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Composite lattices, periodic architectures of interconnected fibre-reinforced members, offer exceptional
stiffness-to-weight ratios critical for aerospace light-weighting and net-zero emission strategies, yet their
directional property tailoring remains underexploited due to design complexity. Composite lattice optimisation
confronts a fundamental combinatorial challenge: the design space grows exponentially with ply count,
requiring exhaustive searches across ply moduli, fibre orientations, layup sequences, and geometric parameters
that rapidly become intractable for multifunctional structural tailoring. We introduce a physics-informed
encoder—-decoder architecture that circumvents this dimensional curse by projecting the discrete optimisation
problem into a continuous latent space of lamination parameters. The encoder, implemented as a feed-forward
neural network, maps target homogenised elastic moduli (E,, E,) to member-level lamination parameters, while
the decoder embeds closed-form analytical expressions from classical laminate theory and homogenisation
mechanics. This architecture eliminates data dependency and ensures physical consistency throughout the
inverse design process. By minimising reconstruction loss between predicted and target properties, the
framework learns physically realisable lamination parameter combinations that simultaneously satisfy stiffness
targets and manufacturing constraints for balanced, symmetric laminates. Applied to hexagonal composite
lattices, the method reveals that maximum achievable anisotropy depends not only on fibre-matrix modulus
contrast but fundamentally scales with lattice effective stiffness, establishing material-dependent upper
bounds ranging from 1.03 for E-glass to 1.49 for high-modulus carbon systems. The framework enables
rapid exploration of previously inaccessible design regions, reduces inverse design from iterative numerical
optimisation to direct analytical mapping, and provides a generalisable template for integrating domain-specific
physics with machine learning in structural design.

1. Introduction Composite lattice structures are a promising class of lightweight

architectures that combine the directional tailoring capabilities of fibre-

The design of lightweight and high-performance structures remains
a cornerstone in aerospace engineering, where reductions in structural
mass directly translate to improved energy efficiency and payload
capacity [1,2]. Achieving such light-weighting goals is critical in the
broader context of net-zero emission strategies [3]. Lattice structures,
characterised by periodic arrangements of interconnected struts or
unit cells, offer a compelling solution due to their ability to deliver
high stiffness-to-weight ratios [4,5]. These architectures, composed of
members primarily loaded in tension or compression, enable efficient
load transfer while minimising material usage, a quality highly ad-
vantageous in aerospace structures ranging from satellite frames to
morphing skins [6-8].

* Corresponding author.

reinforced composites with the structural efficiency of periodic lat-
tices [9,10]. However, the corresponding design problem is challeng-
ing. The effective properties of a composite lattice depend on the
longitudinal and transverse properties, ply orientation, ply count and
thickness. As the number of plies increases, the number of possi-
ble stacking sequences grows combinatorially and makes multi-query
optimisation challenging [11].

To accelerate design iterations it is essential to have an efficient
homogenisation framework. Analytical methods, to compute the equiv-
alent properties of lattice, and Representative Volume Element (RVE)
approaches are versatile methods used in the literature for homogenisa-
tion [12-14]. Analytical methods typically assume a 1D or 2D
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representation of lattice members and the deformation behaviour, to
enable computation of stiffness via force-deflection or strain-energy
based approaches [15]. RVE methods are typically implemented via
Finite Element Method (FEM) and can be applied to periodic and non-
periodic lattices [16]. Efficient homogenisation methods can make the
forward calculation of computing equivalent stiffness faster. However,
a major challenge with these methods is that the design dimension
remains constant and thus the inverse design is challenging.

Lamination parameters provide a method to mitigate this combina-
torial explosion by projecting discrete stacking variables into a contin-
uous, low-dimensional representation of composite properties [17,18],
while admissible stacking sequences need to be recovered in a post-
processing step. They are used in designing variable stiffness composite
structures [19], post-buckling optimisation [20] and doubly curved
composite plates [21]. While the forward mapping from lamination pa-
rameters to effective responses such as E,, E, is analytically tractable,
the inverse mapping from target responses to admissible lamination pa-
rameters is potentially non-unique, and constrained by manufacturing
rules.

Some studies are presented in the literature to address the aspects
of this challenge in inverse design. Ntourmas et al. [22] proposed a
mixed-integer linear programming formulation for retrieving manu-
facturable stacking sequences from lamination parameters, enforcing
blending and continuity rules directly. Sprengholz et al. [23] developed
a rapid transformation method to convert lamination parameters into
stacking sequences, reducing the computational overhead of sequence
retrieval. At the functional level, Riley et al. [24] demonstrated inverse
design of bistable laminates for morphing applications, illustrating how
inverse methods can enable programmable behaviour. When compared
to surrogate-based approaches and direct inverse methods, physics-
constrained and theory-guided ML models embedding laminate me-
chanics have improved data efficiency, robustness, and interpretability,
accelerating practical composite inverse design (Li et al. 2024).

Machine learning has emerged as a suitable choice to develop fast
surrogates for optimisation and thereby can enable inverse design. In
the absence of vast amount of data, physics-informed neural networks
can be trained directly on the governing equations and the associated
boundary conditions and physical quantities are enforced by min-
imising a loss function [25]. Surrogate-based approaches approximate
high-fidelity simulations and are coupled with optimisation or Bayesian
frameworks to efficiently explore large laminate design space [26].
Direct inverse methods using generative models, such as variational
autoencoders, address the non-uniqueness of inverse problems by pro-
ducing multiple feasible designs for a given target response [25,27]. Li
et al. [27] introduced a physics-constrained deep learning approach for
identifying material parameters in laminates.

Wang et al. [28] introduced a data-driven inverse method that
uses Gaussian Process Regression to accurately identify fibre path
parameters in variable stiffness laminates accounting for manufacturing
uncertainties. Sun et al. [29] provided an efficient inverse design
framework for composite layups using a variational autoencoder. Zhou
et al. [30] developed a topology optimisation approach for composite
lattices with mutiple morphology, where the material density is first
optimised and then mapped to lattice cells with tailored anisotropic
stiffness. Peng et al. [31] introduced an inverse design method for
bi-material composite lattice structures using artificial neural networks.

Despite these advances, the design of composite lattices by inte-
grating lamination parameter for dimension reduction with physics-
informed learning remains underexplored. This paper addresses this
gap by introducing a lamination parameter-informed encoder—decoder
framework for the inverse design of composite lattices. The encoder
is a neural network that maps target global elastic moduli (E,, E,)
into a latent space of lamination parameters. This is regarded as a
predictor step where the initial set of lamination parameters is cor-
rected by a decoder. The decoder is not data-driven but a differentiable
physics module that incorporates analytical expressions for member
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stiffness and homogenisation rules, ensuring that reconstructed prop-
erties (E,, E,) remain accurate and physically valid. By minimising the
distance between the target and the reconstructed moduli, the required
lamination parameters are retrieved. Manufacturing constraints are
enforced post-prediction to design balanced and symmetric laminates.
Stacking sequences are then efficiently retrieved using a kd-tree search
in lamination parameter space.

