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— Paradigm shift in Bayesian inference exacerbates model misspecification —
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Domain expertise Black-box problems
Bespoke models Flexible models

Small, well-curated datasets Large, complex datasets
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— Paradigm shift in Bayesian inference exacerbates model misspecification —

¢ Under misspecification, uncertainty quantification becomes brittle, especially in
nonparametric models like Gaussian Processes (GPs).
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— Paradigm shift in Bayesian inference exacerbates model misspecification —
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— Paradigm shift in Bayesian inference exacerbates model misspecification —
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$ Smoothness misspecification ¢ |ikelihood misspecification
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Matern-1/2 Matern-5/2

¢ Promising empirical results for leave-one-out cross-validation!

Z log-likelihood of datapoint ¢ given the rest of the data — max

(instead of log-likelihood of all data — max)

|0

Bachoc, F. (201 3). Cross validation and maximum likelihood estimations of hyper- parameters of Gaussian processes with model misspecification.



EREUIBLE INTERVAES

¢ «-credible interval quantifies uncertainty of the model.
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(for a=1.96, 95% of samples will lie within the interval)

— mean of posterior m(x)

1.96 credible interval f(x) + 1.96V K(x) )
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EREDIBLE INTERVAES

¢ a-credible interval quantifies uncertainty of the model:

(@) — oy k(@), (@) + oy k(@)

... but are they well-calibrated?

— mean of posterior m(x)




EREDIBLE INTERVAES

¢ a-credible interval quantifies uncertainty of the model:

(@) — oy k(@), (@) + oy k(@)

. ... but are they well-calibrated?
- Mean of posterior m(x)

B 1.96 credible interval (x) + 1.96V k(x)
- = true function f(x)
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EREDIBLE INTERVAES

¢ a-credible interval quantifies uncertainty of the model:
— a\/k ) + a\/k

— mean of posterior m(x)

. but are they well-calibrated?

i 1.96 credible interval m(x) £1.96V I<(x
_ = {rye function f(x)
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EREDIBLE INTERVAES

& Underconfidence: & Overconfidence:
@) @ (@) — f@)]
k(@)

— mean of posterior m(x)

1.96 credible interval M(x) + 1.96V k(x)

N true function f(x)
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EREDIBLE INTERVAES

& Underconfidence: & Overconfidence:

m(z) — f(x) m(z) — f(x)

> () Ne'e

remember that posterior variance ,l;;(g:) does not depend on f(x)!

l%(x, ) = k(x,z") — k(x, xlzn)T(k(mlzn, T1.n) + 02Idn)_1k(m’, T1.p)

must choose hyper parameters of k(x, ") well to prevent under/over confidence!
| 6



B AMPLITUDE PARANIE TS
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P OV ESTIMATOR 1S SENSIHTHIVE 1O SMOCT FENE.

o Lhe Brownlan motion kernel In the noiseless settir
calibrated uncertainty estimates for a broader class o

[=0,a=0.5

o, CV can yield asymptotically well-
- functions f than the ML estimator!
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[=1, a=0.5

Naslidnyk, M., Kanagawa, M., Karvonen, T., and Mahsereci, M. (2023). Comparing Scale Parameter Estimators for Gaussian Process Regression: Cross Validation and Maximum Li|<e|iho|o§



P OV ESTIMATOR 1S SENSIHTHIVE 1O SMOCT FENE.

for the Brownian motion kernel in the noiseless setting, CV can yield asymptotically well-
calibrated uncertainty estimates for a broader class of functions f than the ML estimator!
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... but 1t Is not robust to outliers!

|

Naslidnyk, M., Kanagawa, M., Karvonen, I., and Mahsereci, M. (2023). Comparing Scale Parameter Estimators for Gaussian Process Regression: Cross Validation and Maximum Likelihood.
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# Smoothness misspecification
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| OO-CV Estimator Is sensitive to smoothness.
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Matern-1/2

Matern-5/2
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Robust distance-based methods are a practical remeay, but previously
proposed distances between conditional distributions are intractablel
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ERIBELDDING CONDITIONAL DISTRIBU TICHSS
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ERIBELDDING CONDITIONAL DISTRIBU TICHSS
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® Forany € X, p(z,)is a probability measure on V: P(Y € A|X =x) = / p(z,dy)
A
$ p can be mapped to a function X — Hy, its conditional kernel mean embedding,

L -F Ly = /y el unta 0
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e e MEAN CONDITIONAL MEAN DISCREFPAINCTY (EF IS
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B D-BASED PARAMETER ES YA,
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-or a model pg and the true data-generating distribution g, we denote (19 = i, and target

0" € argmin D, (pg, ptg)
0cO 5



B D-BASED PARAMETER ES YA,
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A' \’\/\_\ J‘ ’
1 1 (z2,y2) O i
] \\\/\{\\\\ lelzian -0 ] -
O
\\/ i \/X/ y X

