring analysis. The 
resulting task is a high-dimensional regression problem because the surrogate must pre-
dict the full equilibrium geometry rather than a single scalar response. 

The fairlead endpoint is particularly important because it represents the prescribed 
terminal boundary condition. A low average nodal error is therefore insufficient if the 
predicted line fails to terminate consistently at the fairlead. 

Deep-water catenary mooring lines may exhibit qualitatively different equilibrium 
characteristics under different boundary conditions. In general, the present problem spans 
three representative regimes: slack, operational, and taut configurations. 

In the slack regime, a substantial part of the line may rest on the seabed, depending 
on the boundary condition. In the operational regime, the line forms a typical suspended 
catenary with moderate curvature and tension. In the taut regime, the suspended part 
becomes more stretched, the curvature distribution changes, and terminal tension in-
creases rapidly. 

These regime transitions make the mapping from boundary inputs to line shape and 
tension strongly nonlinear. The surrogate must therefore approximate a high-dimensional 
output and a regime-dependent response with distinct physical behaviors. This is one rea-
son static catenary prediction remains difficult for purely data-driven learning. 
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Based on the above physical setting, the surrogate learning task is defined in this 
study as a nonlinear mapping 

y = F(x), x = [𝑥௙ ,𝑦௙ , 𝑧௙, 𝐿]். (2)

where x  denotes the input vector of boundary condition variables, and y  denotes the 
corresponding high-dimensional output vector containing the nodal coordinates of the 
equilibrium line profile together with the terminal tensions. 

The objective is to build a computationally efficient surrogate approximation, defined 
in this study as 

yො = 𝒇φ(x), (3)

where φ denotes the trainable parameters of the surrogate model. The desired approxi-
mation should satisfy two requirements simultaneously: it should remain computation-
ally efficient for high-throughput prediction, and it should preserve sufficient physical 
fidelity for engineering use. 

Accordingly, the present approach does not embed governing equilibrium equations 
directly into the network as residual constraints. Instead, it treats the problem as supervised 
surrogate learning from physics-generated static equilibrium data, with the learning objec-
tive designed to reflect the engineering importance of selected outputs. Under this formula-
tion, the methodological question is how to improve boundary-aware prediction while pre-
serving global geometry, terminal tension accuracy, and computational efficiency. 

2.2. Dataset Generation and Physical Settings 

The surrogate is trained on data from a physics-based static catenary solver. For each 
sample, the solver computes the equilibrium configuration of a deep-water mooring line 
under prescribed boundary conditions. The dataset therefore provides physically con-
sistent input and output pairs for supervised learning, without embedding governing 
equation residuals in the neural network training process. 

The in-house data-generation solver is a quasi-analytical static catenary solver with 
separate suspended line and touchdown line branches. For the fully suspended branch, it 
first determines the catenary parameter by solving the arc-length constraint with the Brent 
root-finding algorithm [29], then solves for the horizontal offset required to satisfy the 
prescribed vertical endpoint separation. For touchdown configurations, it solves a touch-
down catenary residual equation, again using Brent root finding, to determine suspended 
length, grounded length, and nodal geometry. A unified robust solver first attempts the 
suspended solution; if the profile violates the seabed admissibility tolerance, the touch-
down branch is used. Near lift-off cases return the suspended solution when the com-
puted grounded length becomes negligible. The accepted output consists of 41 nodal co-
ordinates, top tension, bottom tension, touchdown status, and grounded length. 

We use a representative 800 m water depth with fixed line properties and a fixed 
anchor location. The setting is informed by recent floating wind mooring design studies, 
including the 800 m Humboldt Bay reference depth used by Lozon et al. [30], but it is not 
intended to reproduce a site-specific design. Dataset variation enters only through the 
fairlead coordinates and the total unstretched line length L. 

To make the dataset generation procedure reproducible, the sampling strategy is de-
scribed explicitly here. For each candidate sample, the total unstretched line length L is 
sampled uniformly from 850 m to 1200 m, and the fairlead vertical coordinate zf is sam-
pled uniformly from −20 m to −10 m. The lower and upper bounds of the horizontal sam-
pling interval are defined as 𝑅୫୧୬  = max( 0.1, 𝐿 − 𝐷), 
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𝑅୫ୟ୶  = 0.95 ඥ𝐿ଶ − (𝐷 − 𝑧௙)ଶ, 

where D = 800 m is the water depth. Candidate samples with 𝑅୫୧୬  ≥ 𝑅୫ୟ୶   are discarded 
before solver evaluation. 

The frozen sampling protocol used a lower horizontal-span bound of 0.1 m and ap-
plied a factor of 0.95 to the geometric upper limit. These values are protocol parameters 
used in constructing the present synthetic dataset and are not proposed as universal en-
gineering constants. 

A stratified sampling strategy is used to cover slack-like, operational-like, and taut-
like catenary configurations. A normalized horizontal distance parameter 𝑝 is sampled 
from regime-dependent intervals: 𝑝 ∈ [0.0, 0.4]  for Slack, 𝑝 ∈ [0.4, 0.9]  for Operational, 
and 𝑝 ∈ [0.9, 1.0] for taut configurations. 𝑅 = 𝑅୫୧୬  ൅ 𝑝 (𝑅୫ୟ୶  − 𝑅୫୧୬  ). 

The intervals p ∈ [0, 0.4], [0.4, 0.9], and [0.9, 1.0] are protocol-defined sampling strata 
used to construct slack-like, operational-like, and taut-like subsets; they should not be in-
terpreted as universal physical regime boundaries. 

An azimuth angle 𝜃 is sampled uniformly from 0 to 2π, and the fairlead horizontal 
coordinates are obtained as 𝑥௙ = 𝑅 cos𝜃 ,  𝑦௙ = 𝑅 sin𝜃. 

Therefore, 𝑥௙ and 𝑦௙ are not sampled independently; they are generated from the 
sampled horizontal distance and azimuth angle. 

An exact replay of the frozen generator requested 10,380 candidate solutions, ac-
cepted 10,000, and recorded 380 solver failures, corresponding to a rejection rate of 
3.6609%. This audit reproduces the frozen dataset rather than adding samples. Because 
acceptance depends on numerical solution and endpoint-quality gates, residual rejection 
bias near difficult boundary states remains possible. 

