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Section 1. Mass spectrum of CuPd clusters 

 

 

Figure S1. Typical mass spectrum of CuPd clusters produced in vacuum in molecular beans. The 

apparently noisy peaks reflect the resolution of isotopic distributions. 

Section 2. MCR-ALS analysis of the XANES. 

To determine the number of components for MCR-ALS analysis, Principal components analysis 

(PCA) is initially applied to the experimental XANES of Cu3Pd, Cu4 and Cu4Pd in Figure 2a, 3a 

and 4a. The absorption coefficients are selected for Cu3Pd, Cu4 and Cu4Pd under the same energy 

range from Emin=8899.84eV to Emax = 9095.83eV. The package of our PCA analysis was from 

scikit-learn library.1 The results of our PCA analysis are listed in Figure 2c, 3c, 4c and Figure 5. 
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Multivariate Curve Resolution – Alternating Least Square (MCR-ALS) was performed with the 

code2,3 for XANES study. The number of components were set as three based on previous PCA 

analysis. The initial estimation of the C concentration profile, S resolved pure species profile are 

prepared via purest variable detection method.4 Two constraints are included in the fitting: 1) the 

non-negative values for both C and S, 2) the sum of weighting factors of all pure spectra at each 

reaction step equals to 1. During the iteration process, the number of iterations were set to 200 and 

the convergence criterion is set as 0.1. 

Section 3. FEFF simulation and neural network analysis: 

Similar to our previous work,5–7 we use ab initio code FEFF8 for XANES simulation. The non-

structural parameters for XANES simulations were chosen to ensure the best agreement between 

the simulated spectrum for the bulk of Cu2O, CuO and the corresponding experimental XANES 

data. The results are shown in Figure S3. FEFF version 9.6.4 was used for self-consistent 

calculation within full multiple scattering (FMS) and muffin-tin (MT) approximations. The 

cluster’s radius 6 Å is for self-consistent calculation and cluster of radius of 7 Å for FMS 

calculations. S02 is optimized as 0.8 for Cu2O and 0.9 for CuO. Random phase approximation 

(RPA) was used to model core-hole, as well as complex exchange-correlation Hedin-Lundqvist 

potential. A pure imaginary “optical” potential is added to the energy dependent exchange 

correlation potential 1.5 for Cu2O and 2.0 for CuO. The detailed description of the CuxPd1-xO and 

CuxPd2-xO models’ construction has been given the manuscript. 

The non-equivalent sites in all cluster models were selected for XANES calculation. All 

theoretical XANES spectra were shifted in energy by ΔE to align the energy scale of theoretical 

calculations with experimental data. The value of ΔE for Cu2O is calculated by the alignment of 
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the theoretical XANES for the Cu2O bulk with experimental spectra with energy scale ranging 

from Emin =8979.97 eV to Emax = 9060.21eV. The value of ΔE for CuO is calculated by the 

alignment of the theoretical XANES for the CuO bulk with experimental spectra with energy scale 

ranging from Emin =8981.5 eV to Emax = 9059.3 eV.  

To maximize the variability and increase the size of dataset, linear combinations of randomly 

selected site-specific XANES, based on the equations of ���� = ∑ ���	�


� , 
����� = ∑ 
�����
� /��  

and 
����� = ∑ 
�����
� /�� , is utilized to enlarge the XANES-CN datasets. Here, we randomly 

selected three XANES-CNs pair from our original site-specific dataset to create 20000 data points 

for Cu2O and 30000 data points for CuO. The correlation between the size of dataset and the mean 

squared error of the validation dataset has been shown in Figure S6. Similarly to our previous 

works,5 we use Wolfram Mathematica 11.3. to construct and train the neural network (NN). Our 

NN takes discretized XANES spectrum as input and output a vector that describes relevant 

structural parameters (metal-metal coordination numbers (CNs) of Cu-Cu and Cu-Pd on the first 

shell). The detailed NN architecture is described in Table S2. The output layer of our NN contains 

two nodes and the input layer contains 98 points which are determined by the number of points in 

the discretized XANES spectrum.  

