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S1. Flow chart and overview 

 

Fig S1. Flow chart of the Pareto front exploration process. GNN denotes graph neural network. DFT denotes density functional theory. Y denotes yes. N 

denotes no.  



 
 

In this work, we pose the bi-objective problem as a maximization problem, where the objectives to 
be maximized are a stability descriptor and an activity descriptor. Fig S1 provides an overview of the 
optimization process for finding the Pareto front. The top panels of the figure concern the surrogate stage 
in which graph neural network (GNN) model is used to optimize hyperparameters. Hyperparameters are 
parameters that affect the rate of learning. The optimized hyperparameters are used in the density 
functional (DF) stage, given by the bottom panel. Both the surrogate stage and the final DF stage are 
complete and independent exploration processes. The surrogate stage involves several genetic algorithm 
optimizations based on GNN structures and energies and is used solely to determine effective 
hyperparameters, and the final stage (we restart from the first generation of face-centered-cubic (FCC) 
metals) is a single genetic algorithm optimization using DF structures and energies to obtain the final 
Pareto front. The workflow of these stages is described in the main text. This SI Appendix gives details. 

Throughout the SI Appendix, the HEA catalysts are referred to as materials. 
Section 2 provides further details of the site preparation, the GNN model, and the DF calculations. 
The stability descriptor is defined as the negative decomposition energy evaluated at 1.23 V vs. RHE 

and pH = 7, where larger values correspond to higher thermodynamic stability (see Section S3.2 for 
details). 

The activity descriptor is defined as the negative of the calculated overpotential for the oxygen 
evolution reaction (OER), obtained from the Gibbs free energies of *O, *OH, and *OOH adsorption at 
1.23 V versus RHE. The larger value of this descriptor therefore corresponds to higher catalytic activity. 
Details of the calculation procedure are provided in Section S2.1. 

Section 4 gives further details of various aspects of the generic algorithm calculations.  
Section 5 gives details of stability filtering and activity screening. 
Sample codes are provided in supplementary files. 

 
S2. Calculation methods and software 
S2.1. Site preparation 

The structures of the initial generation were face-centered-cubic metals taken from the Materials 
Project.1 We first generated *O structures on face-centered cubic metals. To regulate the structures, we 
employed the Atomic Simulation Environment (ASE)2, 3.  

Because it is impractical to manually inspect every alloy structure generated during the iterative 
process of the genetic algorithm, we made several assumptions. We assumed the (111) surfaces of the 
FCC structures are the most stable facets. Based on previous literature4, 5, oxygen adsorption is generally 
more favorable at FCC hollow sites than at top and bridge sites, as presented in Fig.S2. Therefore, we first 
generated all possible O adsorption configurations using the CatKit6 code. Subsequently, we removed all 
configurations where O was adsorbed at top or bridge sites to reduce the computational cost; that is, we 



 
 

considered only the threefold hollow sies for adsorption. Therefore, we first determined the five most 
stable *O adsorption configurations on each surface. Based on this optimized *O structure, *OH and 
*OOH species were subsequently placed at the same adsorption site and fully relaxed. The corresponding 
Gibbs free energies were then used to evaluate the overpotential at each site. 

 

 
Fig S2. *OH, *O, and *OOH adsorption sites sampling on the (111) surfaces of a certain alloy, for example.  



 
 

All our initial structures are assumed to be face-centered cubic structures to simplify the model. All 
oxygen atoms are adsorbed on the (111) surface of the material with five layers using ASE with a vacuum 
layer of at least 15 Å. The bottom two layers were fixed and defined as those atoms more than 3 Å from 
the top of the surface.  

 
S2.2. Graph neural network model 

 
Fig S3. The comparison of the G*O G*OH, and G*OOH by the graph neural network (GNN) and DFT. 

UMA-m-1p1 is a universal graph neural network interatomic potential from Meta FAIR’s UMA family, 
pretrained on billions of atomic environments spanning the OC20 heterogeneous catalysis dataset 
together with ODAC23, OMat24, OMol25, and OMC25, all computed at the DFT level using standardized 
exchange–correlation functionals and convergence criteria. UMA-m-1p1 (oc20 task in 
FAIRChemCalculator) was employed as a surrogate model to predict atomic energies and forces and to 
pre-relax adsorbate–surface structures with near-DFT accuracy prior to final DFT refinements. 

