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Abstract
Large languagemodel (LLM)-based frameworks extend beyond agents; they also enable the on-demand creation of specialized
scientific and engineering tools. We demonstrate this concept in the field of solid mechanics. There, so-called constitutive
models describe the relationship between body deformation and mechanical stress. They are essential for both the scientific
understanding and industrial application of materials. However, even recent data-driven methods of constitutive modeling,
such as constitutive artificial neural networks (CANNs), still require substantial expert knowledge and human labor. We
present a framework in which an LLM generates a CANN on demand, tailored to a given material class and dataset provided
by the user. The framework covers LLM-based architecture selection, integration of physical constraints, and complete
implementation. Evaluation on three benchmark problems demonstrates that LLM-generated CANNs achieve accuracy and
generalization comparable to or greater than manually engineered counterparts, while substantially reducing the expertise
required for constitutive modeling.

Keywords Large language models (LLMs) · Physics-constrained neural networks · Constitutive artificial neural networks
(CANNs) · Automated model generation · Data-driven solid mechanics

1 Introduction

Constitutive models capture our understanding of howmate-
rials behave under mechanical load, expressed as mathemat-
ical relationships linking stresses to strains. Calibrated with
experiments, they predict behavior beyond what was directly
tested, including complex cases that are hard or impossible
to reproduce in the lab. These predictions allow for realistic
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mechanical simulations of engineered products and biologi-
cal tissues, which deepen scientific understanding and reduce
the time and cost of component design.

Historically, constitutive behavior was captured by empir-
ically derived symbolic laws such as Mooney–Rivlin, Neo
Hookean, and Ogden [1–4]. To reduce the effort of hand-
crafted laws, data-driven approaches arose: distance mini-
mizing data-driven computing [5, 6], black-box surrogates
via neural networks [7, 8], and spline-based interpolants [9–
11]. These are typically flexible but data hungry, weak at
extrapolation, and difficult to interpret.

Gray box strategies embed physics to improve reliability
[12]: PINNs [13, 14]; MIANNs/PANNs that hard enforce
mechanics [15–19]; B-spline-based constitutive networks
built on the Sussman-Bathe principal-direction formula-
tion [20]; and, central to our benchmarks, CANN families
that blend constitutive structure with learning [21–24]. The
CANNparadigmhas sincebeen extendedbeyondpure hyper-
elasticity to viscoelastic CANNs (vCANNs) [25], damage-
augmented CANNs capturing Mullins-type stress softening
[26], and inelastic CANNs (iCANNs) for finite-strain plastic-
ity, damage and viscoelasticity [27, 28], demonstrating that

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s44379-026-00073-z&domain=pdf


   27 Page 2 of 23 Machine Learning for Computational Science and Engineering             (2026) 2:27 

CANN architectures can represent strongly non-monotonic
and history-dependent stress responses while preserving
thermodynamic consistency. Related hybrids add neural
corrections tomechanistic baselines [29] or learn path depen-
dence via neural ODEs [30]. Beyond constitutive modeling
itself, a parallel line of work employs machine-learning
surrogates to predict effective material properties and engi-
neering failure risks at a fraction of the cost of direct
simulation [31–38]. These approaches cut data needs and
aid extrapolation, yet retain black box elements.

In parallel, interpretable methods seek explicit, inspectable
laws: symbolic regression [39, 40]; EUCLID style inference
from fields and forces [41–44]; and KAN based models
that yield closed-form constitutive expressions, including
CKANs [45–49]. Despite growing automation, effective use
still demands substantial expertise.

LLM-based code generation lowers this barrier by auto-
matically assembling the data processing, model setup,
and solver code needed to build simulation or optimiza-
tion pipelines from plain-language task descriptions. Such
frameworks appear across diverse domains, including engi-
neering optimization, PDEs, graph and materials modeling,
and chemical engineering [50–56]. A recent thrust centers
on bilevel optimization, where an LLM-driven outer loop
proposes solution candidates and an inner loop performs
numerical calibration and evaluation [57, 58]. Within this
pattern, the scientific generative agent (SGA) applies this
approach to general scientific hypothesis generation [59],
while the constitutive scientific generative agent (CSGA)
adapts it for constitutive modeling [60]. Across benchmark

stress–strain prediction tasks, CSGA outperforms SGA but
remains less accurate than highly specialized methods such
as constitutive artificial neural networks (CANNs).

Beyond single-LLM pipelines, agentic systems use multi-
ple LLMs to plan, write, execute, and refine domain-specific
code, such as MechAgents for finite-element mechanics
[61] and MDAgent for molecular dynamics [62]. These
frameworks are evolving from fixed teams to dynamic,
task-specific organizations through subtask decomposition
and specialized subagents [63, 64], and even toward self-
developing ‘agent OS’ platforms [65]. Relatedwork explores
adaptive teaming and coordination [66, 67] or frames agent
design as evolutionary search [68].

Motivated by dynamic agent generation, we propose an
LLM-driven framework that creates task-specific constitu-
tive artificial neural networks (CANNs) on demand and then
immediately uses these self-generated new modules. While
the constitutive scientific generative agent (CSGA) improved
usability by letting non-experts build constitutive models
with LLMs, it lacked the accuracy of specialized CANNs.
Our approach combines both strengths: the LLM automati-
cally designs, configures, and calibrates a CANN tailored to
each material, offering the simplicity of an LLM interface
and the accuracy of CANNs. We call these LLM-generated
networksGenCANNsand refer to human-designedones sim-
ply as CANNs. Although the LLM defines each GenCANN
in Python code, its role goes far beyond conventional code
generation. The actual task is to design a physically mean-
ingful constitutive model that can learn from very small
datasets, generalize to unseen loading conditions, and extrap-

Fig. 1 Evolution of constitutive modeling in solid mechanics over time. Until the 2010s, scientists manually derived constitutive models to
describe experimental observations. Recent data-driven methods, such as constitutive artificial neural networks (CANNs), partially automate model
implementation and fully automate model calibration. Our framework leverages LLMs to generate CANNs on demand, pushing towards complete
end-to-end automation
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olate beyond the training range. In this study, we show that
LLMs can do exactly that. The progression toward automa-
tion enabled by GenCANNs is illustrated in Fig. 1.

The remainder of the paper is organized as follows:
Section 2 provides background and introduces benchmark
methods. Section 3 describes our approach. Section 4 reports
evaluation results, and Section 5 discusses findings and con-
cludes the paper.

2 Background

2.1 Continuummechanics essentials

Because CANNs embed continuum mechanics directly into
their architecture, the method cannot be understood without
the underlying theory. In particular, the preprocessing from
deformation measures to invariants and the postprocessing
from strain energy to stress both follow continuum mechan-
ics. We therefore briefly summarize the foundations relevant
to this work here and refer the reader to [69] for a compre-
hensive treatment.

Material points are labeled by their reference position
X and current position x. The deformation is characterized
by the deformation gradient F and the right Cauchy–Green
deformation tensor C:

F = ∂x
∂X

, C = FTF.

In simple loading cases, such as uniaxial tension, the defor-
mation can be described by the stretch λ = l

l0
, which is the

ratio of current length l to reference length l0 and, in this case,
corresponds to the relevant diagonal entry of F. For simple
shear, where material layers undergo a lateral displacement,
the deformation is often characterizedby the shearγ = u

h , the
ratio of lateral displacement u to specimen height h, which
then coincides with the corresponding off-diagonal entry of
F.