For NN training, we use “ADAM” optimization algorithm with default parameters (�1 = 0.9 and 

�2 = 0.999). Batch size was 800 for both Cu2O and CuO, and the training rounds for NN training 

depends on the training loss and validation loss. Loss function was defined as the L2-norm between 

output and target vectors averaged across the batch. Three neural networks were trained to 

overcome the bias and exhibit the stability of NN. 
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To validate our NN, we used a set of theoretical spectra that were not used for NN training. The 

theoretical spectra are particle-averaged XANES spectra obtained by averaging the site-specific 

XANES at each site of the copper oxide models, which corresponded to the CuxPd2-xO and CuxPd1-

xO models with different shapes and sizes. Results of validation for the first Cu-Cu coordination 

shell are shown in Figure 8. The parameters of our NN models including the number of nodes, 

activation function, batch size and number of iterations for training are also optimized according 

to the performance on the validation set. 

Section 4. Error estimation: 

To estimate the error of our neural network, we have trained three neural networks to get the mean values 

and uncertainties from the prediction. However, there is also a systematic error in Figure 8 between the true 

and predicted coordination numbers on the validation dataset. To incorporate the systematic error shown in 

the prediction of validation dataset into experimental evaluation, we first calculate the mean absolute error 

based on the difference between true and predicted results shown in Figure 8. Then, we estimate the min 

and max of the mean absolute error in a 95% confidence interval where the maximum of the mean absolute 

error represents the maximum error for our neural network predictions. The maximum error is calculated 

according to the equation below: 

                                                                max����� = �̅ +
�. !"

√$
, 

where �̅ is the mean of absolute error between true and predicted CN for the validation dataset, n is the 

total number of validation dataset, σ is the standard deviation of the absolute error between true and 

predicted CN for the validation dataset and 1.96 is the Z value for a 95% confidence interval. After the 

calculation, the max errors are 0.1, 0.1, 0.2, 0.2 for CN(Cu-Cu) in CuxPd1-xO, CN(Cu-Pd) in CuxPd1-xO, 

CN(Cu-Cu) in CuxPd2-xO and CN(Cu-Pd) in CuxPd2-xO. These uncertainties have been added to the 

prediction results of experimental XANES in Table 1.  
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Figure S2. Horizontal cuts of two-dimensional GISAXS data obtained for the heating and cooling ramp 

for Pd4, Cu3Pd and Cu4Pd clusters under reaction conditions, showing no patterns attributable to larger 

aggregates. 



7 

 

 

 

Figure S3. The comparison between the experimental standard and theory of CuO and Cu2O. 

Table S1. The lattice parameters for CuO, Cu2O, PdO and Pd2O from materials project.9  

Lattice parameters Cu2O CuO Pd2O PdO 
a 4.288 Å 2.933 Å 4.542 Å 3.096 Å 
b 4.288 Å 2.933 Å 4.542 Å 3.096 Å 
c 4.288 Å 5.133 Å 4.542 Å 5.442 Å 
α 90° 90° 90° 90° 
β 90° 90° 90° 90° 
γ 90° 90° 90° 90° 

 

Table S2. The specific NN architecture as implemented in Mathematica 11.3. The layers are 

connected sequentially. 

NN architecture CuxPd2-xO CuxPd1-xO 
Input Input (1*98) Input (1*98) 

Hidden layer 
1D-Convolutional layer: 64 

channels, 16 kernel size 
1D-Convolutional layer: 64 

channels, 16 kernel size 
Hidden layer Batch Normalization layer Batch Normalization layer 
Hidden layer ReLu ReLu 
Hidden layer Pooling layer 2 Pooling layer 2 
Hidden layer Dropout layer 0.2 Dropout layer 0.2 

Hidden layer 
1D-convolutional layer: 32 

channels, 16 kernel size 
1D-Convolutional layer: 32 

channels, 16 kernel size 
Hidden layer Batch Normalization layer Batch Normalization layer 
Hidden layer ReLu ReLu 
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Hidden layer Pooling layer 2 Pooling layer 2 
Hidden layer Dropout 0.2 Dropout layer 0.2 
Hidden layer Linear layer 128 Linear layer 128 
Hidden layer tanh tanh 

Output Output (1*2) Output (1*2) 

 

Figure S4. The CuxPd2-xO and CuxPd1-xO for the FEFF simulation. The ratio of Cu:Pd varied 

from 4:1, 3:1, 1:1 and 1:3. 
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Figure S5. a, b) XANES of Cu4 from 25 ̊C to 550 ̊C (heating cycle) and 500 ̊C to 25 ̊C (cooling 

cycle). The experimental XANES of Cu foil, the bulk of Cu2O, CuO and Cu(OH)2. c) The 

visualization of the data distribution from PCA analysis. 

 

 

Figure S6. The correlation between the number of dataset and the mean squared loss of 

validation dataset, a) CuxPd2-xO, b) CuxPd1-xO. 
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