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Abstract 10 

Although functionally graded porous structures (FGPS) have been studied comprehensively 11 

due to their excellent mechanical and functional properties, the design process of FGPS with target 12 

stress response still dependent on continuous trial and error, which is not only time-consuming 13 

but also heavily relies on experience and intuition. This study proposes a novel inverse design 14 

framework of 2D FGPS with targeted dynamic stress-strain responses via a combination of 15 

conditional diffusion model and a residual neural network. Unlike traditional binary pixel 16 

representations, this approach utilizes nuclei position maps and color mapping technique to 17 

represent the structure configurations and cell wall thicknesses to improve the efficiency and 18 

performance of the model. Firstly, various functionally graded porous structures were constructed 19 

by employing Voronoi diagram techniques, and finite element simulations were conducted to 20 

calculate the nonlinear responses subjected to dynamic loadings. A dataset comprising 2100 FGPS 21 

and corresponding nonlinear stress-strain responses was established. Then, an inverse design 22 

framework is formulated by integrating a generator that uses a diffusion model to synthesize 23 

structures conditioned on specific target responses, with a predictor that employs a residual neural 24 

network to assess the responses of these structures. Finally, to demonstrate the effectiveness of 25 

the approach, the performance of the predictor and generator was thoroughly investigated. 26 

Structures with various target stress-strain responses were generated through the proposed method, 27 
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and validated by finite element analysis. A detailed impact experiment was also carried out to 28 

verify the effectiveness of the proposed methods. The result shows that the framework can 29 

effectively generate new structures with objective nonlinear responses. This work offers a fast and 30 

efficient way to design FGPS that meet specific performance objectives. 31 

Keywords: Inverse design, Nonlinear response, Deep learning, Functionally graded porous 32 
structure, Voronoi, Diffusion model 33 
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1. Introduction 37 

Functionally graded porous structures (FGPS) have attracted great attention due to their 38 

excellent and customizable properties, such as high strength, light weight, and superior energy 39 

absorption capability [1–5]. FGPS have also been discovered in biological materials as shown in 40 

Fig.1. By optimizing the distribution of materials, enhanced global properties can be achieved to 41 

fit specific requirements with simple materials. While extensive research has been conducted to 42 

investigate the mechanical behaviors of different FGPS, nearly all of the research employed 43 

forward design approaches, such as theoretical models [6–9], finite element analysis [10,11], 44 

topology optimization [12–15] and experimental study [16–19]. Although these studies have 45 

achieved great success, designing structures with specific properties still relies heavily on iterative 46 

parameters tunning processes and expensive simulations, which are time-consuming, 47 

computationally expensive, and often depend on the designers’ experience and intuition. 48 

Consequently, there is a pressing need for inverse design methods aimed at identifying structures 49 

that meet targeted properties. 50 

 51 
Fig. 1. Functionally graded porous structures in nature. (a) Spatial variations in trabecular bone 52 

structure [20]; (b) The exoskeleton of Homarus americanus lobster with varied thickness layers 53 

[21]; (c) Bamboo stems with graded vascular bundles [21]; (d) Functionally graded aluminum 54 

foam [22]. 55 
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In recent years, deep learning algorithms have been tried to solve these inverse design 56 

problems [23–28]. Deep neural networks (DNN) showed great success in designing spinodoid 57 

structures [29,30], triply periodic minimal surfaces (TPMS) structures [31–33], and lattice 58 

structures [34,35] with specific properties (i.e., Young’s modulus and Poisson’s ratio) thanks to 59 

the exceptional ability to learn the mapping relationship from properties to geometrical parameters. 60 

Generative adversarial networks (GANs) [36], known for their remarkable ability to synthesize 61 

realistic images, have been exploited to handle these challenges by generating pixel-based 62 

representative volume elements based on targeted properties. For instance, Tan et al. [37] 63 

combined a deep convolutional generative adversarial network (DCGAN) and a convolutional 64 

neural network (CNN) to form an inverse design framework that is able to generate metamaterials 65 

with the desired compliance tensor. Zheng et al. [38,39] successfully generated both 2D and 3D 66 

auxetic structures employing conditional generative adversarial networks (cGAN). Jiang et al. [40] 67 

synthesized elastic metamaterials with target dispersion relation by cGAN. Unfortunately, the 68 

training difficulty and mode collapse issues impede further application of GAN. Diffusion models 69 

[23] with the ability to generate images based on text description offered a new approach to 70 

address these challenges. Vlassis and Sun [24] generated heterogeneous microstructures with 71 

specific energy responses and topologies employing diffusion models. Bastek and Kochmann [25] 72 

utilized a video diffusion model to design metamaterial with targeted stress-strain responses and 73 

the design process was physically intuitive. As can be seen from the open literature, similar to the 74 

application of diffusion models in the image generation field, the objective properties can serve 75 

as guidance for generating targeted structures.  76 

Among the existing research on the inverse design of structures, most of the design 77 

objectives were limited to the linear-elastic properties such as Young’s modulus or Poisson’s ratio 78 

and rarely considered nonlinear responses [37–42]. Although it is enough to tune structures’ 79 

stiffness and Poisson’s ratio under small deformation, extending to nonlinear responses can 80 

unlock applications in numerous fields, such as soft robotics [43], impact energy absorption [10], 81 

and pressure sensors [44]. However, when consider the nonlinear stage during deformation, the 82 

complex material behavior, structure buckling, and contact problem make it challenging to 83 

calculate the response immediately, which prevents conventional design methods from 84 
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considering nonlinear stages. Efforts have been made to solve this bottleneck by combining 85 

evolutional algorithms and machine-learning-based forward prediction surrogate models that can 86 

predict the nonlinear responses rapidly. Examples include shell-based mechanical metamaterials 87 

[33] and quadrilateral structures [45]. Despite the advancements of the approach, iterative 88 

processes are required to approximate the targeted response and the design space remains limited, 89 

which not only increases the design time but also decreases the design diversity. Thus, a direct 90 

mapping from the nonlinear stress-strain responses to the configurations of structures with 91 

extensive design space is needed. 92 

When employ data-driven methods for structure inverse design, one important issue is how 93 

to represent the structures. Some studies utilized geometry parameters that can be used to generate 94 

corresponding structures through predefined modelling procedures. Spinodoid metamaterials and 95 

