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For i=1,2,...,n, yi = xiT@(l) T L* is unknown constant,
x’,“@(f) c R i i=m with L* < L
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|
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i.i.d.
~Y

Model: entries of x; "~ N(0,2), entries of B
Goal: infer changepoint locations (1)}, " from (x;,y:)7_,, and estimate signals ([3([)),%;1

Scaling regime: n,d — oo with n/d — fixed constant §
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AMP for Bayesian changepoint inference

T T rows rows
Signalis B = |3") ... B | " pz and define @ := XB " pg.
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Non-stationary regrets

Focus on switching regret:

-
R(T,S) = ul;rrg?i);(r)gs R(T,u1.7), where S(uy.7)=1+ Z Hu; # ur_q}

t=2
Example: u,
: |
+ + . ; t
0 2 4 6 8 T=10

Reduction to adaptive regret:

p,q€E[T] ucO
0<q—p<B

R(B,T)= max max» E[fi(x:) - fi(u)].

[HS09, DGSS15, AKCV16, JOWW17, Cut20, WZZ18, ZXZZ22, ZWT'21, ZLZ18, YWZZ24]
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Non-stationary regrets

Focus on switching regret:

-
RM™(T,S) = max R(T,ui.7), where S(ui.7) =1+ 1{u us_
(T.S) w2 (T,uwT) (u1.1) ; {ue # ue1}
Example: u,
: |
0 2 4 6 T =10
Reduction to adaptive regret:
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® Build on Online Convex Optimization (OCO)/‘full-information’ setting, i.e., observe f;(-) + &;
® Expert tracking methods: [HW98, LW94, CBFHT97, Vov98, FSSW97]
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Corollary. For known S, setting B = % yields
1.3
R(T.S) < VdSiTi  (GQ)
dvST (SO)
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Main results: Tilted-EW Average with Sleeping Experts (TEWA-SE)

@ Open directions: Towards minimax-optimal, efficient, parameter-free algorithms.
® Improve TEWA-SE through coin betting [JOWW17]?

® | everage second-order information like online Newton methods from [FvdHLM24, SSNH24]
that achieve state-of-the-art /T static regrets?
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Towards parameter-free guarantees (e.g., unknown 5)

* Bandit-over-Bandit wrapper to hedge unknown S yields suboptimal R*i(T,S) [LBZ+25]

® Links to coin betting:
® Coin-betting with KT potential yields optimal parameter-free R®i(T, S) for the
full-information case [JOWW17, OP16]

® TEWA-SE as a surrogate-based coin-betting scheme with the log-sum-exp potential
for bandit feedback. Wealth and meta-weights (bets) are

n
~ 0 log W, nie~Len
W, = et and = .
‘ Zn’ O—Ley) S me el
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