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Supporting Information 

 

I. Optimal Parameter Selection for Structure Design  

Guidelines for designing 2SL structures 

Study of the wave-particle duality of phonons in multilayer structures is a research hotspot. 
Fig. S1 depicts a typical diagram of the P0-κ relationship. The Pt in Fig. S1 can be seen as a 
signature of the transition from coherent dominant phonon transport to incoherent phonon 
dominant phonon transport [1]. 
 
 

 
Figure S1 A typical diagram of SL’s κ as a function of P0. 

 
We designed the 2SL with coherent and incoherent phonon synergy by modulating P1 

and P2. We set L to be 1024 UC, P0 to be 4, 8, 16, 32, 64, 128, 256, 512, 1024 UC. Through 
traversing the design space, Fig. S2 shows that the number of 2SL with the configuration that 
P1 < 8 UC and 2SL with the configuration that P1 > 8 UC are both dependent on Pt. In order 
to get enough 2SL structures for both of the situations, Pt should be large enough. As Pt 
increase to a certain extent, the number of structures for the two situations are both sufficient 
for ML research. RML is converted from 2SL via swapping the positions of several layers. So 
increasing Pt is the key to creating enough 2SL and RML structures. And then we use MD 
simulations to increase Pt. 
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Figure S2 The relationship between Pt and the numbers of 2SL with two configurations: P1 < 
8 UC and P1 > 8 UC. 

Increase Pt through MD simulations 

In order to improve Pt, we optimized the parameters of L, S, bond strength mismatch, mass 
mismatch and temperature. NEMD is performed to calculate 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 of these structures.  

The κ calculated by NEMD based on Fourier law is always used to do convergence test 
for L of the system. Note that κ is calculated by 𝜅𝜅 = − 𝐽𝐽

𝑆𝑆∇𝑇𝑇
, where ∇𝑇𝑇 is the temperature 

gradient. 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 is calculated by 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 = 𝐽𝐽𝐽𝐽
𝑆𝑆(𝑇𝑇ℎ−𝑇𝑇𝑐𝑐). The reason that 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 cannot be used in the 

convergence test for L is that it treats the temperature gradient of each structure as the same 
regardless of L of the structure. Fig. S3(a) shows the κ of SL is a function of L. According to 
the linear extrapolation method [2,3], 1

𝜅𝜅
= 1

𝜅𝜅∞
(1 + 𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀

𝐿𝐿
), where 𝜅𝜅∞ is the converged κ and 

𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀 is the effective phonon MFP. The inset in Fig. S3(a) shows the relationship between 1
𝜅𝜅
 

and 1
𝐿𝐿𝑆𝑆𝑆𝑆

. As we can see, for both curves in Fig. S3(a), a L of 1024 UC is long enough to obtain 
converged κ.  

Fig. S3(b) shows P0 dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for different L. As we can see, Pt doesn't change 
as L changes, consistent with the result of previous work [4,5]. This phenomenon illustrates 
that the values of Pt for any mini-SLs in 2SL and RML are 8 UC. The 𝜅𝜅 of different structures 
should be compared at the same L because of the size effect. Since the 𝜅𝜅 converges at the L of 
1024 UC, a 5% error tolerance of L is introduced in the design of three forms of multilayered 
structures, which will not greatly affect the 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒. Therefore, the length of the three forms of 
multilayered structures is fixed at 1024 UC with a 5% error tolerance. 

 
 



  

 
Figure S3 (a) κ of SL as a function of L. The two curves represent SL with P0 = 2 UC and 16 
UC, respectively. Inset: the relationship between 1

𝜅𝜅
 and 1

𝐿𝐿
. (b) P0 dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for 

different L. The dotted line is used to indicate Pt for different L. S is 3 UC × 3 UC, ε of 
materials A and B are 4 and 16 times of 𝜀𝜀𝐴𝐴𝐴𝐴, masses of materials A and B are equal to that of 
argon and temperature is 30K. 
 

