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Overview

• Why are constraints important 


• Integration of constraints into the loss function 


• Integration of constraints into the topology 


• The reasoning shortcuts problem


• Conclusions 
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Why is Machine Learning successful?

Because you do not need to 
give instructions, as everything 
can be learnt from data (that is 
at least what some believe…) 


Imagine giving instructions to a 
computer vision model to detect 
pedestrians…
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Is data enough?

• In ML you need a huge amount of 
labelled data
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Machine Learning Limitations
Is data enough?

• In ML you need a huge amount of 
labelled data


• There is no way to inject any 
background knowledge


• There is no way to guarantee that 
the models are compliant with the 
background knowledge
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How can we alleviate these problems? 

Giunchiglia E., Imrie F., van der Schaar M., Lukasiewicz L.. Machine learning with requirements: A Manifesto. Neurosymbolic Artificial Intelligence Journal, 2024.
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How can we alleviate these problems? 

Giunchiglia E., Imrie F., van der Schaar M., Lukasiewicz L.. Machine learning with requirements: A Manifesto. Neurosymbolic Artificial Intelligence Journal, 2024.
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We will focus on this step 



How to integrate constraints in the ML model? 
Before answering… A small recap on ML

Dog Cat

• Define the topology of the network 


• Define a loss function using ground truth  
and 


• Train the network using loss function 


• Test it

f, g, h…

yD
yC

ℒ
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Before answering… A small recap on ML
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0.68 0.32

x1 x2
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Multi-class classification problems
Dog Cat

 hD = softmax(w1z + b1) =
ew1z+b1

∑N
i=1 ewiz+bi

0.68 0.32

h

x1 x2
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# of classes
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p = argmax(hD, hC)
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Multi-class classification problems
Dog Cat

 hD = softmax(w1z + b1) =
ew1z+b1

∑N
i=1 ewiz+bi

0.78 0.15

h

x1 x2

z1 z2 z3 z = [z1, z2, z3]
w1 w2

ℒ = −
1
N

N

∑
i=1

log(yisoftmax(wiz + bi))

Cross-entropy function:

# of classes
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Multi-label classification problems
Dog Cat
0.78 0.15
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x1

z1 z2 z3 z = [z1, z2, z3]
w1 w2

x2 x3 x4
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Multi-label classification problems
Dog Cat
0.78 0.15

h
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z1 z2 z3 z = [z1, z2, z3]
w1 w2

 

 

 

hD = σ(w1z + b1) =
1

1 + e−(w1z+b1)
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1 + e−(w2z+b2)

x2 x3 x4

15

How to integrate constraints in the ML model? 



Multi-label classification problems
Dog Cat
0.78 0.15

h

x1

z1 z2 z3 z = [z1, z2, z3]
w1 w2

 

 

 

hD = σ(w1z + b1) =
1

1 + e−(w1z+b1)

hC = σ(w2z + b2) =
1

1 + e−(w2z+b2)

x2 x3 x4

15

How to integrate constraints in the ML model? 



Multi-label classification problems
Dog Cat
0.78 0.15

h

x1

z1 z2 z3 z = [z1, z2, z3]
w1 w2

 

 

 

hD = σ(w1z + b1) =
1

1 + e−(w1z+b1)

hC = σ(w2z + b2) =
1

1 + e−(w2z+b2)

x2 x3 x4

16

How to integrate constraints in the ML model? 



Multi-label classification problems
Dog Cat
0.78 0.15

h

x1

z1 z2 z3 z = [z1, z2, z3]
w1 w2

 

 

 

hD = σ(w1z + b1) =
1

1 + e−(w1z+b1)

hC = σ(w2z + b2) =
1

1 + e−(w2z+b2)

x2 x3 x4

16

How to integrate constraints in the ML model? 



Multi-label classification problems
Dog Cat
0.78 0.15

h

x1

z1 z2 z3 z = [z1, z2, z3]
w1 w2

 

 

 

hD = σ(w1z + b1) =
1

1 + e−(w1z+b1)

hC = σ(w2z + b2) =
1

1 + e−(w2z+b2)

x2 x3 x4

17

pC = 𝕀(hC ≥ θ)

pD = 𝕀(hD ≥ θ)

How to integrate constraints in the ML model? 



