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Successful landing
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After landing
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B After landing

Buenos Aires - Argentina

What if we added rédundant "roll
function with a camera ?
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How can we certify this
machine learning model?




Subject




Subject




Subject
Formal method - - lep

 Neural network

.

strategies for

Property

& () PrelPost conditions |

"+ Formalized property

~) Verification tools



[N
Neural network
Successive image transformations

Subject

Neural network




[N
Neural network
Successive image transformations

Subject

Neural network




[N
Neural network
Successive image transformations

—

Subject

Neural network




Property

Requirement on desired model behavior

Subject




Property

Requirement on desired model behavior

Pre-condition Post-condition

Machine learning model

Neural network Neural network
iInput constraints output constraints

Subject




Property

Requirement on desired model behavior

Pre-condition Post-condition

Machine learning model

Neural network Neural network
iInput constraints output constraints

Subject

If the input meets the pre-condition, then,
the output meets the post-condition
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Post-conditions
Desired model behavior

Pre-condition Post-condition

Machine learning model

Neural network Neural network
iInput constraints output constraints
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Rol =" ’ Machine learning model

What does it means mathematically :
“The input meets the precondition™?
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5 pixels unknown in black and white
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100.000 unknown pixels in RGB
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Abstraction Output
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postcondition
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Automated validation software

Abstraction Output
+

postcondition
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The postcondition is verified for the
abstraction

Verified property

Verification tools
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Not only is the roll set

STAKES

OF THE SUBJECT

Find properties

Abstraction

Abstract interpretation :

Use tools - Use case : Object detection

Scalability issue
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