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ABSTRACT 

Background. Sheet metal bending is a key manufacturing operation in which springback 
— the partial elastic recovery of the workpiece after unloading — causes deviations from 
the target geometry and must be predicted accurately. Repeated finite element simulations 
are computationally expensive for wide parametric studies, motivating fast surrogate 
models. This work compares surrogate modeling approaches for elastic-plastic sheet 
bending and evaluates the diagnostic value of a physics consistency check for detecting 
physically implausible neural surrogates, independently of whether physics regularization 
improves raw predictive accuracy. 

Methods. A dataset of 39 568 finite element simulations was generated in COMSOL 
Multiphysics 6.2 by varying sheet thickness, punch displacement, and Young’s modulus of 
a 6111-T4 aluminum alloy blank. Five classical surrogate methods and three neural network 
models (a pure data-driven baseline, a Hollomon-regularized model with correct parameters, 
and a control model with intentionally incorrect parameters) were compared over 5 random 
data splits. A sensitivity sweep varied the control model's hardening exponent between the 
true and the incorrect value to test how sharply the diagnostic responds. 

Results. Classical non-parametric methods slightly outperform the neural surrogates on 
the dense smooth parameter grid: the random forest achieves a coefficient of determination 
of R² > 0.9999, compared to R² ≈ 0.999 for the neural models. Differences in raw accuracy 
among the three neural models are statistically detectable across seeds (paired t-test) but 
tiny in magnitude (ΔR² < 0.1 percentage point). The physics consistency metric, in contrast, 
separates the models by orders of magnitude: R² = 0.999 for the correct model versus R² ≈ 
−2.9 for the incorrect one. The sensitivity sweep reveals a sharp threshold rather than 
gradual degradation: consistency remains near-perfect while the hardening exponent error 
stays small, then collapses once the exponent deviates substantially from its true value. 

Conclusion. Standard accuracy metrics are insufficient to detect physically inconsistent 
neural surrogates, and the underlying diagnostic signal is thresholded rather than gradual. 
The physics consistency metric provides an independent diagnostic criterion that 
complements standard accuracy measures. 

Keywords: physics-regularized neural networks; surrogate modeling; sheet metal 
bending; springback; Hollomon hardening law; random forest. 
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1. INTRODUCTION 

Sheet metal forming is one of the key technological operations in mechanical 
engineering, aerospace, and automotive manufacturing. A major difficulty in sheet bending 
is springback, i.e., the partial elastic recovery of the workpiece after the punch is retracted. 
Springback causes deviations between the desired and the obtained geometry and 
therefore requires accurate prediction during process design. The finite element method 
(FEM) is the standard numerical tool for such problems [1, 2], but repeated FEM 
simulations become computationally expensive when a wide range of technological or 
material parameters must be investigated. 

1.1. Surrogate models for metal forming 
Surrogate and data-driven models for metal forming have been studied extensively. 

Early work used response surface methods and kriging [5, 6]. Neural networks were applied 
to springback prediction in V-bending [7] and air bending [8]. More recent work has 
employed Gaussian process regression, support vector machines, and ensemble methods 
for forming process optimization [9]. Machine learning methods have also been applied to 
fracture mechanics [10]. A comparative study of surrogate methods for sheet forming was 
presented in [11]. More recently, a machine learning-driven stress integration method was 
developed for anisotropic plasticity in sheet metal forming [21], and comparative studies of 
ANN and PINN approaches for sheet metal forming continue to appear [23]. 

Physics-informed and physics-regularized machine learning methods [3, 4] provide a 
way to embed physical knowledge into data-driven models. PINNs applied to 
elastoplasticity [12] and neural operator methods for multiscale inelastic problems [13], as 
well as physics-informed modeling of finite-strain plasticity [22], represent one direction. An 
alternative uses soft physics-based regularization terms without requiring the full PDE 
residual [14, 15]. The Hollomon hardening law has been incorporated into neural networks 
for material parameter identification [16] and stress prediction under cyclic loading [17]. 

1.2. Contribution of the present work 
The present paper makes two contributions, both evaluated with multi-seed statistical 

support. First, it introduces a fake-physics control experiment as a diagnostic tool: a model 
with incorrect Hollomon parameters is trained alongside the physically consistent model, 
showing that standard accuracy metrics (coefficient of determination, R², and mean 
absolute error, MAE) cannot reliably detect physically inconsistent models, while a physics 
consistency metric separates them by orders of magnitude; a sensitivity sweep further 
shows that this diagnostic signal is thresholded rather than gradual. Second, it provides a 
systematic comparison of neural surrogate models against classical non-parametric 
methods (RBF interpolation, random forest, polynomial regression) on a benchmark sheet 
bending problem, showing that classical methods remain more accurate on this smooth 
three-parameter problem — so the value of the proposed model lies in its diagnostic 
behavior rather than in a raw predictive advantage. 

