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(A1) model well-specified
prior well-specified

(A3) computationally feasible
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: _ -\:'.' 1 — |
(A3) computationally feasible siglisraly feasible

Post-Bayesian Approaches ask:
Can we keep benefits of Bayesianism without these assumptions???
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p(xlzn ‘ 9) _)p(xlzn ‘ 9) , 4> 0
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Posgij .
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Post-Bayesian Inference

Optimisation-centric posteriors /

Generalised Variational Inference M, M, M P W

q¥(0) = argmin { L(q,x;.,)

[See Knoblauch, Jewson, & Damoulas (2019/2022)]
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Post-Bayesian Inference c.o..concaises ®

Pseudo Posterior Ma (A2), (A3)
exp{—L(x.,,Pp)} - 7(0)
I@Xp{ o I—(xlzn’ pé’) } ) ﬂ(@)d@

Optimisation-centric posteriors /

Generalised Variational Inference <G, D I ey
\ g

q¥(0) = argmin { L(q,x;.,)

ﬂrlz_(e ‘ xl:n) —

I

Power/Fractional/
[See Knoblauch, Jewson, & Damoulas (2019/2022)] Cold Postgﬁor ]: i 3, ( A 2), ( A 3)
A
p(xl; ‘ 9) _)p(xl; ‘ 9) ) ﬂ > O
P9 — P 190,020 px;, | 0)' - n(0)
px1y | 0) — exp{—L(x,.,,pp)}, loSS L [pCx,., | 0) - n(0)dO
KL — D . :

PO) — QO ,% — Bayes’ Posterior (A1), (A2), (A3)

) o et |3y = L1 O 70
prior well-specifie : n 1:n) —
j | p(x1., | 0) - 2(0)dO

(A3) computationally feasible
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q¥(0) = argmin { L(q,x;.,)

Post-Bayesian |nference .........................................................

expi—L(Xy., o)} - 7(0)
Jexp{—L(x1., pp)} - 2(0)dO

ﬂrlz_(e ‘ xl:n) —

Power/Fractional/

Cold Posterior DK, (A2), (A3)3

p(xlzn ‘ 9)/1 ) 7[(6’) :

Parameter Inference @

Predictively oriented Inference @

70| 31,) =




Post-Bayesian Inference ... :

: Gibbs/Generalised/ -
: Pseudo Posterior M’ (A2), (A3) -

expi—L(Xy., o)} - 7(0)
Jexp{—L(x1., pp)} - 2(0)dO

| 250 | x,,) =

Power/Fractional/

Cold Posterior D, (A2), (A3):

ﬂu .
71',9)(9 | xl:n) — p(xlzn | 0)" - 7(6)

[pCxiy | 6) - (6)d6 |

Parameter Inference @



Power Posteriors

Power/Fractional/Cold Posteriors

pxy., | 0) - m(0)

D@ | x,.,) =
(O %) [p(x1. | 0 - H(O)dO

Q: What does it do?
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Power/Fractional/Cold Posteriors

pxy., | 0) - m(0)

D@ | x,.,) =
(1 %) | p(x1. | B) - 7(0)dO

posterior 70 | x.,)

prior 7(0)
likelihood p(x;., | 0)

Q: What does it do?
A: Trades off prior vs data

= 0.5

Picture from Kallionen, Paananen, Burkner, & Vehtari (2023)



Power Posteriors

Power/Fractional/Cold Posteriors

pxy., | 0) - m(0)

ﬂr(z )(9 ‘ xl:n) —

posterior 70 | x.,)

Q: What does it do?
A: Trades off prior vs data

—> No robustness to model
misspecification...

prior 7(0)
likelihood p(x;., | 0)
—
— |
=0
W D L N S

Picture from Kallionen, Paananen, Burkner, & Vehtari (2023)
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Gibbs Posteriors

expl—4~ - L(x.,,pp) } - ©(0)

ﬂrlz_(e ‘ xl:n) —
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Q: Whenis 7 (0 | x;.,) robust?

_ contamination
Standard Bayes
00 02 04
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expl—4~ - L(x.,,pp) } - ©(0)
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Q: Whenis 7 (0 | x;.,) robust?

