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Figure

Figure S1: New molecules produced for different replacement strategies. For control (blue),
the training data is fixed. For random (red), molecules from the generator randomly replace
molecules in the training data. For synth (green), molecules from the generator only replace
training samples if they have a higher synthesizability score. A. As training progresses,
control stops producing a substantial number of new molecules, but random and synth
replacement strategies continue production. Plot shows average over three training runs for
each selection type. B. Although synth produces less overall new molecules than random, it
generates more top performers. Here, we define top performers as having a synthesizability
score above a threshold of 0.75, corresponding to the approximate mean value of optimized
molecules in previous work.1,2 Plot shows average over three runs for each selection type
with error bars showing one standard deviation.
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Figure S2: New molecules produced for different replacement strategies. For control (blue),
the training data is fixed. For random (red), molecules from the generator randomly replace
molecules in the training data. For sol (green), molecules from the generator only replace
training samples if they have a higher solubility score. A. As training progresses, control
stops producing a substantial number of new molecules, but random and sol replacement
strategies continue production. Plot shows average over three training runs for each selection
type. B. Although sol produces less overall new molecules than random, it generates more
top performers. Here, we define top performers as having a solubility score above a threshold
of 0.54, corresponding to the approximate mean value of optimized molecules in previous
work1,2. Plot shows average over three runs for each selection type with error bars showing
one standard deviation.
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Figure S3: New molecules produced for different replacement strategies with recombination.
For control+re (blue), the training data is fixed. For random+re (red), molecules from the
generator randomly replace molecules in the training data. For synth+re (green), molecules
from the generator only replace training samples if they have a higher synthesizability score.
A. Similar to the case without recombination, random and synth replacement strategies out-
perform control as training progresses. Plot shows average over three training runs for each
selection type. B. Although synth+re produces less overall new molecules than random+re,
it generates more top performers. Here, we define top performers as having a synthesizability
score above a threshold of 0.75, corresponding to the approximate mean value of optimized
molecules in previous work.1,2 Plot shows average over three runs for each selection type
with error bars showing one standard deviation.
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Figure S4: New molecules produced for different replacement strategies with recombination.
For control+re (blue), the training data is fixed. For random+re (red), molecules from the
generator randomly replace molecules in the training data. For sol+re (green), molecules
from the generator only replace training samples if they have a higher solubility score. A.
Similar to the case without recombination, random and sol replacement strategies outperform
control as training progresses. Plot shows average over three training runs for each selection
type. B. Although sol+re produces less overall new molecules than random+re, it generates
more top performers. Here, we define top performers as having a solubility score above a
threshold of 0.54, corresponding to the approximate mean value of optimized molecules in
previous work1,2. Plot shows average over three runs for each selection type with error bars
showing one standard deviation.
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Figure S5: Closest (as measured by fingerprint similarity shown in2) molecules in the original
training data to the 6 sample top performers shown in main text Figure 3. Quantitative
estimation of drug-likeness and synthesizability are shown below each molecule.
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Figure S6: Closest (as measured by fingerprint similarity shown in2) molecules in the original
training data to the 3 sample top performers shown in main text Figure 4C. Quantitative
estimation of drug-likeness and synthesizability are shown below each molecule.
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Figure S7: Histograms showing probability density for fraction of atom types in the molecules
produced during training. The dashed line shows the histogram for the original training data.
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Figure S8: Histograms showing probability density for number of atoms per molecule, rings
per molecule, and length of rings. The dashed line shows the histogram for the original
training data.
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Figure S9: Histograms showing probability density for number of rotatable bonds, polar
surface area, and Crippen LogP. The dashed line shows the histogram for the original training
data.
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Figure S10: Total molecules produced by control and drug+re strategies. In addition to
producing more molecules, the drug+re strategy produces molecules that are less similar to
the training set compared to the control strategy. Here, the minimum Tanimoto distance
(as computed in rdkit for Morgan fingerprints) is calculated for each produced molecule in
reference to the training set.

11



Figure S11: Histograms showing probability density for molecules produced during training
with different selection strategies. The dashed line shows the histogram for the original
training data.
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Tables

Table S1: Means and standard deviations for metrics in original training data.

Metric Mean Std

Drug-likeness 0.476 0.094

Number of Atoms 9.618 2.337

Fraction C 0.749 0.120

Fraction N 0.098 0.010

Fraction O 0.153 0.099

Fraction F 0.001 0.012

Ring Count 2.102 1.311

Ring Length 4.468 1.214

Rotatable Bonds 0.713 1.016

Polar Surface Area 34.77 19.62

Crippen LogP 0.443 1.138
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