TPMS structures [46,47] were implemented via implicit functions and some simple lattice 96 

structures [35] have been designed in this way, yet the design space is limited as many kinds of 97 

structures can’t be represented by simple parameters. Challapalli et al. [48] and Li et al. [49] 98 

utilized the nodal adjacency matrix to represent the structures and the inverse design of lattice 99 

structures with a wide design domain was realized. Other research [50–52] directly employs 2D 100 

pixels or 3D voxels to represent metamaterials and lattice structures. However, this method 101 

encounters connectivity issues [50,51] and requires large pixels to represent the structure 102 

accurately [38,53], which increases the difficulty of model training. Therefore, a method that can 103 

design targeted FGPS with specified nonlinear mechanical behaviors precisely and efficiently is 104 

in urgent need.  105 

In this study, we proposed an inverse design framework of FGPS based on the diffusion 106 

model. A direct mapping from the nonlinear stress-strain responses to the structures’ 107 

configurations without iterative processes was established. Moreover, a neural network was 108 

trained to predict the responses of the generated structures. Five unique types of FGPS were 109 

constructed using Voronoi diagram techniques and their corresponding stress-strain responses 110 

were calculated using finite element simulations. The distribution of Voronoi nuclei and color 111 

mapping were utilized to represent the structure’s configuration and cell wall thickness. The 112 

performance of the proposed framework was thoroughly evaluated and structures with varied 113 
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nonlinear responses were successfully obtained. 114 

This work is organized as follows. Section 2 provides a brief overview of the proposed 115 

inverse design framework. Section 3 introduces the generation and pre-processing methods of the 116 

dataset. Section 4 illustrates the models used in the framework. The performance of the well-117 

trained models is discussed in Section 5, and we present several inverse design examples to 118 

demonstrate the effectiveness of the approach. Three FGPS were fabricated by SLM and an 119 

impact experiment was carried out to verify the method’s efficacy. The conclusion is made in 120 

Section 6. 121 

2. Overview of the inverse design approach 122 

In this section, we provide a brief overview of the proposed inverse design approach. There 123 

are two primary challenges in developing an inverse design framework: firstly, generating 124 

structures based on specified conditions (referred to as the ‘generator’), and secondly, rapidly 125 

evaluating the performance of the generated structures (referred to as the ‘predictor’). In this study, 126 

we propose a novel framework that uniquely combines a tailored diffusion model with a modified 127 

residual neural network (ResNet) to tackle the two challenges. The detailed structures of the two 128 

models will be discussed in Sections 4.1 and 4.2. As illustrated in Fig. 2, the two models were 129 

integrated to generate porous structures aligned with the predefined stress-strain(S-S) curves. The 130 

generator can produce a batch of nuclei maps (detailed in Section 4.1) according to the target 131 

responses, and the predictor can predict the S-S responses of the generated nuclei maps. 132 

Subsequently, the predicted S-S curves are compared with the target S-S curves, and the 133 

discrepancies are quantified by mean absolute percentage error (MAPE), as defined in Eq(21). 134 

All the candidate nuclei maps are sorted by the MAPE values, and the map with the lowest MAPE 135 

is selected as the target map. Finally, the corresponding porous structure will be reconstructed 136 

based on the nuclei’s positions and the cell wall thickness using Voronoi diagram techniques. The 137 

finite element model can be built to obtain the actual S-S responses following the approach 138 

described in Section 3.2.  139 
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 140 

Fig. 2. Overview of the inverse design process. 141 

3. Generation and pre-processing of the dataset 142 

In this section, we introduce the process of building the dataset, including the approach of 143 

generating the FGPS, the finite element methods for obtaining the S-S responses of the structures, 144 

and the pre-processing models of the data. The S-S responses and the deformation processes of 145 

different gradient types of FGPS are illustrated and discussed. 146 

3.1 Implementation of FGPS 147 

As the proposed inverse design framework is based on a data-driven method, a large number 148 

of FGPS and their corresponding S-S responses are needed. Here, five distinct gradient types of 149 

FGPS’ numerical models were built [10]. The structures were established using Voronoi 150 

techniques, an effective technique for modeling diverse porous materials [54,55]. As depicted in 151 

Fig. 3, the generation of a porous structure involves three steps: 152 
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Step 1: Randomly scatter a set of nuclei within a square region 240 40A mm= × , ensuring 153 

the distance between any two nuclei is larger than the allowable minimal distance ijδ .  154 

Step 2: Generate Voronoi diagrams employing 2D random Voronoi techniques.  155 

Step 3: Thicken the cell wall to the predefined thickness.  156 

The five distinct gradient forms named uniform(U), positive(P), negative(N), middle-157 

high(M-H), and middle-low(M-L), are depicted in Fig. 4. The FGPS were constructed by 158 

controlling the minimal distance between neighboring nuclei while keeping the cell wall thickness 159 

consistent. The U type structures have the same density along the y-direction, and the minimum 160 

distance ijδ  equals to mind  for all nuclei. For the P or N graded structures, the upper end has 161 

the lowest or highest density, while the lower end has the highest or lowest density. The governing 162 

equations for ijδ  are defined as Eq.(1) for the P distribution and Eq.(2) for the N distribution. 163 

The M-H or M-L distribution is characterized by the highest density in the middle or side region 164 

and the lowest density in the side or middle region. The governing equations are defined as Eq.(3) 165 

for the M-H form and Eq.(4) for the M-L form relatively.  166 
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where mind   represents the overall minimum distance, α   denotes the degree of gradient 171 

variation, iy  and jy  stand for the y-axis coordinates of the two neighboring nuclei, L is the 172 

length of the structure in the y-direction and is equal to 40mm here. 173 
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(a) (b) 

Fig. 3. The processes of generating Voronoi structures. (a) Scatter nuclei and generate a Voronoi 174 

diagram. (b) Thicken the cell wall to form the FGPS. 175 

     

U type M-H type M-L type P type N type 

Fig. 4. The schematic diagrams of the five gradient types of FGPS 176 

 177 

 Table 1 178 

The parameters used to generate FGPS 179 

Gradient type 
mind (mm) α  Thickness(mm) 

U [1.5:0.1:4] / [0.2:0.05:0.5] 

M-H 1.5 [1:0.1:4] [0.2:0.05:0.5] 

M-L 1.5 [1:0.1:4] [0.2:0.05:0.5] 

P 1.5 [1:0.1:4] [0.2:0.05:0.5] 

N 1.5 [1:0.1:4] [0.2:0.05:0.5] 

Here, by varying mind ,α , and cell wall thickness, a variety of different structures that cover 180 

a wide range of design space were generated. The parameters selected for this study are elaborated 181 

in Table 1. For the U type porous structures, mind  varies from 1.5 to 4.0, in increments of 0.05, 182 

and the cell wall thickness ranges from 0.2 to 0.5, with steps of 0.05. For the gradient porous 183 
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structures, mind  is fixed at 1.5 to avoid excessively short cell walls, α  varies from 1.0 to 4.0 184 

in increments of 0.1, and cell wall thickness varies from 0.2 to 0.5 with intervals of 0.05. Owing 185 

to the stochastic nature of Voronoi structures, structures generated with the exactly same 186 

parameters are distinct. Thus, to enrich the dataset, two structures for each parameter 187 

configuration were generated. There are 434 U type structures within this database, along with 188 