For a model Po and the true data-generating distribution 4, we denote 10 = Fps and target

9* € argminD, (0, /1)

0coO
L



B D-BASED PARAMETER ES YA,




B D-BASED PARAMETER ES YA,
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RIEOREHHCAL GUARANTERES

g - ar@gnéin Dy(ug,,uq) . én,l € argminlD,, (Méallg)
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SIS T ENCY AND GENERALISATIESS
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SIS T ENCY AND GENERALISATIESS

o )V(MQMUCI)
Viq (:u97 ﬂgl)
))Vlz (,U@, 1&22>

o = 7l [o >[4
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9“1711 9”2,l2 0 W

Consistency: D, (,ug,,&g) — D, (ue, tg) e.f, uniformly in 6 én,l S50 e

Generalisation bouna:

i

)V('uén,l’lu(J) e ))l/(:ué’*wuq) =

32 /36



SIS T ENCY AND GENERALISATIESS

f ¢ = pg, for some b, DV(,uén l,,ugo) f+ 0 ef

{Potoco o3 /

nuq) pons ))V(MQ*v:LLQ) &

& Generalisation bound: ))V(,ué

33 /36



RUBUS TINESS

dlmost almost

\f\/ P\/ef

q'= pg, for some 6Oy, (“9 l,,ugo
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RUBUS TINESS

dbnost almost

\f\/ P\/ef

q'= pg, for some O, (,u9 l,,ugo

e-Huber contamination, € € |0, 1]
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RUBUS TINESS

f ¢ = (1 — &)pgy,+er for some b, V(“én l,,ugo) i Coc ef

e-Huber contamination, € € |0, 1]
r Y,

el - - L
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PIUMERICAL EXPERIMEIN TS
ROBUS | EMPIRICAL BAYES FOEE
L USHIAN PROCTESDES
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¢ Do is a marginal of a Gaussian process GP(0, cg)

E L b2 —Oc(z, 1)

X]_ X2 "aa “aa " “aa Xn—]_ Xn X]_ X2 “aa “aa " “aa Xn_]_ Xn

38 /3¢



i REGRESSICH
it STUDEN -1 MEASUREMEIN T ERISEESS

| edata from pg,
1xdata from r
|=f ~ GP(mgo, Co,

¢ Controlled environment: true function is a
sample from a GFP,

& 95% of data have Gaussian noise

S e T & 5% of data have student-t noise

X

8 Modeller assumes the noise Is Galissian.

39 /3¢
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it STUDEN -1 MEASUREMEIN T ERISEESS

02 =100? 0% =200?
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| edata from pg, \/()O [ [
1xdata from r 1 0
W 7 |
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- Estimated amplitude

$ 95% of data have noise ~ 02N (0, 1)
§ 5% of data have noise ~ o2Student-t(3)

¢ ML and LOO-CV are not robust to outliers; eMCMD is! 40 134



EALIBRATION DIAGRAMS FOR WIND-FARM MODECEINES
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¢ Input: location of wind farms and wind angle. Output: energy produced. Noise is assumed Gaussian,
B 1 E kel to be so the model Is misspecified.

¢ ML is underconfident; eMCMD is better calibrated.

41 /36



BSFECIFIED BAYESIAN OFP [ HMISATISES
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BSFECIFIED BAYESIAN OFP [ HMISATISES
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even an outlier that does not affect the

mMaximum can hinder optimisation...
45



BSFECIFIED BAYESIAN OFP [ HMISATISES
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O
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= 0
= - GP mean: ML
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: ® Observations 95% Cl: ML
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o

X Maxima = =GP mean: eMCMD
- Y Outlier 95% Cl: eMCMD

O
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[ =
0.0 0.2 0.4 0.6 0.8 1.0
even an outlier that does not affect the eMCMD, unlike ML, is robust to outliers,
maximum can hinder optimisation... so this doesn't happen! 44 134



EOFECIFIED BAYESIAN OP HIMISAT IS

No outliers 10% outliers

& Hartmann 6D function.

1201 ML / -

| . , . | = eNCND .
¢ Outliers don't change the maximum. e / /

¢ Stil, eMCMD reaches the : -

4 // -

00)
-

maximum faster than ML...

Cumulative regret

¢ ...even when no outliers are
added, since there is still : 5 BEE e -
misspecificatjon. No. of acquisitions No. of acquisitions

45 136



RONC L USION AND FINAL REMATRES

/ e
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$ Introduced eMCMD, D, (ttp, ttg) = Ex || ptp(X) — Mq(X)H”Hy

\)Q

¢ Proved optimality of the approximation én,l c argminD,, (1, /lg)
pE®

¢ Optimality results hold even if we need to estimate both g and pq

¥ What's next! Robust (generalised) Bayesian inference! 46 /36
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