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Comparison to Existing Work

Submodular Maximization over Matroids Main Contributions
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CONNS.N _ Case of Weighted Threshold Potentials Extensions
@) Influence  (b) Data Facmtv d) Sensor Case of General Set Functions
Maximization  Summarization Locahon Placement = The class of WTP functions satisfies the sandwich Dynamic Setting

= WWe can reduce any OSM problem to an OCO problem,
when the reward functions satisfy a specific property.

property under appropriate randomized rounding and

concave relaxation schemes. In the dynamic setting, the decision maker compares its perfor-

mance to the best sequence of decisions (y7).eir) With a path
length regularity condition. We show that RAOCO equipped
with a modified OMA policy has sublinear dynamic a-regret.

Online Learning and OCO
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A threshold potential is defined as:

Uy w.5(X) = min {b, > jes a:jwj} , forx € {0,1}",

where b € RsgU{oo} is a threshold, S C V, and w = (w;)jes €
0, )1l is a weight vector. The class of weighted threshold po-

Assumption: Sandwich Property

There existsan a € (0, 1], an L € R+, and a randomized round-
ing = : YV — X such that, forevery f : X — Ry € F there
exists a L-Lipschitz concave function f : Y — R s.t.
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Policy History f(X) > f(X), forall x € X, and tentials (WTP) contains functions of the form: 300 | — 3001 | £  0GA  — TabularGreedy
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= Adversary picks reward
function f; : X — R from
class F

= Decision maker accrues
reward f;(x;)

only 0GA, OMA, and FSF* show
robustness

T "y = : C e similar performance in the
F;\ai_noia'\ R N influence maximization [Kempe et al., 2003] stationary setting and are able to

= facility location [Krause and Golovin, 2014, Frieze, 1974 match the performance of the
= cache networks [loannidis and Yeh, 2014] static optimum.

= similarity caching [Si Salem et al., 2022]

= demand forecasting [Ito and Fujimaki, 2016]
= team formation |[Li et al., 2018]
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= Online policy:
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Optimistic Setting

RAOCO for General Set Functions

We define the regret at horizon T as:
o {5, o) — B [ 1, )]}
(o eF? © X4

In OCO, X is a compact convex set and F is a set of concave
functions. Several online policies (e.g., OGA, OMA, and FTRL)

In the optimistic setting, the decision maker has access to a pre-
dictor function 41 : [0, 1]" — Rxg, before committing to a de-
cision x;,1 at timeslot t € [T]. We show that RAOCO equipped
with a modified Optimistic OMA policy has sublinear a-regret.

regretp(Py) =

I this property holds, we can convert any OCO policy Py op-
erating over Y = conv (X) to a Randomized-rounding Aug-
mented OCO (RAOCO) policy, denoted by Py, operating over

Concave Relaxation

The relaxation of any WTP function f is itself: fory € Y =

attain O(V/T) regret when functions in F are L-Lipschitz. X. The RAOCO policy amounts to (a) running Py over the con- conv (X):
cave relaxations f;(-), and (b) rounding the decision via =. For- \ — 400
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(fm&FT - =1 L= Relation to Sandwich Property (a) Optimistic Learning: When the  (b) Meta Policies: The meta-policy

a-regrety (Py) < a - regret (Py) .
Hence, OCO policies such as OGA, OMA, and FTRL combined with

can learn the best configuration of
0GA without tuning the learning

predictions are accurate

We seek policies that attain a sublinear (i.e., o(T)) regret. Intu- Optimistic OGA is able to exploit

