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Applications (Time varying constraints)

Sunetal. ICML17 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. NeurlPS’22 repeated auctions (internet advertising)
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Neely & Yu arXiv’'17
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Our Problem Formulation

T

T
N fi(z) — min Y fi(2*) subject to  gr(rr) > -
t=1

where  Cp ={z € R": gp(x) > 0}

Assumptions:

* Standard Convexity & Compactness

* Time Varying Constraints
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Assumptions: Time Varying

(1) Slowly Time Varying Constraints |[g:11 — g¢|leo < O(1/t)

C

Ensures QT(QZ‘T) > JT /

(2) Geometric: feasible set C; C Q; cone intersection

" Ensures Regret < O(V/T)



Cone Intersection

Cv € Qs forall ¥ > 2

Cr C Qs forall ¢ >3
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Constraint Violation Velocity Projection
(CVV-Pro)



CVV-Pro

initialize: o > 0, {n: = —~},. | o ;

fort =1to 7T do - —29:,5(Z:)
play z \
observe: fi(z),V fi(x¢) and {(g:(z¢), Vgi(zt)) bicr () il
solve velocity projection problem Vi@ Z’trt I
ve = argmin, ¢z v + V() |®
update ;.1 = x4 + N4 vy ; n

Inspired by Muehlebach & Jordan JMLR22

local linear information
N for all violated constraints
Constrained Gradient Flow &(t)" = =V f(x(t)) + R(t)

Velocity Polyhedron i {'u c R | [Vgi(zy)] v > —ag;(x;), Vi € I(:rt)}
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Main Result

Theorem 1. Given R, Lr,z1 € Bg

Let o = Lr/R, n: = 1/(av/t + 15). Then for all T > 1

(regret) >, fi(w) — mingrec,) Y, fi(z*) < 246LFrRVT;

(feasibility) g, (z:) > —265 [L—]g n 459} ' forall t € [T), i € [m];
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Summary (CVV-Pro)

1. Handles unknown & time-varying constraints
2. New type of Oracle

a) local information for all violated constraints
b) efficient projection of —V f;(x;) onto V,(x;)

c) Vu(x) is sparse linear velocity polyhedron
3. Guarantees:

a) optimal /T regret
b) zr converges to feasible set with rate 1/v/T

=R
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