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Motivation

= Industrial Application + machine learning (ML) - require accurate & explainable
models [1]

= Uncertainty modelling enables another dimension of transparency [2] &
improves human-machine decision-making [3], [4]
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Motivation

= Industrial Application + ML - require accurate & explainable models [1]

= Uncertainty modelling enables another dimension of transparency [2] &
improves human-machine decision-making [3], [4]

= join explainable artificial intelligence (XAl) & uncertainty quantification (UCQ) to
attribute uncertainties!
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Motivation

= Industrial Application + ML - require accurate & explainable models [1]

= Uncertainty modelling enables another dimension of transparency [2] &
improves human-machine decision-making [3], [4]

=» join XAl & UCQ to attribute uncertainties!

=» Existing methods [5]-[7] do not consider ground truths & Uncertainty
propagation [8]
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Uncertainty propagation [8]

Linear uncertainty propagation

Linear function:

g(x) =Ax+b (1) x € RY. .. data sample with d features
g(x) € R°. .. ground truth function with o features
AT e e [ A € R°%Y __affine parameter
5, — ASA. 2) =« € R?%? . input covariance matrix

g € R2*° ... output covariance matrix
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Uncertainty propagation [8]

Nonlinear uncertainty propagation

Taylor series expansion:

g(x) = g(x) + 3 (X' —x) + O(x —x), (3)

Forward propagation:
S = N Exdx. (4)
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Uncertainty propagation [8]

Nonlinear uncertainty propagation

Taylor series expansion:

g(x) = g(x) + 3 (X' —x) + O(x —x), (3)

Forward propagation:
S = N Exdx. (4)

Assuming a single-output function g(x) and constrain X to an uncorrelated uncertainty diag(o2), the expression
simplifies to

Ta = Vxg(x) diag(og) Vxg(x)
Ta00 = (Vxg(x)?) oy
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Uncertainty propagation [8]

Nonlinear uncertainty propagation

Taylor series expansion:

g(x) = g(x) + 3 (X' —x) + O(x —x), (3)

Forward propagation:
S = N Exdx. (4)

Assuming a single-output function g(x) and constrain X to an uncorrelated uncertainty diag(o2), the expression
simplifies to
To) = Vxg(%)"diag(o5) Vag(x)
T = (Vxg(x)?)" oy
—_—

~—~—
M v ?
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Smoothness constrained attribution (SCA) |

Problem proposal

Minimization of error:

o3 = argmin((Vxg(x)?) o — o2)?

Assuming smooth K-neighbors [9]:

2

assume o} ~ oy,

K

thus 3" = argmin > ((Va,g(%:)2) o — o)

X h=1

(5)

(6)

)
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Smoothness constrained attribution (SCA) II

Problem solution
Define ,
(Vog(x0)?)" Tg(x)
B= : ,8= = )
2\T 2
(Vxeg(xx)?) Py(xc)

o-,z(i = arg n;|2n ||Ba',2(i — s||§ . (8)
X;

and solve

using the Moore-Penrose inverse [10]-[12]:
2 . = (B'B)7'Bs. &)

Oy, ,unc.
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X; 2

Extension
¢-regularization
¢, penalty
o;* = argmin ||Bo}, — s||Z + A |loz ||Z (10)
i axzxr X; 2 2 X;

yields the regularized solution

a(x;)) = oy , =1/(B'B+ Al)~1Bs. (11)
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Extension

¢-regularization

¢, penalty

2%

A
o, =arg rglzn ||Bcr,2(i — s||§ aF 2 ||o‘,2(‘||§ (10)

yields the regularized solution

a(x;)) = oy , =1/(B'B+ Al)~1Bs. (11)

? Unknown Vyg(X) & o5 5
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Implementation

Vig(x) =~ @(f, x). (12)
Tax) = Ua(X)?. (13)
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Implementation

Vig(x) =~ @(f, x). (12)
Tax) = Ua(X)?. (13)

v EQ.12: Use robust XAl [13]
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Implementation

Vig(x) =~ @(f, x). (12)
Tax) = Ua(X)?. (13)

v EQ.12: Use robust XAl [13]
« EQ.13: Use calibrated UCQ [14]
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Implemented input uncertainty attribution mechanisms (iUCAMs)

= Smoothness constrained attribution (SCA) Gaussian: sample K Gaussian
neighbors

SCA kNN: find k closest neighbors

SCA Oracle: Use “ideal” model - ground truth V,g(x) & og(x

Predict 0: simplest baseline

Gradient-based / SHAP: explain U,(x) [5], [6]
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Overview iUCAM