The regime labels are used as sampling strata, not as post hoc solver classifications. 
Touchdown status is recorded separately and used only for subset analysis. Samples are 
discarded when the solver does not return a valid solution, produces invalid coordinates, 
or fails the endpoint quality gate. The target number of accepted samples was prescribed 
for each stratum; therefore, the final regime counts are not intended to be proportional to 
the widths of the p intervals. After rejection filtering, sampling was continued within each 
stratum until the prescribed accepted counts were reached, giving 10,000 valid samples: 
3000 slack, 4000 operational, and 3000 taut configurations. Training, validation, and test 
subsets are then formed by stratified sampling, with an 8:1:1 ratio in each regime. The 
overall methodology is illustrated in Figure 1. 

 

Figure 1. Overall framework of the proposed surrogate modeling methodology. Blue denotes data, 
green surrogate, orange fine-tuning, yellow screening; arrows show progression. 

2.3. Input–Output Representation 

Each sample is represented by the four-dimensional input vector defined in this 
study: 
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x = [𝑥௙ ,𝑦௙ ,𝑧௙, L]T, 

where (𝑥௙ ,𝑦௙, 𝑧௙) denotes the fairlead position and L denotes the total unstretched line 
length. 

The output vector is defined in this study to contain the full 3D nodal geometry of 
the equilibrium catenary profile and the terminal tensions. The line profile is discretized 
with 41 nodes along the arc length, with three spatial coordinates at each node. The geo-
metric output therefore has 41 × 3 = 123 dimensions. Two scalar quantities are added for 
the top tension at the fairlead node and the bottom tension at the anchor node, giving a 
total output dimension of 125. The full output vector is written as 

y = [x1,y1,z1,…,x41,y41,z41,Ttop,Tbottom]⊤∈ R125. 
This formulation defines the learning task as a high-dimensional nonlinear regres-

sion problem. 
Before training, all input and output variables are normalized with statistics com-

puted only from the training set. The same parameters are then applied to the validation 
and test sets. This train-only normalization avoids information leakage and improves op-
timization stability. The same split, normalization procedure, and evaluation scripts are 
used across all compared models, and the reported supplementary settings identify the 
training protocol needed to reproduce the fixed-seed comparisons. 

The main dataset and representation settings used in the present study are summa-
rized in Tables 1 and 2. 

Table 1. Dataset generation and input–output representation settings used in the present study. 

Category Item Value/Description 
Physical setting Water depth 800 m 
Dataset Total samples 10,000 
Dataset split Train/validation/test 8000/1000/1000 
Input Variables Fairlead coordinates (𝑥௙,𝑦௙ , 𝑧௙) and total line length L 
Input Dimension 4 
Sampling Line length L Uniformly sampled from 850 m to 1200 m 
Sampling Fairlead vertical coordinate z_f Uniformly sampled from −20 m to −10 m 
Sampling Azimuth angle 𝜽 Uniformly sampled from 0 to 𝟐𝝅 
Sampling Horizontal distance R 𝑹 = 𝑹୫୧୬  + 𝒑(𝑹୫ୟ୶  − 𝑹୫୧୬  ) 
Sampling Slack stratum 𝑝 ∈ [0, 0.4] 
Sampling Operational stratum 𝑝 ∈ [0.4, 0.9] 
Sampling Taut stratum 𝑝 ∈ [0.9, 1.0] 
Quality control Endpoint quality gate Final-node error < 0.1 m 
Output geometry Nodal coordinates 41 nodes × 3 coordinates 
Output tension Terminal response Top tension at the fairlead and bottom tension at the anchor 
Output Dimension 125 
Preprocessing Normalization Training-set statistics only 

Table 2. Fixed physical settings used for static catenary dataset generation. 

Parameter Value Description 
Water depth 800 m Representative deep water case 
Anchor location (0, 0, −800) m Fixed seabed origin 

Effective submerged line weight 3924 N/m 
Constant line weight in water used for solver generation 
and MoorPy-aligned validation 

Axial stiffness, EA 1.8 × 109 N Constant extensional stiffness of the line 
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Line type assumption Extensible chain mooring 
Single-material extensible chain mooring with constant 
EA used across all samples; no specific commercial chain 
grade or nominal diameter is assumed 

Geometry discretization 41 nodes Nodal representation of the equilibrium line profile 
Variable boundary inputs (𝑥௙, 𝑦௙ , 𝑧௙, L) Fairlead coordinates and total unstretched line length 

The line is therefore treated as an idealized extensible chain mooring represented by 
its effective submerged weight and axial stiffness, rather than as a specific commercial 
chain grade or catalogue product. 

These physical settings remain fixed for all generated samples. Variation is intro-
duced only through the boundary inputs, namely, the fairlead coordinates (xf, yf, zf) and 
the total unstretched line length L. This controlled setting isolates how boundary variation 
affects static equilibrium geometry and terminal tensions. 

Axisymmetry-Informed Radial Plane Representation 

The fixed-property, single-depth, single-line quasi-static setting is horizontally rota-
tion-symmetric. The axisymmetry-informed radial plane representation enhancement re-
moves redundant azimuthal variation for this bounded problem, but it is not generalized 
to non-axisymmetric multiline systems. 𝑅 = ට𝑥௙ଶ + 𝑦௙ଶ For 𝑅 ≥ 1 × 10ି଼, deϐine 𝑐ఏ = ௫೑ோ  and 𝑠ఏ = ௬೑ோ ;  otherwise, set (𝑐ఏ, 𝑠ఏ) = (1,0).  Each 
node is represented by 𝑟௜ = 𝑥௜𝑐ఏ + 𝑦௜𝑠ఏ , and 𝑧௜ , and reconstructed by (𝑥௜ ,𝑦௜ , 𝑧௜) =(𝑟௜𝑐ఏ, 𝑟௜𝑠ఏ, 𝑧௜). 𝐲෤ = [𝑟ଵ, 𝑧ଵ, … , 𝑟ସଵ, 𝑧ସଵ,𝑇୲୭୮,𝑇ୠ୭୲୲୭୫]୘ ∈ ℝ଼ସ. 

The canonical boundary input vector is unchanged. The comparison uses the same 
frozen dataset and split, train-only scaling, a 512 × 4 ResNet, endpoint-prioritized two-
stage training with 𝜆ୣ୬ୢ = 50, seed 42, and validation-only selection. 