 The other aspect of the size effect is S. When periodic boundary condition is used and S 
of the simulated structure is too small, it can’t accurately simulate the phonon interaction in 
the bulk material. So it's necessary to do convergence tests for S. Fig. S4 shows the P0 

dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒  for different S. As we can see, a S of 3 UC × 3 UC is large enough to 
generate converged 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒. Therefore, to save computing resources, the S of three forms of 
multilayered structures is fixed at 3 UC × 3 UC. Also, Pt doesn't change as the S changes. So 
far, it can be seen that the size of the structure does not affect the Pt. Next, we change bond 
strength mismatch, mass mismatch and temperature. 
 

 
 



  

 
Figure S4 P0 dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for different S. The dotted line is used to indicate Pt for 
different S. L is 1024 UC, ε of materials A and B are 4 and 16 times of 𝜀𝜀𝐴𝐴𝐴𝐴, masses of 
materials A and B are equal to that of argon and temperature is 30 K. 

 
The parameter 𝜀𝜀 of materials A and B in LJ potential determine the bond strength of 

materials A and B, respectively. As shown in Fig. S5, for the comparison between curve 1𝜀𝜀𝐴𝐴𝐴𝐴-
16𝜀𝜀𝐴𝐴𝐴𝐴 and 4𝜀𝜀𝐴𝐴𝐴𝐴-16𝜀𝜀𝐴𝐴𝐴𝐴, 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 of SL with larger bond strength mismatch is smaller, which 
depends on the high thermal resistance of the interfaces, consistent with the result of previous 
work [6]. Pt and MFP are positively correlated. When MFP increases, Pt increases[1]. Larger ε 
corresponds to longer MFP [7] because that the enhancement of ε will weaken the anharmonic 
phonon-phonon scattering [8,9]. The overall average ε of the case 4𝜀𝜀𝐴𝐴𝐴𝐴-16𝜀𝜀𝐴𝐴𝐴𝐴 is largest in the 
three cases, the phonon MFP in this case is the largest, so the Pt is largest. For the purpose of 
improving Pt, we fix the ε of materials A and B at 4 and 16 times of 𝜀𝜀𝐴𝐴𝐴𝐴, respectively. 

 

 
Figure S5 P0 dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for different bond strength mismatch of materials A and B. 
The arrows are used to indicate Pt for different bond strength mismatch. L is 1024 UC, S is 3 
UC × 3 UC, masses of materials A and B are equal to that of argon and temperature is 30 K. 

 
To explore the relationship between mass mismatch and Pt, we study the P0 dependence 

of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for different mass mismatch of materials A and B. In Fig. S6, 1m-2m means that 
masses of materials A and B are 1 and 2 times of that of Ar. With the increase of mass 

 
 



  

mismatch, the nonmonotonic phenomenon of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒gradually disappears. To ensure that the 
synergistic effect of coherent phonons and incoherent phonons can be greatly studied, 
although Pt increases when the mass mismatch initially increases, we still end up with a fixed 
mass mismatch of 1m-1m to avoid its unnecessary effects. 

 

 
Figure S6 P0 dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for different mass mismatch of materials A and B. The 
dotted line is used to indicate Pt for mass mismatch of 1m-1m,1m-2m and 1m-3m. L is 1024 
UC, S is 3 UC × 3 UC, ε of materials A and B are 4 and 16 times of 𝜀𝜀𝐴𝐴𝐴𝐴 and temperature is 30 
K. 

 
Previous works have demonstrated that the relationship between P0 and temperature 

[5,10,11]. Higher temperature increases anharmonic phonon-phonon scattering, which will 
reduce the phonon MFP, leading to the suppression of phonon wave interference and the 
decreasing of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒. So as shown in Fig. S7, Pt of shifts to a smaller value with increasing 
temperature. Meanwhile, high temperature in SL will lead to unstable heat flow in MD 
simulation, which will affect the accuracy of the results. But, even lower temperatures won't 
work because MD simulations are not suitable for extremely low temperatures. Therefore, the 
temperature is fixed at 30 K. 