Uncertainty Attribution

using Ground Truth Un-
certainties - Oracle SCA
= SCA: agea(x):
Data X,y [ Ua(x) = Vyf(x)"diag(a2) Vf(x)
" . Uncertainty Attribution using
- W\/ sampling - SCA Gaussian & kNN
! Learned
*(x), Ug(x
In[;)eLC:iaSt':z:d:.rd Train ML H ). Ua() [ Uncertainty Attribu-
x Model A FE tion using XAl &(f,x):
1 (). Up(X) Y ( a(x)
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Overview iUCAM
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using Ground Truth Un-
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_ SCA: asea(x):
Data X,y [ Ua(x) = Vyf(x)"diag(a2) Vf(x)
" . Uncertainty Attribution using
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’ Learned
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Overview iUCAM

Uncertainty Attribution

using Ground Truth Un-
certainties - Oracle SCA
= SCA: agea(x):
Data X,y [ Ua(x) = Vyf(x)"diag(a2) Vf(x)
" . Uncertainty Attribution using
- W\/ sampling - SCA Gaussian & kNN
’ Learned
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Evaluation overview - Inverse Crime

X;

g(x)
>

Add
heteroscedastic noise
% = N(x;, diag(ox))

Yi

4)[

Train p*(x),
Uq(x)

f(x;)

Evaluate & Score
SiUCAM, ¢,
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Evaluation overview - Inverse Crime

X;

g(x)
>

Add
heteroscedastic noise
% = N(x;, diag(ox))

Yi

4)[

Train p*(x),
Uq(x)

f(x;)

Evaluate & Score
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Datasets
Toy Datasets [15]

B logp(x)
®  Function g(x)

Toy Datasets

= Polynomial

g(x1, %) = kle a k2X§ + kaxyxa + kaxy + ksxo + ke
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Datasets
Toy Datasets [15]

B log p(x)

®  Function g(x)

Styblinski-Tang [15]

Toy Datasets

Polynomial

g(x1, %) = kle a k2X§ + kaxyxa + kaxy + ksxo + ke

d

1
= 5 2_ kil — 16 + 5%)

j=1
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iUCAM Visualization
V- =l 7
) 2 //I// 3 £ g 2 Z// R

0 0
/ /- Ground truth oy
) -/Qe‘ﬁnd truth ox —9 z yd% Gaussian, sg, = 1.10
_~77 Gradientbased, s, = 1.24 | AT SCA kNN, sy, = 1.02
SHA}VSg2 = 6.69 SCMracle, sg, = 0.88
—4 -4
—50 —25 00 25 —50 —25 00 25
T €1

Figure: Visualized vectors of the iUCAM, for [ = 0.60 on the polynomial Gaussian mixture
model (GMM) with the light gradient boosting machine (LightGBM).
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iUCAM Results

/ ’ _
2.5 - % / 8
— — SCAOracle v 2‘5 — — — SCAOracle v — _ SCAOracle
— — Predict0 / — — Predict0 /
20 - Gradient-based /4 Gradient-based /
- ~———— SCAGaussianK = 4,0 = 0.1 240 ~  ——— SCAGaussianK = 4,0 = 0.1

——— SCAKNN,k = 4

——— SCAKNN, k = 4

7

B ///
7 — — Predicto /

——— Gradient-based /
6- SCA GaussianK = 16,0 = 0.1
= SCAKNN, k = 16
-
'
e
A

2 15-
S
1.0 -
0.5 -
0.0 - | | | | | 040*\/’/ | | | | | 07(’// | | | | |
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0
Noise Level Noise Level " Noiselevel
(a) Polynomial (b) Polynomial GMM () Styblinski-Tang, d = 4

Figure: Results of the uncertainty attribution noise sweep using the LightGBM.
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Conclusion

=» Smoothness constrained attribution (SCA): model-agnostic & source free iUCAM
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Conclusion

=» Smoothness constrained attribution (SCA): model-agnostic & source free iUCAM

=<» SCA performs well on lower dimensional datasets

=» Future work: improve hyperparameters for high dimensional data
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Causal Approaches

? Understand process
= Causal learning?

? Unknown ground truths, bad
performance

Figure: “Ground truth” Causal Graph
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Regression scoring

SR2

SR2=l—

Xi..
ﬁ(x,-)..
Yi..