We introduce a normalised anisotropy measure and derive an up-
per bound on anisotropy achievable under laminate theory. The key
contributions of this work are:

+ The development of analytical equations using lamination param-

eters to calculate homogenised lattice properties.

» The formulation of lamination parameter-informed encoder—
decoder framework to perform inverse design efficiently.

» The incorporation of manufacturing constraints and the integra-
tion of stacking-sequence retrieval through kd-tree structure.

+ Applications of the framework to anisotropy tailoring, derivation
of a normalised anisotropy measure and the identification of
upper bounds.

The paper is organised as follows. Section 2 derives closed-form ex-
pressions for the equivalent elastic properties of heterogeneous hexag-
onal lattices. Section 3 reformulates these expressions in terms of
lamination parameters by invoking classical laminate plate theory.
The physics-informed encoder-decoder architecture is presented in Sec-
tion 4. Section 5 verifies the lamination parameter formulation against
literature benchmarks and visualises the feasible design space. Sec-
tion 6 demonstrates inverse design capability, showing how the trained
framework predicts manufacturable layups that satisfy prescribed stiff-
ness targets while respecting balanced and symmetric laminate con-
straints through kd-tree retrieval. Section 7 focuses on anisotropy tai-
loring, deriving analytical expressions for the anisotropy ratio as a
function of material and geometric parameters, examining material
selection criteria, and establishing upper bounds on achievable direc-
tional stiffness contrast for different composite systems. Conclusions
and directions for future work are provided in Section 8.

2. Unit cell analysis of a heterogeneous lattice

To demonstrate the unit cell analysis of a heterogeneous lattice,
consider the hexagonal lattice shown in Fig. 1, where the unit cell
has three different members with unique composite properties. The
equivalent elastic properties of this composite lattice can be calculated
using plane stress assumptions. Each member has its unique properties,
and the homogenised elastic modulus and thickness of these members
are given by E,,t, (for member a), E,, , (for member b) and E_, ¢, (for
member c). This results in the equivalent properties Egs. (1)-(5) of the
composite lattice [32]. The subscripts in the equation below indicate
the properties in the global x- and y-directions. Modifying 4 and 6 can
lead to distinct lattice types as observed in [33]. Therefore the results
presented here can be generalised for other lattice types.

The equations for the equivalent properties are derived by assuming
the member deformation behaviour and follows Castigliano’s theorem
to calculate the directional member stiffness (x and y). Since the
analytical derivation of these equations can be referred in the literature
with changes for the composite member properties, the derivation of
the equations are not explicitly shown. In the rest of the section,
equations are suitably rearranged to improve their understanding and
the corresponding plots are also shown.

The equivalent homogenised properties of the hexagonal lattice
described in Fig. 1 can be calculated using the Egs. (1)-(5). E, and
E, are the equivalent longitudinal and transverse modulus, v, , and v,
are Poisson’s ratio measured when loaded in x and y directions, and
G,, is the equivalent shear modulus.

3 noe
E, = 2a” cos 6
(f + sin @) [sinZH(ELa + ELb) +a2c0s29(ELa + E%)]

@
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Fig. 1. Hexagonal lattice unit cell geometry comprises three member types with independent composite layups: inclined members « and b (length L, angle 6)

and vertical member ¢ (height 4). Each member has homogenised elastic modulus E,, and thickness 7,
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3oL 2 L 2 a5
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(5)

In the above equations, it is assumed that the thickness of all the
members is the same, that is, t, = t, = 1, =t (say). The non-dimensional
parameters « and g are defined as

and f= % 6)

Same thickness is assumed because stiffness tailoring is demonstrated
later across lattices with same geometry.
Using these, the relative density of the lattice can be obtained as

P a2+ p)
ps  2cos@(f +sinh)

where p, is the average density of a constituent composite material.
Note that the relative density is a function of the geometry of the lattice
only.

For analytical simplifications, we introduce two further
non-dimensional parameters quantifying the disparities between the
elastic modulus of the three composite elements in the lattice. They
are defined as

t
a=—
L

pr= @

E,
'Il—E

a

E, s
i ®)

a

and 7, =

and these are called as the material disparity ratios. These quantities
can be substituted in the expressions of the equivalent properties of
the lattice above for further simplification of the analytical expressions
as

3
E =E,- m_ 2a c?sﬁ_ . 1 ©)
L+n (B+sinf) gin? 0 + a2cos? 0
243 ing
E, =E, M 20(f+5sin6) 1 (10)
L+ cos 6 cos? 0 + a2 sin” +a2 22 . A

mo l+m

(m=a,b,c).

cos2 0(1 — a?)

Vi, = (11
(B +sin@)sinO(1 + a2 cot? §)
sin (B + sin 0)(1 — a?
Vo, = (B = ) 413) - (12)
(0052 0 + a2 sin 9) +a2E . A
m o l+m
m 4a>(f +sinf)
Go=Ea 700
m cos@
. 1 — 13)
B2 + a2(cos 6 + (B + sin0) tan )2 + £ . 1
n 1+'71
The material disparity ratios n;, = =¢ and n, = =< quantlfy the stiffness

contrast between the primary mater1a1 E, and tﬁe secondary materials
E, and E,_, respectively. When #;, < 1, corresponding to a compliant
secondary phase, the lattice exhibits a pronounced reduction in its
equivalent stiffnesses E,, E, and G,,. In the opposite limit, #; — oo, the
stiffer constituent dominates, and the effective moduli asymptotically
approach those of the primary phase E,. Similar behaviour can be
observed for 7, The combined influence of #; and #,, together with the
geometry parameters a and f, determines the balance between axial
and shear deformation mechanisms and thus governs the transition
from a flexible anisotropic lattice to a stiffer, nearly isotropic structural
configuration.

Fig. 2 illustrates the contours of the normalised equivalent modulus
plotted as a function of the material disparity ratio #, and the cell
angle 0 for a = 0.2. Two representative cases are shown corresponding
to(f =1, = 1) and (f = 2.5, 7, = 0.2). The results reveal that
the equivalent modulus E, and E, increases nonlinearly with »; and
is sensitive to both the cell geometry and height ratio. For larger
B, the influence of n, becomes more pronounced, indicating stronger
coupling between geometric configuration and stiffness contrast among
the lattice members. The contour corresponding to n;, = n, = 1
and 0 = 30° represents the baseline case of a homogeneous regular
lattice. This provides a reference configuration for interpreting how
introducing stiffness contrasts (i.e., n; # 1, 5, # 1) can enhance or
diminish anisotropic mechanical responses.

