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Introduction L

e Subsurface data assimilation typically requires localization to mitigate spurious
correlations

e Distance-based localization
o Simple and widely effective in practice
o Requires empirical tuning of localization radii
o Spatial distance may not reflect correlations induced by flow dynamics
o Not well-defined for non-spatial parameters and data

o Correlation-based localization

o Does not rely on spatial distance
o Exploits the statistical reliability of sample correlations
o Still less robust than distance-based approaches in practice
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Correlation-based localization can sometimes feel like chasing unreliable correlations
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Objectives :

Emerick, A.A. & Silva, V.L.S.: Statistical Tapers for Correlation-Based
Localization in Ensemble Data Assimilation, arXiv:2605.29922v1
[stat.ME], 2026/

1. Propose statistically motivated correlation-based tapers and compare them with
existing formulations

2. Evaluate correlation-based localization in problems with non-local parameter-data
relationships

3. Assess whether correlation-based localization can replace distance-based
localization in subsurface data assimilation
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Correlation-Based Tapers :

e et

o p;;: actual (unknown) correlation coefficient between i-th model parameter and j-th
data point
o p,;: correlation coefficient estimated with IV, ensemble members

e Define a taper function r(p,;) € [0, 1] such that

~loc

Pij = T(ﬁij)ﬁz‘j
is a better approximation of p,;

e |deally, we reduce the effect of spurious correlations while preserving statistically
meaningful parameter-data relationships
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Mean Squared Error Taper BR|

argmink [(rp—p)?] = r*=
T

1
where o N
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Mean Squared Error Taper

argmink [(rp—p)?] = r*=
T

1
where o N

e Define the standardized correlation

I
o
e Then
(t)—i
"WE e

e The MSE taper is too permissive in practice (fails to identify spurious correlations)
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Power-Law Taper B

e Generalizes the MSE taper into a more flexible form:

12 th
T2+ r®)

r(t)

P t]

e (3 > 2 controls the sharpness of the transition
1

e t, controls the location of the transition r(ty) = 5
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Power-Law Taper
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Bayesian Tapering: Gaussian Prior BH|

e Gaussian prior:
P~ N(Ov UQ)
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Bayesian Tapering: Gaussian Prior BH|

Gaussian prior:
P~ N(Ov U2>

Likelihood model:
plp~N(p,o?)

e Posterior mean:

~loc E U2 ~

pee=Elp|p = 2+ o2 p
o letT=v/o

-2
rT =
T24+1

e Similar to the MSE taper
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Bayesian Tapering: Spike-and-Slab Prior BR|

L Spike_and_5|ab prior Spike-and-slab prior
- pike RIS
p <’0 ) - (1 B )\)5(’0 ) + )\p slab (p ) j;::;i:li‘:::(.mupmtp)
e Posterior: % Z(p)(:)d(ﬂmdmlif:(l:)
p(p | p)=1—=f(p)d(p)+ f(P)Psganp | P) e
where f(p) = P(p # 0| p) (probability
that p belongs to the slab) B - i = ke
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Bayesian Tapering: Spike-and-Slab Prior BR|

o Posterior mean:
ﬁloc = IE[/) ‘ ﬁ] = f(ﬁ)lEslab[p ’ ﬁ]
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Bayesian Tapering: Spike-and-Slab Prior BR|

o Posterior mean:

ﬁloc = IE[p ‘ ﬁ] = f(ﬁ)[Eslab[p ’ ﬁ]

e Assuming a Gaussian slab p | (p # 0) ~ N(0,v?):

2
o —Elp | ) = §(5) st

-1
_ 1—X o2+ 02 v2p?
p— 1 _—
17 [ LD \/Texp ( 202(02 + U2))

where
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Bayesian Tapering: Spike-and-Slab Prior BR|

e Taper:
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Bayesian Tapering: Spike-and-Slab Prior

e Taper:

’U2

v2 + o2

r(p) = f(p)

e Detection component f(p): determines whether the correlation is likely to be
genuine

. 2 . .
e Shrinkage component —“%—: controls the damping of nonzero correlations
veto
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Bayesian Tapering: Loigistic Taper BR|

e Rewrite the taper in terms of ¢:
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Bayesian Tapering: Loigistic Taper BR|

e Rewrite the taper in terms of ¢:

1
14 exp(—c (2 —t2))

r(t)

e Add an exponent parameter, «y, to control the shape of the transition:

1

" = e e (0 =)
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Bayesian Tapering: Logistic Taper

r(t)

1

T 1+ exp(—c (t7 —1]))
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Summary of Tapers