The scalar invariants of C are I1, I2, and I3. Incompress-
ibility means det(C) = 1, hence I3 = 1:

I1 = tr(C), I2 = 1

2
(tr(C)2 − tr(C2)), I3 = det(C).

For isotropic materials, the strain-energy density � depends
only on invariants ofC, whereas anisotropy requires an addi-
tional description of the form of anisotropy. In this work, we
only assume transverse isotropy with a single preferred fiber
direction n, define the structure tensor N, and form the addi-
tional invariants I4 and I5:

N = n ⊗ n, I4 = N : C, I5 = N : C2.

Amaterial is considered hyperelastic if itsmechanical behav-
ior can be described by a strain energy density function,
denoted as �. In this work, we exclusively focus on the con-
cept of hyperelastic materials, which describes rubber and
various types of biological tissue in many situations with
satisfactory accuracy. The task of constitutive modeling is to
define the strain energy � as a function f of the deforma-
tion state, that is, F or C. Once the strain energy function
� is known, the isochoric part of the first Piola–Kirchhoff
stress, Piso, can be determined. The incompressibility con-
straint adds a volumetric term, −pF−T , to the total stress P,
where p serves as a Lagrange multiplier enforcing incom-
pressibility and corresponds to the hydrostatic pressure:

� = f (I1, I2, I4, I5), Piso = ∂�

∂F
, P = ∂�

∂F
− pF−T .

The first Piola–Kirchhoff stress P represents the load per
unit area in the undeformed reference configuration, whereas
the Cauchy stress σ refers to the load per unit area in the
deformed spatial configuration. σ can be computed from P
using the deformation gradient F and its determinant J :

J = det(F), σ = J−1PFT .

Both P and σ are second-order tensors, typically represented
in 3D as 3×3 matrices, where Xi j denotes the entry in row i
and column j .

2.2 Constitutive artificial neural networks (CANNs)

As we aim to generate constitutive artificial neural net-
works (CANNs) on demand using large language models
(LLMs), we compare them against CANNs designed by
human experts. Thesemodels follow the continuummechan-
ics framework outlined in Section 2.1. They are gray-box
models that process the deformationgradientF in three stages
[21]. A deterministic preprocessing block first applies white-
box relationships from continuum mechanics to assemble
the right Cauchy-Green tensor C and compute the scalar
invariants (such as I1, I2, and, for transversely isotropicmate-
rials, I4 and I5). A black-box feed-forward neural network
then maps these invariants to the strain energy density �,
where individual invariants are often passed through separate
sub-networks whose outputs are combined by a final layer
so that the contribution of each deformation mode remains
interpretable. Finally, a deterministic postprocessing block
obtains the first Piola-Kirchhoff stress P = ∂�/∂F− pF−T

by automatic differentiation of � with respect to F and adds
the incompressibility pressure term. This approach reduces
the tensor-to-tensor mapping to a compact scalar regression,
enforces thermodynamic consistency, and improves inter-
pretability: because each invariant has a clear geometric
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meaning and is processed by a dedicated sub-network whose
output enters the strain energy through a final combining
layer, the contribution of each deformation mode to� can be
inspected individually after training [21]. Training proceeds
by backpropagation of a stress-based loss using a stochastic
gradient-based optimizer, while activation functions, weight
initialization, and the number and width of hidden layers are
tuned per material to balance expressivity against overfitting
on the typically small stress-strain datasets. For each dataset,
we compare against the most accurate publicly established
CANN variants [21, 70, 71]. Re-implementing or adapting
CANNs remains challenging, as details such as input selec-
tion and constraint enforcement must be tailored for each
material. Consequently, constitutive modeling in the current
paradigm and prior to GenCANN still requires deep exper-
tise.

2.3 Constitutive scientific generative agent (CSGA)

An obvious route to automate constitutive modeling is
to use LLMs. Using an LLM as a direct strain-to-stress
surrogate is unreliable and misses its strength in code gen-
eration. The scientific generative agent (SGA) addresses this
by letting an LLM propose, implement, and refine con-
stitutive models [59]. The constitutive scientific generative
agent (CSGA) specializes SGA for continuummechanics by
adding assumptions (e.g., isotropy, incompressibility), defin-
ing inputs and outputs, suggesting an invariant basis, and
enforcing zero stress at the reference state [60]. Concretely,
CSGA implements a bilevel optimization: in the outer loop,
anLLMreceives a prompt that combines the task description,
a few stress-strain samples from the experiment, materials-
theory hints (e.g., to build the law on invariants of C or on
principal stretches of F, and to ensure P = 0 at F = I), and
a Python code skeleton with an __init__ method leaving
space for the declaration of trainable physical parameters and
a forward method leaving space for the implementation
of a mapping from the predefined input to the predefined
output, in our case from the deformation gradient F to the
first Piola-Kirchhoff stress P. The LLM fills this skeleton
with a symbolic, parameterized constitutive law. In the inner
loop, these continuous parameters are calibrated on the sup-
plied data by gradient-based optimization of a stress-based
loss, and the calibrated model together with its loss value
is appended to the prompt and returned to the LLM for a
fixed number of refinement iterations, so that each new pro-
posal can build on the strengths and weaknesses of previous
ones. We use CSGA as our second baseline, complementing
CANNs, as it is the most specialized LLM-based framework
for constitutive modeling so far. Reported studies [59, 60]
show that CSGA outperforms SGA but remains less accurate
than CANNs. Its advantage lies in ease of use via a plain-text
interface.

3 Method

Current approaches to constitutive modeling follow two
paths. Specialized models such as CANNs are highly accurate
and inherently satisfy physical constraints such as objectivity
and thermodynamic consistency but are difficult to imple-
ment. In contrast, LLM-based agents like CSGA are easy
to use through a text interface but lack accuracy and do not
enforce these constraints. Rather than replacing one with the
other, we combine their strengths: the LLM generates, on
demand and from scratch, a CANN tailored to the material
at hand. We refer to this generated model as GenCANN,
short for LLM-generated CANN. This way, the LLM builds
on (instead of competes with) decades of research, offering
the simplicity of an LLM interface togetherwith the accuracy
and consistency of CANNs.

