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Motivation
In Economics, it is assumed that a fully rational agent is equipped with
unlimited ressources of time, information and computational power.
Consequently, it is assumed the agent should always make optimal
decisions in order to be rational.

Unbounded 
Rationality

C. Jolls, C. Sunstein and R. Thaler (1998). A Behavioral Approach to Law and Economics, Stanford Law Review 
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Cognitive Biases 
(A Tversky & D Kahneman 1974)

Humans make (many) 
mistakes in terms of...

Humans are assumed to be 
fully rational agents

Unbounded  Rationality

However, literature shows the opposite …
(both in humans and animals)

Judgements Decision-Making

Violations of Expected Utility Theory
(Allais, 1953, Ellsberg, 1961)
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Cognitive Biases 
(A Tversky & D Kahneman 1974)

Humans make (many) 
mistakes in terms of...

Humans are assumed to be 
fully rational agents

Unbounded  Rationality

However, literature shows the opposite …
(both in humans and animals)

Judgements Decision-Making

Violations of Expected Utility Theory
(Allais, 1953, Ellsberg, 1961)

Disjunction Effects→ Violations
of the Sure Thing Principle



The Prisoner’s Dilemma Game
Two players who are in separate rooms with no means of speaking to the 

other. Each player is offered an agreement: they have the opportunity 

either to betray the other (Defect) or to Cooperate with the other by 

remaining silent.

Three conditions were verified:

Player was informed that the other chose to Defect;

Player was informed that the other chose to Cooperate;

Player was not informed of the other player’s action;



The Prisoner’s Dilemma Game
Several experiments in the literature show violations of the Sure Thing 

Principle under the Prisoner’s Dilemma Game and how classical probability 

fails to accommodate these results. These results also violate the predictions of 

the Expected Utility Theory.



Quantum Cognition

× Research field that aims to build cognitive models using the 

mathematical principles of quantum mechanics.

× Mainly used to explain paradoxical empirical findings that 

violate classical laws of probability theory and logic



Quantum Cognition
Quantum probability and interference effects play an important

role in explaining several inconsistencies in decision-making.



Bayesian Networks?
Directed acyclic graph structure in which each node represents a

random variable and each edge represents a direct influence from

source node to the target node.

Each node is followed by a conditional probability table, which

specifies the probability distribution of a node given its parent nodes’



Examples of Bayesian 
Networks: Medical Decision 

It is impossible for a human to specify a full joint probability distribution that

defines an entire decision scenario. But it is possible to combine many different

sources of evidence to come up with a decision. This is exactly what Bayesian

Networks are about! A graphical and compact representation of uncertainty!



Examples of Bayesian 
Networks: Medical Decision 

We can even ask questions to the network under full uncertainty!

Example:

• What is the probability of a person having a Lung Disease?

• How about if the person smokes?

• Pr( LungDis = yes ) = 2.10 %

• Pr( Smokes = yes ) = 20 %

Answer:



Examples of Bayesian 
Networks: Medical Decision 

We can even ask questions given that we know some evidence!

Example:

• What is the probability of a person having a Lung Disease,

given that he Smokes and has Shortness in Breath?

Pr( LD = y | S = yes, SB = yes ) = 70.01 %

Answer:



Examples of Bayesian 
Networks: Medical Decision 

We can even ask questions given that we know some evidence!

Example:

• What is the probability of a person having a Lung Disease,

given that he Smokes and has Shortness in Breath?

Pr( LD = y | S = yes, SB = yes ) = 70.01 %

Answer:

Observed 
Variables Query 

Variable

Unobserved
Variables



Inference in Bayesian Networks

Inference is performed in two steps:

1. Computation of the full joint probability;

Full joint probability for Bayesian Networks:
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Inference in Bayesian Networks

Inference is performed in two steps:

1. Computation of the full joint probability;

2. Computation of the marginal probability;

Full joint probability for Bayesian Networks:

Marginal probability in Bayesian Networks:

Bayes Assumption



Research Question

Bayesian Networks are based on 
classical probability and cannot deal 

with violations to the Sure Thing 
Principle. Is there an alternative 

model?



Feynman’s Path Diagram Rules
What happens if we replace real probability values by complex 
probability amplitudes?