 

 
Figure S7 P0 dependence of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 for different temperatures. The dotted line is used to 
indicate Pt for different temperatures. L is 1024 UC, S is 3 UC × 3 UC, ε of materials A and B 
are 4 and 16 times of 𝜀𝜀𝐴𝐴𝐴𝐴 and masses of materials A and B are equal to that of argon. 

 
 

 



  

In order to improve Pt, we fix the parameters as follows: L is 1024 UC, S is 3 UC × 3 UC, 
ε of materials A and B are 4 and 16 times of εAr, masses of materials A and B are equal to that 
of argon and temperature is 30 K. In this framework, Pt is 8 UC. The final relationship 
between P0 and 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 of SL in this work is shown in Fig. S8. 

 

 
Figure S8 The relationship between P0 and 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 of SL in this work. 

 

II.  Convergence test for 𝜿𝜿𝒆𝒆𝒆𝒆𝒆𝒆 of RML with changes in S_num 

To increase the randomness of structures, we converted 2SL to RML by swapping the 
positions of layers for several times. S_num is used as a criterion of randomness. We start 
from three representative 2SL structures in the structure library. The values of N1 and N2 in 
these three 2SL structure are close to each other. The relationship between 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 and S_num is 
shown in Fig. S9. A decreasing trend of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 is observed as S_num increases because more 
and more coherent phonons are localized. However, 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 of RML doesn't decrease 100% 
monotonically with increasing randomness, which is due to the formation of new mini-SLs 
with small P0 and regenerate coherent phonons. The illustration shows a visual representation 
of new mini-SLs. The essence of this phenomenon is that S_num could not represent the 
randomness, so Chakraborty et al. [12] took more parameters into account to quantify 
randomness. In Fig. S9, we can see that when S_num reaches 5000, 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 converges. In this 
work, the role of RML is to serve as a reference for 2SL. Therefore, for each 2SL, we adopt 
the structure which swaps the positions of several layers for 5000 times as its corresponding 
RML in our final prediction structure library. 
 However, when N1 and N2 in the initial 2SL are very different from each other, for 
example, the configuration of the initial 2SL is as follows: P1 = 2 UC, N1 = 248, P2 = 194 UC, 
N2 = 8. No matter how many times the structure swaps, there are always plenty of mini-SLs in 
RML, which can promote the increment of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒. 

 
 



  

 
Figure S9 The relationship between S_num and 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 of RML. The illustration represents 
typical structures with different S_num. (n and m are positive integers) 
 

III.  Structure details of 2SL with high 𝜿𝜿𝒆𝒆𝒆𝒆𝒆𝒆  

Table S1 Configuration of 2SL in Fig. 2(d) with 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 higher than its SL counterpart. All the 
2SL with high 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 have the feature that the difference between P1 and P2 is large. The 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒  of 
SL with P0 of 16 UC is 4.32 Wm-1K-1. 

 

Structure P0 P1 P2 |P2-P1| 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒  (Wm-1K-1) 

2SL 16 10 778 768 5.99 

2SL 16 10 394 384 5.78 

2SL 16 394 10 384 5.50 

2SL 16 266 10 256 5.44 

2SL 16 10 202 192 5.43 

2SL 16 12 524 512 5.32 

2SL 16 778 10 768 5.26 

2SL 16 202 10 192 5.24 

2SL 16 524 12 512 5.16 

2SL 16 138 10 128 5.09 

2SL 16 268 12 256 5.08 

2SL 16 12 268 256 5.06 

2SL 16 106 10 96 5.04 

2SL 16 140 12 128 4.92 

2SL 16 10 266 256 4.86 

2SL 16 142 14 128 4.83 

 
 



  

2SL 16 76 12 64 4.75 

2SL 16 10 138 128 4.59 

2SL 16 12 140 128 4.54 

2SL 16 270 14 256 4.50 

2SL 16 46 14 32 4.47 

2SL 16 74 10 64 4.45 

2SL 16 14 270 256 4.43 

2SL 16 12 76 64 4.42 

2SL 16 14 142 128 4.37 

2SL 16 10 74 64 4.34 
 

IV.  𝜿𝜿𝒆𝒆𝒆𝒆𝒆𝒆 of multilayer structures with larger P0 

Compared Fig. 2(d) and Fig. S10, which are for P0 of 16 UC and 256 UC, respectively, we 
can see that the 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒’s difference between RML and corresponding 2SL is greatly smaller in 
Fig. S10 than that in Fig. 2(d). At low interface density, the effect of randomness is small, 
which is a result of weak phonon coherence. The existence of phonon coherence is a 
prerequisite for Anderson localization, which has been experimentally [13,14] and 
theoretically [15,16] observed.  
 

