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Abstract  Contrasting with online convex optimization algorithms designed for specific function
types, universal algorithms are able to automatically adapt to various loss functions. This capability
eliminates the need for users to correctly classify the type of loss function, thereby lowering the
barrier to employing online convex optimization techniques. Previous studies have proposed
algorithms that provide minimax optimal theoretical guarantees for several types of loss functions.
However, they struggle to attain tighter theoretical guarantees that are correlated with the
structure of the problem for general convex functions. To address this issue, we introduce the
Universal Online Convex Optimization Algorithm with Adaptivity to Gradient-Variation (UAGV).
This novel algorithm automatically adapts to both general convex and strongly convex loss functions.
Furthermore, under the smooth condition, UAGYV enjoys the gradient-variation bound for general
convex loss functions, which is a problem-dependent bound. The algorithm adopts a two-layered
structure, with a meta-algorithm in the upper layer and several expert-algorithms in the lower
layer. We innovatively adopt the meta-algorithm with an optimism term, which can be interpreted
as a prediction of the loss vector. When the optimism term closely matches the loss vector, the
meta-algorithm achieves small regret. Thus, we carefully design the surrogate loss function and

the optimism term according to the form of gradient-variation bound, enhancing the meta-algorithm’s
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ability of combining decisions generated by expert algorithms and helping to obtain the corresponding

theoretical guarantee. Experimental results from several datasets indicate that the UAGYV algorithm

can effectively track the best expert-algorithm, and its optimization results for smooth general convex

functions outperform those of existing universal algorithms. Specifically, the regret of UAGV is over

149 smaller than that of existing algorithms on certain datasets.
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Background

Utilizing machine learning techniques allows for data
analysis and the construction of associated mathematical
models. Nonetheless, employing traditional batch-based machine
learning methods for model training requires numerous
complete iterations over data and retraining upon every data
increment, posing challenges for rapidly evolving environ-
ments and settings of continuous learning. In response to
these challenges, researchers have put forth the concept of
online learning. This paradigm processes sequential data
input via iterative updates, thereby reducing the complexity
of updating models compared to its traditional counterparts.

Online convex optimization (OCO) represents an important
branch of online learning. Traditional OCO algorithms are
designed for specific convex function types and often require
prior knowledge about the function-related moduli, posing a

usage barrier. In contrast, universal OCO algorithms can
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automatically adapt to both the function type and moduli,
proving to be more user-friendly. At present, while existing
universal algorithms can achieve minimax optimal bound and

problem-dependent bound for both strongly-convex and
exponentially-concave functions, they fail to acquire problem-
dependent bound, such as gradient-variation bound, for
general convex functions. To remedy this issue, our paper
introduces  the

Algorithm with Adaptivity to Gradient-Variation (UAGV),

Universal Online Convex Optimization

which leverages a meta-algorithm to integrate the predictions
of individual expert algorithms. Through theoretical analysis.
UAGV provides a gradient-variation bound guarantee for
general convex functions under smooth condition and
automatically adapts to strongly convex functions.
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