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Aim Compare the primary damage resulting from collision cascades in W from three widely used EAM based interatomic potentials (JW [1], MS [2] & DND-BN 

[3]) with two recently developed Machine Learning potentials (WSNAP [4], tabGAP [5]) with sufficient statistics

                                                        

                            

                                                        

                            

                            

                                                        

                            

                            

                            

                                                        

                            

                            

                            

Lattice Parameter

Coeficients of stiffness 
tensor

& Elastic modulii

Poisson Ratio

Defect formation 
energies

Coefficient of thermal
expansion

Threshold Displacement
Energies

LAMMPS [6] simulations of Collision Cascades in W with

JW, MS, DND-BN, WSNAP and tabGAP IAP
 100 random directions at each energy
 NVE simulations with variable timestep using a Fixed outer 

boundary with T control in penultimate cells

IAP stiffening parameters

Table comparing the material properties obtained using the five IAP with published DFT simulations and 

Experimental results (erors from the comparison are given in brackets – large errors are highlighted)

All IAP have mismatch with experiments / DFT. Whilst DND-BN looks good for defect formation studies, it will be 
bad for Swelling studies (thermal expansion and elastic constants). Thermal expansion is bad for all IAP except MS, 
which due to the large error in DB110-111 ends up giving more <110> defects than DND-BN. The DFT and Expt values
are obtained from [4,7] and references therein.

CSaransh: AI/ML based algorithm to classify defects
https://github.com/haptork/csaransh

[Computational Materials Science 172 (2020) 109364]
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Post Processing: Classifying defect clusters using ML 

SAVI: Graph algorithm to obtain the internal morphology and 
orientation of defect clusters.

[Computational Materials Science 195 (2021) 110474
Mod. Sim. Mater. Science & Engg.,29 (2021) 065015]

Each line is the node of a graph

Edges connecting the nodes are made using

   (i) angles between the lines

   (ii) distance between the lines

Dijkstra’s algorithm to find connected homogeneous regions

Results: Here instead of figure captions (which are obvious), observations are noted as captions to guide the 
thought process

Fig.1: Good match with arc-DPA
Inverse correlation with number 
of Sub-cascades (Fig.6).

Fig.2: Clear heirarchy amongst IAP
Fig.3: Cluster classes. Note ascii
symbols of each cluster class. 
Hexagonal rings have <110> defects
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Fig.4: Difference in formation energy 
between <110> and <111> components 
decide if rings are formed or not!
D 110-111 decides @ formation (see 
property table above.
The values for this parameter are WSNAP 
> MS=tabGAP >> DND-BN > JW which 
match the fraction of “@”!

Fig.5: The “||-!” and “||//” clusters are
The biggest. Some “||” can be large

Fig.6: Number of sub-cascades show
an inverse correlation with the number
of defects. We use HDBScan algorithm
to obtain the number of sub-cascades
[Modelling and Simulations in Mater.
Sci. & Engg. 32 (5) (2024) 055017]

Conclusions References 

➢ Number of sub-cascades show an inverse correlation with the number of defects (Figs.1 & 6).

➢ Difference in formation energy between <110> and <111> components decide if rings are formed or not!
The values for this parameter are WSNAP > MS=tabGAP >> DND-BN > JW. The values for this parameter are 
WSNAP > MS=tabGAP >> DND-BN > JW which match the fraction of “@” (fig.4 & 14th row big table above)! All 
IAP which have been trained on liquid configurations have a low value for this parameter and form rings (“@”).

➢ All IAP have mismatch with experiments / DFT. Whilst DND-BN looks good for defect formation studies, 
it will be bad for Swelling studies (thermal expansion and elastic constants). Thermal expansion is bad for 
all IAP except MS, which due to the large error in DB110-111 ends up giving more <110> defects than DND-
BN.
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Post Processing: Obtaining morphology, internal 
morphology and orientation using Graph Data Structure 
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