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High-dimensional changepoint inference

For i = 1, 2, . . . , n,

x i ,ω
(ω) → Rd

yi = x→
i
ω(1) + ωi

yi = x→
i
ω(2) + ωi

i = ε1

i = εL→↑1

L→ is unknown constant,

with L→ < L

ε := [ε1, . . . , εL→↑1],

with εω+1 ↑ εω ↓ n

Model: entries of x i

i.i.d.↔ N (0, 1
n
), entries of ω(ω) i.i.d.↔ pε̄

Goal: infer changepoint locations (εω)
L
→↑1

ω=1 from (x i , yi )ni=1, and estimate signals (ω(ω))L
→

ω=1

Scaling regime: n, d ↗ ↘ with n/d ↗ fixed constant ϑ
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For d ≃ n,

ω̂1, . . . , ω̂L→↑1 = argmin
ω̃1↓ω̃2↓···↓ω̃L→↑1

L→∑

ε=1

min
ω̃↔Rd

ω̃ω∑

i=ω̃ω↑1+1

(
yi ↑ x→

i
ω̃
)2

︸ ︷︷ ︸
search through

di”erent partitioning

︸ ︷︷ ︸
Residual Sum of Squares

[Bai97, BP98, Jul01]

For d ↓ n,

Existing estimation methods:

• For sparse pε̄ : partition + penalized
maximum likelihood [LB16, RWW+21, BS23]

• For sparse-di”erence pε̄ : complementary
sketching [GW22]

• For non-sparse pε̄ : [CKL25, LQZL26]

Our proposed inference method:
Based on Approximate Message Passing
[DMM09, BM11, BMN20, FVRS22, GB23]

! Allow general pε̄ ; credible sets with
precise asymptotic characterization

" No minimax optimal localization error
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Aside: AMP for sparse linear regression

y = Xω + ϑ
entries of X i.i.d.↔ N (0, 1

n
)

entries of ω
i.i.d.↔ pε̄

modified residual: r t = y ↑ Xωt + btr t↑1

signal estimate: ωt+1 = f soft
thres

(
ωt + X↓r t ; ϖt

)

debias term

entries of ωt + X↓r t ↑ ω ⇐ N
(
0,ϱt

)
as n, d ↗ ↘

t

ϱt

deterministic
scalar recursion
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AMP for Bayesian changepoint inference

Signal is B =




⇒ ⇒

ω(1) · · · ω(L)

⇑ ⇑




rows
i.i.d.↔ pB̄ and define ” := XB

rows
i.i.d.↔ p”̄.

”t = XB̂t ↑ Rt↑1F↓
t

Rt = gt
(
”t , y

)
Bt+1 = X↓Rt ↑ B̂tC↓

t

B̂t = ft(Bt)

produce signal estimate B̂tproduce residual Rt ,
infer changepoints

= E
[
B̄ | B̄ϖB,t + GB,t = Bt

]

Bayes-optimal

gt uses prior info
about change-
points ω → pω̄

Theorem (informal) [ALGV25].

rows of Bt ↑ BϖB,t ⇐ GB,t GB,t ↔ N (0,ϱB,t)

rows of ”t ↑”ϖ”,t ⇐ G”,t G”,t ↔ N (0,ϱ”,t)
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Proposition (informal) [ALGV25].

p
(
ε | ”t , y

) P⇓ p
(
ε | ”̄ϖ”,t + G”,t , ȳ(”̄, ε̄, ω̄)

)
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Simulations

(a) Changepoint posterior vs. age. (b) Regression vectors. (c) Ordered regression vectors.

Figure: AMP applied to a Myocardial Infarction dataset from [GSR+20].
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Simulations

(a) Comparison with DPDU, DCDP and DP for
sparse prior pB̄ = 0.5N (0, ωI ) + 0.5ω0.

(b) Comparison with charcoal and McScan for a
sparse-di#erence prior with sparsity level 0.5.

Figure: Linear model, L→ = L = 3.
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Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Part I

Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Select action x t ,
observe ft(x t) + εt

Select action x t ,
observe ft(·) + εt

10 / 23



Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Part I

Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Select action x t ,
observe ft(x t) + εt

Select action x t ,
observe ft(·) + εt

10 / 23



Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Part I

Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Part II

Select action x t ,
observe ft(x t) + εt

Select action x t ,
observe ft(·) + εt

10 / 23



Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Part I

Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Part II

Select action x t ,
observe ft(x t) + εt

Select action x t ,
observe ft(·) + εt

10 / 23



Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Part I

Interactivity

Statistical
aim

O!ine Online &
passive

Online &
interactive

Performance
guarantee

Estimation

Inference

High-dimensional
changepoint
localization
[ALGV25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Non-stationary
Bandit Convex

Optimization (BCO)

[LBZ+25]

Part II

Online Convex
Optimization (OCO)/

‘full-information’

Select action x t ,
observe ft(x t) + εt

Select action x t ,
observe ft(·) + εt

10 / 23



Bandit Convex Optimization (BCO)