 
Figure S10 The relationship between R1 and 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒  of multilayer structures with that the P0 of 
the corresponding SL is 256 UC. The P1 of 2SL and RML is greater than 8 UC, i.e. the value 
of Pt.  
 

 
 



  

V.  Evaluation of algorithms and descriptors 

For the case that the prediction target (e.g. κ in this work) is continuous values, the regression 
algorithms are used to fit the initial input data, and then the trained models are used to predict 
κ of a larger design space.  

The seven regression algorithms used in this work. 

Linear regression (LR) 

Linear regression is an approach describing the linear relationship between target 
response and regressors [17]. This method can easily lead to overfitting due to the problem of 
descriptor multicollinearity, so it needs some modifications. 

Least absolute shrinkage and selection operator - linear regression (LASSO-LR) 

In order to prevent overfitting of LR, the L1-norm term was introduced as a penalty term 
by the method LASSO to modify LR [18]. The method LASSO can also be used to modify 
other algorithms. The essence of this method is to remove the interference of redundant 
descriptors so that it can reflect the important descriptors more accurately. Here we need to 
adjust one hyperparameter to get the best modification performance. 

Ridge - linear regression (Ridge-LR) 

 The same as LASSO, the method Ridge modifies LR by introducing the L2-norm term 
[19]. The difference between LASSO and Ridge is the form of the penalty item. Here we also 
need one hyperparameter to get the best performance. 

Elastic Net - linear regression (Elastic Net-LR) 

 The method Elastic Net can be described as a combination of LASSO and Ridge [20]. 
In this method, both the L1-norm term and the L2-norm term are introduced and another 
hyperparameter is introduced to adjust the ratio of the two terms. 

Decision tree regression (DTR) 

Decision tree regression is a ML method based on the tree structure. Decision tree 
learning adopts a top-down recursive method and its basic idea is to directly simulate the 
process of multistage selection and decision making. The algorithms based on the decision 
tree is superior to other algorithms because the models have interpretable rules and logic 
statements [21]. But noisy data has a great impact on the prediction performance of the 
decision tree regression [22], resulting in that it lacks good generalization ability and is easy 
to overfit. To solve this, we need to prune the decision tree or generate strong learners based 
on multiple decision trees. Here we need to adjust serveral hyperparameters in the tree 
structure to get the best modification performance. 

Random forest regression (RFR) 

Random forest is based on the bagging integration of decision trees [23]. As a strong 
learner, RFR has better generalization ability. The random forest needs to perform the 
convergence test for the number of the base learner, i.e. the decision tree, so as to obtain a 

 
 



  

lower generalization error. Here we need to adjust serveral hyperparameters in the tree 
structure and the number of the tree structures to get the best modification performance. 

Gradient boosting decision tree (GBDT)  

The decision trees in the random forest are independent of each other and have no 
correlation. The generalization ability of the algorithm is further improved by establishing the 
correlation between decision trees. Based on the Boosting integration learning method, GBDT 
[24], which also treats the decision tree as the base learner, approaches the ideal prediction 
model by introducing the concept of base learner weighting. Here we need to adjust serveral 
hyperparameters in the tree structure, the number of the tree structures and the learning rate to 
get the best modification performance. 

Algorithm performance comparison and descriptor importance judgment 

The selection of algorithms allows us to get the appropriate algorithm for our work, thus 
improving the accuracy of prediction. Some algorithms need to adjust the hyperparameters 
which have no analytic solutions, we can use the module GridSearchCV in Python to get the 
optimal hyperparameters [25]. Meanwhile, effective descriptors can free the ML model from 
the interference of invalid input data and make the prediction more reliable. 

