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Figure 3. ROC-AUC (%) scores and number of trainable

parameters of Pin-Tuning and full Fine-Tuning method on
the Tox21 dataset.
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(a) Vanilla MPP framework. (b) Existing FSMPP framework. (c) Our FSMPP framework. (d) Our Pin-Tuning method for PMEs.
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Figure 2. (a) The vanilla encoder-classifier framework for MPP. (b) The framework widely adopted by
existing FSMPP methods, containing a pre-trained molecular encoder and a context-aware property classifier. 11l. Representation visualization.
(c) Our proposed framework for FSMPP, in which we introduce a Pin-Tuning method to update the
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