• Adversary fixes convex loss functions f1, f2, . . . , fT : Rd ↗ R
• For t ⇔ 1, learner

• Selects action x t from continuous arm set # ↖ Rd

• Incurs loss ft(x t), observes bandit feedback

ft(x t) + ωt

• Regret against comparators u1:T = {u1, . . . ,uT} chosen by adversary:

R(T ,u1:T ) := E
[

T∑

t=1

ft(x t)↑
T∑

t=1

ft(ut)



• Static regret:

max
u1:T :u1=···=uT

R(T ,u1:T ) = E
[

T∑

t=1

ft(x t)↑min
u↔”

T∑

t=1

ft(u)



• Non-stationary regrets?
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Non-stationary regrets

Focus on switching regret:

Rswi(T , S) = max
u1:T :S(u1:T )↗S

R(T ,u1:T ), where S(u1:T ) := 1 +
T∑

t=2

1{ut ↙= ut↑1}

Example:

t

ut

0 2 4 6 8 T = 10

Reduction to adaptive regret:

Rada(B,T ) = max
p,q↔[T ]

0<q↑p↗B

max
u↔”

q∑

t=p

E[ft(x t)↑ ft(u)] .

[HS09, DGSS15, AKCV16, JOWW17, Cut20, WZZ18, ZXZZ22, ZWT+21, ZLZ18, YWZZ24]
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Main results

Algorithm
clipped Exploration by
Optimization (cExO)

Tilted-EW Average with
Sleeping Experts (TEWA-SE)

General convex (GC)
d

5
2
↑
ST

↑
d S

1
4T

3
4

Strongly convex (SC) d
↑
ST

Features

• Conceptual design
• Minimax-optimal in S ,T
• Not poly-time computable

• Instantiates design principles
• Adaptive to curvature ϑ
• Poly-time

Underline: minimax-optimal rates [LBZ+25].
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Sleeping experts (full-information)

for t = 1, 2, . . . ,T do
Let {E1, . . . ,Ent} be the active experts at t with Ei ↓ Ei (Ii ).

for i = 1, 2, . . . , nt do
Expert Ei outputs action x t,Ii

end for

Play meta-action using exponential-weights (EW):

x t =
nt∑

i=1

e↑Lt↑1,Ii

∑
nt

j=1 e
↑Lt↑1,Ij

x t,Ii

Observe entire loss function ft(·)
for i = 1, 2, . . . , nt do

Send ft(·) to Ei

Increment cumulative loss Lt,Ii = Lt↑1,Ii + ft(x t,Ii )
end for

end for

For any covering interval I ,
∑

t↓I

(
ft(x t)↔ ft(u)

)
=

∑

t↓I

(
ft(x t)↔ ft(x t,I )

)

︸ ︷︷ ︸
meta-regret

+
∑

t↓I

(
ft(x t,I )↔ ft(u)

)

︸ ︷︷ ︸
expert-regret

=↗ Rada(B,T ) ↭
{↑

B (GC)
1
ε log B (SC)

.

[DGSS15, JOWW17, ZYZ+18]
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From full-information to bandit feedback

[FKM05, Kle04]
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• E[g
t
|x̃ t ] = ↘f̂t(x̃ t) where f̂t(·) is a

smoothed version of ft(·), also convex

• Bias = E[f̂t(u)↔ ft(u)] ↭ h,
Variance-proxy ≃g

t
≃ ⇐ G ⇒ d/h

How to design ϖt(·) using g
t
?
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end for

end for

• E[g
t
|x̃ t ] = ↘f̂t(x̃ t) where f̂t(·) is a

smoothed version of ft(·), also convex

• Bias = E[f̂t(u)↔ ft(u)] ↭ h,
Variance-proxy ≃g

t
≃ ⇐ G ⇒ d/h

How to design ϖt(·) using g
t
?

[FKM05, Kle04]
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Designing surrogate loss εt(·)
• Linear loss ςt(x) = ↑g↓

t (x̃ t ↑ x)

↫ Rada(B,T ) ↭
∝
B in OCO [WZZ18]

↫ expert-regret for EI ↭


|I | ′ Rada(B,T ) ↭ B in BCO

• Inspired by [CV09, vEKvdH21, WLZ20, ZWT+21], propose quadratic surrogate loss

ςϑt (x) = ↑εg↓
t (x̃ t ↑ x) + ε2G 2∞x̃ t ↑ x∞2, ∈x → Rd
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! Open directions: Towards minimax-optimal, e%cient, parameter-free algorithms.

• Improve TEWA-SE through coin betting [JOWW17]?

• Leverage 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 S)

• Bandit-over-Bandit wrapper to hedge unknown S yields suboptimal Rswi(T , S) [LBZ+25]

• Links to coin betting:
• Coin-betting with KT potential yields optimal parameter-free Rswi(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

Wt =
nt∑

j=1

εje
↑Lt,Ij and

φ logWt

φ(↑Lt,Ii )
=

εie↑Lt,Ii

nt

j=1 εje
↑Lt,Ij

.
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