Figs. 2(e) and 2(f) reveal that the shear stiffness is more sensitive
to geometric variation than the axial moduli, particularly at smaller
0 values where the inclined members dominate the load transfer.
Increasing #, enhances G,, up to a saturation point, beyond which
geometric effects prevail.

3. Lamination parameters for lattices

In this section, the equivalent properties of lattices are derived
in terms of lamination parameters, which express global mechani-
cal quantities, such as stiffness, in terms of material invariants and
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Cell angle: 6

Material disparity ratio: 7

(a) Eac/Eaa3 B=1m=1)

Cell angle: 6

Material disparity ratio: 7

(¢) By/Eac® (B=1,12=1)

Cell angle: 0

0.5 1 15 2 2.5 3

Material disparity ratio: 7
(e) Goy/Ead® (B= 1,12 =1)

Fig. 2. Contours of normalised E,,
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Cell angle: 60

0.5 1 15 2 25 3
Material disparity ratio: n;

(b) Ex/Eqa® (B=2.5,12 =0.2)

Cell angle:

0.5 1 15 2 2.5 3
Material disparity ratio: 7

(d) Ey/Eqa® (B =25, 72 = 0.2)

Cell angle:

0.5 1 15 2 2.5 3
Material disparity ratio: n;

(f) Gacy/}—‘_JaO‘3 (8=2.5,m2=02)

E,, G,, plotted as functions of the material disparity ratio (1,) and the cell angle () for « = 0.2 and different values of the

height ratio (f) and material disparity ratio #,. The case corresponding to the classical single-material regular homogeneous lattice (f =#, =5, =1, 8 = 30°) is

marked with lines in 2(a), 2(c) and 2(e).

direction-dependent terms [34]. Lamination parameters acts as a so-
lution to reduce the problem complexity especially when the design
space is large. This can be quickly demonstrated with Fig. 3. Here
the number of feasible laminates (symmetric and balanced) is plotted
against the number of plies (function of thickness). In this semi-log plot,
the laminate design space rises with the number of plies.

One of the key global properties of interest in lattice structures is

the longitudinal stiffness and can be represented in a simplified form
as:

E, = fU)e®) 14

where U denotes a material invariant that encapsulates the intrinsic
stiffness of the lamina, and g(&) is a function of the lamination param-
eters which encode the orientation distribution of plies throughout the
laminate thickness.

Under plane stress conditions, typically assumed for thin laminates
or lattice members, the constitutive behaviour of an orthotropic lamina

is described by the reduced stiffness matrix Q which relates in-plane
stresses to in-plane strains:

0, = —11 0y = 2 (15)
1 —vppvy I =vppvy
visEy v Ey
Op = = Ogs = G2 (16
L—vpvy  1=-vipwy

where E,; is the longitudinal modulus, E,, is the transverse modulus,
G|, is the shear modulus, and v, is Poisson’s ratio expressed in material
coordinate system.

Following classical laminate plate theory for multi-ply laminates
the global stiffness behaviour can be described using the ABD stiffness
matrix, which accounts for extensional, coupling, and bending effects.
For symmetric laminates, the coupling matrix B vanishes, leading
to a decoupling of extension and bending. The in-plane extensional
behaviour is then fully characterised by the A matrix, with



J. Selvaraj and S. Adhikari

105_

104_

No. of feasible laminates

2 4 6 8 10 12
No. of plies

Fig. 3. Combinatorial explosion of symmetric and balanced laminate design
space with increasing ply count.

components:
n

Ay =2 (04) (i = by ) a7

k=1
where h; and h;_; are the distances from the laminate mid-plane to the
top and bottom of the kth ply, » is the number of plies, and Q; is the
transformed reduced stiffness matrix of the kth ply.

A matrix in terms of lamination parameters is given by,

[1 ¢ & 0 0]
‘:11 0 0 -& 1 0|y
12
Ayy 1= & o0 of|b
Ag|=l0 0 -5 0 1 53
4
Al Jo 2 & 0 oy,
A 0 & 0 0
A 3 %

where ¢ is the total laminate thickness, &,, are the lamination parame-
ters, and U are material invariants.
The material invariants are given by

U, = % (3011 +302 +20, +40¢) (18)
U, = % (011 - 0n) a9
Us = % (Q11 + Q2 =201, — 404) (20)
U, = % (011 + 0p +60,, - 404) (21)
Us = é (011 + 02 =20, +40s) (22)

The lamination parameters ¢,, are defined as:

1 [ 1 <

& = —/ cos20(z)dz = — zcos(ZOk) (hy—y — hy), (23)
1) =
1 [ 1 <

& =-— / c0s40(2)dz = — ) cos(40;) (hy_; — hy), 24)
1) il
1 [1? I ¢

&= -/ sin20(z)dz = = Z sin(20;) (h_y — hy), (25)
U)o L
1 [1? I ¢

&= -/ sin40(z)dz = = Z sin(40;) (hy_y — hy), (26)
) '

Here O is the fibre orientation at a distance z from the mid-plane. The
integral above is a general definition and is converted to finite sum
since laminated composite thickness distribution is piecewise continu-
ous. The feasible design space in terms of lamination parameters for
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symmetric and balanced laminates are shown in Fig. 5. It is worth
mentioning that only symmetric and balanced laminates are considered
since they reduce the shrinkage during curing and are widely preferred.

The equivalent elastic modulus can be computed from the A matrix
by computing its inverse. However, to perform this simplified calcu-
lation, B needs to be zero necessating the presence of balanced and
symmetric laminates. The A matrix of such laminates with A,q = A, =
0 is given by

All A12 0
A=A, A, O 27
0 0 Ag

The determinant of A and cofactor of A}, is,
det(A) = Ags.(A1 Ay — ApAy)) (28
cofactor(A;) = Ay Ag 29)

The equivalent elastic modulus of a lattice member m = a, b, ¢ can
then be calculated from the A matrix as:

E, = % <AL1‘1‘> - % <A(>6-(A11AI‘ZzA;Alez1)> (30)
2
En= % (AHAZZ An) (31)
The components of A in terms of lamination parameters are given as,
Ay =1U; + 61Uy + 5U3) (32
Ap =1(=5LUs +Uy) (33)
Ay =1(Uy = U, + §,Us) 34
Ags = 1(=5U3 + Us) (35)

By substituting the components of A into Eq. (31), a closed-form
relation for the equivalent modulus in terms of the design variables is
obtained, enabling efficient analytical optimisation.

e =1 (’2(U1 +&6 Uy, +5U)U; - §U, + §U;) - A(=5U; + U4)2>
m= g (U, = & Uy +5U3)
(36)
_ VR 42500y~ GU +25U3U, - U] @7)
m= Uy - & U, +4U;

By substituting Eq. (37) into Egs. (1)-(5), the homogenised lattice
properties can be obtained. It is important to note that each lattice
member (m = a, b, ¢) can have a distinct composite layup, characterised
by its own set of lamination parameters (55'”) , 53”)) to obtain E,, E,, and
E..