At the core of our pipeline is a large language model,
OpenAI’s o3, which we use without additional training. We
focus on hyperelastic incompressiblematerials that are either
isotropic or transversely isotropic. Figure 2 summarizes the
LLM’s role in the CANN design process. The LLM receives
a two-part prompt. The first part describes the task: to imple-
ment a CANN that matches the chosen material class and
follows certain coding requirements. It also includes a short
summary of the continuummechanics theory that links stress
and strain through strain energy, similar to the Background
Section 2.1. Depending on the material class selected by the
user, these instructions vary slightly. For transverse isotropy
for example, it is also explained how a structure tensor is
defined. These specifications in the prompt are required at
least by the current generation of LLMs. Our framework
translates the user’s choice of material class into these pre-
cise instructions: while users only need to decide whether a
material is isotropic or has a single preferred fiber direction,
the framework handles the hard part of turning that deci-
sion into a correct implementation. The second part of the
prompt includes a rough code skeleton defining class names
and public method signatures to support automatic invoca-
tion of the generated code. This skeleton deliberately fixes
only the external interface required to call the generatedmod-
ule from our framework; it does not prescribe any internal
network architecture. As a consequence, the CANN archi-
tecture is not predefined but is designed anew by the LLM in
each generation run, which is the central methodological dif-
ference to all human-designed CANNs in the literature. The
generated CANN combines three elements: preprocessing,
one or more feedforward neural networks, and postprocess-
ing. All of these are implemented by the LLM. Preprocessing
and postprocessing, which include tensor assembly, invariant
computation, and stress derivation, are mostly determined by
continuum mechanics theory. This structure causes a num-
ber of physical constraints to be satisfied by construction
rather than by penalty terms in the loss. For example, ther-

123



Machine Learning for Computational Science and Engineering             (2026) 2:27 Page 5 of 23    27 

Fig. 2 Process of the
LLM-based generation of a
constitutive artificial neural
network (CANN). Static code
translates the material
classification into a prompt that
includes a task description,
continuum mechanics theory,
formal requirements, and a
rough CANN code skeleton,
prompting the LLM to
implement a CANN tailored to
the specific modeling task. The
resulting CANN is then trained
and evaluated on experimental
data and iteratively refined

modynamic consistency follows from obtaining P as ∂�/∂F
via automatic differentiation, while objectivity, stress-tensor
symmetry, and material symmetry follow from using only
invariants of C (and, for transverse isotropy, the structure
tensor N) as inputs to the feedforward network. The same
applies to interpretability: because the LLM-designed feed-
forward part still operates on the invariants, the per-invariant
inspectability of the strain energy carries over toGenCANNs.

The main design freedom of the LLM lies in the feedfor-
ward neural networks that map invariants to strain energy.
For these networks, the LLM decides on invariant combi-
nations, network architecture and size, activation functions,
constraints and regularization, handling and estimation of
fiber directions when needed, weight initialization, and treat-
ment of boundary conditions. Concretely, this means that
the depth and width of the feedforward network, the choice
of activation functions, the initialization strategies, the use
of one monolithic network versus several invariant-specific
sub-networks, and the way constraints are imposed may
all differ substantially between runs and between materials.
Concrete, inspectable examples are provided in two places:

the full list of LLM-selected architectures per dataset is com-
piled in Table 1, and a complete end-to-end LLM-generated
CANN implementation is reproduced verbatim in Listing 1
of Section D.

Once theCANN is implemented, it is executed and trained
on the provided data. The complete script and its R2 score are
sent back to the LLM for three refinement rounds. The best-
performing version is kept as the final model. We repeat the
complete CANN generation process five times per dataset,
present the statistical analysis in Fig. 9, and show the best-
performing CANNs in Figs. 3, 4, 5, 6, 7 and 8.

The central technical difference between SGA, CSGA,
and our pipeline lies in how specifically the task is posed to
the LLM. SGA and CSGA ask for a constitutive model in
relatively broad terms, even if CSGA adds domain guidance.
Our pipeline instead asks the LLM to implement a constitu-
tive artificial neural network (CANN) for a given material
class. This specific request strongly activates the CANN-
related knowledge encoded in the model weights, including
typical architectural patterns, invariant choices, constraint
strategies, and implementation principles learned from the
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Fig. 3 Brain tissue deformation.
Predictions of the
LLM-generated constitutive
artificial neural network
(GenCANN) for mechanical
stress induced by brain tissue
deformation compared with two
baselines: the LLM-based
constitutive scientific generative
agent (CSGA) and the
human-designed CANN

literature. The knowledge is always present in the LLM, but
the prompt determines which parts of it are brought to the
foreground and used. In this way, the LLM is guided directly
into the CANN design space and builds on the established
CANN literature.

4 Results

4.1 Brain data

Webeginwith a dataset on themechanical behavior of human
brain tissue, an established benchmark for hyperelastic con-
stitutive modeling [72–74]. Accurate models support impact
simulation, injury prediction, and protective design. Brain
tissue is soft, nearly incompressible, strain-stiffening, and
asymmetric in tension and compression. The data were col-
lected by [72] throughmechanical tests on specimens excised
from ten post-mortem human brains (7 male, 3 female, ages
54–81) within 60 hours of death. Multiple regions were sam-
pled, we focus on their cortical gray matter. The tissue was
subjected to three loading modes: uniaxial tension, uniaxial
compression, and simple shear. For each loadingmode, spec-

imens underwent quasi-static loading-unloading cycles up to
maximum stretches of approximately λ = 1.1 in tension,

Fig. 4 Rubber deformation.
Predictions of the
LLM-generated GenCANN for
mechanical stress induced by
rubber deformation compared
with two baselines: the
LLM-based CSGA and the
human-designed CANN
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Fig. 5 Synthetic rubber
deformation. Predictions of the
LLM-generated GenCANN for
mechanical stress induced by
deformation of a fictitious
rubber-like material compared
with two baselines: the
LLM-based CSGA and the
human-designed CANN

λ = 0.9 in compression, and shear amplitudes of γ = 0.2,
and the mean stress over the hysteresis loop was taken as
the effective elastic response. 17 stress–strain points were
reported for each loadingmode,whichmakes learning awell-
generalizing and extrapolating model challenging. However,
such sparse datasets are typical for soft-tissue experiments
and representative of standard practice in the field.

We use the best CANN reported in the literature [70],
selected from multiple CANN optimization studies on this
dataset [22, 23, 70, 74], and the previously introduced CSGA
[60] as baselines. Across uniaxial tension, compression, and
simple shear, all three methods closely reproduce the mea-
sured stress–strain response, as shown in Fig. 3. All models
achieve R2 scores above 0.90 on the brain tissue dataset (see
Table 2 for all individual values), with only CSGA showing
one score below 0.95 (R2 = 0.93 on uniaxial tension), while
the unconstrained GenCANN reaches R2 = 0.97, 1.00, and
0.98 on uniaxial tension, uniaxial compression, and simple
shear, respectively, on par with the human-designed CANN
(R2 = 0.96, 0.99, 1.00).All three approaches predict training
and test points reliably, but were trained on all tested loading
conditions. These results confirm that each model captures
the complex behavior in the training data, but do not show
generalization to unseen loading conditions.

4.2 Rubber data

Rubber is the classic example of a hyperelastic solid, capable
of large, reversible strains beyond the scope of linear elastic-
ity.Accuratemodeling enables reliable designof components
like tires and seals. We study two datasets: Treloar’s classic
experiments [75] and a separate synthetic dataset that repre-
sents a similar fictitious material, provides ground truth for
complex loading scenarios, and was introduced in the first
publication on CANNs [21]. Both cover the three canoni-
cal deformation modes of incompressible rubber elasticity -
uniaxial tension, equibiaxial tension, and pure shear - with
15 stretch-stress samples per protocol spanning stretches
up to roughly λ = 7 in uniaxial tension, and we keep
the train-test split (alternating samples along each curve)
used in the first CANN publication. The experimental data
anchor the problem in reality but span only a few loading
paths, so a central question is how well models extrapolate
to mixed multiaxial states not seen during training. Mea-
suring such states in experiments is often not possible. The
synthetic dataset addresses this by including exact stresses
for arbitrary deformations from an isotropic, incompressible
rubber-like material, enabling a clean assessment of gener-
alization beyond the trained loading paths.