 
S2.3. Density functional calculations 

For the final determination of the Pareto front, the structures were first pre-optimized using the GNN 
surrogate model, followed by DF calculations for refined geometry optimization and accurate energy 
evaluation. 

All DF simulations were performed by Vienna Ab initio Simulation Package (VASP)7-9 using the PBE-
D3(BJ) density functional10, 11 and the projector augmented wave (PAW) method to account for core-
valence interactions.12 The reciprocal space was sampled by the Γ-centered Monkhorst−Pack scheme 
with 5 × 5 × 5 k-point grids for calculating formation energies of bulk materials and 2 × 2 × 1 k-point grids 
for calculating the adsorption energies. We used an energy cutoff of 450 eV.13 All density functional 
calculations were spin-restricted, except for those involving Ni, Fe, and Co, for which spin-polarized 
calculations were performed.14 The initial charge density was generated from the superposition of atomic 
charge densities. Electronic self-consistent field (SCF) iterations were performed using the Fast algorithm, 
with a convergence criterion of 1×10⁻⁷ eV for the total energy. The number of SCF steps ranged between 
5 and 60. The projection operators were evaluated in real or reciprocal space as determined 
automatically. Symmetry operations were disabled to allow for full structural flexibility during relaxation. 



 
 

Geometry optimizations were performed using the conjugate gradient method, with a step scaling factor 
of 0.2. The atomic positions were relaxed until the maximum force on each atom was below 0.05 eV/Å, 
with a maximum of 1000 ionic steps allowed. The cell shape and volume were fixed during the relaxation. 
An implicit solvation model was enabled with VASPSOL 15, 16 with the solvent dielectric parameter set to 
80 to approximate aqueous conditions.  

 
S3. Descriptors for the oxygen evolution reaction (OER)  
S3.1. Activity descriptor 

The OER is intrinsic to many energy technologies, including water splitting, rechargeable metal-air 
batteries, and fuel cells, but it is a sluggish reaction. The OER is the production of O2 molecules from 
water by the following four-electron process:17 
 2H2O  → O2 + 4H+ + 4e– (S1) 
The standard-state reduction potential is E0 = 1.23 V vs. the reversible hydrogen electrode (RHE). The 
four-step OER process involves three OER intermediates, namely, *OH, *O, and *OOH: 
 H2O + * → OH*+ H+ + e- (S2) 
  OH* → O*+ H+ + e- (S3) 

 O* + H2O → OOH*+ H+ + e- (S4) 

 OOH* → * + O2 + H+ + e- (S5) 
where *, OH*, O*, and OOH* represent the adsorption site, absorbed OH, adsorbed O, and adsorbed 
OOH, respectively. The free energy changes (ΔGi, i = 1, 2, 3, 4) of the elementary steps are: 

 ΔG1 = GOH*  + GH++e- 	- GH2O	- G*   (S6) 

 ΔG2 = GO*  + GH++e- 	- GOH*    (S7) 

 ΔG3 = GOOH*  + GH++e- 	- GO* 	- GH2O   (S8) 

 ΔG4 = G* + GO2  + GH++e- 	- GOOH*    (S9) 

A major goal in the field of OER electrocatalysis has been to find or design an efficient electrocatalyst 
that has high abundance and low cost. One generally needs a voltage above 1.23 V (such as 1.5 V) to 
drive OER on specified materials (catalysts) under a specified current density (e.g., 10 mA cm–2), and this 
overpotential means that one requires extra energy input. Therefore, the overpotential of the drive 
voltage is an important descriptor. The steady-state approximation gives a lower limit on the 
overpotential of: 
 𝐸overpotential  ≥ max(ΔG1,ΔG2,ΔG3,ΔG4)/𝑒 − 𝐸$              (S10) 

The energy changes of the elementary steps are related to the adsorption behavior of OER 
intermediates. We consider the formation energies of the OER intermediates relative to H2O and H2 



 
 

molecules: 
 2H2O + * → OOH*+3/2H2  (S11) 
 H2O + * → OH*+1/2H2  (S12) 
 H2O + * → O*+ H2  (S13) 
With this convention, the corresponding adsorption energies of OER intermediates can be calculated as 
follows: 