This hierarchical design process establishes a direct pathway from
ply-level design variables to lattice-level effective properties. However,
the inverse mapping from target member moduli to lamination pa-
rameters involves navigating a non-unique solution space. For a given
target modulus E,,, multiple lamination parameter pairs (éi'"),.f;m))
may satisfy Eq. (37) due to the coupled nonlinear relationship be-
tween material invariants and lamination parameters. Furthermore, the
material invariants (U,,U,,U;,U,, Us) vary across composite systems,
meaning that different materials require distinct lamination parameter
combinations to achieve the same elastic modulus. This multiplicity
of solutions offers designers flexibility to satisfy secondary constraints
such as manufacturability, buckling resistance, or failure margins.

4. Lamination-parameter informed encoder-decoder

To infer the underlying lamination parameters of a composite lam-
inate from its macroscopic elastic properties, we developed a encoder—
decoder framework based on a fully connected neural network architec-
ture. The model maps the effective in-plane Young’s moduli (E,, E,) to
six latent lamination parameters & = [éf ,(5;,5”, fé’, f,f;] corresponding
to three laminate members (a, b, c).
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Learning of &;m by encoder with physics-informed decoder

Decoder

§ Mechanics equations— FE,, Fy, E.

Latent space

&1a, €240, €10, 265 €1c, S2e

Y

Homogenization— Ez, Ey )i

Output
EI I Ey

~-O O

R Lossl = ||Ex _ Ex||2 + ||Ey _ EyHQ P

*Actual hidden layers have 64 neurons each; fewer shown here for clarity*

Fig. 4. Architecture of physics-informed encoder—decoder framework for inverse design of composite lattices. Actual hidden layers contain 64 neurons each;

fewer shown for clarity.

4.1. Model architecture

The encoder is a feed-forward neural network with two hidden
layers of 64 neurons each and hyperbolic tangent (tanh) activations.
It maps the input vector x = [E,, E ] € R? to the lamination parameter
vector £ € [—1,1]° via

& = tanh(f(x)), (38)

where f- denotes the neural network with trainable parameters I'. This
model architecture is shown in Fig. 4

4.2. Physics-based decoding

The predicted lamination parameters are used in an analytical
model to compute the directional Young’s moduli E,, E,, and E, of
the three members. Each modulus is given by a closed-form expression
derived in Eq. (37):

Ul - 28U,U; — (& U, +28U3U, - U7

E = - - , i€{ab,c},
U —&U, +&Us +¢

where U}, U,, U3, Uy and Us are material invariants and ¢ is a small
regularisation term to ensure numerical stability.

4.3. Homogenisation model
The homogenised in-plane elastic moduli (E; ) are then

calculated using expressions that depend on the member-wise moduli
and geometric parameters:

pred E};})red

ppred _ 2cos @
x - >
. ) 1 1 2 1 1
(f +sin ) |sin” 6 At ) teos 0 ( Foar + Ebu2>
a%y 6%
pred _ 2(p + sin 0)
E; " =

2 1 1 ) ( 1 1 ) 4
cos 6 [cos 0 <Eaa? + _Ebag> + sin” 6 T + Tyoa + Fots

where 0 is the lattice angle, g is the aspect ratio 4/L, and a,, a,,a; are
relative thicknesses of the laminate members.

4.4. Loss function

The model is trained by minimising the discrepancy between the
predicted and true values of the effective moduli:

= (Ere- Ex)2 + (Bt - Ey>2 : (39)

As the prediction of the encoder-decoder improves, the loss minimises
and approaches convergence. Physically, this means that the mechan-
ical principles and design targets will be achieved without requiring
homogenisation training data.

4.5. Characteristics of the network

This model incorporates closed-form constitutive equations and ho-
mogenisation rules, ensuring that the predicted outputs rely on the
mechanics. The use of the tanh activation function constrains the lam-
ination parameters to the physically meaningful range [—1, 1], which
improves interpretability. Each latent variable corresponds to a spe-
cific lamination parameter, enabling direct physical insight into the
network’s predictions. This combination of data-driven learning and
embedded physical laws enhances the accuracy, and generalisation of
the model across different number of plies and layups (symmetric and
balanced).

4.6. Layup reconstruction from predicted lamination parameters

Following the prediction of lamination parameters by the encoder—
decoder framework, the corresponding stacking sequences (layups)
are reconstructed by querying a precomputed database of candidate
layups and their associated lamination parameters. This is an exhaus-
tive database of all possible symmetric and balanced sequences for a
given ply count. For each target set of predicted lamination parameters,
k-d tree (pre-trained) is employed to identify the nearest neighbour
in lamination parameter space based on the Euclidean distance. This
procedure is applied to all target vectors, and the total distance across
all targets is accumulated for each candidate k-d tree structure.

Total distance = 1 /Z H.f}.’red - |2,
i
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Feasible design space - 4 plies

1.01 e [ °
0.5 (] °
W 0.01
—0.51 ° °
~1.0 °
-1.0 -0.5 0.0 0.5 1.0
&1
(a) 4 Plies
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Feasible design space - 12 plies

1.0 ° ° ° °
0.5
W 0.0
_0.5.
—1.0‘
-1.0 -0.5 0.0 0.5 1.0
31

(b) 12 Plies

Fig. 5. Feasible design space of symmetric and balanced laminates in lamination parameter coordinates (¢;,¢,) for (a) 4-ply and (b) 12-ply configurations. Each
point represents a distinct manufacturable stacking sequence satisfying symmetry and balance constraints.

E, vs mean &; and &; of lattice members
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Fig. 6. Elastic modulus distribution in lamination parameter space for 12-ply XN80-epoxy lattices: (a) E, and (b) E,. Grey markers show individual member
parameters (£, &)'); coloured markers show lattice-averaged parameters with colour intensity indicating modulus magnitude (20-160 MPa).

where .f}."ed denotes the predicted lamination parameter vector for
member i, and §?b corresponds to the nearest available vector in the
database.