2. MATERIALS AND METHODS 

2.1. Problem formulation 
The problem is a 2D plane-strain cross-section of a sheet metal bending process. The 

input vector is defined as: 

 𝐱 = (𝑡, 𝛿, 𝐸)𝑇 ∈ ℝ3, (1) 

where: 

• 𝑡 is sheet thickness (mm); 

• 𝛿 is maximum punch displacement (mm); 
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• 𝐸 is Young’s modulus (GPa). 

The output vector is defined as: 

 𝐲 = (𝜎𝑚𝑎𝑥, 𝑢𝑚𝑎𝑥, 𝜃)
𝑇 ∈  ℝ3, (2) 

where: 

• 𝜎𝑚𝑎𝑥 is maximum von Mises stress (Pa); 

• 𝑢𝑚𝑎𝑥 is maximum displacement (m); 

• θ is final bending angle after springback (° – deg). 

2.2. FEM model for data generation 
FEM simulations were performed in COMSOL Multiphysics 6.2 (Solid Mechanics 

module) using the benchmark sheet metal forming configuration [20], automated via a 
MATLAB script through the COMSOL LiveLink interface. The geometry is a 2D cross-

section exploiting bilateral symmetry: a deformable sheet (L = 60 mm, w = 30 mm), a rigid 

punch (R₁ = 23.5 mm), and a rigid die (R₂ = 25 mm, shoulder R₃ = 4 mm, width 50 mm). 

The blank is a 6111-T4 aluminum alloy with E0 = 70.5 GPa, ν = 0.34, ρ = 2700 kg/m³, 

σ0 = 194 MPa. Young’s modulus E is varied as an input. Plastic hardening follows the 

Hollomon power law: 

 𝜎𝑒𝑞 = 𝐾 · 𝜀𝑛𝑝,    𝐾 > 0,    𝑛 > 0, (3) 

with 𝐾 = 550.4 MPa and 𝑛 = 0.223 for the reference alloy. Friction coefficient μ = 0.1342; 

contact enforced with the augmented Lagrangian method [19]. The contact non-penetration 
conditions are: 

 𝑔𝑛 ≥ 0,  𝜎𝑛 ≤ 0,  𝑔𝑛𝜎𝑛 = 0;  |𝜏| ≤ 𝜇|𝜎𝑛|. (4) 

These equations govern only the FEM simulations and are not imposed as residuals in 
the neural network loss. 

2.3. Dataset construction 
The dataset was assembled from multiple simulation runs with parameter ranges:  

𝑡 ∈ [0.45,  1.50] mm, δ ∈ [18.0, 28.5] mm, E ∈ [55.5, 175.5] GPa. The FEM solver 

advances the punch displacement through a monotonic arc-length continuation parameter; 
a run is retained only if this parameter reaches at least 0.95 of its target value, confirming 
that the solver tracked the loading path to (near-)completion without losing convergence. 
Runs that stalled below this threshold, typically for extreme parameter combinations that 
induce severe contact/plasticity nonlinearity, were discarded as non-converged rather than 

kept as unreliable partial solutions. The retained dataset contains N = 39 568 samples, all 

with von Mises stress above σ₀ = 194 MPa. The dataset is divided into 

training / validation / test (80% / 10% / 10%: 31 654 / 3 957 / 3 957 samples). Variables are 
standardized using statistics computed only on the training subset. 

The raw von Mises stress exported via COMSOL LiveLink for MATLAB was rescaled 
by a fixed multiplicative factor to express MaxVonMises in SI Pascals, consistent with the 

units used for the Hollomon hardening parameters (K = 550.4 MPa) throughout the 

pipeline. This scaling was applied uniformly to the entire dataset before any 
train/validation/test split and before computing any of the standardization statistics above; 
it therefore does not affect relative comparisons (R², MAE, physics consistency) between 
surrogate models, only the absolute stress scale reported. 
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The Young’s modulus range intentionally extends well beyond the physically realistic 

range for 6111-T4 aluminum (E₀ = 70.5 GPa) and partly overlaps typical values for steel. 