Setting: for some small ¢ > 0,

Data-generating € -contamination
probability distribution distribution
N\ «

g, =1 —-¢€)-q, + €-c
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Gibbs Posteriors

What we want:
exp{—4 - L(xy.,,,Pg) } - 7(0)
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What we want:

expi{—/ - L(x1.,, Pp)} - 7(0)

ﬂiflz_(e ‘ xl:n) —

[exp{—/+L(x|,.pp)} - 2(6)d0

i 1 Theorem: ﬂ,,%(ﬁ | x;.,) isrobustoverall c € & if Lis.
Q: Whenis 7, (0 | x;.,) robust?

A: Whenever L(x,.,p, IS!

Setting: for some small ¢ > 0,

Data-generating € -contamination
probability distribution distribution s
\qg=(1—8)- + e c \N

contamination

‘\ Standard Baﬁ |

0o 02




Gibbs Posteriors

What we want:

20| 3. = P L)} - 2(O)

[expl—1 - L\ pp)} - 7(6)l0

. L Theorem: 7-(0]|x,.) isrobustoverall c € § if L is.
Q: Whenis 7, (0 | x;.,) robust? —
: Generally untrue for log likelihoods!
A: Whenever L(x,.,p, IS! .

Setting: for some small ¢ > 0,

Data-generating € -contamination
probability distribution distribution
N\ «

g, =1 —-¢€)-q, + €-c

\\ Standard Baﬁ
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Gibbs Posteriors: Kalman Filtering/Tracking
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Gibbs Posteriors: Kalman Filtering/Trackin

pxi., | 0) - m(0) exp{—L(x.,,Pp)} - 7(0)

JpGx1.y | 0) - (0)dO

MO

=1 T T T =1

70 x,.,) = 7,0 | x1.,) =

ngp{ o I—(xlzna pé’) } ' ﬂ(@)d@

O

¥ e SN

Duran-Martin, Altamirano, Shestopaloff, Sanchez-Betancourt, K., Briol, & Murphy (2024); ICML
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... Why the Gibbs posterior approach?

Existing Approaches:
Outlier detection/removal before fitting

¥ Only for very low-dimensional data

Extended Models (e.g. Student t Likelihood, Mixture models, ...)
¥ Only as good/robust as the new model
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Gibbs posteriors: Robustness + closed forms!



... Why the Gibbs posterior approach?

Gaussian Processes

Proposition 3.1. Suppose f ~ GP(m,k) and € ~
N(0,1,,02). Then, the RCGP posterior is

for w = (w(x,y1),.. . w(@n,yn))', My = m +

02V, log(w?) and Jy = diag(%zw_Q). The RCGP’s pos-
terior predictive over f, = f(x,) atx* € X is

P (fulzas %, y) = /R p(fula £, y)0" (Ely, x)dE
- N(f*aufazf)a

,LLf = Ty ‘i‘kI (K +0'2Jw)_1 (y - mw),

Y=k, k! (K+0%),) 'k,.

Altamirano, Briol, & K. (2024); ICML spotlight
Laplante, Altamirano, K., Duncan, & Briol (2025); ICML

X Posteriors do not have closed forms => slow

Gibbs posteriors: Robustness + closed forms!
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GP Gibbs posteriors: Cancer Treatment
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GP Gibbs posteriors: Cancer Treatment

Cell Culture 1

Bayes
posterior

Viability

Navitoclax Dose (log, uM)
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GP Gibbs posteriors: Cancer Treatment

Cell Culture 2 Cell Culture 1

Wet labs are messy...

Bayes
posterior

Viability

Navitoclax Dose (log, uM)



O

... Why the Gibbs posterior approach?

E.g. for intractable models like Potts/Ising Models

X Posteriors do not have closed forms => slow

Gibbs posteriors: Relustmress + closed forms!



