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Overview 

• Milestone M3AT-25PN0705061  

• Milestone M3AT-25PN0705062

• Publications & presentations

Milestone Number Milestone title Due Date Status 

M3AT-25PN0705061 Report on Thermophysical properties of 
binary molten salt mixtures: machine learning 

prediction

12/15/2024 Complete

M3AT-25PN0705062 Complete computational investigation of 
thermophysical (density, specific heat, and 
viscosity) and structural properties of NaCl-

PuCl3-AmCl3 molten salts. 

09/30/2025 On schedule 



4/16/25 Manh-Thuong Nguyen, PNNL 3

Milestone #1 - M3AT-25PN070506

Description: We use machine learning and literature data to 

• (i) investigate the correlation between thermophysical properties of binary molten salt 

systems and physical and chemical properties of elements involved

• (ii) train models for prediction of the thermophysical properties

Milestone: M3, completed (Dec 15,  2024)
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• Imagine that we can obtain thermophysical properties of a molten salt mixture in seconds, 
without…

• Data science (AI/ML) enables us to achieve this goal

• Our first attempt is to build machine learning models for prediction of 
thermophysical properties of binary halide systems. 

Our main motivation is a rapid approach for determining 
molten salt properties 
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The following machine learning workflow was adopted  

Datasets

• Literature 
data

• Composition
• Temperature 

Features 

• Atomic properties
• Correlation of 

features and 
properties

Regression 

• Linear model 
• Ensemble method
• Probabilistic 

method
• Deep learning
• Hyper-parameter 

tuning  

Training/testing 

• Error metrics
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We used literature data for datasets• Extracted info:
   1. Name of mixture 

   2. Composition 

       3. Temperature 
   4. Value of property  

• Mostly from database by Janz et al. Data in 
the MSR campaign also used. 

• Density, viscosity, electrical conductivity, and 
surface tension

• Organized in Excel  
• Thousands of data points: 80% training set, 

20% test set  
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We built features using atomic properties

• Atomic properties of elements 

(Number of electron, radius, 

ionization energy, ect.)

• Average schemes 

• Temperature

• Totally, 393 features 

Statistical moments and average methods for elemental feature F in the binary system 
(AXn)x-(BYm)y, A and B are cations, and X and Y are anions in the two salts.

Method Composition-agnostic 
and composition-
based notations

Expression for composition-based features for 
cation and anions. Likewise, composition-agnostic 

features with x=y=1
Arithmetric 

average
F !" and F ! F !"(cation) =

xF# + yF$
x + y

F !"(anion) =
nxF% +myF&
nx + my

Standard 
deviation

F '" and F ' F '"(cation) =
|xF# − yF$|

x + y

F '"(anion) =
|nxF% −myF&|

nx + my
Harmonic 

average
F (" and F ( F '"(cation) =

x + y
x
F#
+ y
F$

F '"(anion) =
nx + my
nx
F)
+myF*

Quadratic 
average

F +" and F +
F '"(cation) =

xF#, + yF$,

x + y

F '"(anion) =
nxF%, +myF&,

nx + my

x ACn – y BDm

A, B = metals 
C, D = F, Cl, Br, and I
n, m = 1,2,3,…
x,y >0 and x+y=1

Mixture & composition 

Gharakhanyan et al. Journal of Chemical Physics 2024, 160 (20) 
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We found unknown correlation between properties of a molten salt 
mixture and its constituents  

• Density of molten salts is most anti-

correlated with the heat capacity of 

metals. 

Atomic number 
of cations

Specific heat of cation metals 

∑!(𝑥! − 𝑥̅)(𝑦! − (𝑦)
∑!(𝑥! − 𝑥̅)"(𝑦! − (𝑦)"

Pearson correlation coefficient 
Density - Feature correlation   
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We tested different regression methods

• Methods:

ü Ridge regression

ü Lasso regression

ü Gradient boosting regression

ü Random Forest

ü Gaussian process regression

ü Artificial Neural Network

• Hyperparameter tuning:

ü Parameter grid searches

Linear

Ensemble

Bayesian

Deep learning 

https://www.tensorflow.org

https://scikit-learn.org
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Trained models can accurately predict the density

(a) (b)

Error metrics for regression models of the liquid density

Regression method Training set Test set
RMSE, gcm-3 MAE, gcm-3 R2 RMSE, gcm-3 MAE, gcm-3 R2

Ridge 0.106 0.071 0.980 0.115 0.074 0.979
Lasso 0.116 0.080 0.977 0.121 0.081 0.978

Gradient Boosting 0.008 0.005 1.000 0.027 0.015 0.999
Gaussian Process 0.050 0.037 0.996 0.216 0.058 0.925

Random Forest 0.016 0.010 1.000 0.041 0.025 0.997

Artificial Neural Network 0.040 0.030 0.997 0.044 0.033 0.997

Error metrics 

• Root Mean Squared Error (RMSE)

• Mean absolute error (MAE)

• Coefficient of determination (R2)y=x
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Likewise, viscosity, surface tension, and electrical conductivity 
were investigated

(a) (b)(a) (b)(a) (b)

• Very promising predictive models were trained. 

Viscosity Surface tension Electrical conductivity 
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Milestone #2 - M3AT-25PN0705062

Description: 
• Determine the thermophysical and structural properties of NaCl-PuCl3-AmCl3 molten 

salt systems using atomistic modeling. 