This representation is not a new training algorithm. It remains a single-seed synthetic 
quasi-static analysis for fixed line properties, one water depth, and one line; no radial-
specific multi-seed uncertainty analysis, complete sensitivity sweep, or physical or field 
evidence is available. 

2.4. Network Architecture 

Two feedforward neural network architectures are considered: a multilayer percep-
tron (MLP) baseline and a fully connected residual neural network (ResNet). The MLP 
has three fully connected hidden layers of width 512 with Tanh activation, followed by a 
linear output layer that produces the 125-dimensional prediction vector. The main model 
uses a fully connected ResNet to improve optimization stability for this high-dimensional 
nonlinear regression problem [31]. 

Let h(l) denote the feature vector at layer 𝑙. A residual block updates the feature rep-
resentation according to the residual learning formulation [31] in Equation (4): 

 h(l+1) = h(l) + G(l)൫h(l)൯, (4)

where G(l)(⋅) denotes the nonlinear transformation implemented within the block. 
All fully connected layers within the ResNet use a hidden dimension of 512, with 

Tanh activation throughout. An input projection layer maps the four-dimensional input 
to the 512-dimensional hidden space. Four residual blocks follow, each containing two 
linear layers with an additive skip connection. The output layer maps the final hidden rep-
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resentation to the 125-dimensional target vector without activation. The network structures 
are illustrated in Figure 2, and detailed architecture settings are provided in Table S1. 

 

Figure 2. Comparison between the MLP baseline and the proposed ResNet surrogate. Panels (a) and 
(b) show the MLP and ResNet. Beige marks inputs/outputs, green hidden/residual layers, black ar-
rows data flow, and blue the residual block. 

2.5. Loss Functions and Endpoint-Prioritized Training 

Baseline supervised loss. 
The surrogate is first trained with a standard MSE objective over the standardized 

output vector. To improve fairlead consistency, the endpoint-prioritized stage modifies 
this objective by assigning extra weight to the three fairlead endpoint coordinates. The 
loss definitions are given below. 

Let yො  denote the network prediction for the target vector y. The baseline training 
objective is the mean squared error (MSE), 

LMSE = 1
D
∑ (D

i=1 yොi − yi)
2, (5)

where D = 125 is the output dimension. 
Although this loss is simple and effective for generic regression, it treats all output 

dimensions equally. In the present catenary problem, the engineering importance of dif-
ferent output components is not uniform. The fairlead endpoint has a disproportionately 
important role in determining whether the predicted line shape is physically acceptable. 

Weighted loss formulation. 
To include this engineering preference in supervised learning, we define in this study 

a physics-guided weighted loss, 

Lw = 1
D
∑ wi

D
i=1 (yොi − yi)

2, (6)

where wi is a prescribed scalar weight assigned to the i-th output component. 
All loss functions were evaluated in the standardized output space using statistics 

fitted only on the training set. The prescribed weights therefore control relative supervi-
sion priorities rather than raw dimensional scales. During evaluation, predictions were 
transformed back to physical units before computing geometric errors in meters and ter-
minal tension errors in Newtons. 

Different weighting strategies can be defined by assigning larger values of wi to se-
lected important outputs. Here, the fairlead endpoint coordinates receive special atten-
tion, which gives the proposed endpoint-prioritized supervision strategy. Under this for-
mulation, endpoint-related geometric components are emphasized during training, while 
all remaining outputs retain unit weight. 
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The goal is not to impose hard physical constraints in the manner of physics-in-
formed neural networks. Instead, the supervised objective is biased toward quantities that 
matter most in engineering checks. The method therefore remains a data-driven surrogate 
trained on physics-generated data, with domain knowledge entering through selective 
output prioritization. 

Endpoint-prioritized supervision. 
Among the candidate weighting strategies, endpoint-prioritized supervision is the 

principal methodological design examined in this work. Let ℐୣ୬ୢ denote the index set cor-
responding to the fairlead endpoint coordinates in the output vector. The loss can then be 
derived from the baseline MSE by partitioning output indices as ℒୣ୬ୢ = ଵ஽ ൣ∑ (௜∉ℐ౛౤ౚ 𝑦ො௜ − 𝑦௜)ଶ + 𝜆ୣ୬ୢ ∑ (௜∈ℐ౛౤ౚ 𝑦ො௜ − 𝑦௜)ଶ൧, (7)

where λend controls the relative emphasis placed on endpoint accuracy. 
This design tests whether one physically important boundary target can be more use-

ful than uniform output weighting or several competing objectives. In the proposed two-
stage model, endpoint-prioritized supervision is used only in Stage 2, after standard MSE 
pretraining has learned a stable global representation. In implementation, the fairlead 
endpoint coordinates receive extra weight during fine-tuning, while all other outputs 
keep unit weight. We refer to this procedure as endpoint-prioritized fine-tuning. 

Full multitask ablation. 
A full multitask variant is used as an ablation baseline to test whether several physi-

cally motivated targets improve performance when combined. The comparison also re-
flects the known difficulty of balancing losses in multitask learning [32]. In this variant, z-
coordinate weighting, endpoint weighting, and terminal tension weighting are applied 
simultaneously through the comparison objective defined in this study as follows: 

Lmulti = 1
D
∑ wi

(multi)D
i=1 ൫yොi − yi൯2

, (8)

where wi
(multi) is the prescribed weight for the output component. The weighting rule is 

defined in this study as  wi
(multi)𝑖 − 𝑡ℎ 

wi
(multi)=൞λୣ୬ୢ, i ∈ Iୣ୬ୢ,

λ୸, i ∈ I୸\Iୣ୬ୢ,
λten, i ∈ Iten,
1, otherwise,

 (9)

The z-weighted and full multitask ablations retain their stated component weights. 
Endpoint weights λend = 0, 1, 10, 25, 50, and 100 were tested on the frozen seed-42 split. 
λend = 0 is an endpoint-masked negative control, whereas λ_end =  1 corresponds to or-
dinary endpoint weighting. λend = 50 was selected because it minimized validation end-
point root mean square error (RMSE) among positive weights; the held-out test set was 
not used for selection or reselection. These coefficients are dataset-specific settings, not 
general constants. 