O

Gibbs posteriors: Ising/Potts Models

|
Po(x) = exp 4 0 Z | Y=x
fZ(H) { i~ }

intractable

Potts Model

(for Ice Sheet thickness)
Grid size: 171 x 171
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Gibbs posteriors: Ising/Potts Models

State of the Art MCMC

/ >35 Minutes

60 -
Z Gibbs posterior
% 40 - ~ 0.5 Seconds
: /

20 -

0 l - Il' l -
1.1 1.2 1.3
Potts Model )

(for Ice Sheet thickness)
Grid size: 171 x 171



Post-Bayesian Inference

’ IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII :
- Optimisation-centric posteriors /

EGeneraIised Variational Inference M» M»M E

q¥(0) = argmin { L(q,x;.,)

Predictively oriented Inference @



Predictively Oriented Posteriors: Lotka-Volterra Model @

|
: ‘A ‘ " I o=

Number of animals (x1000)
(o))
o
]

40
20 [
0+ r T —>
1925 1935 1945 1955 1965 1975 1985 1995 2005
Year

Shen, K., Power, & Oates (2025); AISTATS



Predictively Oriented Posteriors: Lotka-Volterra Model @

Bayes posterior

P n(xtest) — J'pﬁ(xtest ﬂn(‘g ‘ xl:n) do

Training data X., Out-of-sample

O
} Data } 95_%_ } Ground truth
A = ===| Predictive Shen, K., Power, & Oates (2025); AISTATS




Predictively Oriented Posteriors: Lotka-Volterra Model

Bayes posterior

P n(xtest) — J'pﬁ(xtest ﬂn(g ‘ xl:n) do

E collapsed
= uncertainty

Training data X., Out-of-sample

N 95% Ground truth
A} oo } Predictive } Shen, K., Power, & Oates (2025); AISTATS




Predictively Oriented Posteriors: Lotka-Volterra Model @

Bayes posterior Gibbs posterior

P, (Xies) = Jpe(xtest 7,0 | x, |d0 P ﬂ,,';(xtest) — [pe(xtest) do

= collapsed
= uncertainty

Training data X., Out-of-sample Out-of-sample

O

Data 95_%_ Ground truth
A = ===]| Predictive Shen, K., Power, & Oates (2025); AISTATS




Predictively Oriented Posteriors: Lotka-Volterra Model @

Bayes posterior Gibbs posterior Prediction-centric posterior

P, (Xies) = Jpﬁ(xtest 7,0 | x, |d0 P nnL(xtest) — [pe(xtest) do P qn(xtest) — Jpﬁ(xtest) d@

Training data X;., Out-of-sample Out-of-sample Out-of-sample

O

Data 95_%_ Ground truth
A = ===]| Predictive Shen, K., Power, & Oates (2025); AISTATS




Constructing Predictively Oriented (PrO) Posteriors @

exp{—L(x,., pg)} - 7(6)

L O . —
7, (0 | x1.,) Jexp{ —L(x{.,, pg) } - 7(6)dO

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML,; (2020); (UAI)
Morningstar, Alemi, & Dilon (2022); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)
Shen, K., Power, & Oates (2025); AISTATS



Constructing Predictively Oriented (PrO) Posteriors @

Target best parameter
........................ ./
' exp{—L(x,pp)} - 7(6)

arg min {'JL(xlznapﬁ) 0'617(9)E + KL(q, ﬂ)} T (© 1 X1:0) Jexp{—L(x1.p.Pp)} - 7(O)dO

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML,; (2020); (UAI)
Morningstar, Alemi, & Dilon (2022); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)
Shen, K., Power, & Oates (2025); AISTATS



Constructing Predictively Oriented (PrO) Posteriors @

Target best parameter
f e e eeeeeenerrerrrnnnnn ./
' exp{—L(x,pp)} - 7(6)

e min Lm0 + Kilgor) = 010 = e

arg min {EL(XLW Jp@ dq(@))é + KL(q, 71')}
qEF (@) | - :

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML,; (2020); (UAI)
Morningstar, Alemi, & Dilon (2022); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)
Shen, K., Power, & Oates (2025); AISTATS



Constructing Predictively Oriented (PrO) Posteriors @

Target best parameter
f e e eeeeeenerrerrrnnnnn ./
' exp{—L(x,pp)} - 7(6)

e min Lm0 + Kilgor) = 010 = e

arg min {EL(XLW Jp@ dq(@))é + KL(q, 71')}
qEF (@) | - :