 ΔGOOH*= GOOH*+ 3/2GH2-2GH2O	- G*   (S14) 

 ΔGOH*= GOH*+ 1/2GH2-GH2O	- G*   (S15) 

 ΔGO*= GO*+ GH2 	- GH2O	- G*   (S16) 

and the free energy changes of element steps and be calculated as follows: 
 ΔG1 = 𝛥GOH*     (S17) 
 ΔG2 = 𝛥GO*  - 𝛥GOH*     (S18) 
 ΔG3 = 𝛥GOOH*  - ΔG1	-  ΔG2   (S19) 
 ΔG4 = 4.92	- 𝛥iOOH*    (S20) 

Equations S10 and S14-S21, taken together, provide a relation between the overpotential and the 
absorption free energy. 

We define the activity descriptor as follows: 
 𝑍% = -|Max(∆𝐺&, ∆𝐺', ∆𝐺(, ∆𝐺)) – 1.23 eV| (S21) 

For each reaction energy on the HEAs, we explicitly enumerated all symmetry-inequivalent threefold 
hollow sites defined by the local metal triatomic hollow sites on the surface. For each such site, we first 
optimized the adsorption geometry of *O by placing an oxygen atom above the hollow and allowing full 
structural relaxation. The optimized *O configuration at a given hollow was then used as a common 
lateral template for the other intermediates: *OH and *OOH was initially placed such that the oxygen 
atom occupied the same threefold hollow position as *O, with the H atom oriented away from the surface, 
and the adsorbate was subsequently relaxed without constraints. In this way, *OH and OOH* were 
allowed to migrate during optimization to their locally preferred configurations in the vicinity. For every 
optimized intermediate (*O, *OH, *OOH) at each point, we evaluated the Gibbs free energies using the 
computational hydrogen electrode framework and constructed the complete four-step OER free-energy 
profile. 

With the assumption that the greater the deviation, the poorer the materials’ activity, whether due 
to excessively strong or weak adsorption. Here, we calculate the overpotential of all sites and choose the 
minimum overpotential as the activity of the metal. Note that we pose the bi-objective problem as a 
maximization problem, where one of the objectives to be maximized is activity; maximizing the negative 



 
 

number of equation S21 gives a less negative number and hence a smaller absolute value of the deviation 
from 0; therefore, maximizing the descriptor maximizes the calculated activity. 

 

S3.2. Stability descriptor 
We define the stability descriptor 𝑍* as decomposition energy per atom at 1.23V vs. RHE and pH 

of 7 derived by the ASE 

  Δ𝐺decomp (𝑈, pH) = 𝐺phase (𝑈, pH) − 𝑚𝑖𝑛+  ;∑  , 𝑛,+𝜇,(𝑈, pH)> (S22) 

Δ𝐺decomp (𝑈, pH)	denotes the Gibbs free energy per atom of the target material (such as the alloy or solid 

phase) under a given potential 𝑈and pH. The term 𝜇,(𝑈, pH)represents the electrochemical chemical 
potential of species 𝑖(for example, M2+, M(OH)3, H2O, or O2) at the same conditions. The subscript 
𝑗 indexes all possible decomposition reactions, corresponding to combinations of stable phases that 
define the lower-energy envelope of the Pourbaix diagram. The stoichiometric coefficient 𝑛,+specifies 

the number of units of species 𝑖	involved in the decomposition pathway 𝑗. 
In theoretical exploration, we assessed activity based on the negative value of deviates from the 

optimal 0 eV, i.e., larger deviations indicate higher activity. Accordingly, on the activity-stability plots, a 
larger abscissa value corresponds to better activity. When comparing experimental results with 
theoretical predictions, we use the reciprocal of the overpotential: a larger overpotential leads to a 
smaller reciprocal, aligning with the computational perspective that a smaller abscissa value represents 
better activity. Meanwhile, for stability, a more positive cohesive energy per atom (i.e., a lower ordinate 
value) indicates greater stability. The positive value indicates that the materials are more stable than their 
reference states. 

To address the issue caused by the different units (dimensions) of activity and stability, we 
normalized the differences in activity and stability in equation S25 by dividing each term by its respective 
range (𝑍*-%. −	𝑍*-,/ and 𝑍%-%. −	𝑍%-,/). This eliminates bias arising from differences in dimensional 
scales. 