Multi-label classification problems
Dog Cat
0.78 0.15

h

x1

z1 z2 z3 z = [z1, z2, z3]
w1 w2

 

 

 

hD = σ(w1z + b1) =
1

1 + e−(w1z+b1)

hC = σ(w2z + b2) =
1

1 + e−(w2z+b2)

x2 x3 x4

Binary Cross-Entropy loss function: 

ℒ = −
N

∑
i=1

yi log(σ(wiz + bi))

+(1 − yi)log(1 − σ(wiz + bi))
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Integrate the requirements into the loss function!

Diligenti M., Gori M., Saccà C.,. Semantic-based regularization for learning and inference, Artificial Intelligence, 2017 
Badreddine S, d'Avila Garcez A., Serafini L., Spranger M., Logic Tensor Networks, Artificial Intelligence, 2022
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Fuzzy Logic inspired loss
Intuition: we transform logical formulas into a 
differentiable form using t-norms

What is a t-norm? 

It is a function  modelling 
the conjunction with properties:

T : [0,1] × [0,1] → [0,1]

• Commutativity: T(a, b) = T(b, a)

• Monotonicity: if a ≤ c, b ≤ d, then T(a, b) ≤ T(c, d)

• Associativity: T(a, T(b, c)) = T(T(a, b), c)

• Identity element is 1: T(a,1) = a
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Fuzzy Logic inspired loss

There exist many different t-norms! The most used are:

Idempotent ( ) 
& Continuous

T(a, a) = a Strict (continuous & strictly 
monotone) & Archimedean 

21

Continuous & 
Archimedean 

van Krieken E., Acar E., van Harmelen F., Analyzing Differentiable Fuzzy Logic Operators, Artificial Intelligence, 2022.



Why are these differences important?

22

Gödel t-norm 
T(x, y) = min(x, y)

Product t-norm 
T(x, y) = xy

Lukasiewicz t-norm 
T(x, y) = max(0,x + y − 1)

Different t-norms lead to differently shaped loss functions!

van Krieken E., Acar E., van Harmelen F., Analyzing Differentiable Fuzzy Logic Operators, Artificial Intelligence, 2022.



Let’s go back to our example…

0.68 0.13 0.77

Dog Cat Animal

Dog → Animal, Cat → Animal

23

By using product t-norm, then we can model  

x → y   as  ¬x ∨ y and hence (1 − x) + y − y(1 − x)

And thus: 
ℒ1 = − ((1 − hDog) + hAnimal − (1 − hDog)hAnimal))
ℒ2 = − ((1 − hCat) + hAnimal − (1 − hCat)hAnimal))



Let’s go back to our example…

0.68 0.13 0.77

Dog Cat Animal

Dog → Animal, Cat → Animal

The final loss will be the sum of the loss for each class 
+ the loss for each constraint

ℒ = ℒD + ℒC + ℒA + ℒ1 + ℒ2

23

By using product t-norm, then we can model  

x → y   as  ¬x ∨ y and hence (1 − x) + y − y(1 − x)

And thus: 
ℒ1 = − ((1 − hDog) + hAnimal − (1 − hDog)hAnimal))
ℒ2 = − ((1 − hCat) + hAnimal − (1 − hCat)hAnimal))



Pros and Cons

Pros

24

Cons



Pros and Cons

Pros

24

Cons

• Intuitive to understand



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2

ℒD = − yD ln(hD) − (1 − yD)ln(1 − hD)



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2

ℒD = − yD ln(hD) − (1 − yD)ln(1 − hD)
ℒ1 = − ((1 − hD) + hA − (1 − hD)hA))



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

• Not clear which t-norm to use

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2

ℒD = − yD ln(hD) − (1 − yD)ln(1 − hD)
ℒ1 = − ((1 − hD) + hA − (1 − hD)hA))



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

• Not clear which t-norm to use

• No guarantee that the constraints 
will be satisfied

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2

ℒD = − yD ln(hD) − (1 − yD)ln(1 − hD)
ℒ1 = − ((1 − hD) + hA − (1 − hD)hA))



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

• Not clear which t-norm to use

• No guarantee that the constraints 
will be satisfied

• Syntax dependent

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2

ℒD = − yD ln(hD) − (1 − yD)ln(1 − hD)
ℒ1 = − ((1 − hD) + hA − (1 − hD)hA))



Pros and Cons

Pros

24

Cons

• Intuitive to understand

• Efficient to compute

• Can be used to train on unlabelled 
data

• Not clear which t-norm to use

• No guarantee that the constraints 
will be satisfied

• Syntax dependent

ℒFinal = ℒD + ℒC + ℒA + ℒ1 + ℒ2

ℒD = − yD ln(hD) − (1 − yD)ln(1 − hD)
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Consider the Product t-norm: 


T(a, a) ≠ T(a, T(a, a))
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Xu J., Zhang Z., Friedman T., Lian Y., van den Broeck G. A Semantic Loss Function for Deep Learning with Symbolic Knowledge. Proceedings of ICML, 2018.