Moreira & Wichert (2014), Interference Effects in Quantum Belief Networks, Applied Soft Computing, 25, 64-85

A

B

C
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unobserved



Feynman’s Path Diagram Rules
What happens if we replace real probability values by complex 
probability amplitudes?

Moreira & Wichert (2014), Interference Effects in Quantum Belief Networks, Applied Soft Computing, 25, 64-85

A

B

C

D

unobserved

Classical 
Probability

Quantum 
Interference



Feynman’s Path Diagram Rules
This means that I can add an extra non-linear parametric layer
to the classical model. 

By manipulating quantum interference terms, one can 
accommodate violations to the Sure Thing Principle

Moreira & Wichert (2014), Interference Effects in Quantum Belief Networks, Applied Soft Computing, 25, 64-85

Classical 
Probability

Quantum 
Interference

This is the heart of Quantum Cognition!



Quantum-Like Bayesian 
Networks

× Under uncertainty, quantum-like Bayesian Networks can 
represent events in a quantum superposition. 

× This superposition generates quantum interference effects

× These quantum interference effects can model people’s 
irrational decisions.

Moreira & Wichert (2014), Interference Effects in Quantum Belief Networks, Applied Soft Computing, 25, 64-85



Quantum-Like Bayesian 
Networks

It is defined like a classical Bayesian network with the difference 
that we replace real numbers by complex probability 
amplitudes.

We convert complex probability amplitudes in a probability 
value by computing their squared magnitude (Born’s Rule).

Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20

Quantum-like full joint probability distribution:

Quantum-like marginal probability distribution:



Quantum-Like Bayesian 
Networks

If we extend the quantum-like marginal probability distribution:

Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20
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If we extend the quantum-like marginal probability distribution:

Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20

Classical 
Probability

Quantum 
Interference



Quantum-Like Bayesian 
Networks

We can use quantum-like Bayesian networks and quantum 
interference effects to accommodate several paradoxical 
decision scenarios, like the Prisoner’s Dilemma!

Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20
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Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20



Quantum-Like Bayesian 
Networks

More experiments of the Prisoner’s Dilemma Game

Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20



Quantum-Like Bayesian 
Networks

Or to the paradoxical results in the Two Stage Gambling 
Game!

Moreira & Wichert (2016), Quantum-Like Bayesian Networks for Modelling Decision Making, Frontiers in Psychology: Cognition, 7, 1-20



Research Question

Can we use quantum-like 
probability distributions of 

Bayesian Networks to help us act
upon real world scenarios?

We have seen that human behavior seems to follow a quantum 

probability distribution rather than a classical one.



Quantum-Like Influence 
Diagrams

Enable the computation of a decision 

D that maximizes the expected utility 

function U by taking into account the 

probabilistic inferences performed on 

a Quantum-Like Bayesian Network

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 



Quantum-Like Influence 
Diagrams

Influence Diagrams are directed acyclic 

graphs with three types of nodes:

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 



Quantum-Like Influence 
Diagrams

D

U

X1

X2

X3

X4

Influence Diagrams are directed acyclic 

graphs with three types of nodes:

1. Random Variables (oval shapes).

Each node belongs to a Quantum-Like BN. It is followed by a 

Conditional Probability Amplitude table, Ψ( X | Parents(X) )

Quantum-like 
Bayesian Network

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 

Interference Effects



Quantum-Like Influence 
Diagrams
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X4

Influence Diagrams are directed acyclic 

graphs with three types of nodes:

1. Random Variables (oval shapes).

2. Decision (square shape).
Also known as the decision rule. Corresponds to the decision 

we want to maximize: gamble/not gamble, invest / not invest

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 

Each node belongs to a Quantum-Like BN. It is followed by a 

Conditional Probability Amplitude table, Ψ( X | Parents(X) )



Quantum-Like Influence 
Diagrams

D

U

X1

X2

X3

X4

Influence Diagrams are directed acyclic 

graphs with three types of nodes:

1. Random Variables (oval shapes).

2. Decision (square shape).
Also known as the decision rule. Corresponds to the decision 

we want to make: gamble/not gamble, invest / not invest

2. Utility (diamond shape).

Node corresponding to the utility function. They are followed by factors that map each 

possible joint assignment of their parents into an utility value.

