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Abstract

Architected materials that consist of multiple subelements arranged in particular1

orders can demonstrate a much broader range of properties than their constituent2

materials. However, the rational design of these materials generally relies on3

experts’ prior knowledge and requires painstaking effort. Here, we present a4

data efficient method for the multiproperty optimization of 3D-printed architected5

materials utilizing a machine learning (ML) cycle consisting of the finite element6

method (FEM) and 3D neural networks. Specifically, we applied our method7

to orthopedic implant design. Compared to expert designs, our experience-free8

method designed microscale heterogeneous architectures with a biocompatible9

elastic modulus and higher strength. Furthermore, inspired by the knowledge10

learned by the neural networks, we developed machine-human synergy, adapting11

the ML-designed architecture to fix a macroscale, irregularly shaped animal bone12

defect. Such adaptation exhibits 20% higher experimental load-bearing capacity13

than the expert design. Thus, our method opens a new paradigm for the fast and14

intelligent design of architected materials with tailored mechanical, physical, and15

chemical properties.16

1 Introduction17

Architected materials are one of the most widely adopted engineering materials. Due to their18

excellent mechanical performance and adaptable properties, architected materials are very popular in19

many fields, such as those of light-weight structures [1, 2, 3], acoustics [4], battery electrodes [5],20

electromagnetics [6], and tissue engineering [7, 8]. Moreover, recent progress in 3D printing has21

further enabled the customized and inexpensive fabrication of complex material geometries.22

Despite the broad applicability and immense potential of architected materials, designing them23

is particularly difficult. The traditional design method generally relies on numerical simulation,24

theoretical analysis, and topology optimization. These undertakings are usually exhausting and time-25

consuming, and the performance of resultant designs highly depends on the designer’s professional26

knowledge and their initial guesses [9, 10]. Recently, machine learning (ML) has merged as a27

promising technique to circumvent this problem and find the optimal solution without any prior28

knowledge requirements [11, 12, 13]. However, the proposed ML methods require massive amounts29

of simulation data and mainly aim to solve 2D-structure-related problems. Efforts toward solving 3D30

real-world problems are often obfuscated by the lack of credible data sources, the enormity of design31

space and multidimensional complex patterns. Moreover, real-world design problems usually require32

multiobjective property optimization under possible external constraints, yet the current ML methods33

mostly attempt to solve unconstrained single-objective optimization problems.34

Therefore, we propose an ML approach for data-efficient, multiobjective architected material design.35

As demonstrated in Fig. 1(A to D), our approach consists of three main parts: 1) generative architec-36
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ture design (GAD). In this step, GAD leverages the encoder-decoder neural network (autoencoder) to37

generate architecture sets with unknown properties. Until recently, experimental discovery of archi-38

tected materials has relied on simple surrogate models and Bayesian optimization, which are limited39

to low-dimensional data, thus showing property improvements only after many iterations [14]. Unlike40

the Bayesian methods, the autoencoder learns an effective representation of the high-dimensional41

data in an unsupervised manner, which converts the exploration in a high-dimensional design space42

into a lower one. This method has been proven to be a revolutionary technique in materials discovery43

[15, 16]. However, to the best of our knowledge, this is the first time that a 3D convolutional44

autoencoder(3D-CAE) has been applied to 3D structure generation with high dimensionality (for45

details see Section A.3). 2) Multi-objective Active Learning Loop (MALL). MALL evaluates the46

generated dataset and searches for the high-performance architecture by recursively querying the47

finite element method (FEM). Active learning describes a specialized ML algorithm that interactively48

queries an information source such that the algorithm identifies high-value data with fewer labeled49

data than typical ML [17, 18]. Such data efficiency is highly desirable since constructing a large50

dataset with known properties is very difficult both computationally and experimentally. 3) 3D51

printing and testing. Finally, we fabricate the ML-designed architected materials via a specialized 3D52

printing technique (laser powder bed fusion) and experimentally verify the corresponding mechanical53

properties. We call the overall method ’GAD-MALL’.54

Figure 1: An overview of the proposed workflow (GAD-MALL). (A) The neural network proposes
candidates with unknown properties. (B) The ML algorithm interactively queries the FEM to propose
new designs. (C) The 3D printing technique fabricates the proposed architectural design. (D) GAD-
MALL explores the design landscape of architected materials and discovers various high-performance
architected materials.