Two-stage endpoint-prioritized training strategy. 
Motivation. 
Applying strong endpoint weighting from random initialization may overemphasize 

local boundary accuracy before the network has learned a globally consistent catenary 
representation. In that case, optimization may converge to solutions with poor overall 
shape consistency, as shown by the direct endpoint-weighted ablation reported in Section 
3. The present study therefore adopts a two-stage strategy in which standard supervised 
learning first establishes a stable global representation, followed by endpoint-prioritized 
refinement. This staged training idea is conceptually related to curriculum-style optimi-
zation, where easier or more global objectives are introduced before more targeted refine-
ments [33]. 
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Stage 1: standard MSE-based global-geometry pretraining. 
In Stage 1, the ResNet is trained using the standard MSE loss over the complete out-

put vector, as defined in Equation (5). All geometric coordinates and terminal tension out-
puts are treated with unit weight during this stage. This stage establishes a stable global 
representation of the full catenary configuration before endpoint-prioritized refinement is 
introduced. 

By avoiding output-specific weighting at this stage, the network first learns the cou-
pled 3D geometry and terminal responses without biasing the representation toward a 
single coordinate direction or response quantity. The best checkpoint from this MSE-
based pretraining stage is retained and used to initialize Stage 2. 

Stage 2: endpoint-prioritized fine-tuning. 
In Stage 2, the best MSE-pretrained checkpoint is used as initialization, and the model 

is fine-tuned using endpoint-prioritized loss weighting. Specifically, the fairlead endpoint 
coordinates are assigned a weight of λ_end = 50, while all non-endpoint outputs retain 
unit weights. This corresponds to the practical implementation of endpoint-prioritized 
supervision in the proposed model. 

Because the model already approximates the global catenary geometry after Stage 1, 
endpoint-prioritized fine-tuning acts as a targeted boundary-aware refinement rather 
than the sole driver of representation learning. 

Ablation cases for training sequence and initialization. 
Additional ablation cases isolate the effects of training sequence and initialization. 

Direct endpoint weighting from random initialization tests whether endpoint-focused 
learning is stable without global pretraining. The z-initialized endpoint-prioritized vari-
ant tests whether z-coordinate-weighted pretraining improves or degrades the final end-
point-focused surrogate. These variants are compared with the proposed MSE-pretrained 
endpoint-prioritized model in Section 3. 

The proposed training sequence and the principal ablation pathways are summa-
rized in Figure 3. 

 

Figure 3. Proposed two-stage endpoint-prioritized training strategy and the main ablation variants. 
Green and orange mark the proposed stages, gray the z-initialized ablation, and red unfavorable 
outcomes; solid arrows show the proposed path and dashed arrows the ablations. 

2.6. Optimization Settings 

All models were trained using mini-batch gradient-based optimization with AdamW 
[34]. In Stage 1, the ResNet was trained with standard MSE loss, a learning rate of 5 × 10−4, 
a batch size of 256, and a maximum of 1000 epochs. In Stage 2, the best MSE-pretrained 
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model was fine-tuned with endpoint-prioritized loss using a learning rate of 5 × 10−5 for 
up to 500 epochs. The endpoint weight was λend = 50, while non-endpoint outputs retained 
unit weights. Detailed architecture and training hyperparameters are provided in Tables 
S1 and S2. Formal graphics processing unit (GPU) experiments used Python 3.9.25, 
PyTorch 1.12.0+cu113, and NumPy 1.21.5; the frozen central processing unit (CPU) revi-
sion analyses used Python 3.9.12, PyTorch 2.8.0+cpu, NumPy 2.0.2, SciPy 1.13.1, scikit-
learn 1.6.1, and MoorPy 1.3.0. 

2.7. Evaluation Metrics 

Model performance was evaluated exclusively on the held-out test set. During evalua-
tion, test inputs were normalized using the input scaler fitted on the training set, and the 
network predictions were inverse-transformed to physical units using the corresponding 
train-set output scaler before metric calculation. All reported geometric errors are therefore 
expressed in meters (m), and all terminal tension errors are expressed in Newtons (N). 

The primary geometric metrics were computed using the 41-node three-dimensional 
catenary representation. For the n-th test sample, let 𝐫ො௡,௝ and 𝐫௡,௝ denote the predicted 
and reference position vectors of the j-th node. The nodal Euclidean error is defined as 𝑒௡,௝ = ฮrො௡,௝ − r௡,௝ฮଶ,  𝑗 = 1, … ,41. (10)

The global geometric RMSE and mean absolute error (MAE) are defined as 

RMSEgeo = ට 1
Ntest Nnodes

∑ ∑ en,j
2Nnodes

j=1
Ntest
n=1 , Nnodes = 41, (11)

MAEgeo = 1
Ntest Nnodes

∑ ∑ en,j
Nnodes
j=1

Ntest
n=1 , Nnodes = 41. (12)

The maximum nodal error was defined as the maximum value of 𝑒௡,௝ across all test 
samples and nodes, and the p99 error was defined as the 99th percentile of this nodal-
error distribution. 

Boundary-condition consistency was evaluated using the fairlead endpoint error. 
Since the 41st node corresponds to the fairlead connection, the endpoint error for sample 
n is defined as 𝑒௡,ୣ୬ୢ = 𝑒௡,ସଵ. The endpoint RMSE and subset-wise endpoint maximum 
error are defined as 

RMSEend = ට 1
Ntest

∑ en,41
2Ntest

n=1 ,   𝒆ୣ୬ୢ,୫ୟ୶(𝑺) = max𝒏∈𝑺 𝒆𝒏,ୣ୬ୢ, (13)

where S denotes the corresponding regime, touchdown, or non-touchdown subset. 
Terminal-tension accuracy was evaluated using the mean absolute error over the two 

terminal-tension outputs. Let 𝑇෠௡,௞  and 𝑇௡,௞  denote the predicted and reference terminal 
tensions for the n-th sample, respectively, where k ∈  {top, bottom}. The tension MAE is 
defined as 

MAEten = 1
2Ntest

∑ ∑ |T෡n,k − Tn,k|2
k=1

Ntest
n=1 . (14)

In addition to aggregate test-set metrics, the same evaluation metrics were computed 
for slack, operational, and taut regimes, and separately for touchdown and non-touch-
down samples. These subset evaluations were used to examine whether prediction accu-
racy changes across physical response regimes and seabed-contact conditions. Detailed 
subset metrics are reported in Tables S3 and S4. 

