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Fig. 3. The average number of rounds required for the mentalizing
pattern become dominant when undergoing CBT treatment for
different discount factor !'!). Each line in the plot corresponds to a
particular exploration rate (1) in the action selection rule. The y-axis is
presented in log scale because the values for I ¥ 111 are unexpectedly
high.

random pattern. These strong patterns are stored in the
Hopfield network as smiley faces representing the six
emotions and mentalization with different degrees. The
regulating behavior from OFC to amygdala is realized by
implementing the P-controller in which the parameter !,, is
analogous to the control strength.

In addition now a Q-learning algorithm is designed to
model how the modulating process from orbitofrontal cortex
to amygdala is enhanced during therapy and how the relative
strength of the strong patterns in the attractor-competitive
network are altered. In other words, the degrees of patterns
in the Hopfield network, and the parameter k, keep
changing during the operation of the Q-learning algorithm.

C. Hopfield Network

The Hopfield network is trained with eight types of
patterns (Angry, Happy, Sad, Disgusted, Fearful, Surprised,
Mentalizing and random patterns). The degrees of five of the
basic seven patterns, namely Angry, Happy, Sad, Fearful
and Mentalizing would change during the Q-learning
process.

D. Feedback Control Loop
The initial value of k, is set to 0.5. This value will

increase in the course of treatment as the degree of the
mentalizing pattern increases. The steady-state output of
amygdala gets close to the output of OFC if we increase the
value of parameter p.

E. Q-learning

We apply Q-learning to model how the choices that the
patient makes will influence the state transition during the
process of psychotherapy. In Q-learning it is assumed that
there are a set S'of Q-states and a set !lof actions for an
agent. The Q function 11114 — R calculates a Q value for
each pair of Q-state s € S and action a € A. These Q values
are an estimate of the expected reward that the agent will
receive from choosing this particular action when it comes to

TABLEI
REINFORCEMENT REWARDS FOR EACH ACTION

Action Name Reward
Be_Angry 0
Be_Happy 0.5
Be_Sad 0.2
Be_Fearful 0.1
Be_Mentalizing 1

make an action decision. Following the choice of action a in
Q-state s and an observed transition to Q-state s’, the reward
is given by R, (s, s") and the Q values are updated according
to the conventional rule:
Q(s,a) « Q(s,a) + A[Ry(s,s") + ]
where
y =8 maxQ(s’, a’) = Q(s, ).
The learning rate 0 < A < 1 determines the extent to which
newly acquired information overrides old information, and
the discount factor 0 < § < 1 signifies the relative value the
agent places on immediate/future rewards.
In our model, the state of the patient is given by a D-state
and a Q-state:

e The D-state is the 5-vector, whose components are
the degrees of the five chosen patterns in the
following order: Angry, Happy, Sad, Fearful,
Mentalizing.

*  The Q-state is the ordinal 5-vector corresponding to
the D-state, i.e., the relative rank of the degrees of
the five patterns.

For example, if the D-state is [10,1,5,1,3], which gives the
degrees of the five above patterns, then the Q-state would be
[4,1,3,1,2]. The idea of using ordinal ranks in Q-learning
was first introduced in [27]. There are in our case 5! Q-states
for the permutations of all strict ordinal vectors, i.e. for the
case where all five degrees are different, 5!/2! Q-states for
the non-strict ordinal vector with two equal degrees, 5!/3!
Q-states for the non-strict ordinal vector with three equal
degrees, 5!/4! Q-states for the non-strict ordinal vector with
four equal degrees, and 5!/5! states for the case where all
degrees are equal. This thus gives a Q-state space S of size
120+60+20+5+1=206.

For each Q-state s!!!I, there is a corresponding finite set
of valid actions ! to choose from. For simplicity it is
assumed that all Q-states share the same action set

1=
{Be_Angry, Be_ Happy, Be_Sad, Be_Fearful, Be_Mentalizing}

resulting in 206*5 (Q-state, action) combinations.

A probabilistic ‘Boltzmann’ action selection rule [28] is
introduced to prevent the Q-values getting stuck in a local
minimum. This rule allows state-action combinations with
low Q-value to be chosen with some positive probability.
According to the rule, the probability that action ! is
selected is:
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Fig. 4. The average number of rounds required for a
“mentalizing/mindful” pattern when a patient received CBT treatment
for initial degree of anger pattern.
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where k is an exploration parameter, whose increase results
in reducing the probability of selecting those actions with
low Q value. Therefore, the action selection rule with high
exploration parameter can be thought of deterministic
selection rule (i.e. always choosing the action associated
with the highest Q value).

The discount factor varies from 0.1 to 0.9, and for
simplicity the learning rate is set to 1. The goal of CBT is to
learn to deal with current problems in an appropriate way by
mentalizing and therefore the “Be Mentalizing” action
receives the highest immediate reward. Be-Happy as a
positive affect receives the next highest reward followed by
Be-Sad to allow for grief and loss. Since a certain minimal
amount of anxiety is also required for any effective
performance, Be-Fearful is also slightly rewarded. The
reward for each action as shown in Table I.

