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Supplementary Tables 

 

Supplementary Table S1: HPNN Performance with Varying Spherical Harmonic degrees on TiO2 Dataset. 

Performance of HPNN models with different spherical function degrees(l) on the global Ti-O dataset, including Root 

Mean Square Error (RMSE) for energy (E-RMSE, meV) and force (F-RMSE, eV/Å), and training time(GPU 

seconds). Best results in bold. 

HPNN with different 
angular interaction 

schemes $ 

No. 
Params 

Train 
Time 
(sec.) 

Train Loss Test Loss 

E-RMSE 
(meV)  

F-RMSE 
(eV/Å) 

E-RMSE 
(meV) 

F-RMSE 
(eV/Å) 

[0,1], [0,1], [0,1] 1.22M 7.1 6.60 0.115 9.85 0.167 

[0,1], [0,2], [0,4]  1.22M 9.2 5.96 0.097 7.52 0.134 

[0,4], [0,2], [0,1] 1.22M 9.3 5.71 0.096 6.34 0.128 

[0,1,2], [0,1,2], [0,1,2] 1.51M 10.0 4.66 0.086 7.31 0.135 

[0,1,4], [0,1,2], [0,1,1] 1.51M 11.2 4.86 0.086 7.57 0.126 

[0,1,6], [0,1,4], [0,1,2]* 1.51M 15.4 4.44 0.080 6.41 0.125 

[0,6], [0,4], [0,2], [0,1] 1.55M 14.8 4.47 0.084 7.56 0.125 

$: The HP layer sequence follows from left to right; the digital in [ ] indicates the degree l. 
*: the one utilized in the final HPNN models throughout the work. 

 

Supplementary Table S2: Inference Time Comparison on NVIDIA RTX 4090 GPU. Inference time comparison 

(ms) of PaiNN1, MACE2, and HPNN on a 4090 GPU for systems with varying numbers of atoms.  

Number of Atoms PaiNN Time (ms) MACE Time (ms) HPNN Time (ms) 

96 11.916 53.601 13.665 

480 39.700 145.510 23.022 

960 50.176 274.750 32.475 

1920 72.155 530.460 49.132 

3840 113.403 - 91.381 

5760 160.762 - 133.584 

8160 225.247 - 201.558 
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Supplementary Table S3: Single- and Multi-GPU HPNN Inference Times. Comparison of single-GPU and multi-

GPU HPNN inference times (ms) on a 4090 GPU, including neighbor search and energy/force evaluation.  

Number 
of Atoms 

Single-
GPU Total 
Time (ms) 

Single-GPU 
Neighbor 

Search (ms) 

Single-GPU 
Energy/Force 

(ms) 

Multi-GPU 
Total Time 

(ms) 

Multi-GPU 
Neighbor 

Search (ms) 

Multi-GPU 
Energy/Force 

(ms) 

96 13.665 0.663 13.002 64.339 2.92 61.419 

960 32.475 3.675 28.8 68.747 3.33 65.417 

1920 49.132 9.691 39.441 70.124 3.13 66.994 

3840 91.381 15.853 75.528 76.145 3.71 72.435 

5760 133.584 22.856 110.728 89.214 3.96 85.254 

8160 201.558 34.847 166.711 97.279 4.33 92.949 

14400 - - - 126.282 5.36 120.922 

19200 - - - 154.953 5.43 149.523 
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Supplementary Table S4: Detailed results for Performance of GG-NN Potential in Predicting CO activation 

in Fischer-Tropsch Synthesis. Gibbs Free Energies (eV) of Initial, Transition, and Final States on Fe5C2 (510) 

Surface in Fischer-Tropsch Synthesis, Calculated by DFT, GG-NN, and LASP CPU Potentials (The reaction 

conditions are set at T = 523 K, P = 2.5 MPa, H2/CO = 2 for computing the Gibbs free energy3.) 