2.8. Additional Revision Analyses and Verification Protocols 

2.8.1. Generator Rejection Audit 

The frozen generator is replayed with identical inputs and acceptance gates; at-
tempts, accepted cases, solver failures, and rejection partitions are recorded without cre-
ating a new dataset. 
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2.8.2. Endpoint-Weight and Architecture-Sensitivity Protocol 

Endpoint-weight and architecture configurations are compared on the frozen split. 
Train-only scaling and validation-only selection are retained, and architecture results are 
treated as robustness evidence rather than a new main-model selection. 

2.8.3. Conventional and Gaussian Process Baselines 

Principal component analysis (PCA) with radial basis function support vector regres-
sion (RBF-SVR), Gaussian process regression, and a sample-matched ResNet are evalu-
ated with explicitly matched or caveated training-set sizes. No best configuration is de-
clared in this protocol description. 

2.8.4. Empirical Ensemble Spread Indicator 

Five global-3D checkpoints are combined to relate cross-seed prediction spread to 
error. The resulting quantity is an empirical ensemble spread indicator, not calibrated un-
certainty or an interval estimate. 

2.8.5. MoorPy Comparison Protocol 

A frozen stratified and boundary-enriched set of cases is reconstructed in MoorPy 
under aligned line properties. Agreement is assessed at software level. No experimental, 
field, or external physical validation is inferred. 

2.8.6. Runtime Benchmarking 

CPU timing is repeated by batch size and separated from GPU timing. Reported 
speed comparisons are hardware-, software-, thread-, and batch-dependent, with solver 
and surrogate timing scopes stated explicitly. 

2.8.7. Expanded Screening Verification 

A fixed candidate set is triaged by the global-3D reference configuration, followed by 
stratified and boundary-enriched conventional-solver checks. Surrogate screening does 
not replace solver verification. 

3. Results 
3.1. Reference-Data Consistency and Generator Rejection Audit 

Because the surrogate is trained on solver-generated static catenary solutions rather 
than direct experimental measurements, the credibility of the reference dataset must be 
assessed before model comparison. This section examines whether the generated samples 
are numerically consistent, physically admissible, and reproducible by an independent 
quasi-static implementation. Two validation levels are used. Internal checks examine ten-
sion ranges, regime coverage, touchdown behavior, geometric admissibility, arc-length 
consistency, endpoint closure, and representative catenary shapes. Software-level cross-
validation against MoorPy is then conducted under aligned physical settings. This soft-
ware-level cross-validation does not constitute experimental, field, or external physical 
validation. These checks establish the credibility of the reference targets used for super-
vised learning; surrogate predictive performance is evaluated separately in the model-
comparison results. 

Internal physical consistency checks. 
The exact frozen-dataset replay required 10,380 attempts for 10,000 accepted cases 

and recorded 380 solver failures (3.6609%). The accepted dataset remains unchanged; the 
audit also motivates caution that solver rejection may underrepresent difficult boundary 
states. 
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The generated reference dataset was first examined through internal physical con-
sistency checks. Across the 10,000 accepted samples, the top tension ranges from 3062.1 
kN to 5495.5 kN with a mean value of 3675.8 kN, whereas the bottom tension ranges from 
0.0 kN to 2400.7 kN with a mean value of 595.7 kN. No negative-tension artifacts are ob-
served in the retained dataset. The key tension statistics are summarized in Table 3. 

The final dataset preserves the prescribed stratified regime distribution, with 3000 
slack, 4000 operational, and 3000 taut samples. Touchdown behavior is physically consistent 
with the intended regime transition: all slack samples show touchdown, most operational 
samples show touchdown, and only a minority of taut samples show touchdown. 

Geometric admissibility and endpoint closure were also verified. The reconstructed 
polyline length has a mean discrepancy of 0.5274 m and a mean relative discrepancy of 
0.051% relative to total line length, mainly due to finite-node discretization of curved ca-
tenary profiles. All accepted samples satisfy the 0.1 m endpoint quality gate, and endpoint 
errors are zero to the reported precision. The regime and touchdown distributions are 
shown in Figure 4. Full tension distributions, numerical consistency checks, and repre-
sentative reference profiles are provided in Figures S1–S3. 

Table 3. Key tension statistics of the validated reference dataset. 

Quantity Range Mean 
Top tension 3062.1–5495.5 kN 3675.8 kN 
Bottom tension 0.0–2400.7 kN 595.7 kN 

 

Figure 4. Operating-space and touchdown distributions for the 10,000 validated samples. (a) Regime 
distribution. (b) Geometric display classification using at least two non-anchor nodes within 0.1 m 
of the seabed (6270 touchdown; 3730 suspended). Solver metadata records 7195 touchdown cases 
under a different definition. 

3.2. MoorPy Software-Level Cross-Validation 

Software-level cross-validation against MoorPy was expanded to 1000 requested 
cases under aligned physical settings; all 1000 solved successfully, and none failed. The 
comparison evaluates agreement among independent quasi-static implementations and 
the surrogate. This software-level cross-validation does not constitute experimental, field, 
or external physical validation. MoorPy is cited as the independent software implemen-
tation [28,35]; related mooring-model validation literature is retained only as background 
and is not evidence of experimental, field, or external physical validation for this study. 
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Across the successful cases, the internal-solver/MoorPy geometry RMSE was 0.845 
m, and the surrogate/MoorPy geometry RMSE was 1.288 m. The corresponding endpoint 
discrepancies were 0.000155 m and 0.671 m. These aggregate results support software-
level consistency while preserving differences between reference-solver agreement and 
surrogate prediction error. 

The aggregate software-level comparisons are summarized in Table 4. 

Table 4. MoorPy aggregate software-level comparison. 

Comparison Geometry RMSE (m) Endpoint Error (m) Status 
Internal solver/MoorPy 0.845 0.000155 1000/1000 successful 
Global-3D surrogate/MoorPy 1.288 0.671 same aligned cases 

Regime- and touchdown-resolved comparisons are provided in the Supplementary 
Materials. The evidence remains bounded to the aligned, single-line quasi-static model 
and cannot establish physical validation. 