The lamination parameter yielding the minimum cumulative dis-
tance is selected, and the layup configuration is reconstructed by
retrieving the closest layup for each member within the selected tree.
In this manner, a set of physically realisable stacking sequences is ob-
tained that most closely approximates the inverse model predictions in
lamination parameter space. Since this inverse prediction is performed
member-wise, the proposed encoder-decoder can be applied to a wide
range of lattices where the members satisfy the composite laminate
theory assumptions.

5. Results
5.1. Verification

To verify the equations developed using lamination parameters, a
composite lattice structure comprising five plies is considered. The con-
stituent ply properties are based on a unidirectional Glass/Epoxy com-
posite with the following orthotropic parameters: longitudinal modulus
E;; = 38600 MPa, transverse modulus E,, = 8270 MPa, major Poisson’s
ratio vj, = 0.26 and in-plane shear modulus G,, = 4140 MPa. The
geometry of the lattice is defined by a unit cell with height 2 = 50 mm,

Table 1

Verification of lamination parameter formulation against reference strain
energy method. Extensional stiffness components Q,;, Q,,, and Q for three
representative 5-ply Glass/Epoxy layups show close agreement with [35], with
maximum error below 3%.

Layup 0,, N/mm? 0, N/mm? Qg N/mm?

Ref [35] Proposed Ref [35] Proposed Ref [35] Proposed
45,-45,0,-45,45 32471  324.92 319.85  319.90 2.43 2.51
0,0,90,0,0 595.17 594.53 584.25 585.35 5.46 4.59
90,0,0,0,90 482.53  484.34 478.29  476.86 2.12 3.74

length L = 50 mm and an effective core thickness derived to achieve a
relative density of p*/p, = 0.0722. The equivalent elastic properties of
the lattice calculated from the developed work is compared against the
strain energy based approach developed by Jasotharan et al. [35] and
is shown in Table 1

5.2. Lattices in lamination parameter space

For the results in this section, relative density = 0.0722 is used and
the geometry is same as the previous section, however the number of
plies and orientations are modified along with the composite material.
The design space is restricted to only balanced and symmetric laminates
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for two reasons, (i) ease of manufacturability and (ii) simultaneous
simplification of design space. The composite material system used is
that of a high-modulus carbon epoxy system (XN80 + Epoxy) [36]. The
properties are mentioned in Table 2.

The lamination parameter space formed by composite lattices made
of 4 plies and 12 plies are shown in Fig. 5. It can be observed that the
balanced and symmetric laminates occupy the well-known parabolic
shape and the design space inside this parabola is not continuous.
Therefore, selecting points inside the parabolic design space for man-
ufacturability is not trivial and shows the challenges in inverse design
of lattices. It is worth mentioning that larger number of plies through
the thickness enables a larger designing space for tailoring.

In Figs. 6(a) and 6(b), the lamination space is plotted. The grey
dots indicate the lamination parameters of the individual members
of the lattice (£7,&P,&),(£5,&2,5). The coloured dots indicate mean
lamination parameters of the lattice &= ¢+ ff +¢&D/3, & =
&5+ 55 +&)/3 and the magnitude of the colour show the value of the
elastic modulus achieved, E, and E,. In this figure, lattice members
contain 12 plies but with varying lamination parameters. Therefore,
only the orientations of the plies in the laminate are changed with the
thickness being constant. The figure reveals the design space for E, and
E, and combinations thereof that can be achieved. It can be instantly
seen that by just refining the lamination parameters one can achieve
elastic modulus ranging from 20 MPa to 160 MPa. Furthermore, Figs.
6(a) and 6(b) characterises how the lattice’s effective in-plane moduli
depend on the first two lamination parameters, which encode the fibre-
orientation content of the underlying members. The feasible (¢,,&,)
region is bounded (as expected from classical laminate theory con-
straints), and both E, and E, increase as designs migrate towards the
upper-right sector of this domain.

Fig. 7 describes the anisotropy observed in composite lattices. Fig.
7(a) illustrates the distribution of lamination parameters (£, &,) corre-
sponding to the members of composite lattices. Similar to Fig. 6, the
lamination parameters of an individual laminate member are shown as
grey dots. Lattices are generated from this individual members and the
lattice members selected from this pool are highlighted as triangular
markers, where markers with identical colours belong to the same
lattice. Not all the lattice members generated are shown here for clarity.
By looking at an example lattice (marked with connected lines in Fig.
7(a)) it can be inferred that how an individual laminate occupy the
feasible lamination parameter space. That is, a subset is systematically
grouped to form a lattice structure.

Fig. 7(b) presents the anisotropy value in terms of the stiffness
ratio E,/E, of the members shown in Fig. 6. Here, triangular markers
again indicate the selected lattice members, but the colouring encodes
the degree of anisotropy, with the colour scale ranging from isotropic
configurations (E,/E, = 1.0) to highly anisotropic ones (E,/E, ~ 1.5).

The lamination parameters connected by the triangle marked in Fig.
7(a) depict a lattice whose anisotropy is found to be the maximum
among configuration tested, as it can be seen from Fig. 7(b). It can
be observed that the maximum anisotropy is observed in the lattice
where the member lamination parameters are significantly different.
Therefore, lattices with members near the periphery of the lamination
parameter domain tend to exhibit higher anisotropy. This highlights the
extent to which anisotropy varies across the lattice members and makes
evident the directional stiffness tailoring achievable through lamination
parameter design.

6. Inverse design with lamination-parameter informed encoder—
decoder

In this section, the ability of the encoder-decoder to construct
lattices based on the input E, and E, is demonstrated. Alternatively,
one can use E, and the range of anisotropy required. When a target pair
of macroscopic elastic moduli (E,, E,), is specified as input, the neural
network encoder maps these values onto a set of six latent variables,
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(b) Anisotropy plot of the lattice members

Fig. 7. Anisotropy distribution in composite lattices (a) Grey markers show ¢
of individual member; Triangular markers indicate members belonging to the
same lattice configuration. Connected triangle is a lattice exhibiting maximum
anisotropy. (b) Colour intensity represents anisotropy ratio E, /E,.

interpreted as the lamination parameters (;;,&,;) corresponding to the
three lattice members. Each parameter pair is subsequently transformed
into a member-level modulus (E,, E,, E,) via closed-form expressions
derived from laminate invariants (U,,U,,Us,U,,Us). These member
moduli are then used to reconstruct the homogenised lattice properties
(E,,E)). The training loss enforces agreement between (£, E,) and
the prescribed input values (E,, E) (see Eq. (39)). This ensures that
the inferred lamination parameters yield physically consistent stiffness
states that reproduce the target anisotropy. This is schematically shown
in Eq. (40)