For both rubber datasets, we use the optimal CANN from
its initial publication [21] and the CSGA [60] as baselines.
Figures 4 and 5 show that GenCANN and CANN match

Fig. 6 Invariant plane.
Predictions of the
LLM-generated GenCANN for
mechanical stress induced by
deformation of a fictitious
rubber-like material evaluated
on a plane of biaxial loading
states. The three marked paths
are included in the training set,
while all intermediate states are
unseen. The GenCANN is
compared with two baselines:
the LLM-based CSGA and the
human-designed CANN
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measured and ground truth stresses with near-perfect accu-
racy across uniaxial, equibiaxial, and pure shear loading,
while CSGA lags behind. These results confirm that CANNs,
whether LLM-generated or manually implemented, outper-
formCSGAeven on loading conditions known from training.
Quantitatively, on the synthetic rubber dataset CSGA reaches
R2 = 0.87 on uniaxial tension and 0.93 on pure shear,
whereas both theGenCANNand the human-designedCANN
attain R2 = 1.00 on all three loading modes (Table 2). We
next evaluate model extrapolation to unseen loading scenar-
ios. For the synthetic material, ground truth stresses can be
computed for arbitrary deformations. This enables evalua-
tion on Treloar’s invariant plane [76] (Fig. 6), with the first
and second invariants spanning the x- and y-axes, respec-
tively. The plane spans from uniaxial to equibiaxial tension,
with pure shear at the angular midpoint (note that the axes
are scaled differently). Both the baselines CANN and CSGA
extrapolatewell to the new loading states between themarked
paths. The CSGA shows slightly higher errors overall, but
extrapolates better to the largest stretches. GenCANN excels
in both generalization and extrapolation, performing remark-
ably well on loading conditions outside its training range.
This is a non-trivial test in two senses: the intermediate states
between the trained paths involve combinations of I1 and I2
that are absent from the training data, while the regions near
the boundary of the plane require extrapolation to stretch
magnitudes beyond those seen during training. The accu-
racy of GenCANN across the entire plane indicates that the
embedded continuum-mechanical structure effectively con-
strains the response in data-free regions.

4.3 Skin data

To move beyond isotropy, we next study a transversely
isotropic soft tissue: porcine skin. Aligned collagen creates a
preferred fiber direction, with higher stiffness along the fibers
and greater compliance across them.We use a publicly avail-
able biaxial stretch-stress dataset with 402 data points from
porcine skin specimens [77, 78]. For the isotropic materials
discussed in Sections 4.1 and 4.2, uniaxial stress measure-
ments suffice. However, calibrating models of transversely
isotropic materials requires biaxial stress measurements, as
they provide directional information essential for capturing
fiber-induced anisotropy. The five loading paths are equib-
iaxial, applying equal stretch in both principal directions;
strip-axial, stretching one directionwhile keeping the other at
its initial length; and off-axial, stretching both directionswith
a stronger bias toward one. The applied stretch was increased
monotonically during each test up to a maximum stretch of
approximately λ = 1.2, with stresses recorded in both in-
plane directions, yielding two stress components per loading
path and a total of ten stress-stretch curves across the five
protocols. We assume the tissue is incompressible and that

Fig. 7 Porcine skin deformation. Predictions of the LLM-generated
GenCANN for stress induced by porcine skin deformation compared
with a human-designed CANN as baseline. The LLM-based CSGA
previously used as second baseline is not yet capable of modeling trans-
versely isotropic materials

there is no stress acting through the thickness. Our baseline is
the CANN variant identified via systematic hyperparameter
search for this material [71]. Unlike our approach, this base-
line model was trained on all available data points without a
dedicated test split. The CSGA has so far only been imple-
mented for isotropic materials, which is why it cannot serve
as a baseline for the porcine skin dataset. On this dataset,
the GenCANN fits all five loading paths with essentially per-
fect accuracy, see Fig. 7. It reaches an R2 score of 1 for
every reported stress component. The expert-implemented
CANNby [71] shows noticeable errors even on loading paths
included in the training, with R2 scores such as 0.92-0.93
for equibiaxial loading. To check for overfitting, we used
leave-one-loading-scenario-out cross-validation, retraining
our GenCANN five times and evaluating its performance on
the left-out path. As shown in Fig. 8, predictions on unseen
paths are less accurate than on paths known from training
but remain on par with the manually engineered CANN even
though that model was trained on all paths, indicating that
the GenCANN does not overfit and extrapolates reasonably
well to new biaxial loading states.

4.4 Statistical analysis

In Section 3, we described the CANN generation pipeline,
and Fig. 9 summarizes this workflow and the step-wise statis-
tics. We assess our framework along two complementary
axes: robustness, that is, its ability to detect and recover from
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Fig. 8 Leave-one-out
cross-validation. Predictions of
the LLM-generated GenCANN
for stress induced by porcine
skin deformation evaluated
using a
leave-one-loading-scenario-out
cross-validation. In five separate
training runs, one loading path
is excluded each time and used
to test how well the GenCANN
generalizes to unseen loading
paths

faultymodel proposals, and reliability, that is, the consistency
of its final accuracy across repeated runs.

Each model proposed by the LLM is returned as a Python
source string and dynamically executed inside the pipeline.
To safeguard against malformed or semantically inconsis-
tent code, the static framework code wraps every point of
contact with the dynamically generated module in dedicated
try/except guards. These guards cover the critical interac-
tions between static and generated code, namely parsing and
importing the LLM-generated script, instantiating the pro-
posed model, performing a forward pass on reference inputs,
executing the training loop, and computing the final eval-
uation metrics. Two classes of failures are distinguished.

Syntactic and runtime errors, such as undefined symbols,
shape mismatches, or non-differentiable operations, are
caught directly by the exception handlers; the captured trace-
back together with the offending script are returned to the
LLM with a request to repair the implementation. Semantic
training failures, such as non-convergence within the fixed
training budget or numerical breakdowns leading to NaN or
Inf stresses, manifest as a negative R2 score on the training
data and are detected by an explicit post-training check that
triggers the same correction loop. Across the 124 implemen-
tations generated in this study, 31% exhibited syntactic or
runtime errors and 5% led to training failures; in every case,
the framework detected the issue and obtained a valid, con-
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Fig. 9 Stability analysis of our
framework. If a generated
CANN is invalid Python code
(syntactical error) or yields a
negative R2 score (training
error), we discard it and repeat
the generation. After obtaining a
valid CANN, we resend it three
times with its R2 score to the
LLM for refinement. We repeat
the full process five times per
dataset, summarize the results in
the lowest bar plot, and mark the
best run in pink. The
consistently accurate outcomes
across runs confirm the stability
of our approach

verged model after at most a few retries. Once a valid model
is produced, its script and R2 score are returned to the LLM
for three additional refinement rounds, which yield a small
but consistent gain in accuracy and a reduction in variance.