2 Results55

2.1 Multiobjective active learning algorithm56

We applied the GAD-MALL approach to a multiproperty optimization problem with clinical im-57

portance - bone grafting implants. Bone is a typical architected material primarily consisting of58

cortical and cancellous parts, with elastic modulus (E) ranging from 0.03 to 30 GPa depending on59

the bone mineral density and varying according to age, sex, and race [19]. Although bone can repair60

itself, a bone defect of a critical size necessitates a grafting implant to support the load and induce61

bone growth. Metals are the first choice for bone implant materials due to their excellent mechanical62

properties. However, the E of the existing metal bulk materials is much greater than that of the63

bones (i.e., titanium – 100 GPa; iron - 200 GPa, etc.), which results in the stress shielding effect and64

impedes the recovery of the bone [20]. One effective solution is introducing a 3D-printed scaffold65

architecture to lower the E. The geometrical shape and mechanical properties of the scaffold should66

be comparable to those of the individual defective bone to provide reliable structural support and67

smooth stress conduction. Fig. 2(A) demonstrates a typical mechanical response of the scaffold.68

The slope of the linear section of the curve indicates E, which measures a material’s ability to resist69

external stress before being deformed permanently, and the yield point with 0.2% strain represents70

the yield strength (Y), which quantifies the maximum resistance before the onset of nonreversible71

deformation. Overall, the design tasks are multiobjective: First, the E of the replacement scaffold72

must match that of the bone. Second, The Y must be as high as possible to sustain bone movement. In73
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addition, the overall weight of the scaffold should not go beyond a certain threshold since a minimum74

usage is always required considering long-term biosafety.75

A cubic scaffold and its 3D-printed experimental counterpart are shown in inlets of Fig. 2(A).76

To balance complexity and computing efficiency, we adopted the 3� 3� 3 cubic arrangement of77

the gyroid unit for the optimization task (see Methods for the structure generation). The gyroid78

geometry is categorized in the triply periodic minimal surfaces (TPMS) family - it is an ideal porous79

structure for bone scaffolds due to its high interconnectivity, smooth surface, and mathematically80

adjustable geometrical attributes [21, 22]. Instead of a uniform-sized array of periodic subunits (the81

expert design), the ML design introduced heterogeneity: GAD-MALL adjusts the size of the gyroid82

unit (porosity) within the scaffold, resulting in a geometrical alteration that modulates the overall83

mechanical properties.84

Fig. 2(B) shows the models of the 3D convolutional neural network (3D-CNN) for the E and Y85

prediction. The 3D-CNN was designated for volumetric data representation learning [23, 24]. It86

included three main components: input, convolution, and output layers. At the input layer, the87

scaffold structure was voxelized into 60�60�60 pixels. A pixel can be in either the solid (1) or void88

(0) phase in the scaffold. The convolution layers consisted of a series of 3D convolution kernels that89

extracted high-level information about the scaffold, and the output layer provided the final prediction.90

Finally, a training dataset was prepared using the protocol described in the Methods.91

Fig. 2(C) illustrates the 3D-CAE with a typical two-neural network model, an encoder and a decoder.92

Notably, the original 60� 60� 60 scaffold structure was not used because the decoder could not93

reliably recover the original gyroid geometry due to the nonzero reconstruction error. However,94

thanks to the high mathematical controllability of gyroid geometry, we circumvented this problem95

by adopting the porosity matrix, a 3D matrix representation (3�3�3) that uniquely determines the96

overall geometry through Gyroid equations (see Methods). It measures the relative density (positive97

scalars) rather than the actual shape of the gyroid subunits, thereby allowing nonzero reconstruction98

errors. The encoder qf (zjx) with parameters f compressed the porosity matrix into a hidden feature99

representation (8-dimension) using the neural encoder. Then the decoder qj(xjz)with parameters j100

reconstructed the output from the 8-dimension hidden features. A lower-dimension (e.g., 4-dimension)101

latent space was shown to suffer from high reconstruction error, while a higher-dimension (e.g.,102

