
Online Learning under
Adversarial Nonlinear Constraints

Georg Martius1,2 Michael Muehlebach1Pavel Kolev1

1 Max Planck Institute for Intelligent Systems, Tubingen, Germany
2 University of Tübingen, Tübingen, Germany



Online Gradient Descent

2

Zinkevich ICML’03

Hazan Found. Trends Optim. 2016

Time varying costs 

Time invariant (known) constraints

is feasible (projection)



Online Gradient Descent

3

Zinkevich ICML’03

Time varying costs 

Time varying (unknown) constraints

converges to feasible

This Work

Hazan Found. Trends Optim. 2016

Time varying costs 

Time invariant (known) constraints

is feasible (projection)



Applications (Time varying constraints)

Sun et al.  ICML’17                     adversarial contextual bandits

Chen et al.  IEEE-TSP’17            network resource allocation

Cao and Liu  IEEE-TC’19            logistic regression

Liu et al.  SIGMETRICS’22          job scheduling, ridge regression

Castiglioni el al. NeurIPS’22     repeated auctions (internet advertising)

4



Prior Work

Yu et al. NeurIPS’17; Sun et al. ICML’17; Chen et al. IEEE-TSP’17; 
Neely & Yu arXiv’17

Primal-Dual Methods
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Benchmark (Optimal Solution)

Online Iterates



Asymmetric comparison

Weaker

6

Prior Work

Primal-Dual Methods
Yu et al. NeurIPS’17; Sun et al. ICML’17; Chen et al. IEEE-TSP’17; 
Neely & Yu arXiv’17



This Work

7

Prior Work

Primal-Dual Methods
Yu et al. NeurIPS’17; Sun et al. ICML’17; Chen et al. IEEE-TSP’17; 
Neely & Yu arXiv’17



Our Problem Formulation

Assumptions:
* Standard Convexity & Compactness

* Time Varying Constraints
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where



Assumptions: Time Varying

Ensures

(1) Slowly Time Varying Constraints

(2) Geometric: feasible set                  cone intersection

Ensures
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Cone Intersection

10



Constraint Violation Velocity Projection
(CVV-Pro)
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CVV-Pro

Inspired by Muehlebach & Jordan JMLR’22 

Constrained Gradient Flow

Velocity Polyhedron
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local linear information
for all violated constraints



Main Result
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Summary (CVV-Pro)
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