3.3. Global-3D Reference Performance and Training Hierarchy 

Building on the validated reference dataset, this section assesses whether the surro-
gate provides useful engineering accuracy for repeated static mooring-line evaluation. Ta-
ble 5 reports the broad fixed-seed comparison, including architecture baselines, direct 
weighted-loss variants, two-stage variants, and the proposed model. Table 6 reports the 
five-seed stability assessment for the main ResNet-based variants. 

Under identical MSE supervision, replacing the MLP with a ResNet improves full-
line geometry, endpoint accuracy, and tension prediction. The MLP + MSE baseline gives 
an overall RMSE of 1.829 m and endpoint RMSE of 2.782 m, whereas the ResNet + MSE 
baseline reduces these values to 1.184 m and 1.692 m, respectively. 

Among all fixed-seed variants, the proposed MSE-pretrained endpoint-prioritized 
model provides the best overall balance, with RMSE = 0.940 m, endpoint RMSE = 0.779 m, 
and tension MAE = 2296.1 N. The five-seed results show the same performance hierarchy, 
indicating that the improvement is not an artifact of a single random initialization. 

Table 5. Comprehensive fixed-seed performance comparison across all model variants on the test set. 

Model RMSE (m) MAE (m) Max (m) p99 (m) End RMSE (m) Tension MAE (N) 
MLP + MSE 1.829 1.488 9.918 4.907 2.782 5824.7 
MLP + z 3.777 3.068 26.269 9.651 6.068 9909.4 
ResNet + MSE 1.184 0.931 10.675 3.328 1.692 2785.9 
ResNet + z 2.062 1.630 19.901 5.740 2.595 4765.8 
Direct endpoint-weighted variant 9.464 7.756 54.536 26.092 2.737 82,045.4 
Z-initialized endpoint-prioritized variant 1.259 0.993 14.244 3.581 0.829 2884.0 
Full multitask variant 1.303 1.031 11.685 3.577 1.192 2984.1 
Proposed 0.940 0.739 10.606 2.675 0.779 2296.1 

For clarity, reference tension magnitudes are reported in kN during reference-data 
validation, whereas prediction errors are reported in N to preserve resolution for model 
comparison. 

Table 6. Five-seed stability assessment of the main ResNet-based variants. 

Model RMSE (m) End RMSE (m) Tension MAE (N) 
ResNet + MSE 1.085 ± 0.071 1.401 ± 0.127 2569.8 ± 240.1 
Proposed 0.947 ± 0.074 0.904 ± 0.176 2340.8 ± 235.6 
Z-initialized endpoint-prioritized variant 1.375 ± 0.093 1.119 ± 0.111 3194.1 ± 308.2 
Full multitask variant 1.210 ± 0.086 1.112 ± 0.079 2843.1 ± 355.7 
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3.4. Axisymmetry-Informed Radial Plane Accuracy Comparison 

The radial plane and global-3D configurations use the same frozen dataset and split, 
seed 42, train-only scaling, and validation-only selection; the test set was not used to rese-
lect either configuration. 

The seed-42 global-3D and radial-plane accuracy comparison is reported in Table 7. 

Table 7. Global-3D and radial plane seed-42 accuracy comparison. 

Metric Global-3D Reference Radial Plane 
Geometry RMSE (m) 0.940 0.360 
Geometry MAE (m) 0.739 0.257 
Endpoint RMSE (m) 0.779 0.344 
Tension MAE (N) 2296.1 1641.8 

Relative to the global-3D reference, the radial plane configuration reduces geometry 
RMSE by 61.7%, endpoint RMSE by 55.9%, and tension MAE by 28.5% from the un-
rounded authority values. It is therefore the preferred accuracy configuration within the 
frozen seed-42 scope. 

The global-3D reference configuration remains the evidence base for sensitivity, en-
semble spread, runtime, and screening analyses. No radial runtime advantage, calibrated 
uncertainty, cross-seed robustness, or transfer beyond the single-depth fixed-property 
synthetic quasi-static problem is inferred. 

3.5. Endpoint Weight and Architecture Sensitivity 

Direct z-coordinate weighting degrades performance for both architectures. For the 
MLP, RMSE increases from 1.829 m to 3.777 m; for the ResNet, RMSE increases from 1.184 
m to 2.062 m. This result supports treating the catenary response as a coupled 3D equilib-
rium problem rather than optimized through a single coordinate direction. 

The endpoint-prioritized strategy gives the best balance among the tested weighting 
schemes. Direct endpoint weighting from random initialization performs poorly, which 
means endpoint emphasis should not dominate before the model has learned the global cate-
nary shape. Once MSE pretraining provides a stable representation, endpoint-prioritized fine-
tuning improves boundary-sensitive prediction without degrading the full geometry. 

The endpoint-weight sweep tested λ_end values 0, 1, 10, 25, 50, and 100. λ_end = 50 
gave the lowest positive-weight validation endpoint RMSE (0.806 m) and was selected with-
out test-set reselection. Architecture sensitivity across 256-, 512-, and 1024-wide networks 
and two, four, or six residual blocks shows that the training behavior is not confined to one 
architecture; these runs are robustness analysis rather than a new main-model selection. 

The endpoint-weight and architecture-sensitivity results are summarized in Table 8. 

Table 8. Endpoint-weight and architecture sensitivity highlights. 

Analysis Configuration Validation Evidence Interpretation 
Endpoint weight λ_end = 50 endpoint RMSE 0.806 m validation-only selection 
Architecture 1024 × 4 geometry RMSE 1.075 m robustness evidence 
Architecture 512 × 2 endpoint RMSE 0.993 m cost/accuracy evidence 

The full multitask variant, which combines z-coordinate, endpoint, and tension 
weighting, also underperforms the proposed method. Adding more physically meaningful 
weighted terms therefore does not automatically improve a structured surrogate. This be-
havior is consistent with multitask learning studies in which competing objectives can lead 
to suboptimal convergence under simple weighted aggregation [36–38]. Here, selective end-
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point prioritization is more effective than broad fixed weight aggregation of partially com-
peting objectives. The overall ablation trends are summarized quantitatively in Table 5. 

3.6. Hard Endpoint Clamping Versus Endpoint-Prioritized Fine-Tuning 

Hard endpoint clamping was evaluated to distinguish exact endpoint closure from 
learned boundary-aware representation. In this diagnostic baseline, the predicted fairlead 
endpoint coordinates were replaced after inference by the prescribed fairlead coordinates, 
while all other nodal coordinates and terminal tension predictions were left unchanged. 
No retraining was involved. 