= Concave relaxations in (1) satisfy the sandwich property

itively, we compare the performance of the p.o||cy ’PX vv.r..t. the RAOCO vield O(\/T) a-regret. with a = 1 —1/e: these predictions to match the rate.
best poly-time(n) a-approximation of the static offline optimum, performance of the dynamic
in hi ' : : ~ optimum.
in hindsight. Consider the concave relaxations f constructed from WTP
Numerical Results functions f € F via Eq. (1). Then, if these concave relaxations
T T — —— — are uniformly Lipschitz with constant L > 0, the set F satisfies Bandit Setting
Sataceis abularutecty andon the sandwich property with o = 1 —1/e, for any any negatively
[* |t |Fy/F* std.dev. | n |Fy/F* std.dev. | n | v | Fy/F* std.dev. | n | ~ |Fy/F* std.dev. | n ¢, Fy/F* std. dev. correlated rounding=: Y — X. Iﬂ the blanddltvf/ethng, fnlytthe rsvvahtfd vatlueojégctz)(bugnot \];i/(-))
& Constr. is revealed. We construct a reduction to ased on Wan
= 33 | 0.902 1.85 x 1072 0.965 6.02 x 1073 0.839 15.02 x 10~* 0.833 18.12 x 10~° 0.642 3.03 x 1072 Negatively-Correlated Rounding et al. [2023], for general monotone submodular rewards but
O —2 -3 -3 -3 —2 . o o . . .. .
Q5 99 | 0.945 |7.70 x 1073 0.982 5.28 x 1073 0.933 [4.17 x 1073 0.931 |1.47 x 1073 0.622 |1.91 x 1072 sublinear a-regret
N é 33 | 0.994 2.52 x 10_5’L 0.997 [6.95 x IO_iI 0.985 |5.65 % 10‘? 0.953 |4.88 x 10‘? = A negatively-correlated randomized rounding can always ' . Bandits
£ 108 66| 099 875x1071 8 0.994 348 x 101 10 | 0.1 X 0.987 [2.93x 1073 10 | 1 | 0.950 |2.87 x 10~ be constructed if X is a matroid: L —1/c)regret (Bandit) ,
5 09 | 0.993 9.66 x 10F | 0.997 3.37 x 10 0.995 2.70 x 1073 0.953 | 1.77 x 1073 | Paper Prob-Llass) _Statie _____ Dvnamic]  Opfimistic  Time
= 50 | 0.845 1.61 x 1072 0.853 2.46 x 107* 0.703 16.03 x 1072 0.694 |3.44 x 1072 0.632 12.99 x 1072 : : . Kakade et al. [2007] | LWD 3T X X TO,
@2 0.171/100] 0.865 1.13x 102 4 | 0.906 1.25x 102 10 | 0.01 | 0.776 | 1.28 x 102/ 75 0.0 | 0.768 |2.87 x 102160 1 0.615 |2.32 x 10’ (Chekuri et al. [2010, Theorem 1.1]) Given a matroid & C Niazadeh etal. 2021]|  GS |raflogim)Tf] X | X | X x r'o,
s s 149 088 7.07x10° | 0925 9.09x 107 0.807 | 1.52 x 102 0.805 | 2.48 x 102 0.620 2.36 x 102 {0,1}", lety € conv (X) and = be either swap rounding or ran- Streeteret . (0091 | G5 | logfrine)tY | X | X X nly
g 5 50 | 0.826 1.35 x 1072 0.861 |1.82 x 1072 0.720 [2.28 x 1072 0.620 |6.08 x 1072 domized pipage rounding. Then, = is negatively correlated. | - NPT
= £ 0.171100] 0.854 6.73x 107 3 | 0.908 9.42 % 10% 10 |0.001 X 0.786 |1.27 x 102/160| 1| 0.619 |4.70 x 10°° This work Gs | artpterit x| e WY Lot 8T
5 149 0.88 [2.40 x 107° 0.927 6.34 x 1073 0.818 | 1.3 x 1072 0.625 11.10 x 1072
Q.
= 08 | 0.749 3.21 x 1072 0.792 |2.60 x 1072 0.681 [8.41 x 1072 0.60 |1.11 x 102 0.748 |5.26 x 1072 RAOCO for WTPs
g 2 0407 196 0.786 3.82x 10 2 0.5 0.781 [1.36x 1072 1.0 0.05 | 0.713 |7.44 x 102/ 1.0/0.001 0.676 1.03x 1072160 1| 0.7 [4.76x 10
J| 5 293 0.846 [3.98 x 1072 0.866 | 1.02 x 1072 0.756 |6.42 x 1072 0.769 |1.65 x 1072 0.711 [3.11 x 1072 Theorem 2: Let X C {0,1}" be a matroid, and F be a subset
§| 2 oo lio6 052 o a2a 107105 0908 otx 10T 10 0001 < a0 o077 160| 8 OB T2 10 of the WIP class for which the concave relaxations are uniformly Acknowledgements
= B U ' 12 x 071001 0. s 107 ' ' I8 x U ' et Lipschitz continuous. Then, the RAOCO polic defined usin
T 293 0.926 12.34 x 1072 0.948 13.13 x 107° 0.964 2.01 x 10~* 0.874 12.84 x 1077 P i ' y N 4 pi pd' I/PXH I bli S
£ 33 0984 |7.05x107° | 0.987 4.03 x 1077 0.845 [4.73 x 10~ 0.844 |2.21 x 1077 0.605 |3.13 x 1072 SWap founding or randomized pipdge rounding ds =, d subiinear W tefull knowled ,
. L . e gratefully acknowledge -
w2200 66 0.994 387 x 107 4| 0.994 283 x 107 /0.05 0.1 | 0.868 [2.014x 102/ 1 0 | 0886 |1.88x 102 1 2| 0.603 2.0 x 102 OCO policy Py, and concave relaxations in (1) has sublinear a- cUonort from the NSE orante
o S 99 0.995 201 x107° | 0.998 2.55 x 107 0.869 |2.95 x 102 0.902 | 2.28 x 102 0.612 118 x 102 rearet with a = 1 — 1/e. PP &
= 3ret 1750539, 2112471, 1813406
g & 33 | 0.98 [3.48 x 1077 0.983 2.33 x 10" 0.834 14.01 x 10~ 0.611 [9.15 x 10~ ’ ’ ’
QLB 400 166 | 0.990 [1.75x 1073 3 1 0.991 [1.18 x 1073 0.1 0.001 X 0.852 [2.04x 1072 1 | 1| 0.607 |5.44 x 1073 and 19208510.
T 99 | 0.993 |1.11 x 1077 0.994 7.75 x 107" 0.857 |1.36 x 1072 0.601 |7.71 x 1073

The 38" Annual AAAI Conference on Artificial Intelligence, February 20-27, 2024 | Vancouver, Canada.

{sisalem, gozcan, icannidisl@ece.neu.edu, {nikolaou, evimarial@bu.edu


mailto:sisalem@ece.neu.edu, gozcan@ece.neu.edu, nikolaou@bu.edu, evimaria@bu.edu, ioannidis@ece.neu.edu