 
S4. Details of the genetic algorithm 
S4.1. Assigning Fitness  

We use the concept of Pareto dominance in evaluating fitness and assigning selection probability. 
The materials in the population are ranked according to a dominance rule, and each material is assigned 
a fitness value based on its rank. We first rank all materials in generation t : 

𝑟(𝑥, 𝑡) = 1 + E 𝑟(𝑦, 𝑡)
0∈2,04.

(S23) 

where r(x, t) is the number of materials dominating material x at generation t, and the restriction 𝑦 > 𝑥 



 
 

means that x is dominated by y (i.e., that material y has better stability and better activity than x). 
Equation S.23 is illustrated in Fig.3. The a, b, c, and d points in the figure are non-dominated materials; 
the r value of these points is r = 1 + 0 = 1. Point e is dominated by point a, which has an r value of 1; 
therefore, the r value of e is r = 1 + 1 = 2. Point h is dominated by points a, b, and f, giving it an r value of 
r = 1 + 1 + 1 + 2 = 5.  

 
Fig S4. A sample set of materials, where the materials are HEA catalysts. The text following equation S23 uses this 
diagram to illustrate the assignment of r values. The diagram also illustrates the niche size 𝜎!"#$%, which is the 
niche size and which gives information about the similarity of the different materials. The niche size is associated 
with the radius centered on a specific HEA candidate, and it is discussed below equation S24. 

The next step is to assign fitness values to each material based on the material’s rank. The fitness is 



 
 

initially defined by 

𝑓(𝑥, 𝑡) = 𝑁 − E  
5(𝐱,8):&

;<&

𝑛; − 0.5O𝑛5(𝐱,8) − 1P (S24) 

where 𝑛;  is the number of materials with rank k. Then, we define the Euclidean distance 
∆𝑧(𝑥, 𝑦)	between every material pair x and y as follows 

∆𝑧(𝑥, 𝑦) = ST
𝑍*(𝑥) − 𝑍*(𝑦)
𝑍*-%. −	𝑍*-,/

U
'

+ T
𝑍%(𝑥) − 𝑍%(𝑦)
𝑍%-%. −	𝑍%-,/

U
'

(S25) 

where 𝑍* and 𝑍% denote respectively the value of the stability descriptor and the value of the activity 
descriptor, and we use these distances to calculate a niche count defined as follows: 
 

𝑛𝑐(𝑥, 𝑡) = E  
0∈2,5(𝐲,8)<5(𝐱,8)

max W
𝜎share − ∆𝑧(𝑥, 𝑦)

𝜎share 
, 0Y (S26) 

               

  
where the condition 𝑦 ∈ 𝑃 in equation S26 indicates that y is another material in generation P that we 
are comparing to x, and 𝜎*>%5? is the niche size, which is a hyperparameter determined in the surrogate 
stage. The circle around of radius 𝜎*>%5? around a given material in property space encloses a niche, 
and if many offspring fall within this niche, the fitness of that central candidate is penalized accordingly. 
This mechanism discourages the search algorithm from generating offspring that cluster near one 
another by penalizing materials in overcrowded regions. This promotes diversity in the population and 
encourages broader exploration of the design space by increasing the likelihood of discovering a well-
distributed set of globally competitive candidates and ultimately of identifying a more representative 
and complete Pareto front. After calculating niche counts by means of equation S26, the fitness of each 
material is adjusted as follows: 

𝑓@AB(𝑥, 𝑡) = ;𝑓CDEF(𝑥, 𝑡)𝑛5(G,8)𝑓(𝑥, 𝑡)> E 𝑓CDEF(𝑥, 𝑡)
0∈2,5(𝐲,8)<5(𝐱,8)

] (S27) 

 

 

where 

𝑓CDEF(𝑥, 𝑡) =
𝑓(𝑥, t)
𝑛H(𝑥, 𝑡)

 (S28) 

Then we normalized the adjusted fitness of all materials in this generation to the range [0,1]. This 
algorithm considers the similarity of the materials to avoid the search for the Pareto front being trapped 
in a local maximum. 



 
 

The fitness of each material controls the probability that the material is chosen to generate offspring. 
 