364 for each of the other four gradient types, resulting in a total of 2100 structures encompassed 189 

within the entire dataset. More details about the dataset are provided in Appendix A. 190 

3.2 FE simulation 191 

In order to obtain the S-S responses of the structures within the dataset, finite element models 192 

were constructed using batch processing. As illustrated in Fig. 5(b), the porous structure is situated 193 

between the impact rigid plate and the support rigid plate, and both plates are modeled using 194 

discrete rigid plates attached to reference points. A constant low velocity 20 /v m s=  is applied 195 

to the reference point of the impact plate, while the support plate is completely fixed at the bottom 196 

of the structure [10]. The structure is discretized using four-node shell elements (S4R) in Abaqus. 197 

Only one element is employed in the out-of-plane direction, which is assumed to be rational in 198 

the literature [56]. The nodes can only move freely in the plane, whereas the out-of-plane degrees 199 

of freedom are constrained. A mesh sensitivity analysis was conducted as shown in Fig. 6. The 200 

element size is set to 0.3 mm to balance the computational time and accuracy. The material of cell 201 

walls is defined as elastic perfectly plastic with Young’s modulus 66E GPa=  , Poison’s ratio 202 

0.3υ =  , yield stress 175 MPaσ =  , and mass density 32700 /s kg mρ =  , consistent with the 203 

settings in [57]. Self-contact is applied to consider the contact between cell walls during 204 

deformation. The contact property was defined as hard contact in the normal direction and penalty 205 

friction in the tangential direction. The contact friction coefficient was set to 0.02, allowing for 206 

relative slippage with friction between the structure and the plates. The S-S curves obtained by 207 

the numerical model is shown in Fig. 5(c) and the deformation process is depicted in Fig. 5(d). 208 

The structure initially collapses near the impact end, and subsequently collapses at the support 209 

end as well. Since the collapse occurs layer by layer and extends from the low-density area to the 210 

high-density area, the stress at both ends continuously increases. At the strain of 0.6, the low-211 
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density regions are compacted, and a shear band forms in the central high-density area of the 212 

structure, which leads to a redistribution of stress in the structure. This results in a decrease in 213 

support end stress, coupled with an accelerated increase in the impact end stress.  214 

The S-S responses of all the structures in the dataset were all calculated using the previously 215 

described model. The stress at both the impact end and support end was extracted, and the range 216 

of S-S responses is depicted in Fig. 7. The curves are colored according to their relative densities, 217 

ranging from low to high. A wide range of S-S responses has been achieved. For graded porous 218 

structures, the S-S responses under impact load are different for the impact end and the stationary 219 

end. Stress points are sampled from the S-S curves to be used to represent the S-S responses. 220 

Since the initial stresses are all zero, to avoid repetition, sampling starts from the first stress point 221 

that is not zero. The impact end begins at the strain of 0.004, and the support end starts at the 222 

strain of 0.011, with stress values collected every 0.0225 strain increment, as depicted in Fig. 8 . 223 

For each end, 31 stress points are sampled, resulting in a total of 62 stress points for each structure. 224 

Stress data at both the fixed and impact ends will be utilized as the target responses in the inverse 225 

design process simultaneously.  226 

 227 

Fig. 5. The calculation flow of FGPS: (a) Configuration of the middle-high porous structure. 228 

(b)Boundary condition. (c) The S-S curves at the support end and impact end. (d) Deformation 229 

processes and stress cloud of FGPS under compression. 230 
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(a) (b) 

  

Fig. 6. Mesh sensitivity analysis. (a) Support end. (b) Impact end 231 

 232 
(a) (b) 

  

Fig. 7. Summarization of the various S-S curves of the structures in the dataset obtained through 233 

FEM. The curves are colored according to their relative densities, ranging from low(blue) to 234 

high(yellow). (a) Support end. (b) Impact end. 235 
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 236 

Fig. 8. Sampling method of stress points. 237 

Fig. 9 displays the typical structures of five different gradient types and their S-S responses. 238 

Each structure has an approximate relative density of 0.2 and different cell wall thicknesses. The 239 

binary and colored images (with color denoting the cell wall thickness, refer to Section 3.3 for 240 

more details) are presented. Different gradient types of FGPS exhibit markedly distinct 241 

deformation behaviors. The U type structures show random shear bands at the weakest region of 242 

the structure under compression. For the graded porous structures, the collapse is firstly observed 243 

at the low-density region and gradually propagates to the high-density region, thus a layer-by-244 

layer collapse can be discovered. Nevertheless, for M-L and N gradient FGPS, a slight 245 

deformation can be detected at the impact end, even though it is the densest part due to the impact 246 

effect. The distinct deformation patterns lead to different S-S responses. The stress at the impact 247 

end is greater than that at the support end at the initiation of the deformation. For structures with 248 

P and M-H gradients, the initial peak stress at the impact end is relatively small, whereas structures 249 

with N and M-L gradients exhibit a notably heightened initial peak stress at the impact end, which 250 

is attributed to the high-density region near the impact end. During the deformation process, the 251 

stress at the fixed end rises gradually, while the stress at the impact end initially decreases from 252 

its initial peak value before rising again. Notably, structures with M-H and U gradients display a 253 

period of plateau stress in the initial stages of deformation. The FGPS exhibit various deformation 254 

patters and S-S responses, which reflects their promising applications in many fields. 255 
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Fig. 9. Structures’ configurations and S-S responses of five different gradient types of porous 257 

structures, each structure has a close relative density of 0.2. (a) The binary images of the FG 258 

structures. (b) The RGB images of the structures, with the color denoting the cell wall thickness. 259 