Because the LLM is sampled stochastically, a single
generation does not fully characterize the behavior of the
framework. To assess reliability, we therefore repeated the
complete pipeline five times per dataset and report the R2

score averaged over loading scenarios in the lowest bar plot
of Fig. 9. For both rubber datasets, all five runs reached an

R2 score of 1.00 with zero variance across runs. For the brain
dataset, the five runs yielded R2 scores of 0.90, 0.97, 0.98,
0.97, and 0.98 (mean 0.96, standard deviation 0.03), and
for the porcine skin dataset 0.91, 0.89, 1.00, 0.99, and 0.89
(mean 0.94, standard deviation 0.05). All 20 runs across the
four datasets converged to usablemodels, with even theworst
run still attaining an R2 score of 0.89 or above, which is
comparable to or exceeds the corresponding manually engi-
neered baseline. The best run per dataset is highlighted in
pink in Fig. 9, and the predictions of these best runs are
shown in Figs. 3-8. The limited variance across runs indi-
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cates that even a single generation already produces a usable
model with high probability; nevertheless, because the pro-
cess is partly stochastic, we recommend running multiple
generations and selecting the best model, as we do here.

Beyond accuracy, the practical adoption of an LLM-based
generation pipeline also depends on its computational cost.
Pooled across the four datasets and the five runs per dataset,
a complete CANN generation (initial proposal plus three
refinement rounds) consumed on average 44,624 ± 29,504
input tokens and 8,905±3,428 output tokens with OpenAI’s
o3, corresponding to an averageAPI cost of $0.16±$0.09 per
generation at the rates in effect during this study. The result-
ing expense is therefore on the order of cents per material,
negligible compared to the expert-time cost of designing and
implementing a CANN by hand.

5 Discussion and conclusions

Wewere inspired byworks such as [63, 64] that create agents
for use in LLM-based frameworks on demand. We applied
this idea to constitutive modeling by generating specialized
constitutive artificial neural networks (CANNs) on demand,
each tailored to a specific material. Rather than viewing
LLM-based approaches and specialized methods as com-
peting, we integrate them, combining the strengths of both.
CANNs provide high accuracy and strict adherence to physi-
cal constraints, while LLMs offer an accessible interface and
great flexibility while vastly reducing the human expertise
required.

In detail, our framework automates constitutive modeling
by prompting an LLM to design a CANN that fits the mate-
rial class and data. The LLM makes all key design choices,
including architecture, activation functions, constraints, fiber
direction handling, and the full technical implementation.
This gives the system high flexibility for modeling new
materials. Static code manages prompt selection and model
training, which reduces user effort but limits adaptability.
User input is minimal, requiring only material classification
and data,making the systemboth powerful and easy to use. In
the future, automating the static parts with LLM agents could
expand the design space, reduce manual intervention, and
improve adaptability to new materials and evolving model
requirements even further.

The LLM-generated CANNs (GenCANNs) matched or,
in several cases, clearly exceeded the accuracy of human-
designed CANNs across the brain, rubber, and skin datasets,
supporting the viability of our approach. Among the LLM’s
design choices,weobserved a consistent preference for larger
feedforward architectures than the baselines, for example,

256-128-64-3 vs. 100 neurons for brain and 32-32 vs. 16-16
for synthetic rubber (see Table 1), which raises the question
of whether the performance gains are due only to increased
capacity or whether GenCANNs remain competitive when
restricted to the same size as the baselines. To answer this,
we repeated the experiments with GenCANNs constrained
to exactlymatch the baseline CANNnetwork sizes. For brain
and rubber, the size-constrained and unconstrained Gen-
CANNs performed indistinguishably. Only the skin dataset
showed a benefit from the larger, unconstrained network on
the training paths, yet even there, the size-constrained Gen-
CANN still clearly surpassed the baseline CANN. While
larger models can fit training data more closely, they also
increase the risk of overfitting, especially with the small
datasets typical of constitutive modeling (e.g., 15 data points
per loading path in rubber). Our generalization tests indicate
that the LLM-based design remains well balanced: on the
invariant plane and in the leave-one-loading-scenario-out
cross-validation for skin, both size-constrained and uncon-
strained GenCANNs generalize to unseen loading states and
extrapolate beyond the trained range with remarkable accu-
racy. The full analysis of the network size, including all plots,
is provided in Section A and shows that GenCANNs remain
highly competitive even when constrained in size.

Viewed more systematically, the comparison between
size-constrained and unconstrainedGenCANNs is one instance
of a broader question: how strongly does the performance
of the framework depend on its individual ingredients - the
training data, the imposed physical constraints, and the archi-
tectural choices made by the LLM? Several analyses already
presented can be read as a first, qualitative sensitivity study
along exactly these axes. The size-constrained versus uncon-
strained comparison isolates the effect of network capacity
from all other architectural decisions, the refinement analysis
in Appendix C tracks how often the LLM modifies activa-
tion functions,weight initialization, and regularization across
refinement rounds, and the leave-one-loading-scenario-out
cross-validation on the porcine skin dataset probes sensitiv-
ity to data coverage. Together, they suggest that network
size is the dominant driver of the accuracy gains during
refinement, that activation, initialization, and regularization
play comparatively minor roles, and that GenCANNs gener-
alize robustly to loading paths excluded from training. A
fully variance-based treatment along the same axes - for
instance, Sobol indices, SHAP attributions, or controlled
noise-injection studies as employed in recent materials and
engineering informatics work [79–82] - could push this
assessment further and quantify, within a single common
framework, the marginal contribution of each physical con-
straint, hyperparameter, and dataset characteristic. Such an
analysis would additionally reveal which prompt elements -
for example, the explicit incompressibility instruction or the
structure-tensor description for transverse isotropy - aremost
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critical for the LLM to produce reliable architectures, and is
a natural extension of the present work.

A different route to the same goal of reducing expert
effort in constitutive modeling is taken by the B-spline-
based constitutive neural network of Lee and Bathe [20],
which extends the Sussman-Bathe model [9] via regression
on uniaxial tension-compression data. Its strength lies in
resolving localized features such as peaks and wiggles along
a single principal direction, achieved by deliberately forgo-
ing constraints such as polyconvexity. The CANN paradigm
on which GenCANN builds makes the opposite trade-off,
embedding continuum-mechanical structure to support gen-
eralization to unseen multiaxial states (cf. Figs. 6 and 8); the
two philosophies are therefore complementary. The mono-
tonic stress-stretch responses in our benchmarks reflect the
chosen datasets rather than a limitation of the framework:
non-monotonic and history-dependent behaviors such as
Mullins-type damage [26], finite-strain plasticity, and vis-
coelasticity [25, 27, 28] have already been formulated within
the CANN paradigm, so extending the GenCANN prompt
and code skeleton to let the LLM introduce internal damage
or viscous variables is a natural next step.

Future work could extend the paradigm of using LLMs to
generate specialized modules on demand to any domain that
offers established theoretical scaffolding a neural network
should respect, such as fluid mechanics, thermodynamics,
electromagnetics, or chemical kinetics.Within this blueprint,
LLM-driven synthesis could be benchmarked against clas-
sical automated model-design paradigms — neural archi-
tecture search, evolutionary algorithms, and reinforcement-
learning-based controllers — which search a predefined
architecture space rather than drawing on prior knowledge
encoded in a pretrained language model. Overall, our results
show that LLM-generated, physics-constrained CANNs are
ready for real-world applications: embedding GenCANNs
into finite-element solvers (e.g., as user material subroutines)
and digital-twin environments would enable on-demand

material modeling directly within engineering simulation
pipelines.

