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SUPPLEMENTARY NOTE 1: CONVOLUTIONAL NEURAL NETWORK STRUC-

TURES

Our convolutional neural network (CNN) structure is inspired by AlexNet [1], a network

which proved to be excellent at finding patterns in images and associating these patterns to

object identities. Figure 1 presents the structure of our CNN.
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Supplementary Fig. 1 Convolutional neural network architecture in detail.

The input to the network is composed of four images and each image is 51 by 51 pixels.

Each convolutional layer kernel has a size of 3 by 3 pixels and a stride of 1. Each convolutional

layer is followed by a ReLU activation function. The output of each activation function

represents features in the original images that the network learns to recognize. The number

of features extracted as well as the size of each feature map is listed in the figure. For

example an extracted feature map of 16 by 49 by 49 at the output of the first convolutional

layer represents 16 channels (i.e. recognized features, for example straight lines, chnages in

color, etc.) Each channel consists of a 49 by 49 matrix that shows where in the original

image the network identified the targeted feature. Every two convolutional layers we have a

MaxPool layer that throws away poorly activated features. The output of the last MaxPool

layer (3200 nodes) is followed by two fully connected layers of 4096 and 4 nodes respectively.

The latter is the network output and represents the four unknown material parameters ρ̂,

log10(K̂), log10(Ĝ), and η.
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SUPPLEMENTARY NOTE 2: CONVOLUTIONAL NEURAL NETWORK TRAIN-

ING

As it is described in the main text, the CNN is trained with a training set of 8000 cases.

The ADAM algorithm for stochastic optimization is employed for updating the weights of

the convolutional and fully connected layers [2]. The initial learning rate is set to 0.001. In

this algorithm, the learning rate for each material parameter to be estimated is adaptively

modified during the training based on the estimates of first and second moments of the

gradients and the initial learning rate.

The training process minimizes the CNN error using a mean-square-error loss function

during 2000 training epochs. The mean-square-error loss function L is defined as the average

over the entire training set of the squared Euclidean norm

L =
〈
||m̂−m||2

〉
, (1)

where m = (ρ,K,G, η) are the real material parameters and m̂ = (ρ̂, K̂, Ĝ, η̂) are the CNN

estimations of these material parameters. The value of the loss function calculated in training

and testing processes for each epoch are presented in Fig. 2.
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Supplementary Fig. 2 Training and testing loss of each CNN training epoch.

Figure 2 shows that the training of CNN converges quickly within 500 epochs to low
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mean-square errors. Further training of the network reduces the error even further until the

testing loss reaches the steady state.

SUPPLEMENTARY NOTE 3: INFLUENCE OF SHEAR MODULUS OVER THE

SCATTERED FIELDS

In this section we verify for the metamaterial sample presented in the main text one of

the insights produced by the CNN analysis. Namely, that solids with shear moduli below

50 MPa behave acoustically as true fluids.

We used Comsol Multiphysics to simulate the acoustic field scattered by a homogeneous

continuous material characterized by the metamaterial’s estimated properties of K = 2.5

GPa, ρ = 1285.1 kg/m3 and η = 0.252. The shear modulus was varied between 0 and 100

GPa. The variation range of G is chosen to cover its searching interval mentioned in the

main text.
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Supplementary Fig. 3 Value of mean-square difference of scattered fields with respect to

datum as shear modulus changes.

In this analysis, we compute the mean-square difference between the scattered fields

4



computed at G > 0 from the scattered fields computed at G = 0, namely

E(G) =
(||T (G)− T0||2F + ||R(G)−R0||2F )

51× 51
, (2)

where T0 and R0 are the scattered fields calculated on the transmission and respectively

reflection planes when G = 0, T (G) and R(G) are the scattered fields calculated on these

planes when G > 0, and || . ||F is the Frobenius norm, i.e., the Eucliden norm of a matrix.

The result is normalized by the number of elements in the T and R matrices.

Figure 3 shows E(G) for the entire interval G ∈ (0, 100] GPa. The figure shows that the

scattered fields are identical to those of a true-fluid for G < 50 MPa, confirming that shear

moduli below 50 MPa have essentially no effect on the scattered fields.

SUPPLEMENTARY NOTE 4: CNN ESTIMATION CONFIRMATION

Figure 4 of the main text presents the comparison between the scattered fields measured

and simulated in Comsol Multiphysics with the material parameters estimated by the CNN.

The first and the second row of Fig. 4 replicates these comparisons. The comparison shows

an excellent agreement between the simulation and measurement. To further confirm the

ability of the CNN to provide accurate effective material parameters we modified the value

of the mass density so that it is 10% and 20% different from the estimated value, while

maintaining all the other material properties unchanged. Figure 4 (third and the fourth

rows) shows that the simulated scattered fields change considerably as a result and the

measurements and simulations become qualitatively different.

To further confirm the accuracy of the estimations, we ensonified the metamaterial with

the omnidirectional source placed at a different location in the water tank and we compared

the measured and simulated scattered fields. The source is 18.5 cm away from the meta-

material and placed directly in front of the sample. This comparison is shown in Fig. 5

and presents once again the excellent match between the measurements and the simulated

scattered fields, which further validates the CNN-estimated material parameters. In addi-

tion, this result provides direct evidence that the metamaterial behaves as a continuous fluid
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Supplementary Fig. 4 Measurements versus simulated fields. First row: measured fields from

source location 1 shown in Fig. 1(a) of the main text; Second row: simulated scattered fields with

CNN estimated material parameters (K̂ = 2.5 GPa, K̂ = 0.72 MPa, ρ̂ = 1285.1 kg/m3,η̂ =

0.252); Third row: the same simulation except for ρ̂ = 1156.59 kg/m3, i.e., 10% lower than

estimated value; Fourth row: the same simulation except for ρ̂ = 1028.08 kg/m3, i.e., 20% lower

than estimated value.
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Supplementary Fig. 5 Comparisons between measured (first row) and simulated (second row)

scattered fields on the transmission and reflection planes generated from source location 2 shown

in Fig. 1(a) of the main text.

whose dynamics is fully described by a set of 4 macroscopic effective material parameters.
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