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Fig. 1. Metamaterial-to-graph space and generation of diverse graph-response pairs. (A) Representative periodic truss metamaterial sampled 
from the test design space. The inset shows the corresponding unit cell. (B) Graph representation ܩ(ܸ,  with ܸ a collection of nodes connected ,(ܧ
through edges ܧ, of the metamaterial’s unit cell in (A). Node ݒ௜ and edge ݁௜௝ features used to encode geometric information are shown as insets. 
Topological information is encoded as inductive bias into the graph connectivity by construction. (C) Generation of graphs with cubic symmetry 
to form our datasets. SRV graphs are generated by placing nodes along the edges of the SRV and connecting them to form a sequence, ensuring 
self-connectivity and cell-to-cell connectivity. Random node placement and sequence connection allow to create a large pool of diverse graphs. 
Relative density, ߩ is randomly sampled from a uniform distribution ܷ(ߩ), in the range [0.05, 0.25]. The strut radius, ݎ௜௝ is accordingly obtained 

by ݎ௜௝(ߩ, ,ܮ ݈௜௝) = ߩ√  ௅3గ ∑ ௟೔ೕ೔ಿ,ೕ , where ܮ is the unit cell size, ݈௜௝ is the strut length between node ݅ and ݆, and ܰ is the number of struts. (D) Examples 

of graphs in our datasets. A randomly sampled relative density is assigned to each randomly generated graph. (E) Stress-strain dimensionless curve 
space with seven highlighted representative examples extracted from the generated dataset (gray curves in background). The stress is normalized 
by the constitutive material’s Young’s modulus ܧ௦. The curves are rescaled for illustration purposes. The normalized peak stress is thus reported on 
top of each curve. The stiffness and strength upper bounds, computed using the Voight bounds (rule of mixtures), delimit the design region of our 
framework. (F) Vibration transmission dimensionless curve space with six highlighted representative examples extracted from the generated dataset 
(gray curves in background).
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Fig. 2. Overview of GraphMetaMat. (A) Autoregressive policy network used to generate metamaterials (graphs) with target functional responses. 
At each step ݇, the SRV graph, ܩ௞ and the target curve, ݕ are input into the model through a graph and response encoder, respectively. The policy 
network predicts the start node ݑ and end node ݒ to form a new edge, and the stop token ܵ. When the generation stops (step ܭ), the final SRV 
graph, ܩ௄ is transformed into the unit cell graph, ̃ܩ௄. During RL training, ̃ܩ௄ is input into the forward model to predict the functional response, 
guiding the policy optimization. (B) Three geometric and manufacturing constraints that can be enforced in GraphMetaMat. For each constraint, 
the top and bottom row show an example of missing and satisfied constraint, respectively. For instance, if the horizontal face of the SRV does not 
have any nodes, although the SRV graph is a connected sequence of nodes, self-connectivity is not satisfied. Additional constraints such as the 
maximum number of SRV graph nodes, mܸax and the relative density, ߩ bounds are constrained using GraphMetaMat. (C) Example of inverse 
designed unit cells with (right) and without (left) printability constraint, for a target stress-strain response curve. While achieving virtually identical 
response (FE-reconstructed curves in the plot), unlike the unconstrained design, the constrained structure is fully self-supported, i.e., it can be 3D-
printed without adding external supports. ܴsupp is the degree of support, i.e., the fraction of supported nodes. (D) The generated unit cell graph is 
finally converted into a CAD model, tessellated periodically in space, 3D-printed using digital light stereolithography, and experimentally tested 
using universal testing machines or electrodynamical shakers along with laser vibrometers. The image shows a 3D-printed sample for target 
transmission response. Scale bar, 10 mm.
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Fig. 3. Inverse design of representative user-defined nonlinear responses (unknown curve space). (A) Target stress-strain curves. (i), (ii), and 
(iii) correspond to strong elastic perfect-plastic, strong strain-hardening, and soft target responses, respectively. Strong curves exhibit a maximum 
stress higher than any training curve, while soft curves correspond to linear responses with stiffness significantly lower than that of the softest 
structure in the dataset. The boxes report the NMAE values between the target and FE-reconstructed curves (‘Sim.’), and the target and best train 
match curves (‘Train’). In all plots, stress is normalized by the constitutive material’s Young’s modulus ܧ௦. (B) Target binary sequences. (i), (ii), 
and (iii) correspond to targets with two variable attenuation gaps of size ݂߂ = 1.4, 2.1, 2.7 kHz, respectively. The boxes report the accuracy values 
between the target and FE-reconstructed curves (‘Sim.’), and between the target and best train match curves (‘Train’). For all accuracy calculations, 
the transmission threshold ௧ܶℎ is set to −10 dB.



                                           

            

              
             

  
             

     
   =       

   = 0  o   a      m ss ng st  t    = 0  o   a        ok n st  t       1 1,        > 0,  o   a       st  t

       

      

               

              

    

                               =    4       ,  ,    

           ts
  

      m ssag         g    at         lat nt no  

      
        
       

          
       

      
       

                 

             

                

 

 

 

  1  2
 3   

 

  

 

                     

                

             

         

            

                    
                



