Uncovering Neural Scaling Laws in Molecular Representation Learning
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Obs. 3. Pretrained models benefit from better initialization, but they
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demonstrate reduced data efficiency and could lead to negative transfer.
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Obs. 6. Data pruning methods from CV and NLP domains do not
significantly outperform random selection, which highlights the need for
developing data pruning strategies specifically tailored to molecular data.
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= The impact of pre-training
= Model capacity (parameter size)

= Unique data-oriented challenges in MRL: Obs.

2. Different modalities (featurizations) exhibit distinct learning

= Molecular data modalities (featurizations)
= QOut-Of-Distribution (OOD) generalizaiton abilities

= Data pruning for MRL:

= Strategies of sampling representative subsets
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behaviors in MRL. 2D graphs and fingerprints stand out as the most
efficient modalities for MRL.
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Uniform 1% 5% 10% 20% 30% 40% 60% 80%
Random 63.4:}:2.8 69.8+2.2 75.0+2.7 78.5+1.2 79.0+2.2 79.0+1.3 81.5+1.7 83.8+0.8
Herding 60.2+39 63.3+38 64.7+50 069.9454 71.8470 75.8+66 80.0+28 82.6+1.2
Entropy 67.9+2.2 71.1+3.7 74.2+16 76.2+1.2 77.0x2.0 79.2+18 81.4+1.0 83.241.4
Least COIlﬁdeIlCG 66.2+4.0 70.412.1 72.813.9 76.712.3 78.011.0 81.0+1.4 81.6+1.6 83.3+0.6
Forgetting 67.7412 752413 75.1+19 762417 80.0+18 79.8+16 82.8+10 83.T+14
GraNd 66.2+4.0 69.3+2.6 73.612.0 78.1i1.1 78.1:&1.6 78.611.0 82.3+0.8 83.2+1.4
k-means 63.8+4.8 64.4+3.4 65.7+1.8 68.1+1.6 71.5+1.4 72.5+3.5 79.2+0.5 82.3+2.2

Imbalanced 1% 5% 10% 20% 30% 40% 60% 80%
Random 66.6+1.7 68.6+3.1 69.9+3.7 70.911.4 70.714.1 72.1i3.0 74.111.1 74.411.1
Herding 57.1430 63.0x3s 64.9436 6581590 67.3+6.0 72.6+1.8 73.3+2.2 73.7+0.6
Entropy 67.7+75 T1.Dx2s 70.1x11  71.2420  73.2123 T1.7+26 T4.7+13 T74.8+10
Least Conﬁdence 66.8+5.2 71.4+1.0 71.3+2.6 71.842.7 69.5+2.8 73.7+3.4 73.4+2.6 73.8+1.8
Forgetting 66.1+31  69.7T15s  70.2436 T71.91190 71.6418 714120 73.9414 742125
GraNd 62.714.5 71.0:&2.6 69.2+3.6 73.111.9 70.013.4 72.913.0 74.4i1.8 75.9i1.2
k-means 67.9+1.8 65.4i3.2 65.0+1.9 67.1+43 69.1+4.0 68.5+4.3 72.8+1.2 4.4+ .7
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