This was a deliberate choice to probe the surrogate’s response surface over a wide input 
range, rather than to represent a physically realistic material variation; the corresponding 
predictions should be read as a numerical sensitivity study of the input–output map, not as 
material-specific forecasts outside the aluminum alloy’s true elastic range. 

2.4. Surrogate methods 
Classical baselines. Five classical methods are evaluated: 
1. Linear regression (multi-output OLS). 
2. Polynomial regression of degree 2 (scikit-learn Pipeline). 
3. Polynomial regression of degree 3 (scikit-learn Pipeline). 
4. RBF interpolation — thin-plate spline (scipy RBFInterpolator, smoothing 10−3), 

analogous to kriging. 
5. Random forest — 300 regression trees (scikit-learn RandomForestRegressor). 
 

Neural network baseline (Pure ML). Two hidden layers of 64 neurons, Swish 
activation, dropout 0.1, L2 regularization 10−4. Training: Adam (lr = 5×10−4), batch 64, early 
stopping (patience 15), max 120 epochs. 

Soft Hollomon-regularized model. Augments the network with a latent output 𝜀 𝑝 

(softplus-constrained). The total loss is: 

 ℒtotal = ℒdata + λphysℒphys + αℒbound + β‖Θ‖2, (5) 

where ℒphys penalizes the discrepancy between 𝜎̂𝑚𝑎𝑥 and Hollomon stress  

𝜎𝐻 = 𝐾(𝜀 𝑝 + 𝜀)𝑛, normalized by sσ. Penalty ℒbound keeps 𝜀 𝑝 ∈ [εmin, εmax]=[10−5, 0.05]. 

λphys annealed from 0 to 0.5; α = 10, β  = 10−4. Training: 25 pretraining + 80 physics-

regularized epochs. Stress rescaled for numerical stability; 𝜀 𝑝 is a numerically effective 

parameter, not the physical plastic strain. 

The latent output 𝜀 𝑝 is produced by a separate one-unit dense head with a softplus 

activation; this head shares the same two-layer trunk and the same input vector x as the 

three main output heads and receives no additional information.  
The physics consistency metrics reported in Section 3.2 are defined as: 

 𝑃ℎ𝑦𝑠𝑖𝑐𝑠 𝑀𝐴𝐸 =
1

𝑁
∑|𝜎𝐻,𝑖 − 𝜎̂𝑚𝑎𝑥,𝑖|

𝑖

, (6) 

 𝑃ℎ𝑦𝑠𝑖𝑐𝑠 𝑅2 = 1 −∑(𝜎𝐻,𝑖 − 𝜎̂𝑚𝑎𝑥,𝑖)
2

𝑖

∑(𝜎𝐻,𝑖 − 𝜎̅𝐻)
2

𝑖

⁄ , (7) 

 𝑅𝑒𝑙. 𝑒𝑟𝑟𝑜𝑟 =
1

𝑁
∑ |𝜎̂𝑚𝑎𝑥,𝑖 − 𝜎̂𝐻,𝑖|
𝑖

(𝜎𝐻,𝑖 + 𝜀)⁄ , (8) 

where 𝜎̅𝐻 is the mean of 𝜎𝐻 over the test set and ε = 10⁻⁶ avoids division by zero. All three 

compare the network’s predicted stress 𝜎̂𝑚𝑎𝑥 against the Hollomon stress  

𝜎𝐻 = 𝐾(𝜀 𝑝 + 𝜀)𝑛 implied by its own latent strain, over the N test-set samples. 
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Fake Hollomon control. Same as above but nfake = 0.8 instead of n = 0.223 (K 

retained). Tests whether an inconsistent physical constraint degrades predictive accuracy. 
Implementation. TensorFlow 2.x, Google Colaboratory (GPU); scikit-learn 1.8, scipy 

1.17. Unless noted otherwise, the values shown are the mean over 5 independent random 
data splits (seeds 42, 123, 2024, 7, 2025); the training-fraction sensitivity (Table 4) and the 
fake-physics sensitivity sweep (Section 3.3) average over 3 of these seeds (42, 123, 2024), 
and all other single-model results use seed 42. 