S4.2. Evolving the Next Generation 

Each time an offspring is to be generated, we first pick a random number in the range [0,1]. This 
number is compared with the fitness of a randomly selected parent. If the fitness of the selected parent 
is greater than the random number, the offspring is generated directly; otherwise, another parent is 
selected. This ensures that individuals with higher fitness have a greater probability of being preserved.  

Then we determine whether the offspring will be generated through the mutation algorithm or the 
crossover algorithm. Specifically, for each new offspring to be generated, we first draw a random number 
of 0 or 1. Based on this random value, we randomly select whether the offspring will be created via the 
mutation algorithm or the crossover algorithm. Note that the mutation algorithm always leads to 
mutation, but the “crossover algorithm” may lead to either mutation or crossover.  

Mutation algorithm. If mutation was chosen, we randomly select a material. If the fitness of the 
selected material is lower than the random number, we continue selecting new materials until one with 
a fitness higher than the random number is found. When the fitness of that material is greater than the 
random number, we perform a mutation. For this purpose, we define a parameter called the mutation 
number. The mutation number is the number of atoms randomly selected (from the 32 atoms that 
constitute our bulk structure) that are replaced by atoms of different elements during the mutation step. 
For example, a mutation number of 4 means that 4 atoms in the bulk structure are randomly chosen and 
substituted with different elements. This parameter allows us to systematically explore a wide range of 
structural and compositional variations. As explained on Section S4.3.3, we finally selected mutation 
number = 1. 

Crossover algorithm. The crossover operation generates offspring structures by implementing a 
spatial cut-and-splice mechanism: first, one of the three crystallographic axes (a, b, or c) is randomly 
selected as the cutting direction; second, a cutting position along this axis is determined by sampling a 
ratio parameter percent_2 from a Beta distribution, where 70% of the time a Beta(3.0, 3.0) distribution 
(scaled to range 0.3-0.7) is used to favor balanced cuts near the midpoint, and 30% of the time a Beta(1.2, 
1.2) distribution (scaled to range 0.1-0.9) is used to allow more aggressive recombination—additionally, 
when the fitness difference between parents exceeds 0.25, a bias of up to 0.05 is added toward the 
higher-fitness parent to preserve superior genetic material; third, atoms from Parent 1 with coordinates 
below the cut position along the selected axis are retained while atoms from Parent 2 with coordinates 
at or above the cut position are retained; fourth, these two complementary atom sets are combined to 
form the offspring, which inherits the cell parameters from Parent 1, and the spatial partitioning naturally 
maintains the fixed atom count of 32 since approximately (1-percent_2)×32 atoms from Parent 1 and 
percent_2×32 atoms from Parent 2 are combined; finally, the offspring undergoes quality validation 



 
 

where interatomic distances are checked against 0.6 times the sum of covalent radii, and if conflicts are 
detected, small random perturbations (±0.1 Å) are applied to resolve them—this entire process is 
attempted up to 50 times with different cutting positions, and if all attempts fail to produce a valid 
offspring, the algorithm falls back to mutation of the higher-fitness parent to ensure continuous 
population evolution. 

 
S4.3. Determination of the hyperparameters 

We used the surrogate model to identify the values of several hyperparameters that can accelerate 
the search for the Pareto front. The three hyperparameters chosen are the cutoff parameters for the 
number of offspring per generation, the number of generations, the mutation number, and the niche 
size. Although we aimed to identify combinations that effectively balance search efficiency and 
convergence, the hyperparameters were selected based on limited trial-and-error, and we do not claim 
to have found the absolutely optimal values. Furthermore, it is well known that the optimum values of 
hyperparameters depend on the problem under study 18-21. However, it is also well known that some 
multi-objective approaches are better than others 22, 23. We believe that our surrogate model is 
sufficiently close to the final DF model, making the determination of hyperparameters in the surrogate 
stage useful for improving efficiency. 

