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TODAY'S AGENDA

Uncertainties!
UQ For Regression
MCDropout
Uncertainty Calibration
DeepEnsembles
UQ for Instance Segmentations
UQ For Classification
Conclusions
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WHAT IS UNCERTAINTY?

Definition (Merriam-Webster today)
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UNCERTAINTIES IN ML FOR SCIENCE [tan€eT AL 2023]

npj AR.Tan et al.

2

(a) Ensemble MVE Evidential GMM
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of UQ hod!

on the rMD17 data set. a Hexbin plots showing (predicted) uncertainties versus squared errors of atomic
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UNCERTAINTIES: A PARADIGM SHIFT

Let’s say | have data and | fit a linear model to predict y from x. ..So that
would be the predictive take. The inferential take would be: can | say something
about which features are significant in this (linear) model? Can | actually give
under some assumptions a confidence interval for their coefficient in the linear
model and so on.
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UNCERTAINTIES: A PARADIGM SHIFT

Let’s say | have data and | fit a linear model to predict y from x. ..So that
would be the predictive take. The inferential take would be: can | say something
about which features are significant in this (linear) model? Can | actually give
under some assumptions a confidence interval for their coefficient in the linear
model and so on.

In statistics, we think of these as like two very big areas of research. And
maybe historically, actually inference has been even bigger than prediction. And
in machine learning, it's exactly the opposite: So prediction dominates, inference
is tiny.
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UNCERTAINTIES: A PARADIGM SHIFT

Let’s say | have data and | fit a linear model to predict y from x. ..So that
would be the predictive take. The inferential take would be: can | say something
about which features are significant in this (linear) model? Can | actually give
under some assumptions a confidence interval for their coefficient in the linear
model and so on.

In statistics, we think of these as like two very big areas of research. And
maybe historically, actually inference has been even bigger than prediction. And
in machine learning, it's exactly the opposite: So prediction dominates, inference
is tiny.

And historically in machine learning, inference may have been very, very small.
And now | think it's grown in a way that people do talk about inference, they
use the word uncertainty quantification. They don't think about inference and
typically in the traditional way statistically. But | think it has somehow emerged
as maybe more of a focus.

Ryan Tibshirani in “The Gradient Podcast”, see here for the full interview.
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Supervised Machine Learning

® dataset D = {(Zo,y0), (Z1,v1), ..., (Tn,yn)} T X X Y
X ..instance space
Y ..outcomes associated with instance
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X ..instance space
Y ..outcomes associated with instance

® cach sample of D is considered an i.i.d. sample
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ORIGINS OF UNCERTAINTY IN ML 1/3

Supervised Machine Learning

® dataset D = {(Zo,y0), (¥1,v1)s -, (TN, yN)} T X X Y
X ..instance space
Y ..outcomes associated with instance

® cach sample of D is considered an i.i.d. sample
® given a hypothesis space H (with h: X — )) and
® given a loss function | : X x Y — R
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ORIGINS OF UNCERTAINTY IN ML 2/3

hypothesis space

{(Zo,90), -+, (TN, yn)} Hoh:X—Y I = f(h(z),y))
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ORIGINS OF UNCERTAINTY IN ML 2/3
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{(Zo,90), -+, (TN, yn)} Hoh:X =Y I = f(h(z),y))

Learner Goal Learner Guesses

Repmyp only estimates R!
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WRAP-UP ORIGINS OF UNCERTAINTY

induction  learning

rinciple  algorithm
P P & test data x

background knowledge MODEL INDUCTION -
MODEL h: X — Y

training data D h = Ind(D)

predictions § = h(x)

Central Point of Interest: Predictive Uncertainties
(uncertainty for y, = h(x,) for a concrete instance z, € X)

[Hillermeier and Waegeman 2021]
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A HISTORIC VIEW ON UNCERTAINTY SOURCES
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A HISTORIC VIEW ON UNCERTAINTY SOURCES

5 - ¢ Aleatoric or
Data related uncertainty

10 A
(uncertainties from noise in the data,
does not decrease with more data)

~10 4

-15
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A HISTORIC VIEW ON UNCERTAINTY SOURCES