Implied predictive for (¢

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML,; (2020); (UAI)
Morningstar, Alemi, & Dilon (2022); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)
Shen, K., Power, & Oates (2025); AISTATS



Constructing Predictively Oriented (PrO) Posteriors @

Target best parameter
........................ ./
' exp{—L(x,pp)} - 7(6)

arg min {'JL(XI:WPQ) 0'61(9)E + KL(q, ﬂ)} T (© 1 X1:0) Jexp{—L(x1.p.Pp)} - 7(O)dO

are min < :L[x,. . dq(O + KL(g,7z) s=( ﬂ‘ ‘ )
gqe@(@)) { ( o .[ Py 4 )>E & >} -~ Targets predictive directly.

Presennee A AN ... and doesn’t collapse!
Implied predictive for (¢

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML,; (2020); (UAI)
Morningstar, Alemi, & Dilon (2022); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)
Shen, K., Power, & Oates (2025); AISTATS



Constructing Predictively Oriented (PrO) Posteriors @

Target best parameter
........................ ./
' exp{—L(x,pp)} - 7(6)

arg min {'JL(XI:WPQ) 0'61(9)E + KL(q, ﬂ)} T (© 1 X1:0) Jexp{—L(x1.p.Pp)} - 7(O)dO

are min < iL(x , da(0 + KL(g.7z) $= ,,‘ ‘ >
gqe@(@)) { ( o .[ Py 4 )>E & >} -~ Targets predictive directly.

Presennee A AN ... and doesn’t collapse!
Implied predictive for (¢

Theorem: ¢,(6) is predictively superior to 7, (0 | x;.,)

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML,; (2020); (UAI)
Morningstar, Alemi, & Dilon (2022); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)
Shen, K., Power, & Oates (2025); AISTATS



PrO Posteriors: Stansted Brook / River Flow
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PrO Posteriors: Stansted Brook / River Flow @

Floods
A
100 - fo,oo Drought
' Sf@,-/b (driest Feb-Oct
4 since 1921)

Flow (m°/s)

10_1j

Nov 15 Dec 15 Jan 15 Feb 15 Mar
Date 2003-Mar



PrO Posteriors: Stansted Brook / River Flow

1-step ahead

Floods forecast errors
‘ | 12.0 -
=
6.0 - —
100 - 'OOS Drought 00-
O “Sry, (driest Feb-Oct
62 s since 1921) .
<
; /_L_\ 0.0 - =
O 02-
LL
107" 0.2 -
£ pe,
<
W
0.1 - m
| | | | | | | | | 0.1 ! | 1 | |
Nov 15 Dec 15 Jan 15 Feb 15 Mar Nov Dec Jan Feb

Date 2003-Mar Date




PrO Posteriors: Why/how does it work?

Probability of successful put

0.8 A1

0.6 A

0.4 -

0.2 -

0.0 A

Posterior Predictive

O.'O 2f5 5j0 7.I5 10|.O 12|.5 151.0 17I.5 2(;.0
Distance from hole (ft)

Fs




PrO Posteriors: Why/how does it work?

Probability of successful put

O
o0

0.4 -

0.2 -

0.8 -

0.6 -

0.4 -

0.2 -

0.0 -

Posterior Predictive

0.0

2.5

5f0 7.I5 10I.O 121.5 15|.O
Distance from hole (ft)

17.5

20.0

VD

Corresponding Parameter Posterior

60 -

40 -

20 A

|
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| OQz,
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HH

o = N) w NN ol
I I I I |
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PrO Posteriors: Why/how does it work? @

Corresponding Parameter Posterior

Probability of successful put

0.8 -

0.6 -

0.4 -

0.2 -

0.0 -

Posterior Predictive

O.IO 2?5 5fo 7.|5 10I.O 12I.5 15|.O 17I.5 20l.0
Distance from hole (ft)

60 -

40 -

20 A

o = N) w NN ol
I I I I |

2.0

2f2 2.4 2j6
Intercept

500 -
400 -
300 -
200 -
100 ~

0

25 A

20 A

15 -

10 -

5_

0
—0.35

—OI.3O —01.25 —-0.20
Effect of Distance

—> PrO posterior identifies 2 groups of golfers!
(those good at long puts & those not good at it)



