
For many molecular properties, public and
private training sets are typically small, and it
is difficult for the models to generalize well
outside of the training data.
We propose to use a pre-trained foundation
model that can be fine-tuned for downstream
tasks.

Model
DeBERTa is a transformer architecture in
which attention weights include information
about a token’s content and its relative
position to other tokens.

Pre-training
• Self-supervised: Predict atom environments

(radius 2) from masked atoms (atom
environments radius 0)

• Supervised: Multi-task approach to learn
1310 tasks extracted from ChEMBL

Data
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1 Background

2 Method

Models were benchmarked using TDC ADMET group which comprises 22 different
tasks and maintains a leaderboard to compare different architectures / models. Fig 1
shows the general pre-training pipeline. Table 1 and 2 the results of different models.

3 Results

Pretraining Self-Supervised 
label

No Auxiliary Loss logP as Auxiliary 
Loss

FP as Auxiliary 
Loss

None -- 0 -- --
Only Supervised -- 3 -- --

Only Self-Supervised
AtomEnvs 6 4 3

FunctionalEnvs 3 5 4

Self-Supervised + 
Supervised

AtomEnvs 9 6 7
FunctionalEnvs 7 7 7

GuacaMol
~1.5 million molecules, no labels

used for Self-Supervised step

ChEMBL subset
456K molecules, labels on 1310 tasks

used for Supervised step

Therapeutic Data Commons (TDC)
22 task with ~100 - ~1000 molecules

used as benchmark

• Transformers can be pre-trained using
molecular graphs as input.

• New, powerful self-supervised approach for
training molecular graphs where we predict
atom environments of radius > 0.

• State-of-the-art performance on 9 of the 22
ADMET tasks included in the Therapeutic
Data Commons
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6 References

We report MolE, a foundation chemical model
that uses self-supervised and supervised pre-
training to learn from small datasets. MolE
uses a Transformer with disentangled
attention (DeBERTa) to predict chemical and
biological properties directly from molecular
graphs. We expect that larger and more
diverse datasets can only improve current
performance of the model.

5 Conclusions

Table 2. Comparison between the best models reported in the TDC leaderboard (as 
of September 2022) and fine-tuned MolE.

Table 1. Number of ADMET tasks in which fine-tuned MolE achieves SOTA 
performance according to the TDC leaderboard (as of September 2022)
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Fig 1. Pipeline  used to pre-train different models 
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