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i Table1. Experimental Metric Baseline SMH Spectral+SMOGN HiMol
B(y) results for the SERA | 0.83+0.90 0.55%0.35 0.69 + 0.58 0.71 £ 0.93
FreeSolv, ESOL, and  paE | 1.07+0.16 1.25+0.17  1.06+0.14 0.95 + 0.17
\ j \ Spectral Space _/1 . U/ T UL L0 T UL LJO T UL -7J L V.
\_ LIPO datasets, using
the SERA MAE RMSE | 1.67+033 1.81+0.30 1.59 + 0.32 1.46 + 0.41
RMSE, and R2 Rz 1 0.81+£0.07 0.77 £0.11 0.83 £ 0.06 0.85 + 0.08
Cﬂnst!‘alned evaluation metrics. ESOL [1]
Sampling ﬁjr_ Arrows signal the
Under‘epr?esentlﬂg direction for begt MEtriC Baseline SMH SpeCtra|+SMOGN HiMOI
Regions L\; - results, also noted in
* bold. SERA | 0.07 £ 0.03 0.08 + 0.03 0.06 + 0.02 0.08 £ 0.01
/'— \ MAE | 0.56 + 0.05 0.59 + 0.04 0.56 + 0.02 0.51 + 0.02
nverse Spectral il RMSE ! 0.73:0.07  0.77+0.05 0.73+0.04 0.70 + 0.02
Transformation m céj Rz 1 0.87 +0.03 0.86+0.02 0.88 +0.02 0.89 + 0.01
Lipo [1
SPECTRAL P [1]
N / Metric Baseline SMH Spectral+SMOGN HiMol
. SERA | 0.11£0.03 0.08 +0.01 0.09 £ 0.02 0.08 + 0.01
Conclusion MAE | 0.49+0.01 047+0.02  0.46 +0.01 0.42 £ 0.02
e SMH-generated graphs closely match the original in node and  RMSE { 0.66+0.01 064+002 0.62+0.03 0.57 £0.01
Rz 1 0.57+0.02 0.60 +0.03 0.62 £ 0.04 0.67 + 0.01

edge statistics, with only minor variations in density—confirming

structural validity of synthetic samples.
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