(c) The corresponding parameters and S-S curves of the structures, the deformation at strain 0.3 260 

and 0.6 is presented.  261 

3.3 Data pre-processing  262 

3.3.1 Representation of FGPS 263 

Once the dataset is built, pre-processing is essential for deep learning to effectively interpret 264 

the data. Some studies [33,46–48] utilized a sequence of parameters that can be used to generate 265 

the corresponding structures to represent the structures. Nevertheless, in this study, identical 266 

parameters do not generate the same structure due to the inherent stochastic property of Voronoi 267 

structures, and the mechanical responses vary across different structures, making it impractical to 268 

use simple parametric representation. Other research [40,52,58–61] directly employed the 2D or 269 
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3D binary image of the structure, where different pixels represent different materials or voids. As 270 

depicted in previous studies [50,62], the cell walls were observed to be disconnected when 271 

adopting this method for representing the gradient porous structures. This is because the 272 

generative models are aimed to minimize the pixel difference between the generated images and 273 

the original images, so disconnection in the images is acceptable for the model. However, minor 274 

structural differences can lead to significant performance variations. Moreover, as the cell wall 275 

thickness of the porous structure is very small compared to the whole structure, and the pixels of 276 

the image are discrete, it needs exceedingly high-resolution images to accurately depict cell wall 277 

thickness. For instance, when using an image with a resolution of 256 256×  , each pixel unit 278 

represents a length of 40 / 256 0.15625pixeld mm mm= = . To represent a structure with a cell wall 279 

thickness of 0.3mm , 2 pixels are needed to depict the cell wall thickness. However, the combined 280 

length of these two pixels corresponds to an actual length of 0.15625 2 0.3125d mm mm= × = ,  281 

resulting in a discrepancy. Meanwhile, when representing a structure with a cell wall thickness of 282 

0.25mm , it also needs 2 pixels. This leads to an indistinguishability between structures with a cell 283 

wall thickness of 0.25mm  and those with a cell wall thickness of 0.3mm , which results in a 284 

larger error. Extremely high image resolutions increase the complexity of model training and 285 

much more time is needed for training.  286 

To address these problems, as demonstrated in Fig. 10 (a)-(c), we utilize different colors to 287 

denote various cell wall thicknesses. Additionally, the positions of the Voronoi nuclei points are 288 

used to represent the patterns of the Voronoi structures. Specifically, the entire design domain was 289 

discretized into 64 64×  grids. By identifying the grid closest to each nucleus point and assigning 290 

colors corresponding to the cell wall thickness, a colored ‘map’ that locates each nucleus and 291 

contains cell wall thickness information was effectively created. The correlation between cell wall 292 

thickness and its color representation is illustrated in Fig. 10 (d). For instance, a structure with a 293 

cell wall thickness of 0.2mm   is colored red, whereas one with a thickness of 0.25mm   is 294 

colored green. These maps are then converted into RGB images with a resolution of 64 64× , 295 

serving as representations of the structures during the deep learning process. Furthermore, these 296 

maps can be easily transformed into the corresponding porous structure through simple steps. 297 

Firstly, calculate the coordinates of the nuclei based on the map. Next, employ the Voronoi 298 
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algorithm to construct the Voronoi structure. The cell wall thickness of the porous is then 299 

determined by the color of the map, enabling the construction of the corresponding porous 300 

structure. It should be noted that, to prove a more intuitive understanding of the structure, in this 301 

paper, the colored Voronoi structures are used to represent the porous structure as shown in Fig. 302 

9(b). 303 

Through the above steps, we construct an implicit representation of FGPS with different cell 304 

wall thicknesses. Utilizing the images of colored nuclei points, it is able to accurately represent 305 

FGPS using only 64 64× pixels. Utilizing smaller pixel dimensions can substantially reduce both 306 

the parameter count and training time required for the deep learning model, and significantly boost 307 

both the model's efficiency and accuracy. Furthermore, as the final structures are created using 308 

the Voronoi algorithm based on the generated colored nuclei maps, the connectivity issues are 309 

thus eliminated. 310 
(a) (b) (c) (d) 

    

Fig. 10. (a) The binary images of the functionally graded structures. (b) The RGB images of the 311 

structures, with the color denoting the cell wall thickness. (c) The colored nuclei map, with the 312 

point denoting the location of the nuclei and the color denoting the cell wall thickness. (d) The 313 

correlation between cell wall thickness and its color representation. 314 

3.3.2 Data normalization 315 

To enhance the convergence speed and accuracy of the model, it is generally necessary to 316 

normalize the input data. All stress data are linearly mapped to the range of [-1,1], and the function 317 

for the linear mapping is provided as 318 
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pixel values of each image channel to conform to a distribution with a mean of 0 and a variance 321 

of 1. The mapping equation used for this standardization is 322 

 

[ ] [ ]
[ ]

[ ]

-channel channel
channel

channel

input mean
output

std
=

. (6) 323 

Here, the mean represents the average value of each channel in the image, and std denotes the 324 

standard deviation of each channel, which is determined through sampling. 325 

4. Models used in the framework 326 

In this section, we first make a brief introduction to the conditional diffusion model. Then, 327 

the model structures of the generator implemented by diffusion model and predictor implemented 328 

by residual neural network are presented. And the training protocols and sampling strategies are 329 

also described. 330 

4.1 The generator of FGPS 331 

4.1.1 Conditional diffusion model 332 

The aim of the generator is to generate nuclei map pictures under specific S-S conditions. To 333 

accomplish this task, the recently developed generative models known as the diffusion models 334 

[63] were employed. Diffusion models establish a Markov chain process that progressively 335 

introduces random noise into the data and then learns in reverse to reconstruct the data samples 336 

from the noise, which is defined as forward process and reverse process respectively. In the 337 

forward process, a data point sampled from a distribution is incrementally perturbed by a small 338 

amount of Gaussian noise over T diffusion time steps, resulting in a series of noisy samples 339 

1, , Tx x… . The noise process is described by a Markov chain and is defined as 340 

 1 1( ) ( ; 1 , )t t t t tq x x N x x Iβ β− −= −∣ , (7)  341 

where (0,1)tβ ∈   represents a variance schedule. By defining 1t tα β= −   and 
1

t

t i
i

α α
=

=∏  , the 342 

sample at any time step t can be written as 343 

 0 1t t tx xα α= + − ò, (8) 344 
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where 1 2, , ~ (0, )t t I− − 蝌N , and the distribution in Eq.(7) at the time step t can be given by 345 

 0 0( | ) ( ; , (1 ) )t t t tq x x x xα α= − IN . (9) 346 

As long as the T is large enough and tβ  is small enough, the initial picture will be transformed 347 

into a Gaussian noise distribution after the forward process.  348 

By reversing the process and sample from 1( | )t tq −x x , the origin sample can be created from 349 

a Gaussian noise input. Beginning with pure Gaussian noise, a model is trained to learn the joint 350 
distribution as 351 

 0: 1
1

( ) ( ) ( | )
T

T T t t
t

p p pθ θ −
=

= ∏x x x x , (10) 352 

 1 1( | ) ( ; ( , ), ( , ))t t t t tp t tθ θ θ− −=x x x μ x Σ xN , (11) 353 

where the time-dependent parameters of Gaussian transitions are learned. The diffusion model 354 

pθ  is optimized by maximizing the likelihood of the training data, and in practice, we choose to 355 

minimize the variational lower bound ( VLBL ) of the negative log-likelihood which is expressed 356 

as 357 

 
0:

1: 0
VLB ( )

0:

( | )log
( )

[ ]
T

T
q

T

qL
pθ

= x
x x

x
E . (12) 358 

And this can be rewritten in terms of Kullback-Leibler (KL) Divergences as 359 

𝐿𝐿(𝜃𝜃) =𝐸𝐸𝑞𝑞 [𝐷𝐷KL(𝑞𝑞(𝐱𝐱𝑇𝑇|𝐱𝐱0) ∥ 𝑝𝑝𝜃𝜃(𝐱𝐱𝑇𝑇))�����������������
𝐿𝐿𝑇𝑇

+360 

∑ 𝐷𝐷KL(𝑞𝑞(𝐱𝐱𝑡𝑡−1|𝐱𝐱𝑡𝑡 , 𝐱𝐱0) ∥ 𝑝𝑝𝜃𝜃(𝐱𝐱𝑡𝑡−1|𝐱𝐱𝑡𝑡))�����������������������
𝐿𝐿𝑡𝑡−1

𝑇𝑇
𝑡𝑡=2 − 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝜃𝜃 (𝐱𝐱0|𝐱𝐱1)]�����������

𝐿𝐿0

. (13) 361 

Using Bayes theorem, the post posterior can be tractable when conditioned on 0x : 362 

 𝑞𝑞(𝑥𝑥𝑡𝑡−1|𝑥𝑥𝑡𝑡 , 𝑥𝑥0) = 𝒩𝒩(𝑥𝑥𝑡𝑡−1; 𝜇𝜇�(𝑥𝑥𝑡𝑡, 𝑥𝑥0),𝛽𝛽�𝑡𝑡𝐼𝐼)， 363 

where 𝜇𝜇�𝑡𝑡(𝑥𝑥𝑡𝑡, 𝑥𝑥0): = √𝛼𝛼𝑡𝑡−1𝛽𝛽𝑡𝑡
1−𝛼̄𝛼𝑡𝑡

𝑥𝑥0 + �𝛼𝛼𝑡𝑡(1−𝛼̄𝛼𝑡𝑡−1)
1−𝛼̄𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 and 𝛽𝛽�𝑡𝑡: = 1−𝛼̄𝛼𝑡𝑡−1
1−𝛼̄𝛼𝑡𝑡

𝛽𝛽𝑡𝑡 . (14) 364 

Thus 1tL −  can be calculated in closed form and by setting the variances of 1( | )t tpθ −x x  to be 365 

equivalent to the forward process variance schedule, 1tL −  can transformed into: 366 

 𝐿𝐿𝑡𝑡−1 ∝ ||𝜇𝜇�𝑡𝑡(𝑥𝑥𝑡𝑡, 𝑥𝑥0) − 𝜇𝜇𝜃𝜃(𝑥𝑥𝑡𝑡 , 𝑡𝑡)||2. (15) 367 
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Ho et al.[63] found that training θμ  to predict the noise component at any given time step leads 368 

to improved outcomes. And the training objective can be simplified as 369 

 𝐿𝐿simple(𝜃𝜃): = 𝔼𝔼𝑡𝑡,𝐱𝐱0,ϵ[�ϵ− ϵ𝜃𝜃(�𝛼̄𝛼𝑡𝑡𝐱𝐱0 + �1 − 𝛼̄𝛼𝑡𝑡ϵ, 𝑡𝑡)�
2

]. (16) 370 

To generate nuclei maps corresponding to the S-S condition, the classifier-free diffusion 371 

guidance strategy [64] is used. A conditional diffusion model ( | )p x y   is trained with 372 

conditioning information dropout randomly at a given probability (10% ). The noise predictor can 373 

be transformed into a linear combination of the conditional and unconditional noise predictor: 374 

 ϵ̄𝜃𝜃 = (𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝑦𝑦) = (𝑤𝑤 + 1)ϵ𝜃𝜃(𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝑦𝑦) − 𝑤𝑤ϵ𝜃𝜃(𝐱𝐱𝑡𝑡, 𝑡𝑡)， (17) 375 

where w  is called guidance weight. It can be adjusted to make a trade-off between diversity and 376 

fidelity and is set to 5 here.  377 

4.1.2 Architecture of the diffusion model 378 

The U-Net architecture [65] is commonly chosen for constructing the diffusion model due 379 

to its identical input and output dimensionality. The U-Net architecture consists of an encoder and 380 

a decoder, each containing four steps. Each step incorporates residual blocks, attention blocks, 381 

and a down-sampling or up-sampling convolution block. The middle block connecting the 382 

encoder and the decoder consists of two residual blocks and one attention block. The residual 383 

blocks are comprised of a set of convolutional layers and employ the SiLU [66] activation function. 384 

The U-Net architecture employs channel widths of [ ], 2 , 4 ,8C C C C   from higher to lower 385 

resolutions, with the base channel size set as 64C =  . The relevant hyperparameters are 386 

summarized in Table 2. To incorporate the S-S responses into the model, the 62 normalized stress 387 

values are transformed into a condition embedding using a learnable two-layer network. The 388 

network consists of two dense layers with a SiLU activation function. Both the condition and time 389 

embeddings are straightforwardly incorporated into the residual blocks. The condition dropout 390 

probability is chosen as 0.1, and the number of time steps T  is set to 1000. The AdamW [67] 391 

optimizer is employed, with the initial learning rate equals 42e−  and the batch size established 392 

as 16. When sampling from the diffusion model, the DDIM [68] strategy is utilized to expedite 393 

the process by reducing the number of sampling steps. Here, the number of DDIM sample steps 394 
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is set to 100, which can enable the model to generate high-quality images more rapidly. 395 

Table 2 396 

The parameters used in the diffusion model 397 

Parameter Value 

Number of residual blocks per step 2 

Normalization Group Normalization  

Number of attention blocks per step 1 

Activation function  SiLU [66] 

Feature map resolutions (down sample) [64,32,16,8] 

Feature map dimensions (down sample) [64,128,256,512] 

4.2 The predictor of FGPS 398 

The diffusion model introduces randomness in the generation process, enabling the generator 399 

to produce diverse structural configurations under identical input conditions. Concurrently, the 400 

intricate mapping relationship between the S-S responses and the structure configuration makes 401 

the generation of a structure that exactly aligns with the target S-S responses almost unattainable. 402 