Fig. 4. Defect-aware metamaterials design. (A) Three types of defects commonly found in additively manufactured metamaterials. (B) Graph 
representations of the defects shown in (A). (C) Inverse design workflow, incorporating the defect-aware message-passing physics-informed 
forward model. During inference, the message ݉௜௝ is modulated by a factor ߙ௜௝4 , depending on the defect type. For non-uniformities, ߙ௜௝ is sampled 
from an inverse Gamma distribution (with unit mean and positive variance), commonly used for modeling positive-valued perturbations. The choice 
of exponent for ߙ௜௝ follows from the mechanical assumption that strut stiffness scales with ݎ௜௝4 . The physics-informed component of the model is 
integrated into the Magnitude Decoder for stress-strain curve prediction, following ݕ =  and ݊ are topology-dependent coefficients predicted by the decoder. (D) Defect tolerance is evaluated across generated designs, and the design with the ܥ represents the stress magnitude, and ݕ ௡, whereߩܥ
highest robustness is selected.
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Fig. 5. Metamaterial generation for impact protection and vibration attenuation. (A) Representative target stress-strain curve for cushioning 
application. The measured compressive response of stacked foam layers (identified as ‘Foams’) is used as baseline, with energy absorption, fܷ and 
peak stress, ߪmaxf . The target response is designed to have higher energy absorption, tܷ and lower peak stress, ߪmaxt , i.e., tܷ ≥ fܷ and ߪmaxt ≤ maxfߪ . 
The shaded areas identify the energy absorption, ܷ. (B) Schematic model of a chest protector, highlighting foams from a commercial lacrosse chest 
protector and the GraphMetaMat-generated and 3D-printed design. Scale bars, 10 mm. (C) Experimental stress-strain curves of the generated design 
compared with those of the protector’s foams (‘Foams’), Kelvin foam, and octet structure. The generated design, Kelvin foam and octet structure 
were 3D-printed as 5 × 5 × 5 periodic tessellated samples with same relative density ߩ = 10   (Methods). The shaded areas correspond to the 
measurement variability, obtained with at least three samples per structure. The insets next to the curves show the 3D view and 2D zoom-in of the 
corresponding FE deformed shapes and von Mises stress distribution at ߝ = 12 %, highlighting the deformation mechanisms of the considered 
metamaterials. (D) Summary plot of energy absorption, ܷ vs. peak stress, ߪma௫ for all experiments. The error bars correspond to the measurement 
variability across different samples. Error bars for octet and Kelvin foam are not visible due to lower variability. (E) Frequency vs. design plot, 
highlighting GraphMetaMat ability to design a large diversity of tunable attenuation gaps in the frequency range 1 – 12 kHz. (F) Generated unit 
cell graph along with the corresponding measured transmission response with small attenuation gap at higher frequencies. (G) Generated unit cell 
graph along with the corresponding measured transmission response with two large attenuation gaps at lower and higher frequencies. (H) Generated 
design with broadband attenuation gap in the whole frequency range, with potential applications to vibration-damping panels in EVs. The plot 
shows the average measured transmission responses of the corresponding 3D-printed 2 × 2 × 2 samples of the generated design and the state-of-
the-art locally resonant metamaterial . Scale bar, 10 mm.



Extended Data Fig. 1. Schematic of the policy network (top) and forward model (bottom). The physics bias for stress predictions is encoded 
in the “Magnitude Decoder” of the forward model, predicting the coefficients ܥ and ݊ of the power-scaling law, ݕ௠௔௫ =  ௡, with the relativeߩ ܥ
density ߩ.



Extended Data Fig. 2. Ablation study to quantify the impact of search and policy training. Distribution of the relative error (NMAE) for stress-
strain inverse design on the (A) 90:5:5 split test set, (B) user-defined target curves, and (C) energy absorbing-oriented target curves. Distribution 
of the accuracy for wave transmission inverse design on the (D) 90:5:5 split test set, (E) user-defined target sequences, and (F) noise control-
oriented target responses. The relative error and accuracy are computed between the predicted responses of the generated metamaterials and the 
target responses. These results demonstrate how all components, from IL to RL and MCTS, contribute to the performance of our model.
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Extended Data Fig. 5. Example of defect-aware inverse design. (A) Target and predicted defect-free stress-strain curves of five generated designs. 
(B) Defect sensitivity of the five designs, defined as 1 −  represents the average curve similarity between pristine and flawed design ܬ where ,ܬ
responses across different defect parameters, such as the fraction of broken struts. Error bars indicate the forward model’s estimated uncertainty. 
(C) Design 2 identified as the metamaterial with optimal defect tolerance.
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Extended Data Fig. 6. Benchmark summary between GraphMetaMat and state-of-the-art inverse-design methods. VAE-based method refers 
to ref. . Tandem-network method refers to ref. . Denoising diffusion method refers to ref. . GAN-based method refers to ref. .
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Extended Data Table 1. Performance comparison between GraphMetaMat and prior generative methods: VAE-based approach (ref. ), 
tandem network (ref. ), denoising diffusion model (ref. ), and conditional GAN (ref. ). Stress-strain responses from the test set (90/5/5 
train/validation/test split) are used as targets. Reported values are the normalized mean absolute errors (NMAE) between the target and FE-
reconstructed curves and the fraction of self-connected and periodic compatible (valid) structures. The VAE and GAN models were trained on our 
dataset. The tandem network was trained on the dataset from ref.  due to its fixed topology representation. The diffusion model was trained on the 
2D pixel-based dataset from ref.  as it cannot represent 3D truss metamaterials. For GraphMetaMat, we report two NMAE values: one for stress-
strain curves up to 30% strain, and one up to 20% to enable direct comparison with the diffusion model, which is limited to that strain range.

GraphMetaMat VAE Tandem 
network Diffusion GAN

Target vs. FE-
reconstructed curve 10.4 – 13.6 % No valid 

structures > 100 % 35 % No valid 
structures

Fraction of valid 
structures 100 % No valid 

structures 100 % 74 % No valid 
structures