Each node belongs to a Quantum-Like BN. It is followed by a 

Conditional Probability Amplitude table, Ψ( X | Parents(X) )



Towards Quantum-Like 
Influence Diagrams

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 

𝑎∗ = 𝑎𝑟𝑔max
*
	𝐸𝑈[𝐷[𝛿1]]

The goal is to choose some action a that 

maximizes the utility function of a 

decision rule 𝛿1 based on quantum-like 

inferences:

𝐸𝑈[𝐷[𝛿1]] 	= 3𝜓56 𝑥 𝑎
8∈:

𝑈(𝑥, 𝑎) 
>

We define the utility function of an action a
taking into account  quantum complex 
amplitudes as:



Towards Quantum-Like 
Influence Diagrams

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 

𝑎∗ = 𝑎𝑟𝑔max
*
	𝐸𝑈[𝐷[𝛿1]]

The goal is to choose some action a that 

maximizes the classical utility function of 

a decision rule 𝛿1 based on quantum-like 

inferences that influence these utilities:

𝐸𝑈[𝐷[𝛿1]] 	 = 3𝜓56 𝑥 𝑎
8∈:

𝑈(𝑥,𝑎) 
>

We define the utility function of an action a
taking into account  quantum complex 
amplitudes as:

joint probability distribution of all 
possible outcomes, x , given different 
actions a .



Towards Quantum-Like 
Influence Diagrams

Let’s derive first the classical setting and then move towards the quantum one.

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 

𝐸𝑈[𝐷[𝛿1]] 	= 3𝑃𝑟56 𝑥 𝑎
8∈:

𝑈(𝑥, 𝑎)

= 3 Pr 𝑋C Pr	(𝑋>|𝑋C)𝛿E 𝐷 𝑋>
:F,:G,E

𝑈(𝐷, 𝑋C)

Rewriting the expression, 

= 3𝛿E 𝐷 𝑋> 3Pr 𝑋C Pr	(𝑋>|𝑋C)𝑈(𝐷,𝑋C) 
:F:G,E

𝜇(𝐷, 𝑋C)

𝐸𝑈[𝐷[𝛿1]] 	 = 3 𝛿E 𝐷 𝑋>
:G,E

𝜇(𝐷, 𝑋C)

For the Influence Diagram representing the Prisoner’s Dilemma using classical probabilities:



Towards Quantum-Like 
Influence Diagrams

More generally, classically, the goal is to optimize a decision rule δa, such that: 

= 3 𝑃𝑟56
8∈:,*∈1

(𝑥,𝑎)𝑈(𝑥,𝑎)

= 3 I𝑃𝑟 𝑋J 𝑃𝑎:J
J:C,:>,…,:L,,1

𝑈(𝑃𝑎M)𝛿1(𝐴, 𝑍)

= 3𝛿1(𝐴, 𝑍)
1,P

3 I𝑃𝑟 𝑋J 𝑃𝑎:J
J

𝑈(𝑃𝑎M)
Q

where Z=	 𝑃𝑎1	
(observations prior to A) 

Daphne Koller and Nir Friedman (2009), Probabilistic Graphical Models: Principles and Techniques, MIT Press 

where W= 𝑋C,… ,𝑋L − 𝐴

𝛿1
∗ 𝑎, 𝑧 = T

1, 𝑎 = argmax
1

𝜇(𝐴, 𝑧)

	0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒															
𝐸𝑈[𝐷[𝛿*]] =3𝛿1(𝐴, 𝑍)

1,P

𝜇(𝐴, 𝑍)

𝜇(𝐴, 𝑍)



Towards Quantum-Like 
Influence Diagrams

So far, we made the derivation under a classical setting:

𝜇 𝐷,𝑋C =3Pr 𝑋C Pr	(𝑋>|𝑋C)𝑈(𝐷, 𝑋C) 
:F

= Pr 𝑋C = 𝑑𝑒𝑓 Pr 𝑋> 𝑋C = 𝑑𝑒𝑓 𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 +  

+	Pr 𝑋C = 𝑐𝑜𝑜𝑝 Pr 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝 𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝  

For the quantum-like model, we convert the classical
probabilities into complex probability amplitudes by
separating factor 𝜇 𝐷,𝑋C into an utility factor and an attraction factor (Yukalov & 
Sornett, 2015)