Summing over all the 
instantiations that satisfy α

Compute the probability of that instantiation 
according to the neural network h



How can we make it syntax independent?

27

Let  be a propositional logic formula over the set variables . 
Let  indicate the joint instantiation of all variables in . 


Given a neural network  and a propositional formula , 
then the loss is defined as:





 

α 𝒴 = {Y1, …, Yn}
y 𝒴

h α

ℒ ∝ − log∑
y⊧α

∏
i:y⊧Yi

hi ∏
i:y⊧¬Yi

(1 − hi)

Xu J., Zhang Z., Friedman T., Lian Y., van den Broeck G. A Semantic Loss Function for Deep Learning with Symbolic Knowledge. Proceedings of ICML, 2018.



How can we make it syntax independent?

27

Let  be a propositional logic formula over the set variables . 
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Given a neural network  and a propositional formula , 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probability of generating an instantiation that 
satisfies , when sampling values according to 
α h
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ℒ ∝ − log∑
y⊧α

∏
i:y⊧Yi

hi ∏
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Suppose we have a multi-label classification problem with classes .  
 
Let our requirement be .  
 
Given an input , suppose that the outputs are: 

 and .


We want to calculate the value of the loss function when using: 


• The t-norm based loss with Gödel t-norm


• The probabilistic logic inspired loss  

{A, B, C}

α = (A ∧ B) ∨ C

x
hA = 0.3, hB = 0.7 hC = 0.6



Solution

32

Suppose we have a multi-label classification problem with classes .  
 
Let our requirement be .  
 
Given an input , suppose that the outputs are: 

 and .

{A, B, C}

α = (A ∧ B) ∨ C

x
hA = 0.3, hB = 0.7 hC = 0.6



Solution

32

Suppose we have a multi-label classification problem with classes .  
 
Let our requirement be .  
 
Given an input , suppose that the outputs are: 

 and .

{A, B, C}

α = (A ∧ B) ∨ C

x
hA = 0.3, hB = 0.7 hC = 0.6

Gödel t-norm based loss:  

ℒ = − max(hC, min(hA, hB))
= − max(0.6, min(0.3,0.7))
= − 0.6



Solution

32

Suppose we have a multi-label classification problem with classes .  
 
Let our requirement be .  
 
Given an input , suppose that the outputs are: 

 and .

{A, B, C}

α = (A ∧ B) ∨ C

x
hA = 0.3, hB = 0.7 hC = 0.6

Gödel t-norm based loss:  

ℒ = − max(hC, min(hA, hB))
= − max(0.6, min(0.3,0.7))
= − 0.6

Probabilistic logic inspired loss:



Solution

32

Suppose we have a multi-label classification problem with classes .  
 
Let our requirement be .  
 
Given an input , suppose that the outputs are: 

 and .

{A, B, C}

α = (A ∧ B) ∨ C

x
hA = 0.3, hB = 0.7 hC = 0.6

Gödel t-norm based loss:  

ℒ = − max(hC, min(hA, hB))
= − max(0.6, min(0.3,0.7))
= − 0.6

Probabilistic logic inspired loss:
{y ∣ y ⊧ α)} = {(A = 1,B = 1,C = 0), (A = 1,B = 1,C = 1),

(A = 0,B = 1,C = 1), (A = 1,B = 0,C = 1),
(A = 0,B = 0,C = 1)}



Solution

32

Suppose we have a multi-label classification problem with classes .  
 
Let our requirement be .  
 
Given an input , suppose that the outputs are: 

 and .

{A, B, C}

α = (A ∧ B) ∨ C

x
hA = 0.3, hB = 0.7 hC = 0.6

Gödel t-norm based loss:  

ℒ = − max(hC, min(hA, hB))
= − max(0.6, min(0.3,0.7))
= − 0.6

Probabilistic logic inspired loss:
{y ∣ y ⊧ α)} = {(A = 1,B = 1,C = 0), (A = 1,B = 1,C = 1),

(A = 0,B = 1,C = 1), (A = 1,B = 0,C = 1),
(A = 0,B = 0,C = 1)}

ℒ = − log(hAhB(1 − hC) + hAhBhC + (1 − hA)hBhC

+hA(1 − hB)hC + (1 − hA)(1 − hB)hC)
= − log(0.126 + 0.084 + 0.294 + 0.054 + 0.126) = − log(0.684)



So far…

33



So far…

We have seen how to incorporate the requirements into the loss function. 