We take R2, MSE, RMSE of the test dataset as criteria to evaluate the models generated by 
different algorithms. R2 is the direct evaluation index of the regression model. A larger value 
of R2 means that the prediction performance of the algorithm is better, and its optimal value is 
1. The smaller the value of MSE and RMSE, the better the prediction performance is. In those 
algorithms which take the decision tree as the base learner, i.e. DTR, RFR and GBDT, the 
function ‘feature_importances’ in Python can help us obtain the importance of each 
descriptor. 

Figure S11 and Fig. S12 show the correlation between 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 calculated by NEMD and that 
predicted by linear regression-based and decision tree-based algorithms for the training 
dataset and test dataset, respectively. The prediction performance of algorithms based on the 
decision tree in Fig. S12 is better than that of algorithms based on linear regression in Fig. 
S11 in all three aspects. In Fig. S12, R2 of DTR, RFR and GBDT trained with all the 
descriptors are 0.90, 0.91 and 0.92, whereas MSE are 0.52, 0.46, 0.39 Wm-1K-1, respectively. 
This shows that the algorithms based on the decision tree, especially GBDT, can reasonably 
describe the relationship between the descriptors and 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒. 

 

 
 



  

 
 
Figure S11 The comparison of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 calculated by NEMD and that predicted by algorithms 
which take linear regression as the base learner, i.e., (a) LR, (b) LASSO-LR, (c) Ridge-LR 
and (d) Elastic Net-LR. 
 

 
 

 



  

Figure S12 The comparison of 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒  calculated by NEMD and that predicted by algorithms 
which take the decision tree as the base learner, i.e., (a) DTR, (b) RFR and (c) GBDT. 

 
For most problems, it is not the case that more descriptors make better performance 

because invalid descriptors will cause unnecessary interference on the results. The presence of 
less important descriptors only wastes computational resources and has little effect on the 
prediction target. The purpose of the LR modification, i.e. LASSO-LR, Ridge-LR and Elastic 
Net-LR, is to remove the interference of redundant descriptors. In Fig. S11, we can see that 
the prediction performance of the modified models is unchanged, which means that the 
descriptors here are all reliable. 

The normalized distribution of importances for different descriptors in DTR, RFR and 
GBDT can be found in Fig. S13. The importances of different descriptors for predicting 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒  

are shown here, which also illustrates the descriptors in this work are all useful. In Fig. 
S13(c), we can observe that in addition to L, P1 and P2 are extremely critical descriptors. The 
reason for adding the descriptor L is that there is a 5% error tolerance error in length when 
modeling. As shown in Fig. S3(a), a fixed L of 1024UC with a 5% tolerance error in this work 
is long enough to obtain converged κ, so actually L is not the most critical factor that 
determines 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒. 

 

 
Figure S13 The normalized distribution of importances for different descriptors in algorithms 
which take the decision tree as base learner, i.e., (a) DTR, (b) RFR and (c) GBDT. 

 
In order to achieve the best prediction performance, GBDT is selected as the final 

prediction algorithm. 

 
 



  

Detailed method of ML 

Figure S14 shows the schematic routine in this work. To begin with, the initial input data for 
ML is the data entries of 401 different structural systems, which is large enough to ensure the 
accuracy of prediction and avoid the occurrence of overfitting. The κ data of these 401 
structures is calculated by NEMD. The initial input data is randomly separated into five folds: 
one fold used for testing and four folds used for training. We repeat this process five times to 
ensure that the testing data is orthogonal to each other. The final result is the average of the 
five predictions above. By this 5-fold cross validation, we can get the optimized state of the 
current model which eliminates the impact of fluctuations between each data fold.  

 

 
Figure S14 A framework for predicting 𝜅𝜅𝑒𝑒𝑒𝑒𝑒𝑒 based on traditional ML regression algorithms. 
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