 
 

S4.3.1. Number of offspring per generation and number of generations 
We analyzed the effect of offspring number per generation on Pareto front exploration efficiency 

under fixed computational cost constraints. To mitigate the computational cost, we maintained a 
constant total number of evaluated structures (600) across all tests. We define O as the number of 
offspring per generation and G as the number of generations. Thus, the product of O and G for each O-
G pair is 600. Varying O with this constraint involves a trade-off between search breadth (number of 
offspring per generation) and search depth (number of generations). For each O-G pair, the GA was 
executed independently, and all generated structures were collected, as shown in Fig.S5. We then 
constructed a unified final Pareto front by combining the Pareto fronts of each O-G pair. The contribution 
of each pair to the final Pareto front was determined by counting the number of its generated structures 
that lie on it. This reflects the ability of each configuration to discover high-performing structures under 
the same computational budget. In Fig.S6, a higher bar indicates greater efficiency in discovering globally 
optimal trade-offs between catalytic activity and stability under the same computational cost. Fig. S6 
shows that the Pareto front generated with G = 15 and O = 40 contributes the most points to the global 
Pareto front; therefore, this pair is considered the most effective and was selected as our optimized pair 
for use in the second stage. 



 
 

 

 
Fig S5. The contribution of each O-G pair to the final Pareto front. The legend gives the offspring count O and the 
product of the offspring count, and the number of generations P is fixed at 600. Thus, the figure includes the 
following O-G pairs: 10-60, 20-30, 30-20, 40-15, 50-12, and 60-10. 

 
Fig S6. The number of structures from each O–G pair that appear on the final unified Pareto front. Each offspring–
generation pair has a fixed total of 600 structures. Each bar represents the number of structures that contribute 
to the final Pareto front constructed from all runs.   



 
 

S4.3.2. Parameters controlling mutation number and niche size 

Similarly, we used the surrogate model to optimize the other hyperparameters, which are the mutation 
number and the 𝜎*>%5?  value. The explanation of the mutation number is in Section S4.2. The 
explanation of 𝜎*>%5? is in Section S4.1. The results are summarized in Figs S7–S9. 

 

 
Fig S7. The contribution of each mutation number to the final Pareto front.  

 
Fig S8. The contribution of each 𝜎!"#$% value to the final Pareto front.  

 



 
 

 

Fig S9. Summary of parameter optimization results for the genetic algorithm, showing the number of structures 
from each parameter setting that appear on the final unified Pareto front. The figure combines two independent 
tests: (a) mutation number performance under the optimal offspring configuration (40 offspring × 15 generations), 
and (b) 𝜎!"#$% values applied with mutation number = 6 to enhance search diversity. Each bar represents the 
number of structures generated under the corresponding parameter setting that contributes to the final Pareto 
front constructed from all runs. A higher bar indicates greater efficiency in discovering globally optimal trade-offs 
between catalytic activity and stability under the same computational cost.  

 
S5. Stability filtering 

In both stages, we employed an empirical formula method (details below) for filtering of material-
phase stability.  

The goal of stability filtering is to rule out materials where the metals of the alloy phase separate 
rather than mixing 24, 25. We adopt the three parameters of the constituent elements in the multi-
component alloys to characterize the phase stability of the materials. The parameters, taken from 
previous work 26, 27, are the atomic size difference (δ), the mixing enthalpy (∆𝐻FIG), and the mixing 
entropy (∆𝑆FIG). They are defined by  

δ = 100dE𝑐, e1 −
𝑟,
𝑟%
f
'/

,<&

(S32) 

where  

𝑟% =E𝑐,𝑟,

/

,<&

(S33) 

𝑐,  is the atomic percentage and atomic radium of the ith element, 𝑟,  is the atomic radius of the ith 
element, and the numerical factor 100 was used for convenience; 



 
 

Δ𝐻FIG = E  
/

,<&,,J+

Ω,+𝑐,𝑐+ (S34) 

where  

Ω,+ = 4Δmix 
KL , Δmix 

KL               (S35) 

is the mixing enthalpy of the binary liquid alloy AB; and 

Δ𝑆mix = −𝑅E  
/

,<&

𝑐, ln 𝑐, (S36) 

where R is the gas constant. We employed the criteria 0 ≤δ ≤8.5, −22 ≤ ΔHmix ≤7 kJ/mol, and 11 ≤ ΔSmix ≤ 
19.5 J K–1·mol–1. These criteria are accepted in the literature to determine whether the components can 
form high-entropy alloys instead of segregating.28-30 

 

 
Fig S10. The top element frequency in all data and on the Pareto front.  
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