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Abstract; Online pairwise learning is a machine learning model in which the loss functions depend on a
pair of instances. Generalization is an important aspect of online pairwise learning theory research. Most of
the existing works on online pairwise learning used adversarial loss functions and provided regret bounds on-
ly with convex loss functions. However, convexity was not typically applicable in practical scenarios. For
non-convex online pairwise learning, the regret bound of online pairwise learning with a " predictable" loss
function based on stability analysis was provided and the corresponding stability analysis was conducted.
Through the relationship between stability and regret, a common way to measure the generalization ability of
online pairwise learning, the regret bound was established with a " predictable" non-convex loss function.
It was proved that when the learner obtained an offline oracle, " predictable" non-convex generalized online

pairwise learning reached the regret bound of O (T ~*

). This study enriched the theoretical research on
non-convex online pairwise learning and was superior to the existing theoretical guarantees.
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