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Goal ¢ Protein: P = [X", V"] Guide Training Objective

Generate ligand molecules that tightly bindto e Ligand: M = [XM VM] T

the protein pocket and possess acceptable e Number of atoms: Np / N NLL = —Epp My.p) Zlog(p% (yv|M,, P, t))
pharmacological properties. e Number of features: N; / Nk t=0

e 3D Coordinates: X7 € RV»*3 /| XM ¢ RVmx3 Yy

Algorithm Design e Atom Features: V7 € RV»*Vr | VM g RVmx Nk — 2

We introduce TAGMOL, decoupling molecular e Set of guided properties: Y _ ) -

generation and property prediction. The latter e Property Guide: SE(3) Invariant GNN ¢, to Guided Sampling

guides dlffus!on sampllng and qreate predict property y € Y Doy (Mu_i M, P,Y) = Zpg(My_i| M, P)
molecules with desired properties. e Generative backbone: Diffusion model 6
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e M;: Noisy molecule M at diffusion time step ¢
yeY

Rigorous empirical evaluation

Denoising XM~ N(fig(My, P, t) + 6, B)
TAGMOL outperforms SOTA by 22% in Vina VM (G (M, P, 1))
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EXPERIMENTS & RESULTS

Methods Vina Score () | Vina Min (|) | Vina Dock (|) | High Affinity (1) QED (1) SA (1) Hit(1)
Avg. Med. | Avg. Med. | Avg. Med. | Avg. Med. | Avg. Med. | Avg. Med. | Rate %
Reference -6.36 -646 | -6.71 -649 | -745 -7.26 - - 048 047 | 0.73 0.74 21
11GAN - - - - -6.33 -6.20 | 21.1% 11.1% | 0.39 0.39 | 0.59 0.57 13.2
AR -5.75 -564 | -6.18 -588 | -6.75 -6.62 | 37.9% 31.0% | 0.51 050 | 0.63 0.63 12.9
Pocket2Mol | -5.14 -470 | -6.42 -582 | -7.15 -6.79 | 484% 51.0% | 056 0.57 | 0.74 0.75 24.3
TargetDiff -547 -630 | -6.64 -683 | -780 -791 | 58.1% 59.1% | 048 048 | 0.58 0.58 20.5
DecompDiff | -4.85 -6.03 | -6.76 -7.09 | -848 -850 | 648% 78.6% | 044 041 | 0.59 0.59 24.9
TAGMOL -7.02 777 | 795 -807 | -859 -8.69 | 698% 764% | 0.55 0.56 | 0.56 0.56 27.7
 Dataset: CrossDocked2020[1] o S Aol
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Generative Backbone: TargetDiff [2]
Evaluation Metric: Hit rate (QED = 0.4,

. [2] Guan, J., Qian, W. W., Peng, X., Su, Y., Peng, J., & Ma, J. 3D Equivariant
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- Reference: AVUAY = | | .
05 — PocketMol: JSD(0.14) VinaScore = QED SA VinaScore QED SA VinaScore = QED SA
' TargetDiff: JSD(0.09) -6.79 0.76  0.81 768 | 074 065 775 | 083 0.82
DecompDiff: JSD(0.06)
04 —— Ours: JSD(0.09) A A oAl
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Z 0.3
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0.1
0-03 VinaScore QED SA  VinaScore QED SA | VinaScore QED  SA
Distance of all atom pairs (A) -4.11 068  0.89 559 085 0.68 709 086 0.80
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