5 - ¢ Aleatoric or
Data related uncertainty

10 1
(uncertainties from noise in the data,
does not decrease with more data)

e Epistemic or

5] Model related uncertainty

10 (uncertainties related to finding the
best hypothesis, can be reduced with

TTLT S X 4 6 1@ 3 % more data)
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OBTAINING (EPISTEMIC) UNCERTAINTIES

Monte Carlo Dropout

—

}

Model

(dropout at inference)

Bl i}l o{ios- . t])

\/

E[g|7] + o (9])
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OBTAINING (EPISTEMIC) UNCERTAINTIES

Monte Carlo Dropout

—

| [Gal and Ghahramani 2016]
Model ® model set up including dropout layers

(dropout at inference)
l ® dropout layers set random portions of
N N S weights to 0.
: (implicit regularisation during training)

Bl i}l o{ios- . t])

\/

E[g|7] + o (9])
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OBTAINING (EPISTEMIC) UNCERTAINTIES

Monte Carlo Dropout

—

gf [Gal and Ghahramani 2016]
(dropolt}t/lgtdis‘(lerence) ® model set up including dropout layers
l ® dropout layers set random portions of
T P in weights to 0.

(implicit regularisation during training)
® trick: keep dropout enabled during

prediction and call model.predict
multiple times

Bl i}l o{ios- . t])

\/

E[g|7] + o (9])
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OBTAINING (EPISTEMIC) UNCERTAINTIES

Monte Carlo Dropout

—

gf [Gal and Ghahramani 2016]
(dmpoll}t/l?tdineflrence) ® model set up including dropout layers
l ® dropout layers set random portions of
~ N weights to 0.

(implicit regularisation during training)

® trick: keep dropout enabled during
prediction and call model.predict
. A A R multiple times
El{go,- - 4n3]  o({Fo - n}) ® allows to sample the PDF describing ¢

\/ (weights of model disabled randomly)

E[g|7] + o (9])
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OBTAINING (EPISTEMIC) UNCERTAINTIES

Monte Carlo Dropout

—

T

}

Model

(dropout at inference)

Bl )] (.- 5])

\/

E[g|7] + o (9])
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[Gal and Ghahramani 2016]

model set up including dropout layers

dropout layers set random portions of
weights to 0.

(implicit regularisation during training)
trick: keep dropout enabled during
prediction and call model.predict
multiple times

allows to sample the PDF describing ¢
(weights of model disabled randomly)

obtain mean prediction E[g] and
prediction deviation o(§) for each input
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TRY MCDROPOUT FOR YOURSELF

Please open 01 _mcdropout_1D_regression.ipynb!
Go through the notebook.
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DROPOUT RECAP

® MCDropout approximates a

Bayesian Neural Network
Neural Network Bayesian Neural Network (BNNS are computational

intensive)
e
NX

from jonascleveland.com
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DROPOUT RECAP

® MCDropout approximates a
Bayesian Neural Network
Neural Network Bayesian Neural Network (BNNS are computational

@ intensive)

N ® average across possible
@’L'\ network configurations
(enable Dropout layers during
ARAS /‘\//L inference)
AN

from jonascleveland.com
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DROPOUT RECAP

® MCDropout approximates a
Bayesian Neural Network
Neural Network Bayesian Neural Network (BNNS are Computational

@ intensive)

()
/L ® average across possible
S Q network configurations
@ ) (enable Dropout layers during
£ inference)

® perform Bayesian Model
AN Averaging

see [Gawlikowski et al. 2022] for
from jonascleveland.com details
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DROPOUT RECAP

® MCDropout approximates a
Bayesian Neural Network
Neural Network Bayesian Neural Network (BNNS are computational

@ intensive)

® average across possible

[
% . .
€ Q network configurations
(enable Dropout layers during
A

l‘\/ inference)
® perform Bayesian Model
AN Averaging
see [Gawlikowski et al. 2022] for
from jonascleveland.com details

® epistemic uncertainties!



https://jonascleveland.com/bayesian-network-vs-neural-network/
mailto:p.steinbach@hzdr.de

HELMHOLTZ Al &55rnon ™ 15/38

DIAGNOSING A UQ METHOD: CALIBRATION CURVES

Average Calibration

1.0

0.8

0.6

0.4

Observed Proportion in Interval

0.2 1

# Miscalibration area = 0.19

0'0 a T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Predicted Proportion in Interval m
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HOW TO JUDGE PREDICTIVE UNCERTAINTIES?