The initial Q value of each (Q-state, action) combination
equals the value of the corresponding element in the Q-state
vector. For example, if initially s =[1, 4, 2, 3, 5], then we
set Q(s, Be Angry)to 1 and Q(s, Be Happy) to 4.

The algorithm for changing the D-state and Q-state works
as follows. At any point in time, we have a given D-state and
its corresponding Q-state. According to the ‘Boltzmann’ rule,
an action Be_X from the set A is selected, where X is one of
the five chosen patterns: Angry, Happy, Sad, Fearful and
Mentalizing. Subsequently, the Q-values are updated
according to the Q-learning rule for Q-states. Concurrently,
the degree of the pattern X is incremented by one, resulting
in a new D-state that has the components of the old D-state
except for the increment in the degree of the component of X.
Note that the Q-state will now change if and only if the
relative rank of the degrees of the five patterns changes.

The algorithm terminates once the mentalizing pattern
becomes the dominant pattern in the Hopfield network.
Otherwise, it will continue running until the maximum
number of iterations. In the full version of this paper we will
show mathematically that this algorithm eventually

DECIDER
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Fig. 5. An illustration of DECIDER, responding to the outside world.

converges to a Q-state with a dominant Mentalizing pattern.

F. Experiment 1

In this experiment we study how the discount factor is
related to the number of iterations required to change the
dominant pattern from one of the emotional patterns to the
mentalizing pattern. Also, the relation between the
exploration rate k in the probabilistic ‘Boltzmann’ action
selection rule and the required rounds of iteration is
examined.

The experiment goes as follows:

* The dominant pattern is initially set to the Angry

pattern.

* The exploration rate k varies from 1 to 4.

* Discount factor varies from 0.1 to 0.9.

* An individual experiment is run up to 10,000 rounds.

* The number of rounds required to make the mentalizing

pattern dominant is recorded.

* Each individual experiment is repeated for 20 times.

Initially the degrees of the seven patterns are set as
follows:

Angry: 8 Fearful: 5 Sad: 3
Happy: 1 Surprised: 1 Mentalizing: 2

Disgusted: 1

In addition 500 random patterns are stored in the network.

After, 200 rounds, we take the mean value of the number
of rounds required to make the mentalizing pattern to
become dominant. This average provides a more accurate
estimate for the Q-learning behavior. The results are
displayed in Fig 3.

As the exploration rate k increases, the average number of
rounds required for obtaining a successful CBT treatment
(i.e. the mentalizing pattern becomes dominant in the
Hopfield network) decreases. The patient with a higher value
of k is thought of as a patient who is more willing to comply
with the treatment protocol, a major assumption of
successful CBT. We also observed that, in general, the
patient with higher discount factor, i.e., the patient waiting
for long-term rewards, achieves a slower rate of success than
those striving for more short term change and reward.

We also observed that the number of rounds required for
the mentalizing pattern to become dominant is quite high
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Fig. 6. DECIDER model combining Hopfield network as needs network, and RBMs as decision network. Q-learning influences the attractors in the
Hopfield. Needs for cognitive closure outputs high-level vigilance threshold signals to ACC. Needs for cognition outputs low-level vigilance threshold
signals to ACC. The control from OFC to amygdala is designed as a feedback control loop.

when the discount factor § > 0.9 (i.e. the patient who
prefers to wait for future rewards). The patient receives
reward every time a reinforced action is chosen, even though
no state transition occurs, that is, R,(s,s") > 0 fors =s’.
Therefore, the value of Q(s,a) is updated even if no state
transition has occurred. For the situation that a patient has
high discount factor § > 0.9, these non-reinforced actions
will induce large Q and more state-action exploration.

G. Experiment 2

In this experiment we studied how the initial degrees of
the stored patterns in the Hopfield network are related to the
number of iterations required to change the dominant pattern
from one of the emotional patterns to the mentalizing
pattern.

The experiment goes as follows:

* The dominant pattern is initially set to the Angry

pattern.

* The initial degree of the Angry pattern varies from 10 to

20.
* The initial degrees of other patterns are constant.
¢ Discount factor § = 0.2.

* Exploration rate k = 2.

¢ Each experiment is repeated 10,000 rounds.

* The number of rounds required to make the mentalizing
pattern dominant is recorded.

* Each experiment is repeated1000 times.

Initially 500 random patterns are stored in the network
together with the seven basic patterns with the following
degrees:

Angry: 10 to 20 Fearful: 5,
Happy: 1 Surprised: 1

Sad: 3  Disgusted: 1

Mentalizing: 2

We again run the experiment 1000 times and take the
average of the number of rounds required to make the
mentalizing pattern dominant and depict the result in Fig 4.

Except for the Angry pattern, the degree of any other
pattern is viewed as constant. In general, as the degree of the
Angry pattern is increased, the average number of rounds
required for obtaining a successful CBT treatment (i.e. the
mentalizing pattern becoming dominant in the Hopfield
network) increases.
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Fig. 7. Simulation of DECIDER model: average numbers to make
deliberative decisions versus iterations during Q-learning.