The hard endpoint-clamping comparison is reported in Table 9. 

Table 9. Hard endpoint-clamping comparison between post-processed endpoint closure and end-
point-prioritized learning. 

Model RMSE (m) MAE (m) Max (m) p99 (m) End RMSE (m) Tension MAE (N) 
ResNet + MSE 1.184 0.931 10.675 3.328 1.692 2785.9 
ResNet + MSE + endpoint clamping 1.154 0.895 10.675 3.289 0.000 2785.9 
Proposed endpoint-prioritized 0.940 0.739 10.606 2.675 0.779 2296.1 
Proposed + endpoint clamping 0.932 0.722 10.606 2.674 0.000 2296.1 

3.7. Regime-Wise and Touchdown-Dependent Performance 

The proposed model remains accurate across slack, operational, and taut regimes, as 
well as across touchdown and non-touchdown configurations. On the held-out test set, 
the RMSE and tension MAE are 1.126 m and 1887.8 N for slack samples (n = 300), 0.850 m 
and 2027.3 N for operational samples (n = 400), and 0.847 m and 3062.6 N for taut samples 
(n = 300). For touchdown and non-touchdown subsets, the corresponding RMSE values 
are 0.975 m and 0.841 m, with tension MAE values of 2012.7 N and 3035.5 N, respectively. 
Detailed subset metrics are provided in Tables S3 and S4. 

The slack regime is the most challenging for geometry reconstruction because it in-
volves stronger seabed interaction and local transitions near touchdown or lift-off. In con-
trast, the taut regime shows the largest tension MAE, which points to mechanically 
stretched configurations being more sensitive to small geometric deviations. A similar ge-
ometry-tension trade-off is observed between touchdown and non-touchdown subsets: 
touchdown cases are more difficult in terms of geometry, whereas non-touchdown cases 
show larger tension errors. 

Poor-case analysis shows that top-tension relative MAE is 0.0631%, while 14 bottom-
tension predictions are negative only near a zero reference value. Clipping those predic-
tions to zero is reported as a diagnostic and is not applied to the primary metrics. The 
hardest geometric cases cluster near regime and touchdown boundaries, so error distri-
butions and worst cases remain necessary alongside aggregate metrics. 

The held-out error distributions and the ten largest per-case geometry RMSE values 
are shown in Figure 5. 
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Figure 5. Error distributions and the ten largest per-case geometry RMSE values for the frozen 
global-3D seed-42 test set (n = 1000). The upper block shows geometry, endpoint, and terminal-
tension error distributions; the lower block ranks the ten worst geometry cases. Per-case geometry 
RMSE is distinct from the global maximum nodal error. 

3.8. Representative Line-Shape Predictions 

Representative stored line-shape comparisons are shown for slack, operational, and 
taut configurations. The historical node-level source bundle and original case-selection 
record were unavailable; therefore, no claim is made that the original selection procedure 
was reproduced. Figure 6 shows the stored slack, operational, and taut profiles. 
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Figure 6. Representative stored line-shape comparisons on the held-out test set for slack, operational, 
and taut configurations. 

3.9. Classical and Gaussian-Process Surrogate Baselines 

Classical baselines were extended beyond the original PCA regressors. PCA RBF-
SVR (PCA-50, C = 100, gamma = 0.1, epsilon = 0.01) produced test geometry RMSE of 
10.094 m, endpoint RMSE of 2.032 m, and tension MAE of 50,173.0 N. The Gaussian pro-
cess regression (GPR) regressors used 2000 matched training IDs and achieved test geom-
etry RMSE of 0.820 m, endpoint RMSE of 0.263 m, and tension MAE of 6224.2 N; the Res-
Net trained on the same 2000 IDs achieved 2.477 m, 2.300 m, and 7421.6 N, respectively. 
However, the PCA basis used by GPR was fitted on all 8000 frozen training outputs, so 
this was not a fully self-contained 2000-sample pipeline. The full-data global-3D ResNet 
is background only, not an equal-size comparator. CPU/GPU fit, inference, and memory 
measurements are descriptive rather than a direct hardware-matched resource compari-
son. Table 10 summarizes these baselines. 

Table 10. Classical, Gaussian-process, and matched neural baselines. 

Model Training n Geometry RMSE (m) Endpoint RMSE (m) Tension MAE (N) 
PCA RBF-SVR 8000 10.094 2.032 50,173.0 
GPR 2000 0.820 0.263 6224.2 
Matched ResNet 2000 2.477 2.300 7421.6 
Global-3D reference full data 0.940 0.779 2296.1 

3.10. Empirical Ensemble Spread Indicator and Poor-Case Analysis 

Five global-3D checkpoints with seeds 13, 21, 42, 84, and 168 were averaged. The 
ensemble geometry RMSE was 0.588 m, endpoint RMSE was 0.405 m, and tension MAE 
was 1628.2 N. Cross-seed spread correlated with geometry error (Spearman’s ρ = 0.701), 
but correlations were weak for endpoint error (0.177) and tension error (0.242). 

Deferring the highest-spread geometry cases reduced accepted-set risk from 0.410 m 
at full coverage to 0.361 m at 80% coverage. This supports geometry risk ranking only; it 
is an empirical ensemble spread indicator, not calibrated uncertainty, a confidence inter-
val, or a prediction interval. 

The ensemble aggregate metrics and spread–error correlations are summarized in 
Table 11. 

Table 11. Global-3D ensemble aggregate and spread error correlations. 

Quantity Value 
Ensemble geometry RMSE (m) 0.588 
Ensemble endpoint RMSE (m) 0.405 
Ensemble tension MAE (N) 1628.2 
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Geometry Spearman’s ρ 0.701 
Endpoint Spearman’s ρ 0.177 
Tension Spearman’s ρ 0.242 

3.11. Batch-Dependent Computational Efficiency 

Runtime was evaluated separately for repeated CPU batches and single-sample GPU 
execution. On the audited CPU, batch-1 end-to-end inference required 0.9596 ms, com-
pared with 0.7715 ms for the repeated reference solver, so no single-query speed ad-
vantage was observed. At batch 1000, the surrogate required 25.909 ms in total (0.02591 
ms per sample), corresponding to a same-machine throughput speed-up of 29.78×. These 
values are hardware-, software-, thread-, and batch-dependent. 

