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Supplementary Figure 1. Projected O, density of states from DFT calculations (solid) and model prediction
(dashed) using the Bayesian-learned posterior means of single-orbital model parameters. Metal d-states are

also shown.
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Supplementary Figure 2. The co-variance of the joint posterior distribution for each parameter pair and
1D histogram of multi-orbital model parameters (AEy, el gb:, BPw, Brs, Ag"y , A”*, and o) from MCMC

simulations for *O adsorption at the fcc-hollow site of the close-packed, pristine transition-metal surfaces.
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Supplementary Figure 3. DFT-calculated *O adsorption energies at metal surfaces vs. model prediction
using the posterior distribution of multi-orbital model parameters (6, 8). Error bars represent the standard

deviation of prediction based on Bayesian sampling.
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Supplementary Figure 4. Symmetry resolved projected Oy, density of states from DFT calculations (solid)
and model prediction (dashed) using the Bayesian-learned posterior means of multi-orbital model parame-

ters. Metal d-states are also shown.
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Supplementary Figure 5. The co-variance of the joint posterior distribution for each parameter pair and

1D histogram of single-orbital model parameters for oxygen adsorbed on atop (AEy, &, Ao, &, and 3) from

MCMC simulations for *O adsorption at the atop site of the close-packed, pristine transition-metal surfaces.
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Supplementary Figure 6. DFT-calculated *O adsorption energies at the atop site of metal surfaces vs. model
prediction using the posterior distribution of single-orbital model parameters (5, G). Error bars represent

the standard deviation of prediction based on Bayesian sampling.
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Supplementary Figure 7. Symmetry resolved projected Oy, density of states from DFT calculations (solid)

and model prediction (dashed) for the atop site using the Bayesian-learned posterior means of single-orbital

model parameters. Metal d-states are also shown.
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Supplementary Figure 8. The co-variance of the joint posterior distribution for each parameter pair and 1D

a a

histogram of model parameters (AEo, €2°, €17, €297, B3¢, B17, B4 A3°, A", A3°", and &) from MCMC

simulations for *OH adsorption at the atop site of the close-packed, pristine transition-metal surfaces.
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Supplementary Figure 9. DFT-calculated *OH adsorption energies at metal surfaces vs. model prediction
using the posterior distribution of model parameters (5, G). Error bars represent the standard deviation of

prediction based on Bayesian sampling.
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Supplementary Figure 10. Symmetry resolved projected molecular orbital density of states onto *OH from

DFT calculations (solid) and model prediction (dashed) using the Bayesian-learned posterior means of

model parameters. Metal d-states are also shown.
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Supplementary Figure 11. The adsorption energy of *CHO at the atop Bi site of M-doped Bi(001) surfaces

vs. the Bi p-band center of all states. The inset shows model structures of M-doped Bi(001).
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