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Supplementary Table 1. Training objective. 
 
 

Algorithm 1 Optimization 

Input: (𝑅𝐹, 𝑐𝑜𝑛𝑑, 𝐼𝑐𝑜𝑛𝑑  )~ Ɗ𝑎𝑡𝑎𝑠𝑒𝑡  
Initialize: neural network  𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟:  𝜃 
  1: For it in iterations do 

2:     Split 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑡𝑟𝑎𝑖𝑛  𝑎𝑛𝑑 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑡𝑒𝑠𝑡 ← 𝐷𝑎𝑡𝑎𝑠𝑒𝑡  

3:     Composed train batch: L(𝑅𝐹𝑡𝑟 , 𝑐𝑜𝑛𝑑𝑡𝑟 , 𝐼𝑐𝑜𝑛𝑑𝑇𝑟
 )~ 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑡𝑟𝑎𝑖𝑛 

 

4:     Calculate loss: Meta DSA loss 𝐿𝑄𝐼 

 (𝑅𝐹𝑡𝑟 , 𝑐𝑜𝑛𝑑𝑡𝑟 , 𝐼𝑐𝑜𝑛𝑑𝑇𝑟
) 

5:     Model Optimization 𝜃 = 𝜃 − 𝜆
𝜕(𝐿𝑄𝐼 

 (𝑅𝐹𝑡𝑟,𝑐𝑜𝑛𝑑𝑡𝑟,𝐼𝑐𝑜𝑛𝑑𝑇𝑟
))

𝜕𝜃
 

6: end for 

 
The optimization procedure of the proposed quantitative imaging neural network is introduced in Algorithm 1 
(Supplementary Table1). 
The 16.5k datasets are spitted into the train (n=15.5k) and test (n=1.0k) datasets. Each data is composed of a 
radio-frequency signal, condition variable (𝑐𝑜𝑛𝑑), and ground truth quantitative image (𝐼𝑐𝑜𝑛𝑑). A batch of size 
8 is configured for the training of the neural network. The learning objective of the system is described as 
follows: 
 

𝜃∗  = 𝑎𝑟𝑔 min  
𝜃

EƊ𝑎𝑡𝑎𝑠𝑒𝑡[‖𝐼𝑐𝑜𝑛𝑑 − 𝜃(𝑅𝐹, 𝑐𝑜𝑛𝑑)‖2] + 𝐿𝑅 + 𝐿2,     (1) 

𝑤ℎ𝑒𝑟𝑒, 𝐿𝑅 =  ∑[‖𝑦𝑅 − 𝜃𝑅(𝑅𝐹, 𝑐𝑜𝑛𝑑)‖2]

𝑅

 

𝑎𝑛𝑑 , 𝐿2 =  ∑ 𝑤𝑖
2

𝑖

  

 
The neural network tries to minimize the squared difference between the neural network output 𝜃(𝑅𝐹, 𝑐𝑜𝑛𝑑) 
and corresponding ground truth 𝐼𝑐𝑜𝑛𝑑 . 𝐿𝑅 is employed to parameterize each resolution subnetwork. The 𝐿2 
regularized the weight 𝑤𝑖

  of convolutional layers, and prevents the neural network from over-fitting.  
  



 
Supplementary Figure 1.  Illustration of the numerical ultrasonic simulation 

 
Breast-tissue mimicking acoustic phantoms are modeled to simulate ultrasonic wave propagation. The 
anatomy of the phantom is generated using a number of MRI-driven realistic breast tissue segments (UWCEM 
breast phantom repository [8]). The shape of the breast tumor is modeled using breast b-mode images of 600 
female subjects with malignant (N=210) and benign (N=445) lesions [9]. The wave propagation property is set 
to cover generality soft tissue biomechanical characteristics. The probe is placed along the skin layer and the 

region of interest of size 50×50mm is configured correspondingly. The ultrasound simulation is implemented 
using the k-wave simulation toolbox in MATLAB and imitates ultrasound measurement of 128 elements, 5MHz 
linear probe. Through the simulation, a radio-frequency signal of each 128 probe elements is obtained, and 
configure the dataset for the training of the neural network.     
  



Supplementary Figure 2. Bio-mechanical properties considered in the proposed quantitative imaging 
system. 
 

 
Supplementary Figure 1. Bio-mechanical properties considered in the proposed quantitative imaging 
system. 
 
Tissue biomechanical characteristics affecting ultrasound wave propagation are divided into two categories, 
which are acoustic and structural properties. Tissue attenuation coefficient, speed of sound, and density are 
considered acoustic properties that determine how the tissue interact with ultrasound wave. The attenuation 
coefficient is the degree of which ultrasound waves are attenuated in tissue. Hence, the tissue attenuation 
coefficient is related to the amplitude of the radio-frequency signal. The speed of sound in fluences the 
propagation speed of ultrasound wave. The tissue speed of sound determines the arrival time of the pulse-
echo signal and is reflected in the phase of the received ultrasound signal. The tissue density formulates 
acoustic impedance in conjunction with sound speed. The acoustic properties regulate the reflection and 
refraction of an ultrasound pulse in heterogeneous tissue. The scattering of ultrasonic waves occurs due to the 
heterogeneity of speed of sound and density in tissue, and the size and concentration of the scattering body 
that determines the scattering of ultrasonic waves are considered as structural properties. The geometry of 
micro-tissue components governs the ultrasound scattering effect, and such tissue structural properties are 
recognized by analyzing envelop statistics of the received ultrasound signal. The proposed quantitative imaging 
system is configured to reconstruct the tissue attenuation coefficient, speed of sound, and scattering feature 
of the tissue, by analyzing amplitude, phase, and envelop statistics of the radio-frequency signal, respectively. 
 
  



Implementation details 
The proposed quantitative imaging system is accelerated with Geforce RTX 3090 Ti (Nvidia, US) graphics 
processing unit. The neural network was optimized with the stochastic gradient descent method using Adam 
[8] with a learning rate 1e-4   ( 𝛽1= 0.9,  𝛽2 = 0.999). The neural network is trained up to 120 epochs, which is 
determined based on the convergence of validati on dataset assessed mean normalized absolute error 
(MNAE), peak signal-to-noise ratio (PSNR ), and structural similarity index (SSIM) metrics. Dropout [9] with a 
retention probability of 0.5 is implemented for the generalization of the neural network 
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