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Motivating Example: Online Advertisement
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Motivating Example: Online Advertisement

« Select over d websites to place bids for advertisements x; = {x1, ..., 2%}, over T slots up to a budget of b

* You select your bid and then pay the a priori unknown pIXt
 Depends on: competitor fraud, website popularity change, customer behavior

* Long term budget constraint Z;F:l pixt < by

* Return profit is revealed after the decision r]x;
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T
maximize Z r:cr Xt
Target Online t=1

e e . T
Optimization subject to Zplxi; < b,

t=1
x¢ € X, Vte {1,...,T}

Cautious Regret Minimization: Online Optimization with Long-Term Budget Constraints, ICML 2019, Long Beach
N. Liakopoulos, A. Destounis, G. Paschos, T. Spyropoulos, P. Mertikopoulos




Prior Work
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Prior Work

T
maximize Z fr(x¢)
Online Convex Optimization with t=1

Long Term Adversarial Constraints T
subject to Z g¢(X¢)

t=1
x¢ € X, Vte{l,..,T}
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Prior Work

T
maximize Z fr(x¢)
t=1

Online Convex Optimization with

Long Term Adversarial Constraints T
subject to Z gt (X¢)
t=1

x¢ € X, Vte{l,..,T}

Paper Type | Bench. Regret Residual
Yuan et al. 2018 Fix. T OWT+ L) OKWVT)
Yu et al. 2017 Stoc. T OKT)* OKT)*
| | Neely & Yu 2017 | Adv. 1 OT)! OWT)t
Sun et al. 2017 | Adv. 1 O(/T) O(T3/%
| Mannor et al. 2009 | Adv. T Q(T) o(T)
Us Adv. | K |OWT+ED)ToWVT)

“No Regret” against the
weakest benchmark
Impossibility against the
strongest benchmark
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Cautious Online Lagrangian Descent
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Cautious Online Lagrangian Descent

K-Benchmark

T

2% € argmin th(x)

Z g-(x) <0, Vte{l,...,T—K—i—l}}
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Cautious Online Lagrangian Descent

K-Benchmark Achievable Bounds “Nolé"e_g%ei(:; ﬁg:):‘i“St
T
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t+K—-1 | k = 0.6
XKé{:cEX Z g-(x) <0, Vte{l,...,T—K+1}} =l k = 0.4
T=t 33 - 0.2
O _ [Yuanetal, Sunetal] Y
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COLD i
=11 [ Vi 1 (xe-1) + Q(t)g;—l(xtl)] [ Non-achievable l
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Impact of Guarantee
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Objective Prior Work Cautious Online Lagrangian Descent Performance Bounds
. . E-1
Provide an OCO franTework with -perfur- PanerTvoelBeneh Rearel Reoidual Algorithm T COLD TiE ~Z_ifos
mance guarantees against adversarial loss P! )tp . 5 T _ ktoé
and adversarial long-term constraints. [3] | Fix. T O(VT + ) O VT) tforte 1wl dovf‘r 1)1 0g 45 ) t;, - i z'f
M [Se| T | OWT)F |OWT) = X =Tyl — =] 3 Fom 34 .
T T = Q(E+1) =[Q(t) + &(x)]’ VT
. [2] |Adv.| 1 O(/T) O(T)
Overview +_end for
[5] |Adv. 1 of ﬁ} D{TSM) Non-achievable
" * V cautiousness, & strong convexity. .
e In this general setting prior work [1] has 1] |Adv| T (T) o(T) o TT is the euclidean projection r ﬁ T
, . e : Us [Adv| K [o(vT+ED)|o(v/7T) an projection. ) ! Ry(T)
L shown that “no regret” is impossible. v  Q(t) is the predictor queue. Figure 2:Achievable bounds for K = TE,k=0:1:02
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® We define a new benchmark for regret, the
K-Benchmark.

* We prove “no regret” and asymptotic feasi-
bility for any K = o(T).

Table 1: Comparison table of prior work handling long

term constraints. Legend: = Stochastic Slater, +:Slater.

o G(x) = gi-1(x-1) + &g (xe-1) (% —x-1)-

Achievable Tradeoffs

Main take-away Cases:

Setup Using our K-benchmark idea, we can characterize the regret performance of online Lagrangian descent e K=0(T), Ve (KT),a=max(T, Vﬁ}
— when faced with adversarial constraints (a case previously left open).
I We focus on the online problem Regret Residual
) O(KT/V +T) O(VVT)
° T Experiments
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Figure 1:Online ad placement. (a) Utility comparison 1-benchmark vs T henchmark (b) Relative excess loss of
K-benchmark to T-benchmark. (c)Constraint residual and (d) Utility performance of COLD for different values of V.
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