Encoder laminate
(Ex, E)) ——— &6} ———— {E, Ep B}
homogenisation A A
—— (E.E). (40)

Fig. 8(a) compares the design input E, with corresponding recon-
structed modulus £, while Fig. 8(b) reports the equivalent comparison
for E,, for a selected number of inputs. In both cases, the encoder—
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Fig. 8. Encoder—decoder prediction accuracy for target elastic moduli: (a) longitudinal modulus E, and (b) transverse modulus E,. Red markers show predicted

values against design input targets, (dashed line shows R = 1).
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Fig. 9. Enforcement of manufacturability constraints in inverse design. (a) Lamination parameters predicted directly by the neural network (blue markers)
relative to the admissible design space for balanced and symmetric laminates (grey markers). (b) Adjusted lamination parameters after kd-tree retrieval of nearest

manufacturable layups (orange markers).

decoder network is capable of accurately inferring lamination parame-
ters that recover the prescribed stiffness states. It is noted that manu-
facturability constraints are deliberately excluded during the encoder—
decoder training to avoid over-constraining the learning process; in-
stead, these constraints are applied subsequently, once the lamination
parameters have been identified.

Fig. 8 compares the lamination parameters predicted by the neural
network before and after the imposition of manufacturability con-
straints. In Fig. 9a, the predicted lamination parameters (blue markers)
are shown relative to the admissible design space for balanced and
symmetric laminates (grey markers).

To enforce manufacturability, the encoder—decoder predictions, ex-
pressed in terms of lamination parameters, are subsequently converted
into the corresponding member-level moduli ((E,, E,, E,)). This is be-
cause operating in modulus space reduces the problem of predicting
layups to a one-dimensional search for each member modulus, which
can be efficiently handled using the KDTree structure.

A library, Layup'®, containing an exhaustive database of balanced
and symmetric layups for a given ply count and the corresponding
elastic modulus is generated and stored prior to the inverse design.

The mapping from predicted member modulus E, to a manufacturable

layup L, is achieved via a nearest-neighbour search from this precom-

puted library:

ib

argmin\Ea—Eiib\’
j

L,= Layupl a € {a,b,c}. (41)
The retrieved layup L, contains the orientation of individual plies and
since the search is performed over admissible layups, manufacturability
is directly enforced. The lamination parameters of the retrieved layup
are plotted in Fig. 9(b) and shows that the NN predictions are projected
onto discrete admissible points in the lamination parameter space.
Fig. 10 illustrates the neural network predictions of the
homogenised lattice properties in comparison with the physically ad-
missible anisotropy bounds. The blue shaded region represents the set
of admissible stiffness pairs obtained from enumerated balanced and
symmetric laminates, which defines the theoretical design envelope.
The red markers correspond to the neural network predictions for
selected input cases (from Fig. 8). It is evident that all predictions
fall strictly within the admissible region, confirming that the encoder—
decoder framework not only reconstructs the target moduli but also
respects the anisotropy constraints imposed by laminate theory.
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Fig. 10. Neural network predictions within physically admissible anisotropy
bounds. The blue shaded region represents all feasible stiffness pairs (E,,E).
Red markers show predictions against design targets.

7. Tailoring based on the anisotropy ratio
7.1. Definition and analytical expressions

The anisotropy ratio is defined as the ratio of the equivalent Young’s
modulus in the longitudinal direction to that in the transverse direction,
denoted by E,/E,. To obtain this, we begin with the expressions for
E, and E, given in Egs. (9) and (10). The ratio, denoted by m can be
expressed as

20 (02 (cin? 2 2 29 m
m—& _ cos? 0 (a2 (sin® 0) + cos? ) + 4a®f cos 6"72(”’“)

E, (B + sind)? (a?cos? 6 + sin® 0)

(42)

This form offers a clearer interpretation of the directional stiffness
contrast in terms of geometry (a, #, #) and material disparity ratios (7,
#,). The expression highlights how tuning these parameters controls the
degree of anisotropy in the architected lattice.

Different values of the anisotropy ratio m = % have clear and
compelling physical implications. A value of m = 1 tyzorresponds to an
elastically isotropic lattice, where stiffness is equal in both principal
directions. Values of m > 1 indicate increasing longitudinal stiffness
relative to transverse stiffness, suitable for applications requiring di-
rectional load carrying, such as spars or stiffened skins. Conversely,
m < 1, down to m ~ 1/10, indicates high transverse compliance with
respect to axial rigidity—a feature desirable in deployable structures,
adaptive morphing skins, and anisotropic damping layers. The ability to
analytically target and achieve extreme values of m as low as 0.1 or as
high as 10 represents a transformative leap over conventional lattice
design strategies. Fig. 11 shows the variation of the anisotropy ratio
E,/E, as a function of the material disparity ratio », and the cell angle
0 for a = 0.2, highlighting the combined influence of geometric and
material parameters.

Fig. 11(a), (8 = 1,n, = 1), shows a near-isotropic baseline. In-
creasing f to 2.5 in (b) enhances longitudinal stiffness and anisotropy.
Reducing 5, in (c) increases stiffness contrast and anisotropy, while
(d), (p = 2.5,n, = 0.1), exhibits the strongest directional dependence,
highlighting the combined effect of geometric and material contrast.

Traditionally, lattice anisotropy could only be modulated through
geometric parameters, namely a (thickness-to-length ratio), f (height-
to-length ratio), and 6 (inclination angle). This restricted the design
flexibility and often imposed conflicting trade-offs between stiffness,
strength, and manufacturability. The analytical expression derived
above enables designers to directly prescribe a target anisotropy ratio

% and systematically determine the required material contrast
Y

m =

10
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Table 2

Orthotropic material properties for four fibre-epoxy composite systems. The
fibre-matrix modulus ratio E,/E, ranges from 4.66 for E-glass to 49.25 for
XN80 carbon.

Material E, E, Gy Via E|/E,
GPa GPa GPa

M55 + Epoxy 277.36 8.1 3.0 0.31 34.2

XN80 + Epoxy 392.0 7.96 2.95 0.31 49.25

Boron + Epoxy 204.0 18.5 5.6 0.23 11.02

E-glass + epoxy 38.6 8.27 4.14 0.26 4.66

between lattice members. This enables reverse engineering of member-
level composite properties to achieve system-level performance.