3. RESULTS AND DISCUSSION 

3.1. Comparison of all surrogate methods 
Table 1 reports R² values and bending angle MAE for all methods, averaged over 5 

seeds (𝑁 = 3 957 per split). Table 2 shows MAE for all three outputs. RBF and random 

forest substantially outperform the neural models. The random forest attains R² > 0.9999 
with angle MAE = 0.001°, compared to 0.273–0.289° for the neural models. The RBF 
interpolant achieves R² = 0.9999, angle MAE = 0.073°. Neural models match or slightly 
exceed polynomial regression of degree 2 and 3, confirming that the neural surrogate is a 
reasonable choice in higher-dimensional settings but does not outperform well-chosen non-
parametric baselines on this three-parameter smooth problem. 

Table 1. Test R² and bending angle MAE (𝑵 = 𝟑 𝟗𝟓𝟕, 10% split) 

Method σmax R² umax R² θ R² θ MAE (°) 

Linear regression 0.9982 0.9884 0.9978 0.598 

Polynomial (deg. 2) 0.9992 0.9990 0.9994 0.301 

Polynomial (deg. 3) 0.9993 0.9994 0.9997 0.222 

RBF (thin-plate spline) 1.0000 0.9999 0.9999 0.073 

Random forest (300 trees) 1.0000 1.0000 1.0000 0.001 

Neural net (Pure ML) 0.9991 0.9992 0.9995 0.281 

+ Hollomon (true K, n) 0.9990 0.9993 0.9995 0.273 

+ Hollomon (fake n = 0.8) 0.9987 0.9992 0.9995 0.289 

 

Table 2. Mean absolute errors (MAE) for all surrogate methods on the test set 

Method σmax MAE (Pa) umax MAE (m) θ MAE (°) 

Linear regression 1.44×10⁶ 2.50×10⁻⁴ 0.598 

Polynomial (deg. 2) 6.42×10⁵ 6.88×10⁻⁵ 0.301 

Polynomial (deg. 3) 6.16×10⁵ 5.26×10⁻⁵ 0.222 

RBF (thin-plate spline) 4.34×10⁴ 1.49×10⁻⁵ 0.073 

Random forest (300 trees) 4.25×10³ 2.39×10⁻⁷ 0.001 

Neural net (Pure ML) 7.59×10⁵ 6.45×10⁻⁵ 0.281 

+ Hollomon (true K, n) 8.61×10⁵ 5.95×10⁻⁵ 0.273 

+ Hollomon (fake n = 0.8) 1.00×10⁶ 6.52×10⁻⁵ 0.289 
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3.2. Physical consistency 
Although all three neural models achieve comparable predictive accuracy, they differ 

substantially in physical consistency. Table 3 compares the predicted stress 𝜎 max with the 

Hollomon stress 𝜎𝐻 computed from the latent output. To test how sharply this diagnostic 

responds to the degree of physical inconsistency, the control model was retrained with the 

hardening exponent n swept between the true value (0.223) and the fake value (0.8), on 3 

seeds per value. 

Table 3. Physical consistency vs. hardening exponent n used in the control model 
(mean ± std over 3 seeds: 42, 123, 2024). True value n = 0.223; fake control n = 0.8 

Hollomon exponent n Physics MAE (Pa) 𝑃ℎ𝑦𝑠𝑖𝑐𝑠 𝑅2 Rel. error 

n = 0.223 (true) 1.43×10⁶ ± 5.4×10⁵ 0.999 ± 0.001 1.0% ± 0.4% 

n = 0.35 1.07×10⁶ ± 6.4×10⁵ 0.999 ± 0.002 0.7% ± 0.4% 

n = 0.5 8.26×10⁷ ± 4.3×10⁷ −5.25 ± 4.66 35.2% ± 8.5% 

n = 0.65 4.34×10⁷ ± 3.4×10⁶ −1.48 ± 0.40 33.1% ± 3.5% 

n = 0.8 (fake) 5.51×10⁷ ± 3.8×10⁵ −2.90 ± 0.65 67.0% ± 4.1% 

 
Averaged over 3 seeds, the model with the correct exponent achieves physics 

R² = 0.999±0.001 and relative error 1.0%±0.4%, while the fake-physics control (n = 0.8) 

achieves Physics R² = −2.90±0.65 and Relative error 67.0%±4.1% (Table 3). The 

sensitivity sweep reveals a sharp threshold rather than a gradual decline: consistency 

remains near-perfect at n = 0.35 (Physics R² = 0.999±0.002), a 57% Relative error in the 

exponent itself, but collapses once n reaches 0.5 (Physics R² = −5.25±4.66) and stays poor 

thereafter. The latent strain for the true model is consistent with the FEM benchmark 
observation of ≈2% maximum equivalent plastic strain [20]; for n ≥ 0.5 the latent strain 

substantially exceeds the soft upper bound εmax = 0.05. Fig. 1 and Fig. 2 illustrate the 

scatter and loss histories for the true and fake endpoints. 

