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Reply to Dablander and Bury: Dealing with the unknown

unknowns of deep learning

Chris T. Bauch®" and Madhur Anand®

Dablander and Bury (1) make a valuable clarification that the
approach of Bury et al. (2) requires detrended time series—
not trendless time series per se—and point out that they
are not the same thing for this type of deep learning algo-
rithm (DLA). The algorithm learned not only the generic fea-
tures of bifurcations but also features of the time series
that are specific to the choice of detrending filter. This
behavior of DLAs is also vividly illustrated by the “single-
pixel attack,” where an image-recognizing DLA can be
fooled by replacing a single pixel. This causes the DLA to
misclassify a cat as a dog, in cases where the human eye
would not be misled (3). In both cases, DLAs learn features
that are specific to the training set, but some of the learned
features are neither intended nor known by the program-
mer. And, when the DLA is exposed to something slightly
outside of its training set (by changing a pixel or a prepro-
cessing filter), these features cause the DLA to misclassify
something that—to a human—is obviously still a cat or a
trendless time series. Dablander and Bury flag a problem
that all DLAs share, and the scientific community should
certainly be reminded of, as these methods become more
mainstream. We only have a few comments to add. We
think the expectation for DLAs to be robust to phenomena
like single-pixel attacks may reflect a tendency to anthropo-
morphize DLAs, perhaps on the assumption that artificial
neural networks should operate in ways similar to biologi-
cal neural networks. But they differ in many fundamental
aspects. Hence, when these algorithms are challenged with
something slightly outside of their training set, we are sur-
prised when they produce answers a human brain would
not think of. Given that DLAs can exhibit such “unknown
unknown"” limitations on their operational parameters, what

should researchers do? Dablander and Bury highlight one
important aspect, which is to be aware of the differences
between DLAs and other types of classifiers such as tradi-
tional early warning indicators or human expert opinion:
Every scientist needs to understand their instrument, and
DLAs are no different. In the context of Bury et al., research-
ers should practice consistent use of the same filter for
training, testing, and application, and devote precious com-
puter memory to including a greater variety of bifurcations
or noise types (instead of multiple filter types) in the train-
ing set. Detrending may still be valuable for developing
early warning signals of tipping points, even if future DLAs
do not require it as a preprocessing step: These methods
exploit the properties of critical phenomena near tipping
points (4, 5), and detrending should help any classifier
detect the information that is present in the noisy fluctua-
tions around a slowly changing equilibrium (6). Like many
readers, we are excited to see what the coming years will
bring for data-driven dynamical systems, and especially the
interface between complex systems and deep learning algo-
rithms as exemplified by Bury et al. (2).
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