Therefore, it is imperative to get the S-S responses quickly and discern the variance between the 403 

responses of the generated structures and the target response. To achieve this, a surrogate model 404 

for rapid prediction of the S-S curves of the generated structures was trained. Given a map of the 405 

nuclei points of the structure, the model predicts the S-S responses at both the impact end and 406 

support end. These predictions can serve as substitutes for the FEM results, and the structure’s 407 

response can be obtained with an acceptable margin of error. Notably, finite element simulations 408 

are also employed to validate the final generated porous structures. 409 

A modified ResNet architecture followed by three fully connected layers was employed as 410 

the surrogate model. The residual block comprises two convolution layers, preceded by a group 411 

normalization layer, with Swish [69] serving as the activation function. In the fully connected 412 

blocks, the dropout method was incorporated to enhance model generalization, and Tanh was used 413 

as the activation function. The model’s output is a 62-element vector, where the initial 31 points 414 

represent the stress points at the support end, and the remaining 31 points correspond to the stress 415 
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points at the impact end. The detailed structure of the network is depicted in Fig. 11. The dataset 416 

was randomly split into the training set (90%) and the test set (10%). Mean Absolute Error (MAE) 417 

was employed as the loss function and Stochastic Gradient Descent (SGD) was used as the 418 

optimizer. Note that the vertically inverted gradient porous structure has the same S-S response 419 

as the original structure, so data augmentation was applied by randomly flipping the structures 420 

left-to-right with a 50% probability to enhance the performance of the model. The model was 421 

trained for 300 epochs, with a batch size of 8. The initial learning rate was set at 0.1, and it was 422 

reduced by a factor of 0.1 every 100 epochs. The training loss and validation loss during the 423 

training process are illustrated in Fig. 12. The losses were further minimized after reducing the 424 

learning rate. Both losses converged at nearly epoch 250 and they are nearly identical which 425 

indicates that it was not overfitted. 426 

  427 
Fig. 11. The architecture of the predictor. 428 
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 429 
Fig. 12. Training and validation losses of the predictor 430 

5. Result and discussion 431 

In this section, the performance of the predictor is evaluated statistically and the prediction 432 

error on specific FGPS is illustrated. Then, to demonstrate the effectiveness of the generator, the 433 

generator is utilized to generate diverse FGPS targeted on the same S-S responses. Lastly, 434 

structures with different S-S responses are generated through the proposed inverse design 435 

framework. Impact experiments are also conducted to further verify the effectiveness of the FEM 436 

and the proposed inverse design methods. 437 

5.1 Performance of the predictor 438 

The predictor estimates the S-S curves based on the generated nuclei map images and serves 439 

as an evaluator in the inverse design process, thus the accuracy of the predictor can significantly 440 

determine the ultimate effectiveness of the model. In this section, the performance of the predictor 441 

is assessed on the test dataset. The correlation plot between the finite element modeling (FEM) 442 

results (on the x-axis) and predicted values (on the y-axis) is presented in Fig.13(a). The spread 443 

and distribution of points provide insight into the accuracy and precision of the predictions. A 444 

closer alignment of points to the bisection line (y=x) suggests more accurate predictions. 445 

Statistically, the coefficient of determination ( 2R ) defined as 446 
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is calculated to be 0.9898, which indicates a strong linear relationship between the predicted 448 

values and FEM results. Here, predy  represents the predicted values, refy  denotes the reference 449 

results calculated by FEM and refy  is the mean of the reference results.  450 

The relative error (RE) is also adopted to evaluate the prediction accuracy of the predictor 451 

and is defined as 452 

 100%.pred ref

ref

y y
RE

y
−

= ×  (19) 453 

The RE between FEM results and predicted values in the test dataset is statistically illustrated in 454 

Fig. 13(b) to learn the distribution characteristics. The probability density function (PDF) is 455 

estimated using kernel density estimation (KDE), which is a non-parametric method to evaluate 456 

the probability density function of a random variable. The cumulative distribution function (CDF) 457 

of the distribution is calculated by integrating the probability density function. The probability of 458 

relative error between 10%−  and 10%  is 0.8696, suggesting most of the relative error points 459 

fall within an acceptable range.  460 
(a) (b) 

  

Fig. 13. (a) The relationship between S-S curves predicted by predictor and FEM. (b) The 461 

distribution characteristics of the relative error between FEM results and predicted results.  462 

Fig. 14 displays four randomly selected porous structures from the test dataset with their S-463 

S curves obtained through FEM and the predictor respectively. The error was quantified using 464 

mean average percentage error (MAPE) as defined as  465 
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n

i i

i=1 i

ŷ -y100%MAPE
n y

= ∑ ， (20) 466 

where iŷ   represents the predicted values and iy   denotes the ground truth. A lower error 467 

indicating a more precise approximation of the ground truth. The predicted S-S curves align 468 

closely with results from finite element analysis, with the initial elastic phase and the initial peak 469 

stress being almost identical. Errors are mainly observed in the nonlinear stage, especially when 470 

the stress changes suddenly. As the strain increases, the material nonlinearity and the complex 471 

contacts between cell walls lead to a highly intricate S-S response, which makes it hard to predict 472 

the precise S-S responses. Based on the above results, it can be concluded that the well-trained 473 

predictor can obtain the S-S responses of structures within a tolerable margin of error. 474 
(a) (b) 

  
(c) (d) 

  
Fig. 14. Comparison between S-S curves of four randomly selected FGPS obtained by FEM and 475 

predictor and MAPE is calculated. (a) MAPE=4.23%. (b) MAPE=7.19%. (c) MAPE=2.86%. (d) 476 

MAPE=4.59%. 477 
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5.2 Performance of the generator 478 

The generator aims to generate structures that match closely to the desired S-S profile. To 479 

assess the generator’s effectiveness in condition-based generation, a structure was randomly 480 

chosen from the test set and the inverse design framework was utilized to generate structures with 481 

the same S-S responses as the selected structure. A total of 100 candidate structures were 482 

generated using the generator and their corresponding S-S responses were estimated by the 483 

predictor.  484 

As shown in Fig. 15, the top 3 structures with minimal error were identified and the MAPE 485 

was compared. The uncertainty region in Fig. 15(a) covers the distribution of five selected S-S 486 

curves and illustrate the deviation of S-S responses between the generated structures and the target. 487 