 IS(eV) TS(eV) FS(eV) 

CCv+H→CHCv 

Molecular structure 

   
G(DFT) 0.00 0.85 0.22 

G(GG-NN potential) 0.00 0.89 0.26 

G (LASP CPU potential) 0.00 1.00 0.26 

CHCv→CH+CCv 

Molecular structure 

   
G(DFT) 0.22 0.97 0.72 

G(GG-NN potential) 0.26 0.96 0.64 

G (LASP CPU potential) 0.26 1.00 0.51 

CH+COCv→CH+CCv+O 

Molecular structure 

   
G(DFT) -0.01 1.15 -0.14 

G(GG-NN potential) -0.06 1.22 -0.20 

G (LASP CPU potential) -0.10 1.12 -0.18 

CH+CCv+O+H→CCHCv+O+H 

Molecular structure 

   
G(DFT) -0.38 0.10 -0.62 

G(GG-NN potential) -0.44 0.10 -0.60 

G (LASP CPU potential) -0.48 0.04 -0.52 
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Supplementary Table S5: Structure Information for Ti–O Dataset. Structure information for the Ti–O dataset 

(27,278 structures) used in neural network training, including chemical formula, number of atoms (Natoms), structure 

type (cluster, bulk, layer), and total number (Ntotal). 

Chemical Formula Natoms cluster layer bulk Ntotal 

Ti8 8 0 11 95 106 

Ti13 13 0 7 5 12 

Ti16 16 1011 2 3468 4481 

Ti21 21 0 3 1276 1279 

Ti32 32 0 5 304 309 

O1-Ti12 13 0 1437 0 1437 

O2-Ti8 10 0 92 294 386 

O2-Ti10 12 0 784 0 784 

O3-Ti18 21 0 133 0 133 

O4 4 0 84 0 84 

O4-Ti4 8 0 163 551 714 

O4-Ti8 12 0 88 326 414 

O4-Ti22 26 0 8 26 34 

O5-Ti27 32 0 0 29 29 

O6-Ti4 10 0 0 38 38 

O6-Ti8 14 0 95 388 483 

O6-Ti15 21 0 111 0 111 

O6-Ti18 24 0 7 50 57 

O8-Ti4 12 1892 173 10320 12385 

O8-Ti8 16 0 87 327 414 

O8-Ti15 23 0 21 39 60 

O10-Ti8 18 0 119 399 518 

O10-Ti22 32 0 0 29 29 

O11 11 0 442 138 580 

O12-Ti8 20 0 0 338 338 

O13-Ti6 19 0 133 433 566 

O13-Ti7 20 0 39 19 58 

O14-Ti7 21 0 0 1 1 

O14-Ti8 22 0 0 179 179 

O15-Ti9 24 0 2 263 265 

O16-Ti8 24 0 116 497 613 

O18-Ti8 26 0 0 2 2 

O18-Ti12 30 0 310 16 326 

O120-Ti59 179 0 1 8 9 

O120-Ti60 180 0 1 0 1 

O126-Ti63 189 0 0 15 15 

O126-Ti64 190 0 0 12 12 

O127-Ti63 190 0 0 1 1 

O127-Ti64 191 0 0 1 1 

O128-Ti63 191 0 0 3 3 
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O128-Ti64 192 0 0 9 9 

O239-Ti119 358 0 1 0 1 

O240-Ti120 360 0 1 0 1 

total -- 2903 4476 19899 27278 

 
Supplementary Table S6: Performance and Architecture of Models on Ti–O Dataset. Performance and 

architectural details of HPNN, PaiNN1, Nequip4, Allegro5, and MACE2 models on the Ti-O global dataset, including 

node dimension Nn, pair dimension Np, scalar node feature dimension Nsca, vector components node feature 

dimension Nvec, Maximum Angular Momentum (lmax), parameters, training time (GPU seconds), train/test energy 

RMSE(meV), and force RMSE(eV/Å). 

 
 

Supplementary Table S7: Barrier Prediction Errors for Organic Reactions on C–H–O Dataset. Barrier 

prediction errors for 24 organic reactions using HPNN, PaiNN, MACE, and GG-NN on C-H-O Dataset (eV) 

Molecular structure DFT (eV) 
HPNN 

(eV) 

PaiNN 

(eV) 

MACE 

(eV) 

GG-NN 

(eV) 

Claisen rearrangement 

IS 

 

-80.224 -80.232 -80.232 -80.219 -80.261 

FS 

 

-78.547 -78.545 -78.548 -78.549 -78.553 

TS 

 

-79.444 -79.449 -79.447 -79.444 -79.427 

D-glucose→Glucopyranose 

Model 

Nn 

Np lmax 
No. 

Params 

Train 

Time 

(GPU 

sec.) 