Summary: The issue

Traditional Bayesian analysis in science Modern Bayesian ML

Expert with Statistical modelling & Different data/

research question expert knowledge inierence Flexible model oroblems Inference

@ — 06— © @

X1n p(xy.,. | 0), n(6) 7. (0] x;.,) p(xy., | 6), 7(6) X1

(A1) model well-specified
(AZ) prior well-specified

. ¥
A ¢
/
I/’

(A3) computationally feasible statisrally feasible



Summary: The solutions

B e e e A A A A A A A A A A A A A A A A A A . Gibbs/Generalised/
- Optimisation-centric posteriors / c : Pseudo Posterior M» (A2), (A3)

EGeneraIised Variational Inference M, M»M E

qg¥(0) = argmin { L(q,x,.,) + D(q, JZ')},

expi{—L(x.,,pp)} - 7(0)
I@Xp{ o I—(xlzna pé’) } ) ﬂ(@)d@

ﬂrlz_(e ‘ xl:n) —

\.'_/ \_'_I

Data-fitting Prior regularisation

Power/Fractional/ :
Cold Posterior M, (A2), (AS)E

p(x, | 0) - 2(0) |
[pCery | 0) - 2(6)dO |

Parameter Inference @

Predictively oriented Inference @

20 | x1,) =




Conclusion

. Orthodox Bayes is inappropriate for many modern problems

Cell Culture 2

Wet labs are messy...

E collapsed
uncertainty

30 -

(—

20 -

Viability

) = 'l N
' " s o AN
1() v .‘ .

O_

Training data X;., Out-of-sample



Conclusion

. Orthodox Bayes is inappropriate for many modern problems
Il. But we have new ways of fixing this!

Cell Culture 1

Bayes
posterior

Out-of-sample



Conclusion

. Orthodox Bayes is inappropriate for many modern problems
Il. But we have new ways of fixing this!

IIl. The theory/methodology has been worked out! It's application time!

/

ef ultralytics
e




Ways to engage: Post-Bayes seminar

When: every 2 weeks @ Tuesdays either 9 AM (9:00) or 2 PM (14:00) GMT

At a glance/website: https://tinyurl.com/postBaye#Website :
Where to subscribe to mailing list: https://tinyurl.com/postBayesSubscribes
Where to subscribe to calendar: https://tinyurl.com/postBayesCalendar
Where to attend the seminars: https://tinyurl.com/postBayesZoom :

Prof. Pierre Alquier Dr. Edwin Fong Matias Altamirano  Yann McLatchie
(ESSEC Singapore) (University of (UCL) (UCL)
Hong Kong)


https://tinyurl.com/postBayesWebsite
https://tinyurl.com/postBayesSubscribe
https://eur01.safelinks.protection.outlook.com/?url=https%3A%2F%2Ftinyurl.com%2FpostBayesCalendar&data=05%7C02%7Cj.knoblauch%40UCL.AC.UK%7C0335dcebee2b4d3d4c8308dd4525b856%7C1faf88fea9984c5b93c9210a11d9a5c2%7C0%7C0%7C638742750631164715%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=gGU8OPsgfRf1ANluI59rwmbIbCXsc0J4jFV1uRgRooo%3D&reserved=0
https://tinyurl.com/postBayesZoom
https://tinyurl.com/postBayesYT

Relevant References for today’s talk

Power Posteriors:

McLatchie, Fong, Frazier, & K. (2025); Biometrika
Grunwald & van Ommen (2017); Bayesian Analysis
Grunwald (2012); ALT

Gibbs Posteriors:

Rooijakkers, Ronneberg, Briol, K., & Altamirano (2025); ArXiv preprint 2510.26401

Laplante, Altamirano, K., Duncan, & Briol (2025); ArXiv preprint

Laplante, Altamirano, K., Duncan, & Briol (2025); ICML

Ezzerg & K. (2025); ArXiv preprint

Altamirano, Briol, & K. (2023); AISTATS

Altamirano, Briol, & K. (2024); ICML

Duran-Martin, Altamirano, Shestopaloff, Sanchez-Betancourt, K., Briol, & Murphy (2024); ICML
Matsubara, K., Briol, & Oates (2023); JASA