Target: sxa = 1, worse than mean predictor if sxa < 0

Yo (i) — yi)?
?:1 ()u - yi)2

.input data sample
. prediction
. Target:

n
.. mean of Target: s Zy,-

i=1
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iIUCAM scoring

SiucAM, ¢,

1 n
Siucam, ¢, = n Z lla(xi) — ol
i=1

a(x;) . .. attribution
oy, - . . ground truth heteroscedastic noise

Target: Siycam,, ~ 0
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More iUCAM Results |

/ / /
2.5 - — — scaoracle y; 2.5 - — — scaoracle V; 2.5 - — — scaoracle Y
Predict 0 / Predict0 / Predict 0 /
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Noise Level Noise Level Noise Level
(a) LightGBM (b) neural network (NN) (c) Gaussian process (GP)

Figure: Results of the uncertainty attribution noise sweep using on the Polynomial GMM -
SiUCAM, £,
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More iUCAM Results Il

1.0-
0.9 -
8 08-
=
<
ES
& 07~ — — SCAOracle
— — Predict0
0.6 - Gradient-b.zsed
———— SCAGaussianK = 4,0 = 0.1
——— SCAKNN, k = 4
0.5

o | | | | |
0.0 02 04 06 08 1.0
Noise Level

(a) LightGBM

SiucAM,cos

0.5

i — — SCAOracle
| — — Predict0

Gradient-based
———— SCAGaussian K = 4,0 = 0.1
——— SCAKNN,k = 4

| | | | | |
0.0 02 04 06 08 1.0
Noise Level

(b) NN

1.0 -
0.9 -
é: 0.8 -
=
g
&5 0.7~ — — SCAOracle
— — Predict0
| ——— Gradient-based
0.6 — SCAqutssianK =4,0=01
—— SCAKNN,k = 4
0.5, | | | I I
00 02 04 06 08 10
Noise Level
(c) GP

Figure: Results of the uncertainty attribution noise sweep using on the Polynomial GMM -

SiUCAM,cos+
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More iUCAM Results IlI

1.0 -

8 - 4
— — SCAOracle /// — — SCAOracle
T - Predict0 / Predict0
—— Gradient-based ¢ / 0.9 - Gradient-based
6~ scacaussiank — 16,0 — 0.1 — SCAGaussian K = 16,0 = 0.1
5 SCAKNN, k = 16 ¢ 08 ——— SCAKNN,k = 16
< g V.o~
s s
S S
%) & 0.7 -
0.6 -
7
0-r¢ I I I I I 0.5- I I I I I
00 02 04 06 08 1.0 00 02 04 06 08 1.0
Noise Level Noise Level
(a) Siucam, ¢, (b) Siucam,cos

Figure: Results of the uncertainty attribution noise sweep using on the Styblinski-Tang, d = 4
dataset & LightGBM.
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More iUCAM Results IV
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SCA Ablation Studies |

2.5 - — — scaorace /// 2.5 - — — scAorade ///
— — Predicto / — — Predicto /
— SCASingle // — SCAGaussianK = 4,0 = 0.01 7
2.0 - scacaussiank = 2,0 = 0.1 2.0 - scaGaussiank = 4,0 = 0.05
—— SCAGaussiank = 4,0 = 0.1 —— SCAGaussianK = 4,0 = 0.1 :
< _ —— SCAGaussianK = 8,0 = 0.1
% 15
2
? 1.0 -
0.5-
0‘0*\//\ | I I | 0.0*\/'/\ | | I I
0.0 02 04 06 08 1.0 00 02 04 06 08 1.0
Noise Level Noise Level
(a) Varying K (b) Varying o

Figure: Ablation studies on the SCA with the Polynomial GMM.
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SCA Ablation Studies Il

_ / _ . /
2.5 SCA Oracle 2.5 SCA Oracle y;
—  Predicto A —  Predicto /
— SCAGaussianK = 4,0 = 0.1, A = 0.01 LightGBM (Calibrated) /
2.0 - scaGaussiank =40 —0LA=01 _ 2.0 - LightoBM (Uncalibrated)

——— SCAGaussianK = 4,0 = 0.1

0‘0*\/'/ | | | | | 0.0*\/'/ | | | | |
0.0 02 04 06 08 1.0 0.0 02 04 06 08 1.0
Noise Level Noise Level
(a) Varying A (b) Calibration

Figure: Ablation studies on the SCA with the Polynomial GMM.
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