   

Fig. 1. Predicted stress 𝜎̂𝑚𝑎𝑥 vs. Hollomon stress 𝜎𝐻: (a) true K, n; (b) fake n = 0.8. Dashed line — perfect 

agreement 
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Fig. 2. Training loss histories: (a) true model; (b) fake model. Physics loss (orange) plateaus higher for the fake 
model 

3.3. Accuracy does not imply physical consistency 
All three neural models achieve R² ≈ 0.999 regardless of whether the Hollomon 

parameters are correct, incorrect, or absent. Differences in raw accuracy across the three 

models are statistically detectable over 5 seeds (paired t-test on R² of σmax: Pure ML vs. 

true-Hollomon, p = 0.22, not significant; Pure ML vs. fake-Hollomon, p = 0.014; true- vs. 
fake-Hollomon, p = 0.016) but are tiny in absolute magnitude (ΔR² < 0.1 percentage point) 
and practically negligible for model selection based on accuracy alone. This illustrates a 
general risk in data-driven modeling: high predictive accuracy does not guarantee physical 
consistency [4]. The physics consistency metric (Table 3), in contrast, separates the 
models by orders of magnitude and remains diagnostic across a wide range of hardening-
exponent perturbations. 

3.4. Sensitivity to training set size 
Table 4 shows mean R² over 3 seeds for training fractions from 5% to 100%. Standard 

deviation σ < 0.001 in all entries; maximum σ = 0.0007 (umax, Hollomon, 5%). Fig. 3 

illustrates the results. 
Both models maintain R² ≈ 0.999 across all fractions. The pure neural network is 

marginally more stable at 5–10%, while the Hollomon model catches up from 25% onward. 
Physics regularization does not provide a clear advantage in data efficiency. 

Table 4. Mean test R² over 3 seeds vs. training fraction. Max σ = 0.0007 (umax, 
Hollomon, 5%); all other entries: σ < 0.0005 

Output Model 5% 10% 25% 50% 100% 

σₘₐₓ Pure ML 0.9989 0.9989 0.9989 0.9990 0.9989 

 Hollomon 0.9983 0.9983 0.9988 0.9989 0.9989 

uₘₐₓ Pure ML 0.9989 0.9991 0.9992 0.9993 0.9992 

 Hollomon 0.9974 0.9985 0.9991 0.9993 0.9993 

θ Pure ML 0.9993 0.9995 0.9995 0.9994 0.9995 

 Hollomon 0.9989 0.9991 0.9995 0.9995 0.9995 
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Fig. 3. Test R² vs. training set size (mean ± std, 3 seeds): (a) umax; (b) θ 

3.5. When classical baselines are competitive 
RBF and random forest outperform the neural surrogate on this problem [11, 18]. This 

is consistent with known behavior for smooth low-dimensional response surfaces on 
regular grids. The neural surrogate would offer advantages for higher input dimensionality 
(e.g., including Poisson’s ratio, friction coefficient, tool geometry), irregular sampling, or 
when explicit physical constraints on outputs are required. 

3.6. Interpretation of the Hollomon regularization 
The Hollomon regularization links the predicted maximum von Mises stress to a latent 

scalar strain through a global power law. In a real bending problem, the stress distribution 
is nonuniform and the maximum stress is not uniquely determined by the scalar Hollomon 

law at a single representative strain. The latent strain 𝜀 𝑝 is therefore an effective model 

parameter, not a physically measurable quantity, and is not validated against FEM plastic 
strain fields. Nevertheless, the fake-physics experiment confirms that the physics 
consistency check is informative. 

3.7. Limitations 
The following limitations apply: 
1. Dataset generated numerically; accuracy bounded by FEM fidelity. 
2. Latent plastic strain not validated against FEM fields. 
3. Only global scalar quantities predicted; no field reconstruction. 
4. Neural surrogate does not outperform classical baselines on this smooth three-

parameter problem. 
5. Dataset grid is non-uniform across simulation runs. 
6. Extrapolation outside the parameter range is not assessed. 

4. CONCLUSIONS 

A systematic comparison of surrogate modeling methods for elastic-plastic sheet metal 
bending has been presented. Five classical methods and three neural network models 
were evaluated on a dataset of 39 568 FEM simulations. The main findings are: 

1. Classical baselines outperform neural surrogates on the dense smooth parameter 
grid. The random forest attains R² > 0.9999, the RBF interpolant R² = 0.9999, 
compared to R² ≈ 0.999 for the neural models. 