Milestone: 
• M3 (Sep 30,  2025)
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We used machine learning interatomic potentials, trained on ab initio 
molecular dynamics data, to accelerate simulations   

Dataset: AIMD

• Short 
simulations 

• Energy 
• Forces 

Descriptors

• Local 
environment 
descriptors 

ML model for  
interatomic 
potentials 

• Neural 
Network

• Training 
• Validation/test
• Errors 

Deployment

• Density 
• Heat capacity 
• Viscosity 

• Ab initio molecular dynamics (AIMD): accurate but computationally demanding 
• Machine learning interatomic potentials, trained on potential energy surfaces 

calculated by AIMD, provide a viable approach.  

CP2K
LAMMPS

https://www.cp2k.org https://github.com/deepmodeling/deepmd-kit
https://www.lammps.org

DeepMD
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Datasets were generated using AIMD

Computational recipe:
• revPBE-vdW density functional 
• DZVP basis sets
• GTH pseudopotentials 
• NPT ensemble, dt=2.5 fs 
• Classical molecular dynamics – equilibrated 

systems as starting points 
• T= 900, 1100, and 1100 K
• CP2K code
NaCl-PuCl3-AmCl3 system:
• Composition: NaCl:PuCl3:AmCl3=0.55:0.31:0.14
• Totally, 84 atoms / box 

Cl

Pu

Na

Am
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Computational method accurately predicts 
lattice constants of solids

• AmCl3, PuCl3: hexagonal P6_3/m space 

group

• NaCl: cubic Fm-3m space group 

• Theory in agreement with experiment 

AmCl3 PuCl3 NaCl
Theory Exp. Error(%) Theory Exp. Error(%) Theory Exp. Error(%)

|a|=|b| (Å) 7.337 7.390 0.7 7.330 7.394 0.8

|c| (Å) 4.234 4.234 ~0.0 4.296 4.243 1.3

|d| (Å) 5.665 5.640 0.4

|a|

|b|

|c|

AmCl3 & PuCl3 NaCl

|d|

Asprey et al., Inorg. Chem. 1965, 4, 7, 985–986
Burns et al., J. Inorg. Nucl. Chem. 1975, 37, 743-749
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Machine learning interatomic potential (MLIP) is accurate

Training set Test set

Energy MAE/atom (meV) 1.59 1.60

Energy RMSE/atom (meV) 1.99 2.01

Force  MAE (meV/Å) 60 65

Force  RMSE (meV/Å) 81 84

• DeepMD method
• 4x104 frames for training set 
• 1x104 frames for test set 
• Loss function for energy and force 
• 6.5 Å cutoff 
• {250,250,250} fitting network 
• Small energy and force errors
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Liquid density was calculated over a range of temperatures

𝜌 = 4.42 − 8×10!"	𝑇
• MLIP molecular dynamics
• NPT ensemble, dt=1fs 
• T= 800-1300 K
• LAMMPS code
• 𝜌 = 𝜌# − 𝐴×𝑇

𝜌 =
∑#𝑁#𝑀#
𝑉𝑁$

=
𝑚
𝑉
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Thermal expansion coefficient was calculated through the density 

• Very small 
• Increased with temperature
• 𝛽	 ≈ 𝛽# + 𝐴×𝑇 

𝛽 = $
%

&%
&' (

= − $
)

&)
&' (𝛽 = 1.5	×10!" + 6×10!%𝑇
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Constant pressure heat capacity Cp was predicted through  enthalpy

H = total energy + V*P0.58 J g-1 K-1

𝐶( =
𝜕𝐻
𝜕𝑇 (

• Increased with temperature
• H	∝ 	𝐶(	×𝑇 
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Viscosity was calculated using the Green-Kubo formalism 

ln(𝜂) = 4610/T(K) –  5.3

• Multiple simulations for 1 data point 
• Decreased with temperature
• Arrhenius relationship 

η =
𝑉
𝑘&𝑇

8
'

(
𝑃)* 0 𝑃)*(𝑡′) 𝑑𝑡′
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Publications and Presentations 
Peer-reviewed journals:

• Manh-Thuong Nguyen, Michael Woods, Juliano Schorne-Pinto, Nick Erfurth, Toni Karlsson, “Thermophysical 

Properties of NaCl-UCl3-PuCl3 Molten Salts:  A Combined Computational and Experimental Study”, submitted to ACS 

Applied Energy Materials

Presentations:

• “Structural and Transport Properties of Actinide-Containing Molten Salts: Machine Learning -based Studies”, invited 

talk at  XXth Rencontres du Vietnam Materials Informatics: Accelerating Materials Research and Design with Artificial 

Intelligence. August 2024. Quynhon, Vietnam & Online, Vietnam. 

• “Machine Learning -based Studies of Actinide Molten Salts”, poster at  2024 Molten Salt Reactor Workshop,  

November 2024. Knoxville, TN 37902, USA.

• “Exploring Liquid Complexity: Electronic Structure Theory, Statistical Mechanics and Data Science –based Modeling 

of Molten Salts”, seminar at Oak Ridge National Laboratory, Oak Ridge, TN 37830, USA. November 2024. 



4/16/25 Manh-Thuong Nguyen, PNNL 22

Acknowledgements

• DOE, Office of Nuclear Energy – Janelle Eddins
• MSR campaign – Patricia Paviet, Heather Colburn, Zander Westesen, 

Michele Enders, and others. 
• Megan Lam (PNNL undergraduate intern, WSU)



manhthuong.nguyen@pnnl.gov

Thank you