At Inference, we have
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HOW TO JUDGE PREDICTIVE UNCERTAINTIES?

At Inference, we have

Assumption

[Kuleshov, Fenner, and Ermon 2018]

R RRRRRBRBRRRRERERRRERRRRRRRRRRRT"7"7" " veLmuoL1ZAI


mailto:p.steinbach@hzdr.de

HELMHOLTZ Al &55rnon ™ 17/38

() P
Ve

e/

7 Yeest



mailto:p.steinbach@hzdr.de

HELMHOLTZ Al &55rnon ™ 17/38

CAL I B RAT I 0 N I N A N UTS H E L L [KULESHOV, FENNER, AND ERMON 2018]
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CAL I B RAT I 0 N I N A N UTS H E L L [KULESHOV, FENNER, AND ERMON 2018]
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CAL I B RAT I 0 N I N A N UTS H E L L [KULESHOV, FENNER, AND ERMON 2018]
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CAL I B RAT I 0 N I N A N UTS H E L L [KULESHOV, FENNER, AND ERMON 2018]
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CAL I B RAT I 0 N I N A N UTS H E L L [KULESHOV, FENNER, AND ERMON 2018]
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Note: only sufficient criteria for uncertainty quality [Levi et al. 2020]!
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CAL I B RAT I 0 N PATH 0 Lo G I E S [KULESHOV, FENNER, AND ERMON 2018]
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
%\)
Modely Model, ~ Modelr

L |

Jo g7 gr

Bl i}l oo tad)
ol et

E[g]7] £ o(9]2)
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
%\ [Lakshminarayanan, Pritzel, and Blundell

Modely Modely - Modely 2017]

L |

n 0 O ® use existing model and training loop

® train 7" models (different seeds)

Elor )] oo i)
sl et

E[g]7] £ o(9]2)
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
%\ [Lakshminarayanan, Pritzel, and Blundell

Modely Modely - Modely 2017]

L |

n 0 O ® use existing model and training loop

® train 7" models (different seeds)

® trick: for each T get one prediction
from each model

Elor )] oo i)

- =

E[g]7] £ o(9]2)
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
— 7 T [Lakshminarayanan, Pritzel, and Blundell

Modely Model, ~ Modelr 2017]
® use existing model and training loop

Yo T r
- e train T models (different seeds)

® trick: for each T get one prediction
from each model

El{do; - yn}] o({#o,---,Yn}) ® obtain mean prediction E[g] and

T prediction deviation (%)

E[g]7] £ o(9]2)
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
— 7 T [Lakshminarayanan, Pritzel, and Blundell

Modely Model; - Modely 2017]

L |

i) i T Or ® se existing model and training loop
g ® train 7" models (different seeds)

® trick: for each T get one prediction
from each model

El{do; - yn}] o({#o,---,Yn}) ® obtain mean prediction E[g] and

T prediction deviation (%)
E[g]7] £ o(9]7) ® epistemic uncertainty!
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
— 7 T [Lakshminarayanan, Pritzel, and Blundell

Modely Model; - Modely 2017]

L |

i) i T Or ® se existing model and training loop
g ® train 7" models (different seeds)

® trick: for each T get one prediction
from each model

El{do; - yn}] o({#o,---,Yn}) ® obtain mean prediction E[g] and

T prediction deviation (%)
E[g]7] £ o(9]7) ® epistemic uncertainty!
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble?

T
— 7 T [Lakshminarayanan, Pritzel, and Blundell

Modely Model; - Modely 2017]

L |

n 0 O ® use existing model and training loop

® train 7" models (different seeds)

® trick: for each T get one prediction
from each model

El{do; - yn}] o({#o,---,Yn}) ® obtain mean prediction E[g] and

T prediction deviation (%)
E[g]7] £ o(9]7) ® epistemic uncertainty!