16-dimension) doubled the search space without a sufficient increase in reconstruction accuracy.103

Ultimately, 8-dimensional represented a balance between loss and efficiency (Section A.2 and Fig. 7).104

Fig. 2(D) shows the primary steps of the MALL workflow, which comprised three steps. First,105

the scaffold generation was formulated as a process of sampling and reconstruction from the latent106

representation z. The sampling process required the latent representation to be modeled as a con-107

tinuous probabilistic distribution (Section A.2). Secondly, the decoder qf (xjz) reconstructed the108

porosity matrices from the sampled latent points, which were then converted to their original shapes109

in Cartesian space. The scaffold selection method was a variant of the epsilon-greedy search: in each110

sampling iteration, we sampled 2000 data points and selected those whose 3D-CNN-predicted E met111

the target and whose 3D-CNN-predicted Y exceeded the best data point in the current dataset, with a112

chance of epsilon (5%) chances that the lower ones were chosen. The selected data points would still113

be rejected if their weights were 15% higher than preset criteria. Such a search method generally had114

a higher success rate than the Edisonian approach, which hinged on a trial-and-error search [25]. Last,115

the FEM calculated the E and Y of the queried scaffolds, and the results would augment the dataset,116

from which the 3D-CNNs were re-trained for the following active learning round. The workflow117

stopped when all the preset criteria were met.118
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Figure 2: The workflow of multiobjective active learning. (A) The task was to design scaffolds
with a better mechanical response - fixed E and maximized Y. (B) The 3D-CNN models for predicting
E and Y. (C) The generative model for targeted scaffold generation. The encoder qf (z|x) with
parameters f took the scaffold porosity matrix as input and the decoder pq (x|z) with parameters q

could act as a generator for proposing new scaffolds based on the learned latent z representation. (D)
The MALL for the high-performance scaffold discovery. First, the sampling algorithm sampled new
data points from the latent z representation. Second, the decoder reconstructed the corresponding
scaffolds so that the 3D-CNNs could infer their mechanical properties. Third, the most suitable
candidates were selected based on the predicted E and Y. Finally, the strain-stress curves of the
selected scaffolds were calculated by the FEM. New data were either fed back to the dataset or
3D-printed for further experiments.

2.2 Applications to orthopedic implants119

The properties of the architected materials are determined by both the scaffold architecture and the120

constituent materials. For orthopedic implants, the orthopedic materials Ti6Al4V (Ti) and pure zinc121

(Zn) were used as the constituent materials. Ti alloy is bioinert in human bodies and has been the de122

facto choice for 3D-printed orthopedic implants, achieving successful clinical application to repairing123

bone defects. Biodegradable Zn provides an alternative option to bioinert materials and is regarded as124

promising for addressing the clinical concerns associated with permanent existence and secondary125

surgery [26]. Such features are especially desirable for bone regeneration. As both materials are126

worthy of investigation, to demonstrate the effectiveness and general applicability of the GAD-MALL127

framework, we designed two optimization tasks for both constituent materials and applied the learned128

design principle to the real bone replacement architecture. Specifically, the Ti alloy scaffolds were129

assigned a high E while the pure Zn scaffolds had a low E, indicating different clinical needs based130
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on the constituent materials. In addition, two tasks were given different initial data distributions to131

demonstrate that GAD-MALL can work under different initial conditions. Notably, all tasks were132

completed in one week with the current hardware setup, as tasks in the clinical scene are usually133

time-constrained. In the following section, we begin with the Ti cubic scaffolds.134

2.2.1 A data-ef�cient route toward high-performance structure135

To mimic the mechanical behavior of trabecular and compact bones, the task was to design high-Y136

scaffolds with E = 2500 MPa and 5000 MPa (E2500 and E5000). The expert-designed uniform137

scaffolds at E = 2500 MPa and 5000 MPa set the 'golden criteria' for the mechanical performance138

of the scaffolds. GAD-MALL stopped if the Y of the designed scaffolds signi�cantly surpassed the139

golden criteria (termed the 'treasure' scaffold) or the learning process showed no further progress.140