Appendix A: Network architecture
evaluation

In Section 3, we described the LLM’s design space when
generating a CANN. In Section 4, we showed that these Gen-
CANNs achieve very high accuracy. While preprocessing
from the deformation gradient to invariants and postpro-
cessing from strain energy to stresses follow established
continuummechanics, the LLMstillmakes several important
choices: which invariant combinations to use, the network
architecture and size, activation functions, constraints and
regularization, how to handle or estimate fiber directions,
and weight initialization. We observed that it often selects
larger architectures than the baseline CANNs (Table 1 and
Fig. 16). To isolate the effect of capacity from other design
choices, we ran a controlled comparison. Each GenCANN
was constrained to use exactly the baseline CANN network
size and evaluated alongside the unconstrained GenCANNs
and the baseline CANNs (Figs. 10–15).

For the brain data (Fig. 10) and the rubber data on trained
loading paths (Figs. 11 and 12), the three models are indis-
tinguishable in practice.When we evaluate generalization on
the synthetic rubber material using Treloar’s invariant plane
(Fig. 13), both GenCANNs, size-constrained and uncon-
strained, reach a remarkably high accuracy and substantially
outperform the baseline CANN across unseen mixed biaxial
states. For skin (Fig. 14), the unconstrained GenCANN is
the only model that perfectly fits all training paths, suggest-
ing that the larger architecture helps for this more complex
anisotropic case, yet the size-constrained GenCANN still
outperforms the baseline. In the skin leave-one-loading-
scenario-out cross-validation (Fig. 15), the size-constrained
GenCANN generalizes at least as well as the unconstrained

Fig. 10 Brain tissue
deformation. Predictions of the
LLM-generated constitutive
artificial neural network
(GenCANN) for mechanical
stress induced by brain tissue
deformation compared with the
human-designed CANN as
baseline and an LLM-generated
GenCANN constrained to the
baseline CANN network size
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Fig. 11 Rubber deformation.
Predictions of the
LLM-generated GenCANN for
stress induced by rubber
deformation compared with the
human-designed CANN as
baseline and an LLM-generated
GenCANN constrained to the
baseline CANN network size

Fig. 12 Synthetic rubber
deformation. Predictions of the
LLM-generated GenCANN for
stress induced by synthetic
rubber deformation compared
with a human-designed CANN
as baseline and an
LLM-generated GenCANN
constrained to the baseline
CANN network size

Fig. 13 Invariant plane.
Predictions of the
LLM-generated GenCANN for
stress induced by synthetic
rubber deformation evaluated on
a plane of biaxial loading states.
The three marked paths are in
the training set, while all
intermediate states are unseen.
The GenCANN is compared
with a human-designed CANN
as baseline and an
LLM-generated GenCANN
constrained to the baseline
CANN network size

model to the left-out path; the unconstrained model fits train-
ing paths more tightly but does not generalize better.

We consider the unconstrained GenCANNs the most real-
istic choice for newmaterials, where nomanually tuned base-
line prescribes an architecture. Our aim is to remove manual
trial-and-error, not to reproduce legacy sizes. Still, when we
do restrict the LLM to baseline sizes, GenCANNs remain
highly competitive: only the skin dataset clearly benefits from
the larger network, and even there, the size-constrained Gen-
CANN exceeds the baseline. For generalization to unseen
states and extrapolation (Figs. 13 and 15), size-constrained

GenCANNs are on par with unconstrained ones. Overall,
the strong performance of LLM-designed CANNs cannot
be attributed to network size alone, and if users prefer
smaller models for efficiency, interpretability, or deployment
constraints, the GenCANN approach can honor those limits
while maintaining high accuracy.

Appendix B: Tables
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Fig. 14 Porcine skin
deformation. Predictions of the
LLM-generated GenCANN for
stress induced by porcine skin
deformation compared with a
human-designed CANN as
baseline and an LLM-generated
GenCANN constrained to the
baseline CANN network size

Appendix C: Analysis of the refinement
process

As our baselines underwent extensive hyperparameter opti-
mization [21, 70, 71],we allowed theLLMs to refine their ini-
tial implementations through three additional rounds. Each
complete run, including these refinements, was repeated
five times for every dataset. Our goal was to assess the
effectiveness of the refinements and understand how the
LLMs optimize their models. Because most aspects of the

continuum mechanics design space are difficult to catego-
rize or quantify, we focused our analysis on the feedforward
neural network at the core of each GenCANN. Figures 16 a)
and 17 a) show the best R2 scores for each run, while Figs. 16
b) and 17 b) present themeanR2 scores per refinement round,
and Figs. 16 c) and 17 c) illustrate the network weights per
round.Weobserved that the LLMs significantly increased the
size of the feedforward networks during refinement when not
given any constraints. To isolate this effect, we conducted
additional experiments where the LLM was constrained to

Table 1 Architectural
specifications of the constitutive
artificial neural network
(CANN), the LLM-generated
CANN (GenCANN), and the
GenCANN constrained to the
baseline CANN network size, as
shown in Figs. 3-8 and 10-15

Material Model Neurons per hidden layer

Brain CANN 100

Size-constrained GenCANN 100

Unconstrained GenCANN 256, 128, 64, 3

Experimental rubber CANN 16, 16

Size-constrained GenCANN 16, 16

Unconstrained GenCANN 64, 64, 16, 16

Synthetic rubber CANN 16, 16

Size-constrained GenCANN 16, 16

Unconstrained GenCANN 32, 32

Skin CANN 8, 16

Size-constrained GenCANN 8, 16

Unconstrained GenCANN 128, 128, 64, 32
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Fig. 15 Leave-one-out
cross-validation. Predictions of
the LLM-generated GenCANN
constrained to the baseline
CANN network size for stress
induced by porcine skin
deformation evaluated using a
leave-one-loading-scenario-out
cross-validation. In five separate
training runs, one loading path
is excluded each time and used
to test how well the GenCANN
generalizes to unseen loading
paths

use for its GenCANNs exactly the same network sizes as
the baselines. To further explore what the LLM changes
during refinement, we plotted the ratio of implemented to
possible changes for activation functions, initialization, and
regularization settings. As expected, when the LLM was
restricted from altering the number of layers and neurons,
it experimented more with activation, initialization, and reg-
ularization (compare Figs. 16 d)–f) with 17 d)–f)). However,
this had little impact on performance: for size-constrained
GenCANNs, R2 scores did not improve significantly across
refinement rounds. In contrast, unconstrained GenCANNs
showed a significant increase in R2 scores, particularly for
the brain and skin datasets. Accuracy improved and variance
decreased, indicating greater reliability. This success appears

to stem from enlarging the feedforward networks, which in
turn underscores that network size is the most influential
hyperparameter in CANNs - a fact the LLM consistently
exploits during refinementwhen allowed.Other hyperparam-
eter refinements contributemarginally andmay be secondary
in practical settings. Nevertheless, this does not alter the key
finding fromSectionA: evenwhennetwork size is fixed, size-
constrained GenCANNs achieve performance levels close to
their unconstrained counterparts.
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Table 2 R2 scores of the constitutive scientific generative agent (CSGA), the constitutive artificial neural network (CANN), the LLM-generated
CANN (GenCANN), and the GenCANN constrained to the baseline CANN network size, as shown in Figs. 3-8 and 10-15