Our nickname: “Simple Ensembles”!
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TRY SIMPLE ENSEMBLES FOR YOURSELF

Please open 02_simpleensembles_1D_regression.ipynb!
Go through the notebook.
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble!
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble!

® use expanded model to predict
7 expectation and std deviation

T (mean variance estimation, MVE)

Modely Model, ~ Modelr ® train 7" models (different seeds)
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble!

® use expanded model to predict
= expectation and std deviation

x
T (mean variance estimation, MVE)
® train T models (different seeds)
/\ ® trick: for each & get one prediction and
one sigma from each model
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble! .

Modely M odelq Modelr ¢
VANVZANEVAN )
Yo o(Go)91 o(91)” It o(gr) .

lnll = _logp - ) 2 0_(:1:02

1 T
Eens [yn] = f&t

use expanded model to predict
expectation and std deviation
(mean variance estimation, MVE)

train T models (different seeds)
trick: for each & get one prediction and
one sigma from each model

allows to learn model of aleatoric
uncertainty (MVE)
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble! )
® use expanded model to predict

7 expectation and std deviation
T (mean variance estimation, MVE)
Modely Model, ~ Modelp ® train T models (different seeds)
/\ /\ /\ ® trick: for each & get one prediction and
one sigma from each model
o o(@0) g1 o(§1)" g7 o(9r) ® allows to learn model of aleatoric

uncertainty (MVE)

1 (A)Q 1( A)Q ® ensemble allows to assess epistemic
Iy = —logp = 089y + = vy—y uncertainty

1 T
Eens [yn] = f&t
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble! )
® use expanded model to predict

7 expectation and std deviation
T (mean variance estimation, MVE)
Modely Model, ~ Modelp ® train T models (different seeds)
/\ /\ /\ ® trick: for each & get one prediction and
one sigma from each model
o o(@0) g1 o(§1)" g7 o(9r) ® allows to learn model of aleatoric

uncertainty (MVE)

1 (A)Q 1( A)Q ® ensemble allows to assess epistemic
Iy = —logp = 089y + = vy—y uncertainty

but: different loss, different model

1 T
Eens [yn] = f&t
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble! )
® use expanded model to predict

7 expectation and std deviation
T (mean variance estimation, MVE)
Modely Model, ~ Modelp ® train T models (different seeds)
/\ /\ /\ ® trick: for each & get one prediction and
one sigma from each model
o o(@0) g1 o(§1)" g7 o(9r) ® allows to learn model of aleatoric

uncertainty (MVE)

1 (A)Q 1( A)Q ® ensemble allows to assess epistemic
Iy = —logp = 089y + = vy—y uncertainty

but: different loss, different model

1 T
Eens [yn] = f&t
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OBTAINING UNCERTAINTIES IN ENSEMBLES

Deep Ensemble! )
® use expanded model to predict

expectation and std deviation

xz
T (mean variance estimation, MVE)

Modely Model, ~ Modely ® train T models (different seeds)
/\ /\ /\ ® trick: for each & get one prediction and
one sigma from each model
o (o)1 o(91)” gr o(fr) ® allows to learn model of aleatoric

uncertainty (MVE)
® ensemble allows to assess epistemic

loga ()2 1 (y—1)2 :
Iy = —logp = g02(y) + 5 (y AyQ) uncertainty
a(y) ® but: different loss, different model
(13 !1'
Eenslyn] = Zyt These are “Deep Ensembles”!
- [Lakshminarayanan, Pritzel, and Blundell
1 2017
Oens yn = Z + yt — Eens [yn]Q ]
t 0
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TRY DEEP ENSEMBLES FOR YOURSELF

Please open

03_deepensembles 1D regression.ipynb!
Go through the notebook.
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“WELL CALIBRATED UNCERTAINTIES WITH
DEEPENSEMBLES

