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Genetic-guided GFlowNets
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Experimental Results (2)

a. SMILES generation with policy Results of 23 oracles in the PMO benchmark

b. Graph-based genetic search

ular optimization by distilling a powerful genetic algorithm CHO- O fl <) @ ) — VT
. . . . « o CC=Cclccc(CINH2+] -+ - — L -
into deep generative policy using GFlowNets training. AN e M St o Do 1D ©Oursy ~ MOIGALIOL  penvENT[3)  CEOL LTI
ETE T o , (v Offspring #1 0949 +0.010 0928 0015 0.881 £0.016 0.842 +0.019
- ! Population Crossover & Mutation , _
Key ideas Policy g i | J #2 0.761 +0.019 0.740 4+ 0.055 0.644 + 0.019 0.626 4+ 0.018
L( N * i _ . ~ #3 0.802 +£0.029 0.629 £0.062  0.717 £0.027  0.699 + 0.041
B A factorized strine-based ’ i GFlowNet Training}— ) D TETENE G ] #4  0.7334+0.109 0.656 +£0.013  0.662 +0.044  0.656 + 0.039
actorized string-based generative policy #5  0.974 £0.006 0.950 £0.004 0.957 £0.007  0.898 + 0.015
. : : . : #6  0.856 £0.039 0.8354+0.012 0.781 £0.013  0.769 + 0.009
m Exploration with graph-based genetic algorithm for molecular design Step 1: F.aC.tONZEd St"“g'b’c_1§9d generative BONCV and unsupervised pre- 47 0881 +0042 0.894+0025 0885 +0031 0816+ 0027
training. The probability mo(x) = [[,_; mo(x¢|x1, ..., Xt—1), where #8 0969 £0.003 0926+£0014 0.942+£0012  0.930 & 0.011
B Employ generative flow networks (GFlowNets) for off-policy training X1, ..., X, are characters of SMILES representation of x. The policy is ﬁ?o g&;gz + 0.007 3322 + 0.005 8%5 + 0.030 82(;(83 + 0.007
. L . _ 76440069 0.8354+0.040 0.78240.029  0.580 =+ 0.086
pretrained on existing chemical datasets Dypre: #11 0379 +0.010 032940006 0363 +0011  0.338 +0.016
B k d n #12  0.294 +£0.007 0.284 +0.035 0.281 £+ 0.002 0.274 4 0.007
ACKgroun Lore(x) = — Z log o (Xe| X1, v s Xe—1). (2) #13 0708 £0.057 0.762 £0.048  0.634 £0.042  0.599 £ 0.035
P — o #14  0.860 +0.008 0.853 +£0.005  0.834 +0.010  0.832 4 0.005
. . e . = #15  0.5954+0.014 0.610 +0.038  0.535 £0.015  0.537 £ 0.015
Sample-efficient Molecular Optimization Step 2: Fine-tune the policy with genetic search #16 094240000 0941 +0001  0.941 £0.000  0.941 +0.001
. B #17  0.819 £0.018 0.830 + 0.010 0.770 £ 0.005 0.730 £ 0.011
B De novo molecular design: generate a new molecule from scratch | | #18  0.6154+0.100 0568 +0017 0551 +0.024  0.531 + 0.010
with the desired property a. Generates SMILES using the policy mg(x) and evaluate #19  0.634 £0.039 0.677 £0.055 0.470 £0.041  0.402 + 0.024
b Select a bobulation from the buffer based on the reward and #0  0.583 +0.034 0.544 +£0.067 0.544 £0.026  0.515 -+ 0.028
B Evaluating chemical or biological properties of a molecule is expen- ' popufa . #21  0.511 £0.054  0.487+£0.024  0.458 £0.018  0.420 +0.031
sive (a black-box oracle function f) generate offspring (graph-based crossover & mutation) #22  0.135+0271  0.000 £0.000  0.182+0.363  0.119 +0.238
v X u , S #23  0.5524+0.033 0.514 £0.033  0.533 £0.009  0.492 + 0.021
c. Train the policy with a GFlowNet loss (+ KL penalty)
Sum 16.213 15.686 15.185 14.354

B Combinatorially vast space with limited oracle budget (< 10K)

L = L1g(7;0) + aKL(m(x)||mpre (X)), (3)

Genetic algorithms for molecule design Comparisons with GFlowNets variants

where R(x) = e~ #(x),

(a) Average and standard deviation of AUC scores (1) (b) Search distances (1)

B GAs often outperform recent deep learning methods
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2. Generate offspring: A child is generated by crossover and mu-
tation designed with expertise.
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Designing SARS-CoV-2 Inhibitors

3. Select a new population and go bact to 2. 0s- //,/_
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Goal: maximizing the binding affinity to the target protein + QED (Quanti-
tative Estimate of Drug-likeness) and SA (Synthetic Accessibility)
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B Sample a discrete compositional object x € A" proportional to its
reward, i.e., p(x) o R(x)

Table 5: Average Top-100 scores (7). Ours
outperforms baselines with 10 times fewer
steps. The bold denotes the best scores.
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Score: 0.917
(docking: -12.0, QED: 0.859, SA: 3.376)

Score: 0.903
(docking: -12.7, QED: 0.383, SA: 2.720)

Score: 0.909
(docking: -12.6, QED: ©.412, SA: 2.251)

B The forward policy Pr generates state transitions sequentially
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