The S-S curves of the generated structures closely align with the target profile, and the structures 488 

exhibited variations in shape and cell wall thickness, reflecting that the generator has the capacity 489 

to generate diverse structures. Notably, the generated structures are all M-H gradient structures, 490 

which suggests that the generator’s proficiency in learning S-S characteristics associated with 491 

varying gradient types. Nevertheless, owing to the stochastic nature of the diffusion model’s 492 

generation process and the complex mapping between S-S responses and structures, it is 493 

challenging to obtain a structure that is exactly consistent with the target S-S profile, yet the 494 

generator performs excellently within an acceptable error margin. 495 

(a)           Targeted S-S curves (b)          1st structure MAPE=7.02% 

   
(c)        2nd structure MAPE=7.17% (d)       3rd structure MAPE=7.24% 
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Fig. 15. (a) The target S-S curve and the stress range of the five generated structures. (b)-(d) The 496 

generated structures and the predicted S-S curves conditioned on the same S-S in (a).  497 

5.3 Generate structures on target-conditioned responses 498 

To assess the generalization ability of the model, a set of S-S profiles which not included in 499 

the dataset were proposed as targeted conditions. The inverse design framework is utilized to 500 

generate structures corresponding to the conditions. For each case, the targeted S-S curves, the S-501 

S curves predicted by the predictor, the S-S curves calculated by FEM, and the closest match S-S 502 

curves in the dataset were compared. The MAPE was calculated to evaluate the deviation from 503 

the targeted S-S.  504 

5.3.1 Target 1: S-S responses not included in the dataset 505 

Firstly, to get a S-S profile that doesn’t exist in the dataset yet conforms to the mechanical 506 

response characteristics of FGPS, a P gradient structure and a N gradient structure were randomly 507 

selected from the dataset, with the mean of their stress values serving as the input condition for 508 

the model, as shown in Fig. 16. The generated structure, its deformation process and the 509 

comparison of S-S curves are illustrated in Fig. 17. A M-L gradient FGPS was generated, collapse 510 

first occurs in the middle of the structure where the density is the lowest. Then, an oblique shear 511 

band is formed, and finally, the entire structure is compacted. Although the S-S curves of the 512 

generated structure exhibited some deviation from the targeted S-S curves (MAPE = 11.261%), it 513 

outperforms the closest match identified in the training dataset (MAPE=14.237%), which 514 

underlines it certainly produces novel target-oriented structures.  515 
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 516 

Fig. 16. The S-S curves obtained by average two S-S curves of a N type FGPS and a P type FGPS. 517 

 518 
(a) (b) 

 
(c)      S-S curves at the support end (d)     S-S curves at the impact end 

  

Fig. 17. (a) The generated FGPS based on the condition. (b)The deformation process of the 519 

generated structure. (c)-(d) Comparison of the condition S-S curves, the S-S curves predicted by 520 
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the predictor (MAPE=9.613%), the S-S curves calculated by FEM (MAPE=11.261%), the closest 521 

match S-S curves in the dataset (MAPE=14.237%). 522 

5.3.2 Target 2: S-S profile for energy absorber 523 

Secondly, the engineering application of the real S-S profile is investigated. For example,  524 

as depicted in Fig. 18, the energy absorption device of railway passenger vehicles and cars is 525 

recommended to incorporate several energy-absorbing components[70,71], each activated by 526 

varying levels of impact stress. In this context, the targeted S-S curve is characterized by a two-527 

stage plateau stress at the support end to meet the dual-stage energy absorption requirement, while 528 

the stress at the impact end remains constant to maximize the energy absorption efficiency [72]. 529 

As shown in Fig. 19, a M-H FGPS was produced. The deformation localization initially occurs at 530 

the impact end, resulting in a relative low plateau stress. Subsequently, the support end starts to 531 

be compacted while the collapse at the impact end keeps propagating, and this leads to the 532 

increasing stress at the support end. After the regions at both ends become compacted, the high-533 

density region in the middle starts to collapse. The results illustrated in Fig. 19(c)-(d) reveal that 534 

the generated structure (MAPE = 10.516%) exceeds the closest match in the training dataset 535 

(MAPE = 11.396%). As can be seen, the S-S curve shows an abrupt deviation when the strain 536 

exceeds 0.5. This behavior arises because the proposed target S-S curves may not align with the 537 

mechanical response characteristics of FGPS, and porous structures often demonstrate strain 538 

hardening at large strains, which results in the sudden increase in stress and a better energy 539 

absorption capacity of FGPS. However, it is worth noting that the predicted results are very close 540 

to the FEM results, which reflects the effectiveness of the proposed methods. 541 
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 542 

Fig. 18. The energy absorber used in trains [73,74] and vehicles [75] and the targeted S-S curves 543 

for FGPS. 544 

(a) (b) 

 
(c)    S-S curves at the support end (d)    S-S curves at the impact end 
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Fig. 19. (a) The generated FGPS based on the condition. (b)The deformation process of the 545 

generated structure. (c)-(d) Comparison of the condition stress, the S-S curves predicted by the 546 

predictor (MAPE=9.989%), the S-S curves calculated by FEM (MAPE=10.516%), the closest 547 

match S-S curves in the dataset (MAPE=11.396%)  548 

5.3.3 Target 3: S-S profile for anti-collision protective device 549 

Another engineering practice is anti-collision protective devices, for bridges and crash 550 

barriers as shown in Fig. 20. By filling porous material in the thin-walled components, the FGPS 551 

can absorb adequate impact energy to protect the safety of specific targets and save people’s lives. 552 

Given this scenario, the design objective is to find the structure with specific energy absorption 553 

per unit volume (SEAv) as calculated by Eq. (22). Regarding this scenario, the stress at the impact 554 

end is set to a constant value of 5 MPa, while the stress at the support end, which is not the primary 555 

concern, is not presented. Subsequently, the generator produced 100 candidate structures under 556 

the conditions. During the evaluation process for the optimal structure, the evaluation function 557 

was shifted to mean percentage error (MPE) as defined in Eq. (23). The assessment and ranking 558 

process focused solely on the stress at the impact end. MPE ensures the generated structure is 559 

closest to the target SEAv by minimizing the area between the S-S curve of the generated structure 560 

and the target S-S curve. The generated structure is demonstrated in Fig. 21, a structure with slight 561 

gradient is formed. It shows a uniform deformation under impact, leading to the constant stress at 562 

the impact end. Additionally, the comparison of the S-S curves is also illustrated in Fig. 21(c), 563 

with the SEAv of each curve calculated. The results demonstrate that this approach can easily and 564 

effectively generate structures with the desired SEAv. 565 

 
0

SEAv dσ= ∫
ò

ò (21) 566 
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 568 

Fig. 20. The anti-collision protective device for bridges or crash barriers. 569 
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Fig. 21. (a) The generated FGPS with target SEAv. (b)The deformation process of the generated 570 
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structure. (c) Comparison of condition S-S curves (SEAv=3.385 MJ/m3), the S-S curves predicted 571 

by the predictor (SEAv=3.321 MJ/m3), the S-S curves calculated by FEM (SEAv=3.671 MJ/m3), 572 

the closest match S-S curves in the dataset (SEAv=3.054 MJ/m3). 573 

5.4 Experimental verification 574 

To validate the effectiveness of the proposed inverse design methods as well as the accuracy 575 

of the finite element model, relevant dynamic impact experiments were conducted. The structures 576 

generated in Section 5.3.2 , along with a uniform structure and a positive gradient structure, were 577 

printed by SLM (Selective laser melting) method, as shown in Fig. 22. The base material is 578 

aluminum alloy AlSi10Mg which is commonly used in 3D printing [76–79]. The in-plane 579 

dimensions of the structure are 40mm x 40mm, and the out-of-plane dimension is 20mm to 580 

prevent buckling. Three dog-bone specimens were also printed using the same material and 581 

printing method to assess the material property. The uniaxial tensile test was conducted by using 582 