Average Calibration Holdout Set

1.0

0.8

0.6

0.4

Observed Proportion in Interval

0.2 1

Miscalibration area = 0.02

0'0 a T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Predicted Proportion in Interval m
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INSTANCE SEGMENTATION TASK

Labels

[Hessenkemper et al. 2022]

® goal: accurate spatial prediction ® adding uncertainty = reliable and
robust prediction

R RRRBRRRENSSBBBRiiBERRRRRRRRRRRRRE =777 HELMHOLTZAI
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INSTANCE SEGMENTATION TOOLING: STARDIST

Dense Candidate Prediction NMS
I



https://github.com/stardist/stardist
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U 0 F 0 R STA R DI ST [SIDDIQUI, STARKE, AND STEINBACH 2023]

ensemble predictions
provide multitude of labels

—
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U 0 F 0 R STA R DI ST [SIDDIQUI, STARKE, AND STEINBACH 2023]

clustering for
homogenous instance

labels
|

ensemble predictions
provide multitude of labels
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U 0 F 0 R STA R DI ST [SIDDIQUI, STARKE, AND STEINBACH 2023]

ensemble predictions clustering for calibrated certainty
provide multitude of labels homogenous instance scores by region of most
labels overlap

—

= -
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“INFORMED PREDICTIONS WITH UNCERTAINTIES AND’
CALIBRATION PLOTS

L8P 9.
.‘; ﬁn&‘l —— ‘Qo.sz

benign segmentation
(bubble segmentation)

[ECE07073]
08 MCE : 0.200
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“INFORMED PREDICTIONS WITH UNCERTAINTIES AND’
CALIBRATION PLOTS
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Ry,
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%0.92

.41 0.94. —
benign segmentation malignant segmentation
(bubble segmentation) (gland tumor cell segmentation)
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RECAP: NEURAL NETWORK CLASSIFICATION

softmax

logits
& outputs

RGP

-

softmax(h)

PLY

® classifaction prediction obtained from
argmax

® how to express uncertainty for a class
label?

prediction loss

argmax(2)
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RECAP: NEURAL NETWORK CLASSIFICATION

. softmax -
logits prediction loss
outputs

® classifaction prediction obtained from )
argmaz ® classification = often used as goto

benchmark for UQ methods

® how to express uncertainty for a class
label? ® distinct differences to regression
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CLASSIFICATION RATIONAL FOR UQ

Prediction by NN
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CLASSIFICATION RATIONAL FOR UQ

Prediction by NN
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CLASSIFICATION RATIONAL FOR UQ

Prediction by NN

Intuition

Confidence p (probability of correctness)
should be calibrated!

In other words, p should be a true
probability.

For more details, see [Guo et al. 2017]
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RELIABILITY DIAGRAMS cuoerazon

Plot expected sample accuracy versus (observed)
confidence
1. run model on (validation) data and obtain predictions
(i p)
2. bin predictions into M interval bins (bin width of 1/M)
let BB, be all sample indices that fall into bin m

3. calculate accuracy for samples in each bin

acc m |Bm| Z '_yz

i€EB,

4. calculate average confidence in each bin

conf(Bn) = = 3

i€Bm,

R RRRBRRRENSSBBBRiiBERRRRRRRRRRRRRE =777 HELMHOLTZAI
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RELIABILITY DIAGRAMS cuocrazom

LeNet (1998)
Plot expected sample accuracy versus (observed) » CIFAR-100
confidence ) gl
w 0.8 : .5"5
1. run model on (validation) data and obtain predictions %o g
A A cHS
(4.9) ‘N h
2. bin predictions into M interval bins (bin width of 1/M) kS j%'::
R 02

let BB,,, be all sample indices that fall into bin m i

3. calculate accuracy for samples in each bin

L0
Il Outputs
acc(Bp) = § i = Yi) 08 ||z3 Gap
IBmI 5
1EB, < 0.6
-
- . . =]
4. calculate average confidence in each bin g4
0.2
" Error=44.9
conf(Bu) = 5 3 b ) il Error=44.9
| m| 0.0 02 04 06 08 1.0

i€Bm,
Confidence
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SUMMARY

® uncertainties express variability in Machine Learning
predictions (induction, limits of dataset)
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SUMMARY