2. Physics regularization does not improve data efficiency: both pure and Hollomon-
regularized models maintain comparable accuracy across training set fractions 
from 5% to 100%. 
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3. Standard accuracy metrics cannot detect physically inconsistent models. Over 3 
seeds, the fake-physics control exhibits 67.0% ± 4.1% physics consistency error 
and physically unrealistic latent strain values, while the correct model achieves 
1.0% ± 0.4% physics error. Differences in raw predictive accuracy among the three 
neural models, while statistically detectable across seeds, are tiny in absolute 
magnitude (ΔR² < 0.1 percentage point); the physics consistency metric, in 
contrast, separates them by orders of magnitude. 

4. The diagnostic signal is thresholded, not gradual. A sensitivity sweep over the 
control model's hardening exponent shows that physics consistency remains near-
perfect while the exponent error stays below ~57% of its true value, then collapses 
sharply once the error grows further — a practical implication for how large a 
parameter mismatch this diagnostic can be expected to catch. 
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АПРОКСИМАЦІЙНЕ МОДЕЛЮВАННЯ ПРУЖНО-ПЛАСТИЧНОГО 

ЗГИНАННЯ ЛИСТОВОГО МЕТАЛУ: ПОРІВНЯЛЬНЕ ДОСЛІДЖЕННЯ 

АПРОКСИМАЦІЙНИХ МЕТОДІВ ІЗ ДІАГНОСТИЧНОЮ ПЕРЕВІРКОЮ 

ФІЗИЧНОЇ РЕГУЛЯРИЗАЦІЇ 
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РЕЗЮМЕ 

Вступ. Згинання листового металу є ключовою технологічною операцією, після якої 
відбувається пружне відновлення форми (англ. springback) — часткове пружне 
повернення заготовки після зняття навантаження, яке спричиняє відхилення від 
цільової геометрії деталі. Багаторазові симуляції методом скінченних елементів (МСЕ; 
англ. FEM) є обчислювально затратними для широких параметричних досліджень. 
Роботу присвячено порівнянню підходів до апроксимаційного моделювання та оцінці 
діагностичної цінності перевірки фізичної узгодженості для виявлення фізично 
неправдоподібних моделей незалежно від того, чи покращує регуляризація саму 
точність. 

Матеріали та методи. Набір даних із 39 568 симуляцій МСЕ сформовано в 
COMSOL Multiphysics 6.2 шляхом варіювання товщини листа, переміщення пуансона 
та модуля Юнга заготовки зі сплаву 6111-Т4. П’ять класичних методів та три моделі 
нейронних мереж (базова модель, керована лише даними; модель з регуляризацією 
за законом Холломона з коректними параметрами; контрольна модель із навмисно 
неправильними параметрами) порівняно на 5 випадкових розбиттях даних. Додатково 
проскановано чутливість діагностики до величини «неправильності» показника 
зміцнення в контрольній моделі — від істинного значення до хибного. 

Результати. Класичні непараметричні методи перевершують нейронну 
апроксимаційну модель на щільній гладкій параметричній сітці: випадковий ліс досягає 
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R² > 0,9999 проти R² ≈ 0,999 для нейронних моделей. Різниці в точності між трьома 
нейронними моделями статистично виявляються між seeds (парний t-тест), але дуже 
малі за величиною (ΔR² < 0,1 відсоткового пункту). Натомість метрика фізичної 
узгодженості розділяє моделі на порядки: R² = 0,999 для коректної моделі проти 
R² ≈ −2,9 для некоректної. Сканування чутливості показує різкий пороговий ефект, а 
не поступову деградацію: узгодженість залишається майже ідеальною, доки похибка 
показника зміцнення невелика, і різко руйнується після суттєвого відхилення. 

Висновки. Стандартні показники точності є недостатніми для виявлення фізично 
неузгоджених нейронних моделей, а сам діагностичний сигнал має пороговий, а не 
поступовий характер. Метрика фізичної узгодженості є незалежним діагностичним 
критерієм, який доповнює стандартні показники точності. 

 

Ключові слова: фізично-регуляризовані нейронні мережі; апроксимаційне 
моделювання; згинання листового металу; пружне відновлення форми; 
закон зміцнення Холломона; ансамблевий метод випадкових дерев 
рішень. 
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