33



So far…

We have seen how to incorporate the requirements into the loss function. 

But… this does not give us any guarantee that the constraints will not be 
violated. 

33



So far…

We have seen how to incorporate the requirements into the loss function. 

But… this does not give us any guarantee that the constraints will not be 
violated. 

Then… can we even get this guarantee? 

33



So far…

We have seen how to incorporate the requirements into the loss function. 

But… this does not give us any guarantee that the constraints will not be 
violated. 

Then… can we even get this guarantee? 

33



So far…

We have seen how to incorporate the requirements into the loss function. 

But… this does not give us any guarantee that the constraints will not be 
violated. 

Then… can we even get this guarantee? 

33

By compiling the requirements into the 
topology of the network itself!!! 
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Corrects the outputs to 
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Again… we can take two routes

35

Probabilistic

Fuzzy



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Input & ground truth



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding

Probabilistic Circuit



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding

Gating Function 
(in practice: 
sigmoid/softmax)

Probabilistic Circuit



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding

Gating Function 
(in practice: 
sigmoid/softmax)

Parameters of a 
distribution that can 
then be used by  q

Probabilistic Circuit



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding

Gating Function 
(in practice: 
sigmoid/softmax)

Parameters of a 
distribution that can 
then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding

Gating Function 
(in practice: 
sigmoid/softmax)

Parameters of a 
distribution that can 
then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)

New distribution  
with support 
restricted to 
satisfying 
assignments



The probabilistic route: 
Semantic Probabilistic Layer (SPL)

36

Neural network

Input & ground truth

Embedding

Gating Function 
(in practice: 
sigmoid/softmax)

Parameters of a 
distribution that can 
then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)

New distribution  
with support 
restricted to 
satisfying 
assignments

Renormalization 
term



Semantic Probabilistic Layer (SPL)

37

Gating Function 
(in practice: sigmoid/
softmax)

Parameters of a distribution 
that can then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)

New distribution  
with support restricted 
to satisfying 
assignments

Renormalization 
term

p(y ∣ x)) =
qθ(y ∣ g( f(x))) ⋅ c(x, y)

∑y qθ(y ∣ g( f(x)) ⋅ c(x, y))
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Gating Function 
(in practice: sigmoid/softmax)

Parameters of a distribution that can 
then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)
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Let us try to see how  would look like in this 
example. 
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In general it will be a circuit, i.e., a computational 
graph made of 3 computational units:  

• Input units

• Sum units 
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Gating Function 
(in practice: sigmoid/softmax)

Parameters of a distribution that can 
then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)

New distribution  
with support restricted to 
satisfying assignments

Renormalization term

0.68 0.13 0.77

Dog Cat Animal

α = (Dog → Animal) ∧ (Cat → Animal)

1(YCat = 1)

1(YCat = 0)

1(YDog = 1)

1(YDog = 0)

+

+

×

×
×

+

+
1(YA = 0)

1(YA = 1)

+

×

×

+

c

 is just a particular PC with 
all sum unit parameters 
equal to 1 and input 
functionals that are indicator 
functions over their scope!


c
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Gating Function 
(in practice: sigmoid/
softmax)

Parameters of a distribution 
that can then be used by  q

Probabilistic Circuit

Constraint circuit 
c(x, y) = 1((x, y) ⊧ α)

New distribution  
with support restricted 
to satisfying 
assignments

Renormalization 
term

p(y ∣ x)) =
qθ(y ∣ g( f(x))) ⋅ c(x, y)
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Cons

• Beautiful probabilistic semantics


• Safe wrt to sampling 
• Slower than other methods (*)


• If datapoint breaks the constraints  
gradients explode - network is untrainable 

Fuzzy

Probabilistic
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Beyond Hierarchical Requirements

Intuition: 

Single requirement of form: 


It defines a lower bound for the class  equal to 





A1 ∧ … ∧ Ak ∧ ¬Ak+1 ∧ … ∧ ¬An → A

A

lbA = min(hA1
, …, hAk

,1 − hAk+1
, …,1 − hAn

)