® uncertainties express variability in Machine Learning
predictions (induction, limits of dataset)

® uncertainties should become first class citizens in Machine
Learning

® established methods for obtaining predictive uncertainties
(MCDropout, SimpleEnsembles, DeepEnsembles)

® depending on UQ method, uncertainties refer to different things

(epistemic vs aleatoric uncertainties for example)

Thank you for your attention!
Looking forward to questions, feedback and comments.
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A CLASSIFICATION SOTA FOR DEMONSTRATION

image classification on imagenette [Howard et al. ]
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A CLASSIFICATION SOTA FOR DEMONSTRATION

image classification on imagenette [Howard et al. ]

. Figure 1 (a):
emal e Accuracy estimates
on 10-class image
resnexts0 ® = >
classification for
resnets0 - . three different ML

architectures. Taken
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WL e Steinbach, Till Korten, Sebastian Starke, Steve SEHatekl§i@CWncertainty Quantification in Machine Learn
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“ACCURACIES WITH UNCERTAINTIES FROM
CROSS-VALIDATION

vit small 4 —8——
resnext50 - —a—

resnet50 1 —a—

T T T T T T T T T T
0.725 0750 0775 0800 0825 0850 0875 0900 0925 0950
accuracy

Figure 1 (b): Accuracy estimates on 10-class image classification for three different
ML architectures. Point estimates and confidence intervals obtained from 20-fold
Cross Valldat|on |S ShOWﬂ Taken from [Steinbach et al. 2022]
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APPROXIMATED UNCERTAINTIES &

Approximate Accuracy as a Bernoulli probability

Figure 5: Comparison of fold sample
based uncertainty with approximated

—A uncertainty using eq. (1) [Raschka
emal] s —e— _Sf_e:w 2018]. Each estimate was obtained for
et | e one seed (42) or any seed available
resnextso | _{5 uncertainty from (total 6 seeds). The uncertainty plotted
. 4 fold samples for seed 42 was obtained using the
resnetso | —.— ® epproximated approximation in eq. (1). The
™ uncertainty plotted for all seeds was

0725 0750 0775 0800 0825 0850 0875 0900 0925 0950

obtained using the sample standard
accuracy

T Korten. Sebastian Starke. Steve Schmerler | Uncertainty Quantificatio, MMMRSRSSS—_Y (o1 (Stcinbach etal ]
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“HOW DO VISION TRANSFORMERS WORK? [PARK AND
KIM 2022]
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Figure 2: Reproduction of figure 12a from [Park and Kim 2022] (left).
Augmentation of the same figure with estimated accuracy calculated using
eq. (1) using a one-sigma 68.2% (colored) and two-sigma 95% (grey)
confidence interval (right). Data to reproduce these figures was obtained
by using [Rohatgi 2021] on the figures from the preprint PDF. taken from [steinbach

e e T R T
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MORE SOURCES OF VARIANCE

source of variation case studies
Glue-RTE Glue-SST2 MHC PascalvOC CIFAR10
BERT BERT MLP ResNet VGG11
h t
ety Bayes Opt - - —-— I
optimization Random Search I ] ] 1
HOpt {§x} Noisy Grid Search | | | |
Data (bootstrap) I . D
learning Data augment I
dure Data order || . I
proce: Weights init | ] ] |
{&o} Dropout |
Numerical noise ]
0 2 0.0 0.5 0 2 0.0 0.5 1.0 0.0 0.2
STD

Figure 1 of [Bouthillier et al. 2021]: Different sources of variation of the
measured performance: across our different case studies, as a fraction of
the variance induced by bootstrapping the data. For hyperparameter
optimization, we studied several algorithms.
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“YAKEAWAYS: LET'S "INCREASE THE QUALITY OF
EVIDENCE™

® uncertainties are essential

(strong hint for communicating and reviewing academic results)

e uncertainties can be laborious

(cross-validation, running training multipe times)

e approximations for uncertainties provide a solution with
minimal runtime cost

See [Steinbach et al. 2022] for more details!
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