𝑞e = Pr 𝑋C = 𝑑𝑒𝑓 Pr 𝑋> 𝑋C = 𝑑𝑒𝑓 +	Pr 𝑋C = 𝑐𝑜𝑜𝑝 Pr 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝

𝑢e = 𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 + 𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝 +𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝



Towards Quantum-Like 
Influence Diagrams

By separating factor 𝜇 𝐷, 𝑋C into an utility factor and an attraction factor 

(Yukalov & Sornett, 2015), we can convert classical probabilities into quantum 

amplitudes using Born’s rule:

𝑞e = 𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 +𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 >

𝑞e = 𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 > + 𝜓 𝑋C = 𝑐𝑜𝑜𝑝 ψ 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝 >+

+2𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 𝜓 𝑋C = 𝑐𝑜𝑜𝑝 ψ 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝 𝐶𝑜𝑠(𝜃k − 𝜃l)



Towards Quantum-Like 
Influence Diagrams

By separating factor 𝜇 𝐷, 𝑋C into an utility factor and an attraction factor 

(Yukalov & Sornett, 2015), we can convert classical probabilities into quantum 

amplitudes using Born’s rule:

𝑞e = 𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 +𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 >

𝑞e = 𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 > + 𝜓 𝑋C = 𝑐𝑜𝑜𝑝 ψ 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝 >+

+2𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 𝜓 𝑋C = 𝑐𝑜𝑜𝑝 ψ 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝 𝐶𝑜𝑠(𝜃k − 𝜃l)

Classical 
Probability

Quantum Interference term



Towards Quantum-Like 
Influence Diagrams

By separating factor 𝜇 𝐷, 𝑋C into an utility factor and an attraction factor 

(Yukalov & Sornett, 2015), we can convert classical probabilities into quantum 

amplitudes using Born’s rule:

𝑞e = 𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 +𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 >

The result of 𝜇 𝐷,𝑋C will be given by the product of the two factors: 

𝑢e = 𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 + 𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝 +𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝

𝜇 𝐷, 𝑋C = ⟨𝑞*|𝑢*⟩ = 𝜓 𝑋C = 𝑑𝑒𝑓 ψ 𝑋> 𝑋C = 𝑑𝑒𝑓 >𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 +
																																								+ 𝜓 𝑋C = 𝑐𝑜𝑜𝑝 ψ 𝑋> 𝑋C = 𝑐𝑜𝑜𝑝 >𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝 +

+𝐼𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑛𝑐𝑒. 𝑈 𝐷, 𝑋C = 𝑑𝑒𝑓 𝑈 𝐷, 𝑋C = 𝑐𝑜𝑜𝑝



Modelling the Prisoner’s 
Dilemma

We can take advantage of the quantum interference terms to favour a 

cooperative decision and this way accommodating the violations to the Sure

Thing Principle.



Modelling the Prisoner’s 
Dilemma

And also use quantum interference effects to influence a player’s decision given

his personal preferences towards risk



Modelling the Prisoner’s 
Dilemma (Shafir & Tversky, 1992)

If we do not know the opponent’s 

action, classical expected utility 

predicts that the player should 

defect

Using the quantum-like influence 

diagram, we can use quantum 

interference effects to favour a 

cooperate action this way 

accommodating the paradoxical 

findings



Modelling the Prisoner’s 
Dilemma (Li & Taplin, 2002)

Favors cooperative behavior



Modelling the Prisoner’s 
Dilemma (Li & Taplin, 2002)

Continues to Favor a defect action. 
Experiment did not show violations to the 

Sure Thing Principle



Summary
Quantum-Like Bayesian networks are non-kolmogorovian and predictive probabilistic 
models that can deal with violations of the Sure Thing principle in several different 
scenarios 

Influence diagrams are designed for knowledge representation. They represent a full 
probabilistic description of a decision problem by using probabilistic inferences performed in 
quantum-like Bayesian networks.

Classical influence diagrams enable a normative analysis. It tells people what they MUST
choose.

If we use quantum-like probabilities in influence diagrams, they will enable a descriptive
analysis. It will tell what people ACTUALLY choose without proposing a new EU theory. 

Experiments on paradoxical findings on the Prisoner’s Dilemma Game show that quantum-
like Influence Diagrams are able to accommodate violations to the Sure Thing Principle and 
to EU theory.



THANK YOU!

Questions?