Matsubara, K., Briol, & Oates (2022); JRSS-B

Husain & K. (2022); ALT

PrO Posteriors:

McLatchie, Cherrief-Abdellatif, Frazier, & K. (2025); ArXiv preprint 2510.01915
Shen, K., Power, & Oates (2025); AISTATS

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)

K., Jewson, & Damoulas (2022); JMLR

Masegosa (2020); NeurlPS

Jankowiak, Pleiss, & Gardner (2020); ICML; (2020); (UAI)

Morningstar, Alemi, & Dilon (2022); AISTATS
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GP Gibbs posteriors: Twitter Flash Crash

AP Twitter hack causes panic on Wall
Street and sends Dow plunging

Market recovers after hackers tweeted from the official AP
feed that two explosions had hit the White House

Heidi Moore in
New York and
Dan Roberts in
Washington

Tue 23 Apr 2013 20.41
BST

o
<, Share g1

O The panic, however brief, demonstrates how tightly intertwined Wall Street has become with
Twitter. Photograph: Spencer Platt/Getty Images



O

GP Gibbs posteriors: Twitter Flash Crash
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Time
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Gibbs posteriors: Ising/Potts Models

State of the Art MCMC
/ >35 Minutes

Gibbs posterior
~ 0.5 Seconds

/

L J
N | ]
llllllllll

1.5 1.6

1.1 1.2 1.3 1.4

Potts Model | | RV /

(for Ice Sheet thickness) Other Gibbs posteriors

Grid size: 171 x 171 (no closed form)
~ 20 Seconds



Gibbs posteriors: Ising/Potts Models

Runtime (s)

p—
N
[

O

State of the Art MCMC
/ >35 Minutes

Gibbs posterior
~ 0.5 Seconds

/

|
502

|
1002

15'02 2602 2502 3602
i S 1.1 1.2 1.3 , 1.4 /
Other Gibbs posteriors

(no closed form)
~ 20 Seconds

L J
N | ]
llllllllll

1.5 1.6
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Gibbs posteriors: Ising/Potts Models

State of the Art MCMC

Inference quality/bias / 535 Minutes
60 -
& Gibbs posterior
_______________ g 40 ~ 0.5 Seconds
-fe-f
i /
20 -
O L I

5(')2 10'02 15'02. 3602 25'02 30'02 1.1 1.9 113 1.4
Grid Size 9 /
Other Gibbs posteriors

(no closed form)
~ 20 Seconds

1.5 1.6



Optimisation-centric posteriors

(A1) model well-specified
(A2) prior well-specified

(A3) computationally feasible

exp{—L(xy.,, Pp)} - 7(0)
|exp{—L(x1.,Pp)} - m(0)dO

71"!;((9 ‘ xl:n) —

= arg min { J L(x;.,,Pg) q(6) dO KL(q, n) }
qES(0O)

Husain & K. (2022); ALT
K., Jewson, & Damoulas (2022); JMLR
Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)



Optimisation-centric posteriors

I}( model well-specified
(A2) prior well-specified
(A3) computationally feasible

exp{—L(xy.,, Pp)} - 7(0)
|exp{—L(x1.,Pp)} - m(0)dO

71"!;((9 ‘ xl:n) —

= arg min { J L(x1.,,Pg) q(0) dO + KL(q, 71') }
qES(0O)

by using

- robust loss L

gF(@) = argmin
qge@

Optimisation-centric posteriors

Husain & K. (2022); ALT
K., Jewson, & Damoulas (2022); JMLR
Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)



Optimisation-centric posteriors

exp{—L(xy.,, Pp)} - 7(0)
|exp{—L(x1.,Pp)} - m(0)dO

71"!;((9 ‘ xl:n) —

= arg min { J L(x1.,,Pg) q(0) dO + KL(q, 71') }
qES(0O)

Dby using < by using

- robust loss L - robust regulariser D

gF(@) = argmin
qge@

Optimisation-centric posteriors

Husain & K. (2022); ALT
K., Jewson, & Damoulas (2022); JMLR
Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)



