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motivation

Issue:
Neural networks fail to learn (safety) properties from data alone!

Example: Reluplex (Katz et al., 2017)
‘If an intruder is near and approaching from the left, network should advise strong right’.
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training with logical constraints

Task: train a neural network N to satisfy constraint 𝜙.
Train: given data, true labels, and loss function, iteratively update network weights.
Verify: afterwards, using 𝛼,𝛽-CROWN, Marabou, NNV, ERAN, …

Neural Network Verifier

training data logical constraints

verify constraints

re-train

Note
Training with constraints does not guarantee their satisfaction!
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differentiable logics

Given data 𝒙0 and label 𝒚, and constraint 𝜙,
obtain optimal network weights 𝜽+ by

𝜽+ = argmin
𝜽

LCE(𝒙0,𝒚)+𝜆LC(𝒙0,𝒚,𝜙).

DL2 (Fischer et al., 2019) mapping [[⋅]]DL2 ∶ 𝛷→ [0,∞)

[[𝜙∧𝜓]]DL2 ∶= [[𝜙]]DL2+[[𝜓]]DL2 [[𝜙∨𝜓]]DL2 ∶= [[𝜙]]DL2 ⋅ [[𝜓]]DL2

Fuzzy Logic (van Krieken et al., 2022) mapping [[⋅]]𝐿 ∶ 𝛷→ [0,1]

[[𝜙∧𝜓]]G ∶=min{𝜙,𝜓} [[𝜙∨𝜓]]G ∶=max{𝜙,𝜓}
[[𝜙∧𝜓]]ŁK ∶=max{0,𝜙+𝜓−1} [[𝜙∨𝜓]]ŁK ∶=min{1,𝜙+𝜓}
[[𝜙∧𝜓]]P ∶= 𝜙 ⋅𝜓 [[𝜙∨𝜓]]PS ∶= 𝜙+𝜓−𝜙 ⋅𝜓
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local robustness

Definition
A neural network is locally robust in input 𝒙0, if

∀𝒙.‖𝒙−𝒙0‖∞ ≤ 𝜀⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
all elements in the input space close to 𝒙0

implies ‖N (𝒙)−N (𝒙0)‖∞ ≤ 𝛿⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
the classification is roughly the same

+ 0.007 × =

‘panda’
57.7% confidence

adversarial
noise

‘gibbon’
99.3% confidence

Figure 1: Adversarial attack (Goodfellow et al., 2015).
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constraint counterexamples

Insight from DL2 (Fischer et al., 2019)
Learning to satisfy ∀𝑥.𝑥 ⊨𝜙 by finding 𝑥∗ such that 𝑥∗ ⊭𝜙.

1. Approximate counterexample outside of the training data using PGD:

𝒙∗ = argmax
𝒙∈‖𝒙−𝒙0‖∞≤𝜖

LC(𝒙0,𝒙,𝒚,𝜙)

2. Use this counterexample in training:

𝜽+ = argmin
𝜽

LCE(𝒙0,𝒚)+𝜆LC(𝒙0,𝒙
∗,𝒚,𝜙).
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expressive power

Example: ROAD-R Data Set (Giunchiglia et al., 2023)
Videos annotated with background knowledge (propositional logic).

{¬Ped,¬Cyc}∪{¬Red,¬Green}∪{¬Green,¬Mov}∪…

What about more expressive logics? (e.g. temporal or probabilistic) 6 / 7



future work

RQ1: What properties to specify and verify?

RQ2: How expressive should the logics be? (e.g. temporal or probabilistic)

RQ3: How to utilise (and ideally, enforce) these properties during training to obtain
correct-by-construction models?
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