7.2. Material selection for lattice anisotropy

In this section, how material selection influences anisotropy of lat-
tices is discussed. It is noted that only hexagonal lattices with uniform
relative density and § = 30° are considered. The lattice is geometrically
isotropic and therefore anisotropy can be introduced only with different
materials and its orientation. Therefore, this serves as a test case to
select materials to introduce anisotropy.

The critical property in selecting the material for lattice is the
longitudinal and transverse direction (material) modulus contrast. Four
different materials are considered in this analysis and they are listed
in Table 2. While E-glass+epoxy is a well-known composite material,
XN80 is a high modulus carbon fibre capable of introducing large
differences in the fibre and matrix properties. Correspondingly, it can
be read from Table 2 that E, /E, is 4.66 times for E-glass+epoxy, it is
close 50 for XN80 carbon fibre based composite. This large magnitude
of material anisotropy is the key driver to perform stiffness tailoring
in lattices since the design space is enhanced with the use of such
materials. To understand this, hexagonal lattices with uniform relative
density but with different ply orientations and with materials listed in
Table 2 are generated.

Approximately 1 million configurations are generated such that
each member has 12 plies and the anisotropy observed in these lattices
is shown in Fig. 12. It can be readily observed that the composite
material with large magnitude of E,/E, results in larger anisotropy
E,/E,. Thus, highly anisotropic fibres such as XN80 enable the design
of lattice architectures with significant directional tailoring, while ma-
terial systems such as E-glass limit the achievable anisotropy regardless
of configuration.

Although Fig. 12 explains the anisotropy that can be achieved with
different materials, it does not show the distribution of anisotropy
obtained with the material. To understand this, anisotropy is plotted as
a function of lattice longitudinal modulus in Fig. 13. Different straight
lines corresponding to different values of E, and constant slope of these
lines indicate that E, is constant in those lines. Furthermore, for a given
value of E, different values of anisotropy are possible in combination
with E, as it can be observed in Fig. 13. Critically, the largest value
of anisotropy is observed in lattices with larger values of E,. This is
because to increase the disparity between the member modulus, some
of the members need to have larger magnitude of elastic modulus.

The selection of composite material has profound implications for
the inverse design problem established through the lamination param-
eter framework. Eq. (42) determines the required material disparity
ratios n; and #,, which in turn prescribe target elastic moduli E,,
E,, and E, for individual members. Achieving these targets through
lamination parameter selection is fundamentally conditioned by mate-
rial choice. A highly anisotropic material provides an expanded design
space. The non-uniqueness inherent in Eq. (37) implies that even
within a single material system, multiple layup configurations may
yield equivalent member stiffness.
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Fig. 11. Contours of anisotropy ratio E,/E, plotted as functions of the material disparity ratio (;) and the cell angle (§) for a = 0.2 and different values of the
height ratio (f) and material disparity ratio #,. The case corresponding to the classical single-material regular homogeneous lattice (f =#, =5, =1, 8 = 30°) is

marked with lines in (a).
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Fig. 12. Influence of material fibre-matrix modulus ratio E, /E, on achievable
lattice anisotropy E,/E, for hexagonal configurations with uniform relative
density and 6 = 30°.

7.3. Variable anisotropy ratio predictions with encoder—decoder

In this section, the ability of encoder-decoder to predict a wide
range of anisotropy in hexagonal lattices with XN80 and epoxy material
system is described and shown in Table 3. Following the description
of the neural network in Section 6, a demonstration resulting in the
predictions of layup, starting from the input transverse modulus and
the anisotropy range is shown in Table 3. The input transverse modulus
is set to 40 < E, < 150 and anisotropy is set as 1.0 < E./E, < 15.
Different lattice configurations are predicted by the NN, among them

11
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Fig. 13. Relationship between lattice longitudinal modulus E, and anisotropy
ratio E,/E, for XN80-epoxy. Each marker is a distinct lattice configuration
with colour indicating anisotropy magnitude.

the key results are listed in Table 3. Following the lamination parameter
predictions directly from the NN, layups are calculated from the library
E'® using the kD-tree structure. Predictions are performed for lattices
with 12 plies as well as 6 plies, showing the versatility of the network.
Similar to the observations in Fig. 13, lattices with largest anisotropy
is observed when the longitudinal elastic modulus is larger.

The predicted layups shows diverse stacking sequences, ranging
from symmetric and balanced configurations (e.g., Design la: [-60,0,
60, 0, 60, —60, —60, 60, 0,60,0,—60]) to highly polarised orientations
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Table 3
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Encoder-decoder predictions for variable anisotropy ratios in XN80-epoxy hexagonal lattices. Results demonstrate capability across
both 12-ply and 6-ply designs, with predicted anisotropy ranging from near-isotropic (1.10) to highly directional (1.48). Maximum

anisotropy configurations occur at higher longitudinal stiffness.

Encoder

40 < Ey <150

Input
Ey, E,

d
1.0 < Ex/Ey <1.5

Layup predictions from NN for different anisotropy ratio (€ XN80-Epoxy)

Lattice | Member Layup predicted by NN and kD-tree E, E'y Aniso
Output
Design with 12 plies
a [-60, 0, 60, 0, 60, -60, -60, 60, 0, 60, 0, -60]
1 b [-30, 30, -75, 15, 75, -15, -15, 75, 15, -75, 30, -30] 56.99 | 50.41 1.13
c [-60, 60, -60, -60, -60, -60, -60, -60, 60, -60]
a [ 30. 30. 0. 90. -30. 30. 30. -30. 90. 0. 30. 30.]
2 b [-45. 15. -15. 45. 0. 90. 90. 0. 45. -15. 15. -45/] 107.68 | 85.75 1.25
c [-60. 60. -60. -60. -60. -60. -60. -60. -60. -60. 60. -60.]
a [-15. 0. 0. 0. 0. 15. 15. 0. 0. 0. 0. -15.]
3 b [-15. 0. 0. 0. 0. 15. 15. 0. 0. 0. 0. -15.] 209.9 | 1499 1.40
c [90. 75. 90. -75. 90. 75. 75. 90. -75. 90. 75. 90.]
Design with 6 plies
a [-30. 30. -30. -30. 30. -30.]
4 b [90. -15. 15. 15. -15. 90.] 47.40 | 42.82 1.10
c [-60. 60. 60. 60. 60. -60.]
a [ 30. 0. -30. -30. 0. 30.]
5 b [ 30. 0. -30. -30. 0. 30.] 97.58 | 79.28 1.23
c [-60. 60. 60. 60. 60. -60.]
a [0. 0. 0. 0. 0. 0.]
6 b [0. 0. 0. 0. 0. 0] 218.72 | 147.6 1.48
c [ 90. -75. 75. 75. -75. 90.]

dominated by 0° plies (e.g., Design 6a). This distribution illustrates
the ability of the framework to explore non-trivial laminate configu-
rations that yield the desired anisotropy targets. Importantly, the use
of the encoder—decoder structure enables the mapping of target elastic
properties (E,, E,) into a feasible laminate design space and retrieve
manufacturable stacking sequences through the kD-tree search strategy.