The initially labeled dataset was composed of merely 75 data points (the simulation took ca. 7141

days, hardware speci�ed in the A.1 section). Fig. 3B shows that the scaffolds had been precisely142

manufactured - the cross-sections of the microcomputed tomography (Micro-CT) of the scaffolds143

largely overlapped (92.2%) with that of the designs. Fig. 3(A and C) demonstrates the good144

performance of 3D-CNNs on the test dataset (uniformly sampled from the labeled dataset) in the 1st145

round and last round, in which both 3D-CNNs demonstrate high accuracy (R2 ratio 0:92). A more146

detailed performance evaluation can be found in Section A.2.147

Fig. 3(E) shows the overall data distribution in terms of E and Y with the treasure scaffolds indicated148

by blue stars. Each active learning iteration is characterized by colored eclipses. Fig. 3(D and F)149

demonstrates two distinct exploration paths for two different tasks. The E2500 exploration path150

shows a steady upward trend, and GAD-MALL quickly discovered the treasure scaffolds at the 3rd151

and 5th rounds with more than a 30% increase in Y. However, the E5000 task was more complicated152

- the learning process experienced a downhill before it recovered and found the treasure scaffolds.153

Speci�cally, the batches from 1st to 3rd round either fell out of the target E region or had inferior154

Y values. The 4th-round batch �nally hit the target of E; albeit Y was not notably better than that155

of the expert designs. Finally, the treasure scaffolds were discovered on the 5 and 6th rounds. This156

oscillatory trend is likely due to the sparsity of data within this range (with only two initial data points157

available). The computed mechanical properties of the resultant designs are tabulated in Section A.5.158

The experiments con�rmed the discovery - the ML-designed scaffolds (A1-A4) showed better159

performance than the expert-designed scaffolds (H1 and H2, Fig.3(G)). For example, the experimental160

strain-stress curves of the A1 and H1 scaffold are also displayed in the inset (full detail in Section161

A.5). To understand the ML design, we further analyzed the ML-designed scaffold by extracting162

the corresponding regression activation map (RAM) and performing FEM mechanical analysis. As163

an illustrative example, we applied the RAM to the Y-predicting 3D-CNN to reveal the driving164

mechanism behind the high Y of the A1 scaffold. RAM is a variant of a classi�cation activation map,165

that extracts the last convolutional layer to visualize the discriminative regions used by a 3D-CNN to166

predict the output [27]. In this case, the RAM highlights the scaffold's spatial characteristics that167

correlate to its mechanical strength, identifying the regions that contribute to the enhancement of168

strength. Fig. 3(H) demonstrates the A1 scaffold geometrical structure, the corresponding porosity169

matrix and the RAM. The RAM implies that the 'attention' distribution extracted from the 3D-CNN170

resembled a heterogeneous 'face-centered' lattice. Indeed, a closer look at the A1 scaffold revealed171

that the gyroid units at each face center of the scaffold show a minimal porosity (0.3). This observation172

indicates that instead of uniformity, a heterogeneous scaffold with more materials distributed at the173

face centers could signi�cantly enhance the strength. Moreover, from a macroscopic point of view,174

the strength of a typical porous structure can be approximated by the Gibson-Ashby equation [28]:175

Y C(1� p)aY0 (1)

whereY0 stands for the strength of the constituent material,C represents a geometry-related parameter,176

p is the porosity of the unit, and the exponenta relates to the deformation behavior of the structure.177

According to the FEM calculated data in Table S4, we �tted the curve of strength Y as a function of178

p for ML and expert-designed scaffolds and found:aML 2:11, aED 1:86, CML 0:84 andCED 0:64,179

in which ED stands for expert design.180

The ML-designed scaffold had a largera andC than the expert design. Generally, increasing the181

mechanical anisotropy of a porous structure leads to an increase in the exponential factora; while an182

increase in parameter C can be found in the material distribution in favor of the load direction [29].183
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