Taper Expression Parameters Reference
MSE r= % _
B
_ — _t7 >

Power-law r P B>2, tge(l,3]

. 1
Logistic "= Treme@my)] € [0.5,2], tg €1,3]
Discrepancy r=max(0, 1—7) ne0.1,1]

Correlation Gaspari-Cohn (CGC)
Pseudo-optimal (PO)

Modified PO (MPO)

7”=ch<111‘§>

0~1/\/N,

~2
7= e
p?+(14p%)/N¢

Nf;jz
r=max |0, w1 -
e

Luo and Bhakta [4]
Furrer and Bengtsson [3]

Ranazzi; Luo, and Sampaio [5]
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Test Case 1: Scalar Parameters BA

e PUNQ-S3 problem!?, considering only scalar model
parameters
e Goal: Evaluate correlation-based localization in a

setting where distance-based localization is not
applicable

e 15 scalar parameters with different levels of
influence on the reservoir dynamic response

e 5 dummy parameters intentionally defined to be
uncorrelated with the simulation responses

e Data assimilation repeated 10 times using
ensembles with N, = 100 realizations

2339 2347 2355 2363 2371 2379 2387 2395 2403 2411
Depth (m)
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Test Case 1: Taper Values BR

MSE Power-law (8 = 3, tg = 2) Logistic (v =1.5,tg = 2) Discrepancy (n = 0.5)

10t 10t

CGC (0 =0) PO MPO

107t
0.0 0.2 0.4 0.6 0.8 1.0
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Test Case 1: Results

Average objective function
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Test Case 2: Grid Parameters BR

o PUNQ-S3 problem with grid-based model parameters: porosity, horizontal
permeability, and vertical permeability for each active gridblock (Total
N,, = 5,283 parameters)

e Data assimilation repeated 10 times using ensembles with /N, = 100 realizations

e Goal: Evaluate correlation-based localization in a situation where distance-based
is applicable, but not straightforward to define optimally

Permeability
(mD)

. ﬁﬁ.

Realization 1 Realization 2 Realization 3 Realization 4
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Test Case 2: Results A

Average objective function . .
Normalized variance
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Test Case 2: Tapers (Pressure)
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Test Case 2: Tapers (Water cut)

Power law
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Test Case 3: Localized Updates

e 2D reservoir model with a 150 x 150 grid and
five-spot well patterns

e Objective: evaluate correlation-based
localization when updates are expected to be
spatially localized

o Relevant updates are mainly associated with

flow paths connecting injectors and producers
o Favorable case for distance-based localization

e 10 repeated data assimilation runs with
N, =200

10°

10?
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Test Case 3: Results A

Average objective function
Normalized variance
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Test Case 3: Normalized Variance BR|

Power-law (8 = 3, tg = 2) Logistic (v =1.5,tg = 2)
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Test Case 3: Localization BA

MSE with large ensemble Distance

26/33



Test Case 4: Increasing Model Dimension

e Designed to test whether correlation-based
localization remains selective in high-dimensional
settings

e Same reservoir configuration, but with
increasingly larger grid models:
1. 1 layer: N, = 45,000

2. 10 layers: N, = 675,000
3. 50 layers: N, = 3,375,000

® Question: Does increasing NV,, make
correlation-based localization less robust?

50 lay'(_er.s
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Test Case 4: Results

Normalized Variance
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Final Comments i

Correlation-based localization is a promising distance-free strategy:

® Preserves ensemble variability while maintaining acceptable data matches
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Final Comments i

Correlation-based localization is a promising distance-free strategy:
® Preserves ensemble variability while maintaining acceptable data matches
e Extends naturally to non-spatial parameters

e Adapts to non-local, flow-driven parameter-data relationships

Performs competitively even when distance-based localization is favorable.
(Further validation is needed in more complex data assimilation problems)
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Final Comments 3h

Pow-law and logistic tapers:
e Better discrimination between meaningful and spurious correlations
e Two free parameters (t, and exponent)

e Interpretation:

o ty: significance detection

o exponent: correlation correction
e Introduce a practical trade-off:

o smoother tapers tend to improve data-match quality
o sharper tapers tend to preserve ensemble variance more effectively
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Final Comments (BR|

Computational cost:
e Computing all model-data correlations requires inner products over the ensemble
dimension
e The total cost scales as O(N,,N,N,)
e Problematic if N,, x N, is large; e.g., big models with seismic data
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Correlation-based localization appears to be a viable alternative to distance-based
localization for subsurface applications
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