Optimisation-centric posteriors

I}( model well-specified
I}Z{ prior well-specified
M computationally feasible

expi—L(xy,,, py)} - 7(0)

L .
7 (0| x;.,) = — arg min { J L(xq.,,P9) q(0)d0 + KL (q,n }
) e Lnpo)] - 200 | ey || PO @
by optimising overi D by using : Dby using
aset@C #0O) : robust loss L - robust regulariser D

gF(@) = argmin
qge@

Optimisation-centric posteriors

Husain & K. (2022); ALT
K., Jewson, & Damoulas (2022); JMLR
Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral)



Predictively Oriented Posteriors

by using

robust loss L

*0) =ar min{ £(q,x1.,
g5(0) = argmir

Predictively oriented posteriors

Masegosa (2020); NeurlPS .y oy - -
Jankowiak, Pleiss, & Gardner (2020); ICML; (2020); (UAI) Target the best-fitting predictive
Morningstar, Alemi, & Dilon (2022); AISTATS . a

Wild, Ghalebikesabi, Sejdinovic, & K. (2024); NeurlPS (oral) (rather than the best-flttlng parameter)

Shen, K., Power, & Oates (2025); AISTATS



Power Posteriors

Power/Fractional/Cold Posteriors

pxy., | 0) - m(0)

ﬂr(z )(6’ ‘ xl:n) —

0.1-
0.09-
0.08}-
Q: Why do it do? =
0.06-

0.05-

Squared Risk

ooal

0.03} : N T LT T

--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Regression model (misspecified):

| | | | | | |
D 0'020 100 200 300 400 500 600 700 800

g L <o = F5>6
p(yl‘ Haxi):f/l/(yi; Hi xid,Gz) D . D
- Number of observations ()



D

Power Posteriors

Power/Fractional/Cold Posteriors

pxy., | 0) - m(0)

70| x,.,) = Bayes Posterior & Maximum A Posteriori

0.1

0.09r- -
Q: Why do it do? Z:
0.06

0.05

Squared Risk

0.04}

0.031

Regression model (misspecified):

| | & | | | | |
D ; 100 200 300 400 500 600 700 800

’ T !
p(y; | 0,x;) = '/V(yi; 0. Xid > 02) D : D

~ True Model  Number of observations ()




Power Posteriors

Power/Fractional/Cold Posteriors

pxy., | 0) - m(0)

ﬂlf(l )(6’ ‘ xl:n) —

Q: Why do it do?

Regression model (misspecified):

D D
p(y; | 0, X;) = '/V(yﬁggi Xid > 52)

=1

0.1~

D

The ‘Safe Bayes’ effect (see Grlinwald, 2012)
(picture from Grunwald & van Ommen, 2017)

Bayes Posterior & Maximum A Posteriori

009 *
e S e Power posteriors
C 007 ; ( 1 chosen with
T o d ‘Safe Bayes’ approach)
% :
> 0.05-
O
D o004}
0.03}-

True Model

160 260 360 460 560 660 760 860
n

<6 12} > 6

Number of observations ()

13
D



Power Posteriors

Power/Fractional/Cold Posteriors The ‘Safe Bayes’ effect (see Grunwald, 2012)
(picture from Grunwald & van Ommen, 2017)

X, | 8) - n(6
PXyy | 0)” - 7(0) Bayes Posterior & Maximum A Posteriori

Jp(xlzn | 0) - 7(0)d0 nl /

ﬂr(z )(9 ‘ xl:n) —

0.09- =
. 008l % | Power posteriors
. ? ® [ : .

Q: Why do_ it do* | N ol : (] chosen with
A: better risk properties/predictions D o ‘Safe Bayes’ approach)

L 1. 5

If — is small g 0.05

D %

(104[
0.03}

..........................................................................................................................................................................................................................................

Regression model (misspecified):

o D
pQy; | 0,x) = '/V(yﬁ"gi Xid s 02)

=1

I ' | | | | |
100 200 300 400 500 600 700 800

<6 l%>6

n
D
True Model  Number of observations @



Ways to engage: Post-Bayes workshop

Held @ UCL 15. /16. May 2025;
>120 people in attendance!

Matias
Altamirano

(UCL)

Yann
McLatchie
(UCL)