Test CSGA Size-constrained GenCANN Unconstrained GenCANN CANN

Brain

Uniaxial tension 0.93 0.97 0.97 0.96

Uniaxial compression 1.00 1.00 1.00 0.99

Simple Shear 0.99 0.99 0.98 1.00

Experimental rubber

Uniaxial tension 0.99 1.00 1.00 1.00

Equibiaxial tension 0.97 1.00 1.00 1.00

Pure shear 0.98 1.00 1.00 1.00

Synthetic rubber

Uniaxial tension 0.87 1.00 1.00 1.00

Equibiaxial tension 0.98 1.00 1.00 1.00

Pure shear 0.93 1.00 1.00 1.00

Skin

Strip-X (λ2 = 1), stress in 1 0.98 1.00 0.96

Strip-X (λ2 = 1), stress in 2 0.98 1.00 0.98

Off-X (λ2 = √
λ1), stress in 1 0.99 1.00 0.97

Off-X (λ2 = √
λ1), stress in 2 0.99 1.00 0.95

Equibiaxial (λ1 = λ2), stress in 1 0.89 1.00 0.92

Equibiaxial (λ1 = λ2), stress in 2 0.97 1.00 0.93

Off-X (λ1 = √
λ2), stress in 1 0.92 1.00 0.89

Off-X (λ1 = √
λ2), stress in 2 0.95 1.00 0.90

Strip-X (λ1 = 1), stress in 1 0.76 1.00 0.26

Strip-X (λ1 = 1), stress in 2 0.89 1.00 0.81
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Fig. 16 Analysis of the refinement process for unconstrained generated constitutive artificial neural networks (GenCANNs). Each generated CANN
undergoes three successive refinements by the LLM, resulting in four GenCANNs per run, and each run is repeated five times per dataset. Panel (a)
presents the best-performing GenCANN from each complete run, while (b) shows performance per refinement round and (c) illustrates the numbers
of network weights across refinement rounds. Panels (d–f) depict the ratio of implemented to possible changes for activation, initialization, and
regularization, where a ratio of 1 indicates that every opportunity to test a new hyperparameter setting was utilized, and a ratio of 0 indicates that
the corresponding hyperparameter remained unchanged throughout all refinement rounds

Fig. 17 Analysis of the refinement process for size-constrained generated constitutive artificial neural networks (GenCANNs). Each generated
CANN undergoes three successive refinements by the LLM, resulting in four GenCANNs per run, and each run is repeated five times per dataset.
Panel (a) presents the best-performing GenCANN from each complete run, while (b) shows performance per refinement round and (c) illustrates the
numbers of network weights across refinement rounds. Panels (d–f) depict the ratio of implemented to possible changes for activation, initialization,
and regularization, where a ratio of 1 indicates that every opportunity to test a new hyperparameter setting was utilized, and a ratio of 0 indicates
that the corresponding hyperparameter remained unchanged throughout all refinement rounds
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Appendix D: Exemplary GenCANN implementation

Listing 1 Full implementation of LLM-generated constitutive artificial neural network (GenCANN) for porcine skin dataset.

import numpy as np
import tensorflow as tf

# ----------------------------------------#
# Helper layer #
# ----------------------------------------#
class StructureTensor(tf.keras.layers.Layer):

"""
Learns the fibre angle alpha (0 alpha Pi/2) and returns the structure tensor
N = n n with n = [cos alpha, sin alpha, 0]T.
"""
def __init__(self, **kwargs):

super().__init__(**kwargs)
self.alpha = self.add_weight(

name = "alpha",
shape = (),
dtype = tf.float32,
initializer = tf.keras.initializers.RandomUniform(0.0, 0.5*np.pi),
trainable = True,

)

def call(self, F):
batch = tf.shape(F)[0]
n = tf.stack(

[tf.cos(self.alpha), tf.sin(self.alpha), tf.constant(0.0, dtype=F.dtype)],
axis=0,

) # (3,)
n = tf.tile(n[None, :], [batch, 1]) # (B,3)
return tf.einsum("bi,bj->bij", n, n) # (B,3,3)

# ----------------------------------------#
# Psi-network #
# ----------------------------------------#
class PsiNetwork(tf.keras.layers.Layer):

"""
A single multivariate neural network Psi(lambdax, lambday, lambdaz, I, II, IV, V).
Feeding both the stretches and the invariants makes it easier for the NN
to discover patterns for extreme stretch states (strip-y, off-y, ).
"""
def __init__(self, **kwargs):

super().__init__(**kwargs)
self.net = tf.keras.Sequential([

tf.keras.layers.Dense(128, activation="softplus"),
tf.keras.layers.Dense(128, activation="softplus"),
tf.keras.layers.Dense(64 , activation="softplus"),
tf.keras.layers.Dense(32 , activation="softplus"),
tf.keras.layers.Dense(1 , activation="linear"),

])

def call(self, features):
return self.net(features) # (B,1)

# ----------------------------------------#
# CANN #
# ----------------------------------------#
class CANN(tf.keras.layers.Layer):

"""
Constitutive Artificial Neural Network for an incompressible, transversely
isotropic material subjected to planar stretches.
"""
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def __init__(self, **kwargs):
super().__init__(**kwargs)
self.structure_tensor = StructureTensor(name="structure_tensor")
self.psi_network = PsiNetwork (name="psi_network")

# ----------------------------------------#
# Public forward pass #
# ----------------------------------------#
def call(self, inputs):

"""
Args:

inputs (list | tuple): (stretch_x, stretch_y) two tensors of
shape (B,) and dtype float32.

Returns:
list(tf.Tensor, tf.Tensor): sigma_xx and sigma_yy (each shape (B,))

"""
if not isinstance(inputs, (list, tuple)) or len(inputs) != 2:

raise ValueError("CANN expects [stretch_x, stretch_y] as input.")

lambdax = tf.reshape(inputs[0], (-1,))
lambday = tf.reshape(inputs[1], (-1,))
lambdaz = 1.0 / (lambdax * lambday) # incompressibility J = 1

# (B,3,3) deformation gradient (diagonal for pure stretches)
F = tf.linalg.diag(tf.stack([lambdax, lambday, lambdaz], axis=1))

# Isochoric part of the first PK stress
P_iso = self._compute_P_iso(F, lambdax, lambday, lambdaz)

# Convert to Cauchy stress and eliminate pressure
sigma = self._compute_cauchy(F, P_iso) # (B,3,3)

return [sigma[:, 0, 0], sigma[:, 1, 1]]

# ----------------------------------------#
# Internal helpers #
# ----------------------------------------#
def _compute_P_iso(self, F, lambdax, lambday, lambdaz):

"""
Obtain P_iso = Psi/F via automatic differentiation.
Feature vector for Psi contains the stretches AND four invariants.
"""
with tf.GradientTape() as tape:

tape.watch(F)

# Right Cauchy-Green tensor
C = tf.matmul(tf.transpose(F, [0, 2, 1]), F) # (B,3,3)
trC = tf.linalg.trace(C) # (B,)
trC2 = tf.linalg.trace(tf.matmul(C, C)) # (B,)

I1 = trC[:, None] # (B,1)
I2 = (0.5 * (trC ** 2 - trC2))[:, None] # (B,1)

