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Abstract (B &)

Recently, research on drug development using artificial intelligence is actively underway.
Representatively, many deep-learning-based studies have already been successfully
carried out in the field of drug discovery and drug repositioning, and remarkable
achievements are being produced. Deep learning research in these fields has been
independently proceeded by developing drug sequence generation models and DTI
(Drug-Target Interaction) prediction models, respectively. However, existing studies have
a limitation in that they overlooked the similarity of the learning structure between the
two fields thus not considering their possible synergies. This study proposes a learning
framework based on the generative model using Sequence-to-Sequence and predictive
model using multi-layer perceptron that simultaneously generates a sequence and
predicts DTI maximizing the synergy. With this learning framework, we can handle drug
discovery and repositioning together, and we have improved performance in individual

tasks based on multi-modal end-to-end learning.
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