Train E-

RMSE 

(meV) 

Train F-

RMSE 

(eV/Å) 

Test E-

RMSE 

(meV) 

Test F-

RMSE 

(eV/Å) 
Nsca Nvec 

HPNN 256 0 128 6 1.55M 15.40 4.44 0.080 6.41 0.125 

PaiNN 196 196*3 196 1 1.40M 18.70 7.31 0.051 13.00 0.187 

Nequip 64 64*8 64 2 1.44M 203.00 6.27 0.094 15.50 0.179 

Allegro 64 64*8 64 2 1.30M 121.50 3.84 0.047 14.60 0.160 

MACE 128 128*3 128 2 1.47M 111.90 6.40 0.051 10.30 0.131 
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IS 

 

-137.121 -137.109 -137.124 -137.104 -137.152 

FS 

 

-137.519 -137.523 -137.526 -137.539 -137.605 

TS 

 

-136.433 -136.445 -136.446 -136.456 -136.543 

Glucofuranose→Glucopyranose 

IS 

 

-137.992 -137.998 -138.006 -137.945 -138.010 

FS 

 

-137.879 -137.874 -137.874 -137.880 -137.911 

TS 

 

-137.336 -137.326 -137.342 -137.349 -137.329 

Glucopyranose→Glucoseptanose 

IS 

 

-137.668 -137.635 -137.663 -137.618 -137.643 

FS 

 

-137.720 -137.720 -137.714 -137.726 -137.768 
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TS 

 

-137.645 -137.632 -137.656 -137.657 -137.678 

2,5-Anhydro-D-mannose→Glucopyranose 

IS 

 

-137.668 -137.635 -137.663 -137.618 -137.643 

FS 

 

-137.720 -137.720 -137.714 -137.726 -137.768 

TS 

 

-137.645 -137.632 -137.656 -137.657 -137.678 

H3CCHO→H2CCHOH 

IS 

 

-39.084 -39.089 -39.089 -39.090 -39.126 

FS 

 

-38.733 -38.731 -38.732 -38.743 -38.739 

TS 

 

-36.480 -36.478 -36.479 -36.458 -36.407 

H2CO→H2+CO 

IS 

 

-22.134 -22.133 -22.134 -22.132 -22.159 

FS 

 

-21.531 -21.530 -21.529 -21.526 -21.561 
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TS 

 

-18.711 -18.717 -18.717 -18.706 -18.661 

HCCH→CCH2 

IS 

 

-22.942 -22.940 -22.943 -22.946 -22.948 

FS 

 

-20.972 -20.972 -20.973 -20.974 -20.955 

TS 

 

-20.994 -21.000 -20.992 -20.989 -21.005 

Parent Diels-Alder 

IS 

 

-90.569 -90.575 -90.579 -90.608 -90.588 

FS 

 

-88.766 -88.771 -88.768 -88.768 -88.788 

TS 

 

-88.245 -88.262 -88.262 -88.231 -88.235 

 Acrolein rotation 

IS 

 

-47.245 -47.257 -47.246 -47.269 -47.277 
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FS 

 

-47.357 -47.365 -47.362 -47.334 -47.373 

TS 

 

-46.976 -46.986 -46.985 -46.999 -46.964 

Glucopyranose→Levoglucosan 

IS 

 

-137.878 -137.857 -137.892 -137.867 -137.900 

FS 

 

-137.872 -137.880 -137.898 -137.892 -137.975 

TS 

 

-136.218 -136.206 -136.191 -136.177 -136.215 

Butadiene rotation 

IS 

 

-56.998 -57.009 -56.978 -56.976 -56.979 

FS 

 

-56.843 -56.826 -56.803 -56.812 -56.784 

TS 

 

-56.676 -56.662 -56.696 -56.698 -56.597 

 

 
 



S-11 
 

Supplementary Figures  

Supplementary Figure S1:The composition distribution of molecules and fragments adsorbed on Cu surfaces. 

Histograms of molecular compositions in the C–H–O–N dataset adsorbed on Cu surfaces, categorized by: (a) 

skeleton atoms (C, N, O); (b) degree of unsaturation number (calculated by: !2 × 𝑛(C) + 𝑛(N) − 𝑛(H), 2⁄ − 2, 

𝑛(C),𝑛(N),𝑛(H) represent the number of respective elements); (c) carbon atoms; (d) nitrogen or oxygen atoms; (e) 

nitrogen atoms; (f) oxygen atoms. 
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