IV. BRINGING IT ALL TOGETHER

Integrating the above components, we now obtain a
super-model containing a super-network DECIDER, which
simulates decision making and reinforcement learning,
mimicking the effect of CBT treatment. Fig 5 illustrates how
DECIDER tackles the input pattern from outside world and
makes decisions as output. Fig 6 illustrates the structure of
DECIDER and how its subsystems communicate with each
other.

As described previously, the seven basic patterns are
stored in the Hopfield network as strong attractors, and one
of them is recalled once the network receives a stimulus. If
the recalled attractor is one of the six emotional patterns, it
will be treated as an input signal to amygdala; otherwise, it
will be viewed as an input signal to DLPFC.

Three identical well-trained Restricted Boltzmann
machines (RBMs) represent three regions accounting for
various decision rules in the brain: DLPFC, OFC and
amygdala. This trained RBM has the -capability of
categorizing the seven basic patterns, the six basic emotions
and the mentalizing pattern. It receives binary images with
25%25 pixels as input, and reduces the dimension of the
input to 17-unit vectors. As mentioned above, the DLPFC
receives the mentalizing pattern as input and the amygdala
receives the emotional patterns as input. In addition, the
OFC categorizes the input patterns from outside world
directly. The DLPFC-OFC loop works if the recalled pattern
of the Hopfield network is the mentalizing pattern, and it
accounts for generating deliberative rules. On the other hand,
the OFC-amygdala works if the recalled pattern is one of the
emotional patterns, and it deals with heuristic rules and some
deliberative rules.

The ACC has the function to detect the potential conflict
between the outputs of DLPFC and OFC (or OFC and
amygdala). It is viewed as a selective constant vigilance

threshold: the vigilance threshold is low if the recalled
pattern is the mentalizing pattern, and it is high if the
recalled pattern is an emotional pattern.

The decision-making loop outputs heuristic rules if the
Hamming distance between the two RBM outputs is lower
than the vigilance threshold; otherwise it makes deliberative
decisions. Since the vigilance threshold for the DLPFC-OFC
loop is low, it is unlikely that the DLPFC-OFC loop makes
heuristic decisions. For the OFC-amygdala loop, if a
mismatch does not occur (i.e. the Hamming distance is less
than the vigilance threshold), the decisions are made based
on the emotion output from amygdala; otherwise, decisions
are made based on sophisticated rules.

The first task of the reinforcement learning is to reinforce
the positive patterns stored in the Hopfield network. It works
with a variety of adjustable parameters, such as exploration
rate, discount factor, and learning rate. Different
combinations of the values of these parameters represent the
patient in various situations. Secondly, the reinforcement
learning aims to reinforce the control from the OFC to
amygdala by simply increasing the parameter of the
controller in the feedback control system. Such feedback
system consists of the OFC as controller, and the amygdala
as the plant to be controlled. It aims to adjust the output of
amygdala to get close to the output of OFC, which is treated
as a reference signal in the control loop.

A. Experiment

Initially we store 500 random patterns and the seven basic
patterns with the following degrees:

Angry: 10 Fearful: 5
Surprised: 1  Happy: 1

Sad: 3 Disgusted: 1
Mentalizing: 2

The value of high vigilance threshold is set to 16 and the
value of low vigilance threshold is set to 2. As described
above, if the recalled pattern of the Hopfield network is
“mentalizing”, the low value is assigned to the vigilance
threshold; otherwise, the high value is assigned to it. Then,
the output vectors of the two sensory devices in the loop will
be compared, and if the Hamming distance (the number of
different bits) is greater than the vigilance threshold value,
the object will make deliberative decisions; otherwise, it will
make heuristic decisions.

In a single experiment, the patient chooses an action
subject to the reinforcement rules, and then the Hopfield
network is updated according to the chosen action.
Subsequently, a random pattern is used to stimulate the
Hopfield network and the output is recorded. This is
considered as one iteration. Such iteration will be repeated
200 times in the single experiment.

This experiment is run 1000 times and each time we have
recorded the decisions that are made during the Q-learning
procedure (200 iterations). As shown in Fig.7, the average
numbers to make deliberate decisions over the 1000 runs are
essentially monotonically increasing.



V. CONCLUSION AND FUTURE WORK

This work can be regarded as a first attempt to develop
and implement a quantitative neural model for
mentalization/ mindfulness based psychotherapy which
includes CBT and psychodynamic therapy.

Here we list a number of themes for future research:

. Improving the performance of the Hopfield network so
that it is robust to correlated patterns.
. Using Deep Learning networks to be able to categorise

emotions on real human faces, so that the system is
able to cope with the real world.

. Using artificial neural network to represent the control
from the OFC to amygdala, so that the model is more
biologically plausible.

. Modeling the connections between the DLPFC to
OFC.

. Designing a learning scheme such that it reinforces the
control in terms of time (or iteration in discrete
domain).

. Allowing for Long Term Depression of strong patterns
by reducing their degrees if they are not recalled for a
long time.

. Redesigning the super model using spiking neurons.
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