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Balancing the Dual Effect

. each control directs preemptive sensing max g(a; t);

- each control affects the perception of uncertainty 7; via traffic synchronization maxf(at; st)

mﬂa:xf( m;St) stog(m ;) > B.
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Correlated Lagrangian for Multi-Agent Constrained Online Learning

min —f(’]Tt;St) st h(’/Tt;?t) éﬂ—g(’ﬁt;?t) <0, te {1,2,,7-}
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Correlated Lagrangian for Multi-Agent Constrained Online Learning

min —f(’]Tt;St) st h(’/Tt;?t) éﬂ—g(’ﬁt;?t) <0, te {1,2,,7-}

Online Learning

Time-varying objectives and constraints without prior information: find m; < Alg(m1.t—1, 01:t—1)

s maxpen Yoo f(mi st) — S f(mei se) ~ o(T), (g h(me; 7e) ~ o(T).
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Correlated Lagrangian for Multi-Agent Constrained Online Learning

min —]c(’]Tt;St) st h(’th;?t) éﬂ—g(’ﬁt;?’[) <0, te {1,2,,T}

Online Learning

Time-varying objectives and constraints without prior information: find m; < Alg(m1.t—1, 01:t—1)

s maxpen Yoo f(mi st) — S f(mei se) ~ o(T), (g h(me; 7e) ~ o(T).

Lagrangian Multiplier and Primal-Dual

KKT condition and saddle point: min;en maxyer, £(m, A; St, 7t) & —f(m; s¢) + Ah(m; ).

Tt = Projn[m = ’ytvﬂ-ﬁ(ﬂ't, /\t; St, ?t)], )\t+1 = Pt’OjRJr [)\[ TP 'YIVAL(ﬂ'tv )\t; St, ?t)]
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Correlated Lagrangian for Multi-Agent Constrained Online Learning

min —]c(’]Tt;St) st h(’th;?t) éﬁ—g(m;?}) <0, te {1,2,,T}

Online Learning

Time-varying objectives and constraints without prior information: find m; < Alg(m1.t—1, 01:t—1)

s maxpen Yoo f(mi st) — S f(mei se) ~ o(T), (g h(me; 7e) ~ o(T).

Lagrangian Multiplier and Primal-Dual

KKT condition and saddle point: min;en maxyer, £(m, A; St, 7t) & —f(m; s¢) + Ah(m; ).

71 = Projp[me — %V L(mt, AtiSt, T)l, Aepr = Projg, [Me + %V aL(me, Ati st )]

Correlated Lagrangian Multiplier in Multi-Agent Learning

NYC (with over 15,000 cameras) calls for

min max L/(x, L PN s, ) 2 —f(r, i =g )+>\ih(7rf,7rfi;?t).
wien Xery
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Takeaway Message

Learning

-
T T

min —f(x}, 77;s)) st h(xl,w %) <0, te{1,2,...,T}
i !

min  max Li(ﬂi, 7rt7i, e S, Tt) = 7f(7ri, ﬂfi; St) + /\[h(7ri, w3 Tt)
wlel MNeRy

Tipq = Projp[m — VL], Aiyq = Projg, [A + 1t VAL].

Online constraints balance the directing and
probing effect;
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min —f(x}, 77;s)) st h(xl,miH) <0, te{1,2,...,T}
i [

-
T T

min  max Li(ﬂi, 7rt7i, N s, 7) & 7f(7ri, ﬂ;i;St) + A[h(ﬂi,ﬂfi;?[).
wlel MNeRy

7 = Projnlm — wViL], My = Projg, [\ + % VaL].

- Online constraints balance the directing and
probing effect;

+ XAdaptive control [Heirung-Ydstie-Foss, Automatica'17];
XBandit learning with partial monitoring
[Perchet-Quincampoix, Math. Oper. Res!15];
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