49
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Beyond Hierarchical Requirements

Intuition: 

Single requirement of form: 


It defines a upper bound for the class  equal to 


   


A1 ∧ … ∧ Ak ∧ ¬Ak+1 ∧ … ∧ ¬An → ¬A

A

ubA = 1− min(hA1
, …, hAk

,1 − hAk+1
, …,1 − hAn

)
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Propositional Logic Requirements

Requirements

→
→
→
→

∧

∧

∧

Rules

∨ ∨

∨

∨∨

Order

∨

∧
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From clauses to rules

Requirements
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From clauses to rules

Requirements

→
→
→
→

∧

∧

∧

Rules

∨ ∨

∨

∨∨

Order

∨

∧

12
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From clauses to rules

Requirements

→
→
→
→

∧

∧

∧

Rules

∨ ∨

∨

∨∨

Order

∨

∧

12
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From clauses to rules

Requirements
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→
→
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∧

∧

Rules

∨ ∨

∨

∨∨

Order

∨

∧
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We can use the rules to compute bounds!
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∧

∧
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∨
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∨
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lb = min(h′￼  ,1 − h′￼  )

ub = 1 − min(1 − h′￼  ,1 − h′￼  )Requirements
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→
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∧
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Order
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Safe output space

For every class  we can then compute 
its final value as: 


A

h′￼A = min(ubA, max(hA, lbA))

Giunchiglia, Tatomir, Stoian, Lukasiewicz; CCN+: A neuro-symbolic framework for deep learning with requirements, IJAR, 2024
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Safe output space

For every class  we can then compute 
its final value as: 


A

h′￼A = min(ubA, max(hA, lbA))

Requirements

→
→
→
→

∧

∧

∧

Rules

∨ ∨

∨

∨∨

Order

Saturated Rules

→∧

→∧∧

→∧∧

→
→∧
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∧

∧

∨

Giunchiglia, Tatomir, Stoian, Lukasiewicz; CCN+: A neuro-symbolic framework for deep learning with requirements, IJAR, 2024
56



The Autonomous Driving Case

243 Requirements

Example: 

¬RedTL ∨ ¬GreenTL

Giunchiglia, Stoian, Khan, Cuzzolin, Lukasiewicz;. ROAD-R: The Autonomous Driving Dataset with Logical Requirements, Machine Learning, 2023
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The Autonomous Driving Case

Standard Model
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The Autonomous Driving Case

Re
q 

La
ye
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Compliant 
output  

Standard Model
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The Autonomous Driving Case

Re
q 

La
ye

r

Compliant 
output  

Standard Model Same Model + Req Layer
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The Autonomous Driving Case
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The Autonomous Driving Case

Re
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output  

Standard Model Same Model + Req Layer
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Pros and Cons
Pros

60

Cons

• Beautiful probabilistic semantics


• Safe wrt to sampling 
• Slower than other methods (*)


• If datapoint breaks the constraints  
gradients explode - network is untrainable 

Fuzzy

Probabilistic

• Faster than the other methods (*) 

• Safe wrt to thresholding


• Not safe wrt to sampling


• Performance depend on ordering




PiShield 2.0
Many constraints, a single package

Quantifier Free  
Linear Arithmetic 

[ICLR 2025]
Linear Inequalities 

[ICLR 2024]

Hierarchies 
[NeurIPS 2020]

Normal Logic Rules 
[JAIR 2021]

Propositional Logic 
[IJAR 2024]

Finite Domain Logic 
[NeurIPS 2026 (Spotlight)]
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PiShield 2.0
Many constraints, a single package

Pip installable package

You can simply write your constraints in a txt file 
and we give you the PyTorch layer

Use the layer as you want!



What if we have distant supervision? 

65

Red/Green

Pedestrian/ 
No Pedestrian

K = (pedestrian  red  stop)  
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∧ ¬ → Go/Stop
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We might learn a shortcut!
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We might learn a shortcut!
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Predicting pedestrian or red 
leads to the same action “Stop"

The model can learn a reasoning 
shortcut: predicting red for both 
pedestrians and red traffic lights



What if we never see an emergency during training?
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K = (pedestrian  red  stop)  
(emergency  pedestrian  go)

∨ → ∧
∧ ¬ → The car would just keep going! 😱



What if we have very few intermediate supervisions?