Instron 3367 testing machine and the stress-strain curves are shown in Fig. 23. The material 583 

property is listed in Table 3, and is similar to the property defined in the FEM in Section 3.2. The 584 

impact experiment was conducted on the Instron Ceast 9350 drop tower. A flat square shaped 585 

impactor was attached to the load cell, and a velocity of 20m/s was applied to the impactor. It 586 

should be noted that, only the force at the impact end was measured due to experimental 587 

limitations. The deformation patterns of the crushed specimens were recorded at 30,000 frames 588 

per second with a high-speed camera. 589 

 590 
Fig. 22. The manufactured specimens. (a) The specimen generated in Section 5.3.2. (b) The 591 

uniform specimen. (c) The positive gradient type specimen. 592 
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 593 
Fig. 23. Stress-strain curves of test specimens printed by AlSi10Mg. 594 

 595 

 Table 3 596 

The material property of AlSi10Mg. 597 

Density 
(g/cm3) 

Young’s modulus 
(GPa) 

Yield stress 
(MPa) 

Poisson’s 
ratio 

2.7 70 80 0.31 

 598 

 599 

Fig. 24. Schematic of the impact test set-up using Ceast 9350 drop tower and high-speed camera. 600 
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 The deformation patterns and the stress-strain cures of three specimens obtained by 601 

experiment and FEM are compared in Fig.25-27. In the beginning, the stress increases linearly 602 

and reach to the initial peak stress due to the material elasticity. Then, as illustrated in Fig. 25 the 603 

M-H type structure is crushed layer by layer at the both impact end and support end, which is 604 

constant with the FEM results. As shown in Fig. 26, shear bands first appear at the weak locations 605 

in the U type structure. As deformation progresses, the shear bands keep expanding, and the cell 606 

walls at the impact end are progressively crushed, leading to a continuous increase in stress. The 607 

discrepancy in the locations of shear bands observed in the experiment and FEM may attributed 608 

to 3D printing errors which leads to the inconsistencies in the weak locations of the structure. In 609 

the case of the P type structure, the structure exhibits layer-by-layer crushing deformation from 610 

the impact end to the support end, which is consistent with the FEM results. The numerical results 611 

are in good agreement with the experimental results at both the stress level and deformation 612 

process, which conforms the validity of the proposed methods and the finite element models. 613 

 614 
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Fig. 25. Comparison of (a) stress-strain curves and (b) deformation process obtained by 615 

experiment and FEM. The structure is generated by the proposed inverse design approaches as 616 

shown in Section 5.3.2.  617 

 618 
Fig. 26. Comparison of (a) stress-strain curves and (b) deformation process obtained by FEM and 619 

experiment. The structure is selected from the dataset with uniform type. 620 
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Fig. 27. Comparison of (a) stress-strain curves and (b) deformation process obtained by 621 

experiment and FEM. The structure is selected from the dataset with positive gradient type. 622 

6. Conclusions 623 

In this study, an inverse design framework to generate targeted FGPS based on deep learning 624 

is proposed. Five distinct types of graded porous structures are implemented by controlling the 625 

minimal distances of neighboring nuclei. By utilizing the colored nuclei maps to represent the 626 

structures, the efficiency and preciseness of the model can be improved, and the connectivity 627 

issues are eliminated. A dataset composed of 2100 structures with their S-S responses was 628 

established, the proposed FGPS with different gradient configurations exhibit varying S-S 629 

responses and deformation characteristics, thus providing a vast design space and application 630 

scenarios. The inverse design framework involves a generator that synthesizes structures based 631 
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on the target S-S responses, and a predictor which predicts the S-S responses of the generated 632 

structures. In spite of the highly complex relationship between the structure configurations and S-633 

S responses, the developed predictor makes an accurate prediction of the S-S responses for FGPS. 634 

The inverse design capability of the proposed method is thoroughly investigated by three 635 

examples, the stochastic S-S curves not existing in the dataset, the classic S-S curves with two-636 

stage plateau stress at the support end and a constant stress at the impact end, as well as the anti-637 

collision structures with specific energy absorption per unit volume. The impact experiments were 638 

conducted to verify the accuracy of the finite element models and the proposed methods. The 639 

results show that the present method can generate optimal FGPSs based on the target responses 640 

rapidly and efficiently.  641 

The framework can be further extended to other applications like multi-scale optimization, 642 

soft robotics, and biomedical implants. Future work may involve using larger and more 643 

comprehensive datasets to achieve better results. Incorporating physical information during model 644 

training could lead to better outcomes. Additionally, it is important to explore improved 645 

representation methods to incorporate various structures within a single model, and graph neural 646 

networks could be a promising candidate for this purpose. 647 
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Appendix A 659 

In this appendix, more details of the dataset are discussed. Relative density has the most 660 

significant effect on mechanical response among the parameters of Voronoi structures [80], and it 661 

is calculated as 662 

 0
i

s

t l
S

ρρ
ρ

= = ∑ , (A.1) 663 

where t represents the thickness of the cell wall, S denotes the area of the design domain and il664 

is the length of i th−  cell wall. 665 

The relative density distribution for the whole dataset is illustrated in Fig. A. 28, indicating 666 

that the relative densities of most of the structures range between 0.05 and 0.35. As shown in Fig. 667 

A. 29, various FPGS with different thicknesses are presented, and the relative density distribution 668 

for different thicknesses are depicted in the right. FGPS with thicker cell walls exhibit higher 669 

relative density and more dispersed distribution.  670 

 671 
Fig. A. 28. The relative density distribution of FGPS in the dataset 672 
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 674 

Fig. A. 29. Examples of the FPGS with different thicknesses, along with the relative density 675 

distribution for each thickness.  676 
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