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EQGAT-diff
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ws(t) = min(0.05, max(1.5, SNR(%)))
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Table 1: Comparison of EQGAT-diff on QM9 and GEOM-Drugs trained with w,, or w,(t) loss-weighting. We report
the mean values over five runs of selected evaluation metrics with the margin of error for the 95% confidence level

given as subscripts. The best results are in bold.

QM9 GEOM-Drugs
Weighting | Mol. Stability ¥  Validity T Connect. Comp. T | Mol. Stability ¥  Validity T  Connect. Comp. 1
Wy, 97.394+0.23 97.99+0.20 99.70+0.03 87.9940.19 71.444¢.22 86.57+0.33

Wg (t) 98.68.10.11  98.96..07 99.94...03 91.6019.14 84.02.( 19 95.08.10.12




Table 2: Overall performance of EQGAT-diff on QM9 and GEOM-Drugs for discrete and continuous diffusion as well
as noise (¢€) and data learning (xg). Discrete or continuous diffusion is denoted as ’disc’ and ’cont’, respectively, given
as subscripts, e- and xg-parameterization as superscripts. We report mean values over five sampling runs with 95%
confidence intervals as subscripts. The best results are in bold.

Dataset QM9 GEOM-Drugs

Model EQGATG;,. EQGAT(,n, EQGATG. | EQGATy,. EQGATC,, EQGAT
Mol. Stab. T 98.6810,11 96.45:|:().17 96.18i0_16 91.60:t0.14 90.46;&0_09 85.19:}:0_72
Atom. Stab 1 99.9210.00 99.794.4.61 99.68+0.02 99.72+0.01 99.73+0.01 99.3240.04
Validity 1 98.9610.07 96.79+0.15 97.04+0.17 84.0210.19 80.96+0.38 79.131+0.58
Connect. Comp. 1 99.94_ o3 99.82410.05 99.714+0.03 95.08.0.12 93.304+0.21 94.10+0.48
Novelty 1 64.03+0.24 60.960.54 73.40+0 32 99.87 10.04 99.83_10.04 99.8210.0
Uniqueness T 100000i0.00 100.0:*:0_0() 100-00i0.00 100.0010,00 100.00:t0_00 100~00j:0.00
DiVCI’Sity T 91.7240.02 91.5140.03 91.890.03 89.00- 03 88.871+0.04 88.97+0.05
KL Divergence 1 91.36+0.29 91.41.10.54 88.97+0.31 87.17+0.34 87.35+0.35 87.70+0 58
Train Similarity \L 0.076;{;0_00 0.076:1:0.00 0.07510.00 0.113;};0,00 0.1 l4:+;0.00 0.1 14:}:0,00
AtomsTV [107%] ] 1.0+0.00 2.0+0.00 2.7+0.00 3.440.10 3.6+0.10 2.9+0.20
BondsTV [107%] | 1.240.00 1.840.00 1.240.00 2.4410.00 2.410.00 2.410.00
ValencyW; [1072] | 0.6+0.10 1.9+0.00 0.940.00 1.240.10 1.940.10 1.6+0.00
BondLenghtsW; [10™2] | 0.240.10 0.5+0.00 0.240.10 0.210.10 0.3+0.00 0.7+0.40
BOl’ldAl’lglCSWl J, 0.42:1:0,03 1.86:|:()_06 0-52i0.03 0.92:}:0,02 0.95i0_02 1-07:t0.06




Large-Scale Pre-Training: PubChem3D
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Large-Scale Pre-Training: PubChem3D
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Large-Scale Pre-Training: PubChem3D

Molecule stability
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Table 3: Comparison of EQGAT 4. models trained for 800 epochs on GEOM-Drugs. The superscripts ft” and ’af’
abbreviate fine-tuned and additional-features. The margin of error for the 95% confidence level is given as subscripts.
We also compare EDM and the current SOTA, MiDi. Training details for MiDi are given in Appendix The best
results are in bold.

Dataset GEOM-Drugs

Model EQGATZ), EQGAT;»/* EQGAT;:*/ EQGAT;>*//* | EDM MiDi
Mol. Stab. T 93.1 l:t0.31 93.92:}:0-13 94-51i0.18 95.01:{:0_37 40.3 89-7i0.60
Atom. Stab 1 99.7940.01 99.81.1 001 99.83.0.01 99.84_. (00 97.8 99.710.01
Validity 1 85.8610.33 88.04_. 17 87.8910.31 88.42 (.26 87.8 70.540.41
Connect. Comp T 96°32:t0.25 96-57:t0.18 96.36i0.25 96.71:t()_2() 414 88.76i0_55
Novelty 1 99.8210.05 99.84 (.02 99.8210.05 99.8210.03 | 100.00 100.00. o
Diversity T 89.03 (.03 89.05.1 .05 88.98_ .02 88.96.. .01 - -
KL Divergence 1 87.6610.31 87.584+0.56 88.38..0.25 87.6240.19 . z
Train Similarity | 0.114 9.0 0.113. 0.11419.0 0.11449 0 2 =
AtomsTV [10_2] i 3.0240.08 3.024+0.10 2.88.0.10 291010 2132 5.1140.19
BondsTV [1072] | 244 10,01 2.4010.00 2424000 2.400.00 4.8 2.44 1000
ValencyW1 [10_2] i 1.18i0,09 1.2010.00 0.8510.12 0.9010_10 28.5 2.48i0.52
BondLenghtsW; [1072] | 0.564+0.38 0.10-9.00 0.504+0.51 0.20+0.10 0.2 0.2+0.10
BondAnglesW1 \L 0.83i0_03 0-79:t0.02 0.653:0,()1 0.623:0_01 6.23 1.73:&0.32




State-of-the-Art
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Why 3D-based modelling?

Table 9: Classifier-guidance on EQGAT-diff to shift the reverse sampling towards low or high polarizability values.
We report the mean polarizability values of sampled molecules with standard deviations as subscripts.

Guidance Polarizability

Minimization 195.1944.9

Maximization 400.214+8.3
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Model Validity + Connect. Comp. © BondLengths W1 [1072] | BondAngles W1 |
EQGATZ. (w.,) 85.51+0.09 95.15+0.14 0.20+0.0 4.37 +0.20
EQGATZ). (ws(t))  89.62+0.08 97.65+0.11 0.12+0.0 2.1240.26
EQGATS?S’Z': (ws(t)) 95.6510.12 99.66+0.10 0.11100 1.5540.21
Model Vina (All) |  Vina (Top-10%) | QED 1 SA 1  Lipinski T Diversity 1
EQGAT >/ (w4 (t))  -7.42312.33 9.5714014 05224015 0.6974020  4.661072 07421007
TargetDiff -7.31842.47 -9.669.255 04831020 05841013 4.594:083 0.7184+0.00
DiffSBDD-cond -6.950+2.06 -9.12042.16 0.4691021 0.5781+0.13 4.56210.80 0.72810.07
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