7.4. Fixed anisotropy ratio predictions with encoder—decoder

Similar to Section 7.3, the encoder-decoder predictions for a fixed
value of anisotropy and the results are shown in Table 4. The encoder—
decoder is provided with the inputs in terms of only E, and E, and
no prior information. It can be observed that the predictions show
that multiple configurations can be obtained for the same value of
anisotropy ratio. This is expected since E, and E, can be varied and
thus a anisotropy ratio can be obtained across different regions (refer
Fig. 13). Interestingly, the encoder—decoder predicts this phenomena
without any pre-training since physics-based equations are directly
embedded in the decoder.

12

7.5. Upper bound on anisotropy

The maximum value of anisotropy that can be obtained in an
isotropic lattice (¢ = 30°) is bounded. This can be observed in Fig.
12 where the anisotropy is reaching an asymptote. However, to defini-
tively understand the maximum anisotropy, unidirectional stacking
sequences are considered, and this is shown in Table 5. The lattice
member are made from either 0° plies or 90° plies. These configura-
tions provide bounds on the stiffness tailoring that can be obtained with
a composite material. Table 5 summarises the resulting upper bounds
on anisotropy for different fibre—epoxy material systems. High-modulus
carbon systems such as XN80/epoxy exhibit the largest anisotropy,
while glass fibre systems show behaviour closer to isotropy. In other
words, using Glass + epoxy will provide minimal design space for
stiffness tailoring. It can be further ascertained that there exists an
upper bound for each composite material system and calculating this
upper bound as a prior is necessary to design the scope of stiffness
tailoring.
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Table 4
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Multiple layup solutions achieving fixed anisotropy ratio E,/E, ~ 1.3 at different stiffness levels for
6-ply XN80-epoxy lattices. The encoder—-decoder predicts distinct stacking sequences yielding equivalent
anisotropy across a range of absolute moduli, from (E,, E,) = (127.68,97.83) MPa to (179.78, 140.52) MPa.
This non-uniqueness demonstrates the framework’s ability to explore multiple design solutions satisfying

identical anisotropy constraints whilst capable of secondary optimisation.

40 < Ey <150
Output
Input PN
Exr Ey Ba @) Ex,Ey
@ Layup
1.3 < EX/Ey <13
Multiple layups predicted by NN for similar anisotropy ratio
but with different modulus (€ XN80-Epoxy)
Lattice | Member ‘ Layup | E, ‘ E, ‘ Aniso
Design with 6 plies
a [ 90. -15. 15. 15. -15. 90.]
1 b [ 90. -15. 15. 15. -15. 90.] | 127.68 | 97.83 1.30
c [-60. 60. 60. 60. 60. -60.]
a [ 15. -15. 15. 15. -15. 15/]
2 b [0.90. 0. 0. 90. 0.] 149.36 | 112.67 1.32
c [ 90. -75. 75. 75. -75. 90.]
a [-15. 15. 0. 0. 15. -15]
2 b [-15. 15. 0. 0. 15. -15] 179.78 | 140.52 1.28
¢ [-45. 45. 45. 45. 45. -45.]
Table 5

Material-dependent upper bounds on anisotropy for hexagonal lattices (§ = 30°) with extreme unidi-
rectional stacking sequences to establish theoretical maximum directional stiffness contrast achievable

through layup design alone.

\ [90,90,...90] g
——
Eote ‘Elf(
NN S~ [0,0,...0]
h | Ea/ty "
S =
Ebltb a
NN NS 0.0 °

Material System | Maximum anisotropy
XN80 + Epoxy 1.49
M55 + Epoxy 1.34
Boron + Epoxy 1.10
E-glass + Epoxy 1.03

13
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8. Conclusion

This work addressed the combinatorial explosion inherent in com-
posite lattice design by developing a lamination parameter-informed
encoder—decoder framework that transforms discrete layup optimisa-
tion into continuous property space mapping. We derived closed-form
analytical expressions linking homogenised lattice elastic properties to
member-level lamination parameters through classical laminate theory
and homogenisation mechanics, eliminating the need for iterative finite
element analysis. The encoder, implemented as a feed-forward neural
network, learns to map target effective moduli (E,, E,) to physically ad-
missible lamination parameters, while the decoder enforces mechanical
consistency through embedded analytical relations rather than data-
driven approximation. This architecture successfully performs inverse
design, predicting manufacturable stacking sequences for prescribed
stiffness and anisotropy targets through efficient kd-tree retrieval, and
was validated across hexagonal lattice configurations spanning 4 to 12
plies with multiple composite material systems. The principal novel
contributions include:

1. Analytical homogenisation of composite lattices expressed en-
tirely through lamination parameters, providing the first con-
tinuous design space representation for multi-member periodic
architectures.

2. Physics-informed decoder architecture embedding closed-form
mechanics equations that guarantee physical admissibility with-
out requiring extensive training datasets.

3. Unified inverse design framework integrating neural network
prediction with manufacturing constraint enforcement through
post-processing projection and discrete layup retrieval.

4. Analytical derivation of anisotropy ratio as an explicit function
of material disparity ratios and geometric parameters, enabling
direct prescription of directional stiffness targets.

5. Establishment of material-dependent upper bounds on achiev-
able anisotropy, demonstrating that maximum directional tailor-
ing scales with both fibre-matrix modulus contrast and absolute
lattice stiffness.

These results enable aerospace structural designers to rapidly ex-
plore composite lattice configurations that were previously inaccessible
due to computational cost, directly targeting anisotropic stiffness dis-
tributions required for morphing skins, adaptive structures, and multi-
functional load-bearing systems. The framework provides a template
for integrating domain-specific physics with machine learning in in-
verse materials design problems where governing equations are known
but solution space is intractable. Future work will focus on experi-
mental validation to manufacture representative lattice specimens and
conduct mechanical tests to further validate the predictive abilities of
the framework, similar to the works in the literature [28]. Future exten-
sions will address three-dimensional lattice topologies beyond planar
hexagonal arrays, incorporate failure criteria and strength constraints
alongside stiffness targets, integrate buckling resistance as a design
objective, and validate predictions through additive manufacturing and
mechanical testing of physical specimens across the predicted design
envelope.
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