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Rüdiger Ehlers, Clausthal University of Technology

Marktoberdorf Summer School, August 2019



2

Some current directions of research

Neural network verification

Layer-by-layer propagations

Symblicit testing

Safe reinforcement learning

Circumventing the lack of good specifications

Learning easy to verify networks
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Neural network verification (1)

Wang et al., 2018
ReluVal:

Symbolic range analysis for ReLU nodes

Propagate lower and upper bounds (symbolic in the input
variables to the network if possible)

Split on ReLU phases to increase precision when needed
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Neural network verification (2)

Katz et al., 2017, 2019
Modified simplex algorithm (first stage) specifically for NN
verification with ReLU non-linearities

Introduces a special ReLU “fixing” step for candidate solutions
in the simplex algorithm.

Split on a ReLU phase if reasoning in circles.
Katz et al. (2019) add:

Support for divide and conquer
Support for reasoning based on the network topology (e.g.,
symbolic bound tightening)
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Combining formal methods & testing

Gopinath et al., 2018
First, we can apply the network on training or random data

Then, we can cluster the predictions for input similarity such
that in each cluster, the predictions are all the same

Clusters of the same prediction may represent regions of the
input space in which the prediction is the same.
→ verify using a neural network verification approach
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Layer-by-layer propagation methods

Huang et al., 2017

Xiang et al., 2017

. . .
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Specification support
Cheng et al., 2019

Idea: Learn a representation of the relevant cases along with
the model

Verify correct behavior for this representation model.

main
network

final
decision

case
detection
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Learning easy to verify networks

Xiao et al., 2019
Focus: Robustness checking of learned networks

Use of special loss function that benefits networks for which
ReLU phases change little around the training data points

Reported speed-up of 4-13x in verification time
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Making reinforcement learning safe

Other approaches
Fulton and Platzer, 2018

Phan et al., 2019

...
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Outlook
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Outlook

To achieve scalability
We need a co-development of learning and verification methods.

To improve correctness of learned models
We need to find a way to integrate specifications into the learning
process itself.

To achieve impact
We need to find ways to help with specifying the intended
properties of learned models!
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