69

Red/Green

Pedestrian/ 
No Pedestrian

K = (pedestrian  red  stop)  
(emergency  pedestrian  go)

∨ → ∧
∧ ¬ → Go/Stop

Supervisions  
happen only here

Marconato et al. Not All Neuro-Symbolic Concepts Are Created Equal: Analysis and Mitigation of Reasoning Shortcuts, NeurIPS, 2023



What if we have very few intermediate supervisions?

69

Red/Green

Pedestrian/ 
No Pedestrian

K = (pedestrian  red  stop)  
(emergency  pedestrian  go)

∨ → ∧
∧ ¬ → Go/Stop

Supervisions  
happen only here

Marconato et al. Not All Neuro-Symbolic Concepts Are Created Equal: Analysis and Mitigation of Reasoning Shortcuts, NeurIPS, 2023

Very very few 
supervisions here



What if we have very few intermediate supervisions?

69

Red/Green

Pedestrian/ 
No Pedestrian

K = (pedestrian  red  stop)  
(emergency  pedestrian  go)

∨ → ∧
∧ ¬ → Go/Stop

Supervisions  
happen only here

Marconato et al. Not All Neuro-Symbolic Concepts Are Created Equal: Analysis and Mitigation of Reasoning Shortcuts, NeurIPS, 2023

Very very few 
supervisions here

Then we "know" what a pedestrian and a red traffic light look like! 
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ℒ = ∑

c∈[hi]
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yc − 𝔼[Yc ∣ y, ν ⊧ K]
yc(1 − yc) ] yc (cc − ∑

c′￼

cc′￼yc′￼)
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Error Analysis
Prototypical Networks vs Standard Networks

Suppose we use the Semantic Loss to train our network

Prototypical NetworksStandard Networks
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Error Analysis
Prototypical Networks vs Standard Networks

Suppose we use the Semantic Loss to train our network

Prototypical NetworksStandard Networks

∇zi
ℒ = ∑

c∈[hi]
[

yc − 𝔼[Yc ∣ y, ν ⊧ K]
yc(1 − yc) ] yc (cc − ∑

c′￼

cc′￼
yc′￼)∂ℒNeSy(y, K)

∂yc
=

yc − 𝔼[Yc ∣ ν ⊧ K, y]
yc(1 − yc)

The error is determined only by the 
prediction and the symbolic constraint.

The same constraint error is now mediated 
by the geometry of the prototypes.
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No more reasoning shortcuts!
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And the networks are more robust!
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A comprehensive survey on the topic
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Conclusions

• Today we have learnt how to integrate constraints into neural networks


• In general, if we want to use the background knowledge to train on 
unsupervised datapoints we should incorporate the background knowledge in 
the loss function, while in order to get the guarantees we should use a layer 


• A fuzzy vs probabilistic interpretation of the requirements leads to different 
advantages and disadvantages 
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Additional Papers
Background knowledge integration: 
-  DL2: Training and Querying Neural Networks with Logic 
- Semantic-based regularization for learning and 

inference 
- Integrating Prior Knowledge into Deep Learning 
- Deep Learning with Logical Constraints (survey) 
- MultiplexNet: Towards fully satisfied logical constraints 

in neural networks

Constraints over continuous outputs:  
- How Realistic Is Your Synthetic Data? Constraining 
Deep Generative Models for Tabular Data 
- Beyond the convexity assumption: Realistic tabular data 
generation under quantifier-free real linear constraints 
-  A Probabilistic Neuro-symbolic Layer for Algebraic 
Constraint Satisfaction 
- DC3: A learning method for optimization with hard 

constraints

Learning and reasoning: 
- SATNet: Bridging deep learning and logical reasoning 

using a differentiable satisfiability solver 
- DeepProbLog: Neural Probabilistic Logic 

Programming 
- NeurASP: Embracing Neural Networks into Answer 

Set Programming 
- NeuPSL: Neural Probabilistic Soft Logic

Reasoning shortcuts: 
- BEARS Make Neuro-Symbolic Models Aware of their 

Reasoning Shortcuts 
- Shortcuts and identifiability in concept-based models 

from a neuro-symbolic lens

Constraining Large Language Models: 
- NeuroLogic Decoding: (Un)supervised Neural Text 

Generation with Predicate Logic Constraints 
- Controllable Text Generation with Neurally-

Decomposed Oracle 
- Tractable Control for Autoregressive Language 

Generation 
- Stay Within Your Bounds: Distance-Guided Decoding 

for Guaranteed Context-Free Grammar Compliance
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Any questions?
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