N = self.structure_tensor(F)
IV = tf.reduce_sum(C * N, axis=[-2, -1])[:, None] # (B,1)
V = tf.reduce_sum(tf.matmul(C, C) * N, axis=[-2, -1])[:, None] # (B,1)

stretches = tf.stack([lambdax - 1.0, lambday - 1.0, lambdaz - 1.0], axis=1) # (B
,3)

invariants = tf.concat(
[I1 - 3.0, I2 - 3.0, IV - 1.0, V - 1.0], axis=1

) # (B,4)

features = tf.concat([stretches, invariants], axis=1) # (B,7)
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Psi = self.psi_network(features) # (B,1)

return tape.gradient(Psi, F) # (B,3,3)

def _compute_cauchy(self, F, P_iso):
"""
sigma = (1/J) * P_iso * FT p I, with p chosen such that sigma_zz = 0.
"""
J = tf.linalg.det(F) # (B,)
sigma = tf.matmul(P_iso, tf.transpose(F, [0, 2, 1])) / J[:, None, None] # (B,3,3)

p = sigma[:, 2, 2] # (B,)
I3 = tf.eye(3, batch_shape=[tf.shape(F)[0]], dtype=F.dtype)
return sigma - p[:, None, None] * I3

# ----------------------------------------#
# Public getter #
# ----------------------------------------#
def get_alpha(self):

"""Return the learned fibre direction angle alpha (radians)."""
return self.structure_tensor.alpha

# ----------------------------------------#
# Model builder #
# ----------------------------------------#
def build_cann_model():

"""
Creates the Keras model that maps planar stretches to normal Cauchy stresses.

Returns:
tf.keras.Model

"""
stretch_x = tf.keras.Input(shape=(), name="stretch_x")
stretch_y = tf.keras.Input(shape=(), name="stretch_y")

sigmax, sigmay = CANN(name="cann")([stretch_x, stretch_y])

model = tf.keras.Model(
inputs=[stretch_x, stretch_y],
outputs=[sigmax, sigmay],
name="CANN_model",

)
return model
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26. Zlatić M, Čanadija M. Recovering mullins damage hyperelastic
behaviour with physics augmented neural networks. J Mech Phys
Solids. 2024;193:105839.

27. Holthusen H, Lamm L, Brepols T, Reese S, Kuhl E. Theory and
implementation of inelastic constitutive artificial neural networks.
Comput Methods Appl Mech Eng. 2024;428:117063.

28. HolthusenH,LinkaK,KuhlE,BrepolsT.Ageneralizeddual poten-
tial for inelastic constitutive artificial neural networks: A jax imple-
mentation at finite strains. J Mech Phys Solids. (2025):106337

29. Tushar, Kumar S, Chakraborty S. Fusion-based constitutive model
(fuce): Toward model-data augmentation in constitutive modeling.
Int J Mech Syst Dyn. 2025;5(1):86–100. https://doi.org/10.1002/
msd2.70005.

30. Taç V, Rausch MK, Costabal FS, Tepole AB. Data-driven
anisotropic finite viscoelasticity using neural ordinary differential
equations. Comput Methods Appl Mech Eng. 2023;411:116046.
https://doi.org/10.1016/j.cma.2023.116046.

31. Liu B, Vu-Bac N, Zhuang X, LuW, Fu X, Rabczuk T. Al-demat: A
web-based expert system platform for computationally expensive
models in materials design. Adv Eng Softw. 2023;176:103398.

32. Liu B, Vu-Bac N, Rabczuk T. A stochastic multiscale method for
the prediction of the thermal conductivity of polymer nanocompos-
ites through hybrid machine learning algorithms. Compos Struct.
2021;273:114269.

33. Liu B, Liu P,Wang Y, Li Z, Lv H, LuW, et al. Explainable machine
learning for multiscale thermal conductivity modeling in polymer
nanocomposites with uncertainty quantification. Compos Struct.
2025;370:119292.

34. Liu B, Vu-Bac N, Zhuang X, Fu X, Rabczuk T. Stochastic full-
range multiscale modeling of thermal conductivity of polymeric
carbon nanotubes composites: Amachine learning approach. Com-
pos Struct. 2022;289:115393.

35. LiuB,Vu-BacN,ZhuangX,FuX,RabczukT.Stochastic integrated
machine learning based multiscale approach for the prediction of
the thermal conductivity in carbon nanotube reinforced polymeric
composites. Compos Sci Technol. 2022;224:109425.

36. Liu B, Lu W, Olofsson T, Zhuang X, Rabczuk T. Stochastic inter-
pretable machine learning based multiscale modeling in thermal
conductivity of polymeric graphene-enhanced composites. Com-
pos Struct. 2024;327:117601.

37. Xia Y, Zhang C, Wang C, Liu H, Sang X, Liu R, et al. Prediction
of bending strength of glass fiber reinforced methacrylate-based
pipeline uv-cipp rehabilitation materials based on machine learn-
ing. Tunn Undergr Space Technol. 2023;140:105319.

38. Zhang X, Xia Y, Zhang C, Liu B, Wang C, Fang H, Wang J. A pre-
dictionmodel for dyke-dampiping based on data augmentation and
interpretable ensemble learning. Eng Failure Anal. (2025):110174

39. Koza JR.Genetic programming:On the programmingof computers
by means of natural selection (complex adaptive systems). Brad-
ford Book. 1993;1:18.

40. Abdusalamov R, HillgärtnerM, ItskovM.Automatic generation of
interpretable hyperelastic material models by symbolic regression.

Int J Numer Meth Eng. 2023;124(9):2093–104. https://doi.org/10.
1002/nme.7203.

41. Flaschel M, Kumar S, De Lorenzis L. Unsupervised discovery of
interpretable hyperelastic constitutive laws. ComputMethodsAppl
Mech Eng. 2021;381:113852. https://doi.org/10.1016/j.cma.2021.
113852.

42. FlaschelM,KumarS,DeLorenzisL.Discovering plasticitymodels
without stress data. NPJ Comput Mater. 2022;8(1):91. https://doi.
org/10.1038/s41524-022-00752-4.

43. Joshi A, Thakolkaran P, Zheng Y, Escande M, Flaschel M, De
Lorenzis L, et al. Bayesian-euclid: Discovering hyperelastic mate-
rial laws with uncertainties. Comput Methods Appl Mech Eng.
2022;398:115225. https://doi.org/10.1016/j.cma.2022.115225.

44. Thakolkaran P, Joshi A, Zheng Y, Flaschel M, De Lorenzis L,
Kumar S. Nn-euclid: Deep-learning hyperelasticity without stress
data. J Mech Phys Solids. 2022;169:105076. https://doi.org/10.
1016/j.jmps.2022.105076.

45. Kolmogorov AN. On the representation of continuous functions
of several variables by superpositions of continuous functions
of a smaller number of variables. Dokl Akad Nauk SSSR.
1956;108:179–82.

46. Liu Z, Ma P, Wang Y, Matusik W, Tegmark M. Kan 2.0:
Kolmogorov-arnold networks meet science. (2024). arXiv preprint
arXiv:2408.10205.

47. Liu Z, Wang Y, Vaidya S, Ruehle F, Halverson J, Soljačić M, Hou
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