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Domain Shifts ‘

A Synthetic

Several different domain shifts challenge DNNs in

real applications

R gl Performance drop, e.g. mean intersection over

union (mloU), used as a proxy for the strength of the
domain shift

No to little understanding of the behaviour of DNNs
under domain shift

Our Approach

Develop a method to quantify the
domain shift within a DNN



Applications of a Domain Shift Metric

Multi-Purpose Domain Shift Metric

Out-of-Domain Detec. i )
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Al Safety Different metrics

Performance Metric Layers

: : Architecture
Behaviour Analysis
UDA Approaches

Active Learning Classes

Domain Adaptation Correlation w.r.t mloU
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Domain Shift Quantification in Feature Space ‘

Source Target Domain
Domain (Dg)

Distance
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Preliminiary Insights: Activation Distribution Analysis ‘
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Metrics for Domain Shift Quantification ‘

Core Question
Which metric is most suitable and how to assess it?

Mean Squared Error (MSE) Multivariate Frechet Distance

Dyise(97,,61) = 167, — o1 II° lx = v ||* + Tr(covx + covy — 2,/c0vxc0vY)

Wasserstein Distance

=

Wy(a,b) = (infyen(a,b)/ c(ml, m2)Pdy(ml,m2))

J WxwW



Results




Artificial Domain Shift under Noise (MSE)
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Artificial Domain Shift under Noise (Frechet Distance) "
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Artificial Domain Shift under Noise - Metric Comparison ‘

« All metrics show similar and
expected behaviour for noise
and color jitter

* Only SVD-processing of channels
negatively affects the
measurement

« Also layer-wise behaviour
across the metrics is similar

« SVD dropped for future

research

Transfer Learning | Domain Shift Quantification

Mave_mse | 20.51 37.34 59.39 81.49

_ e—

MAVG_WQSS< 8.77 D 14.50 21.02 <@@
Mrp 4671.30 | 8199.21 | 12326.91 | 17015.25

Mimse 89.89 119.48 | 148.86 | 176.20
Msyp-_mse | 1.17E-07 | 1.26E-07 | 1.43E-07 | 1.53E-07
Msyp-_wass | 1.02E-04 {(1.24E-04) 1.25E-04 (1.26E-04 ]

Mavc-_mse | 0.01 0.03
Mavc—waes | 0.03 0.04
Mrp 0.16 0.23
MirsE 2.75 3.74




Evaluation of Domain Adaptation Approaches
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Block-wise Analysis
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Conclusions
1 Domain shift within DNNs is layer- 2 Dimensionality reduction on
dependent activations did not work as expected
3 Different metrics showed both 4 No direct correlation of domain
consistent but also different results shift score and mloU—> source domain
under domain shift handling might be reason

5 Adressed a new important research
area with the potential to have a
fundamental impact on the
generalization of DNNs

14



KIDELTA

LEARNING

Scalable Al for Automated Driving

Manuel Schwonberg | CARIAD SE

manuel.schwonberg@cariad.technology

Kl Delta Learning ist ein Projekt der KI Familie. Es wurde aus der
VDA Leitinitiative autonomes und vernetztes Fahren initiiert
und entwickelt und wird vom Bundesministerium fiir Wirtschaft
und Klimaschutz gefordert.

www.ki-deltalearning.de Y @KI_Familie {3 KI Familie