The CPU measurements are summarized in Table 12, and the RTX 2060 batch-1 meas-
urements are reported separately in Table 13. 

Table 12. CPU runtime by batch scope. 

Scope Total (ms) Per Sample (ms) Relative to Solver 
Reference solver repeated median 0.7715 0.7715 1.00 

Surrogate batch 1 end-to-end 0.9596 0.9596 no advantage 
Surrogate batch 1000 end-to-end 25.909 0.02591 29.78× throughput 

Table 13. RTX 2060 single-sample runtime. 

Scope Time (ms) Boundary 
Pure inference 1.0247 batch 1 
End-to-end 1.1582 batch 1; separately reported 

3.12. Expanded Preliminary Static Screening Verification 

Expanded preliminary static screening evaluated 10,000 candidates with the global-
3D reference configuration. The surrogate classified 6099 as feasible. A stratified and 
boundary-enriched sequence attempted 59 conventional-solver checks: 40 resolved and 
19 remained unresolved solver failures. 

Among the 40 resolved checks, the confusion matrix comprised true positives (TP = 
20), true negatives (TN = 12), false positives (FP = 0), and false negatives (FN = 8). The checks 
are not a random prevalence sample, the criteria are illustrative rather than code require-
ments, and surrogate triage does not replace conventional solver or dynamic verification. 

The screening counts are summarized in Table 14, and the corresponding candidate 
map is shown in Figure 7. 

Table 14. Expanded screening flow and resolved confusion matrix. 

Quantity Count 
Candidates 10,000 
Surrogate-feasible 6099 
Solver attempts 59 
Resolved/unresolved 40/19 
TP/TN/FP/FN 20/12/0/8 
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Figure 7. Preliminary static design-screening map predicted by the proposed surrogate. The color 
denotes predicted top tension, and the outlined markers indicate candidates satisfying the illustra-
tive feasibility criteria. 

4. Discussion 
4.1. Training Hierarchy and Representation Roles 

Endpoint-prioritized two-stage training is the method spine: global MSE pretraining 
establishes a coupled representation before endpoint emphasis is introduced. The lambda 
and architecture analyses show why endpoint weighting must be interpreted together with 
training order and validation-only selection, rather than as a universal static coefficient. 

4.2. Radial Accuracy and Global-3D Evidence Boundaries 

The axisymmetry-informed radial-plane representation enhancement substantially 
improves seed-42 accuracy by removing redundant azimuthal variation in the bounded 
single-line problem. This does not transfer the global-3D evidence for sensitivity, ensem-
ble spread, runtime, or screening to the radial configuration, nor does it establish cross-
seed robustness. 

4.3. Verification, Spread, and Poor-Case Interpretation 

Software-level cross-validation against MoorPy supports implementation con-
sistency. This software-level cross-validation does not constitute experimental, field, or 
external physical validation. The empirical ensemble spread indicator is informative for 
geometry risk ranking, while weak endpoint and tension correlations preclude a cali-
brated uncertainty interpretation. Near-zero negative tension predictions and boundary-
associated poor cases further motivate solver checks. 

The GPR regressors used 2000 matched training IDs, but the PCA basis was fitted on 
all 8000 frozen training outputs, so this was not a fully self-contained 2000-sample pipe-
line. The full-data global-3D ResNet is background only, and CPU/GPU fit, inference, and 
memory measurements are descriptive rather than a direct hardware-matched resource 
comparison. 
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4.4. Batch-Dependent Screening Utility 

The practical runtime benefit is a batched-throughput result, not a universal single-
query acceleration: CPU batch 1 showed no advantage, whereas batch 1000 supported 
faster repeated evaluation on the same machine. The screening demonstration is therefore 
a preliminary triage workflow whose unresolved cases and false negatives require con-
ventional verification. 

4.5. Scope Limitations and Next Steps 

The evidence is synthetic and quasi-static, with one water depth, fixed line proper-
ties, one line, and no vessel dynamics, hydrodynamic forcing, multiline coupling, fatigue, 
experimental observations, or field data. Future work should separate training and test 
ranges across depths and properties, assess radial representations across seeds, calibrate 
uncertainty only with an appropriate protocol, and validate final designs with established 
solvers and physical evidence. 

5. Conclusions 
1. Endpoint-prioritized two-stage training provides the methodological contribution: 

global MSE pretraining precedes boundary-focused refinement, and selection re-
mains validation-only. 

2. The axisymmetry-informed radial plane representation is the preferred accuracy con-
figuration within the frozen seed-42 scope, with 0.360 m geometry RMSE, 0.344 m 
endpoint RMSE, and 1641.8 N tension MAE; global-3D retains the broader evidence 
assignments. 

3. Software-level cross-validation against MoorPy solved 1000 of 1000 requested cases 
and supports implementation agreement. It does not constitute experimental, field, 
or external physical validation. 

4. Runtime benefit is batch-dependent: CPU batch 1 showed no advantage, while CPU 
batch 1000 delivered a 29.78× same-machine throughput speed-up. 

5. Expanded screening produced TP = 20, TN = 12, FP = 0, and FN = 8 among 40 resolved 
checks, with 19 unresolved solver failures; preliminary surrogate triage therefore re-
quires conventional verification. 

6. All findings are limited to single-depth, fixed line property, single-line synthetic 
quasi-static data. Dynamic, multiline, cross-property, calibrated uncertainty, and 
physical validation remain future work. 
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static design-screening map and checked using the reference static solver; Table S9: Frozen genera-
tor rejection audit; Table S10: Complete endpoint-weight sweep (seed 42); Table S11: Complete ar-
chitecture sensitivity (seed 42); Table S12: Radial transform and seed-42 aggregate metrics; Table 
S13: PCA RBF-SVR, GPR, and matched-ResNet details; Table S14: Global-3D ensemble spread-error 
correlations; Table S15: Geometry risk coverage from the empirical ensemble-spread indicator; Ta-
ble S16: CPU runtime details; Table S17: RTX 2060 runtime details; Table S18: Expanded screening 
criteria and flow; Table S19: Screening confusion matrix and unresolved failures. 
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