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Abstract: The study developed new neural models for integrating cognition and emotion and assessing the conjoint contribution of the 

integrated neurons on the control of outputs (thoughts and behaviors) of learners. The neural model is then fed into different learning 

mechanisms, notably, error-minimization learning & Hebbian learning to determine the results of integration. Results revealed that (i) 

(i) (i) in general, the integration of cognition and emotion in a single neuron requires a greater number of training samples to achieve 

the same level of learning efficiency as in pure cognition models; (ii) a coupled neuron in which the emotion and cognition activities 

are inseparable leads to learning cycles and divergence in which the student never learns regardless of the learning mechanism used; 

and (iii) an uncoupled neuron on which the affective and cognitive neurons are integrated with separate synaptic weights can be trained 

but with more training samples than is normally required for cognitive learning. In the latter case, the restriction 𝑤𝑗,𝑖 > 𝜂𝑗,𝑖 implies that 

the teacher must begin by motivating the learner in order to compensate for a negative affective neuron and must consistently do so 

throughout the lesson in order for the neural synapses to be trained, i.e., for the learners to understand the subject matter. In more 

practical terms, the results also indicate that in terms of pedagogy, more teacher-learner contacts will be required to achieve acceptable 

learning efficiency levels. Further, at each contact, the synaptic weights corresponding to positive emotions will need to be increased 

while the synapses corresponding to negative emotions will need to be decreased. 

Keywords: artificial neural networks, synaptic weights, cognition-emotion interaction, pedagogy 

 

 

1. INTRODUCTION 

The development of a child’s cognitive abilities has been the focus of most efforts in the current educational 

process, largely neglecting the important affective dimension of the individual learner. In the past, these two dimensions 

(cognitive and affective) have been treated as separate concerns in education, but current research has demonstrated the 

strong interdependence between these two. At some point of processing, functional specialization is lost, and emotion and 

cognition conjointly and equally contribute to the control of thought and behavior (Gray et al., 2002). In other words, 

many behaviors can be reasonably characterized by cognitive-emotional interactions, which allow for some separation 

between emotion and cognition, but in many situations, true integration of both emotion and cognition may also occur. 

The latter further blurs the distinction between cognition and emotion. (See Duncan and Barret (2007) for a similar view.) 

How do emotion and cognition integrate to control a learner’s thoughts and behavior? The approaches to derive 

partial answers to this question have been diverse: social science approaches, mainly educational psychology, to the more 

scientific neuroscience approach (see a review by Pessoa (2009)). Each approach used in the past had its distinctive 

strengths and weaknesses, and what the researcher is proposing to do in this research is to examine the same question 

from an artificial neural networks (ANN) point of view. Out of such a mathematical approach to the problem, learning 

theories can be derived. The study of learning theories has two chief values: one is in providing us with vocabulary and a 

conceptual framework for interpreting the examples of learning that we observe. The other is in suggesting where to look 

for solutions to practical problems. The theories do not give us solutions, but they do direct our attention to those variables 

that are crucial in finding them.  

The potential implications of this study are significant, particularly in the realms of education, artificial 

intelligence, and psychological interventions. By integrating cognition and emotion into artificial neural network (ANN) 

models, this research could revolutionize personalized learning systems in educational technology, enabling adaptive 

platforms that respond to both the cognitive progress and emotional states of learners. For instance, e-learning platforms 

could detect and respond to frustration or anxiety in students, adjusting instructional methods to maintain engagement and 

reduce stress. Additionally, such models could improve human-computer interaction by making AI systems more 

empathetic and responsive, fostering trust and usability. In psychology and mental health, these integrated models could 

aid in developing tools for understanding and predicting emotional-cognitive interactions, potentially guiding 

interventions for emotional regulation or cognitive impairments. Moreover, industries relying on behavior prediction, such 
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as marketing or customer service, could benefit from ANN systems that account for emotional dynamics, creating more 

effective and personalized user experiences. 

Artificial neural networks (ANN) reduce the activities in the human brain to an analysis of the behavior of 

artificial neurons and the synapses that connect them to one another. Mathematical models of learning are then imposed 

on these quantities, which, to date, have been limited to error-minimization learning, Hebbian learning, competitive 

learning, Boltzmann learning, and distance-minimization learning, all of which are cognitive models. However, they 

neglect the important component of human emotions in learning. This study, therefore, proposes to modify some of these 

neural network models of learning to reflect the integration of cognition and emotion in learning. A chief advantage of 

such an approach is the ease with which we may be able to manipulate the parameters of the mathematical models derived 

to predict outcomes and to control behaviors of the system. 

2. State of Research on Cognition-Emotion Interaction 

 With the advent of functional MRI (fMRI), it seems that cortical regions of the brain are engaged by cognitive 

processes (Gazzaniga et al. 2008). While there is clear discussion about what constitutes cognition, the same cannot be 

said about emotion. Some incorporate emotions into the concepts of drive and motivation. They view it as a state elicited 

by rewards and punishment or related to the conscious (or unconscious) evaluation of events like appraisals (Rolls, 2007; 

Arnold, 1960). Some approaches concentrate on basic emotions (fear, anger, happiness) (Ekman, 1992) or an extended 

set of emotions (e.g., pride, envy), including moral ones (Haidth, 2003; Moll et al., 2005).  There is also a strong evidence 

linking emotions to the body (Damaiso, 1994). Brain structures associated with emotion are often subcortical, such as the 

amygdala, hypothalamus, and ventral striatum, which are often considered evolutionarily conserved, or primitive. They 

are also assumed to operate fast and in an automatic manner. Accordingly, an individual may be unaware of a stimulus 

that caused brain responses in an affective brain region, such as the amygdala. For discussion, see (Ohman, 2002; Pessoa, 

2005).In the human brain,  the amygdala is known to be a critical structure for the enhancement of memory by 

emotion, mediating many aspects of emotional learning and behaviour (Salzman, 2022). Recent studies have begun to 

delineate some of the specific functions of this structure. For example, it is believed that the right amygdala is highly 

engaged in emotional memory formation, whereas the left amygdala is involved in the retrieval of those memories 

(Sergerie et al 2006). This suggests a potential hemispheric dissociation of amygdala involvement at different stages of 

emotional memory. Furthermore, amygdala responses are also linked to a novelty effect on memory tasks. This means 

that it can classify items as new rather than old (Sergerie et al., 2007). 

 Another important line of studies that has investigated cognitive-emotional interactions is cognitive emotion 

regulation, particularly cognitive appraisal (Ochsner and Gross, 2005; Ochsner and Gross 2008). This involves rethinking 

the meaning of affectively charged stimuli or situations in terms that will affect them emotionally. Reappraisal appears to 

depend upon interactions between prefrontal and cingulate regions that are frequently involved in cognitive control and 

systems like the amygdala and insula that have been connected in emotional responding. Remarkably, thinking about 

stimuli that keep or increase emotion may boost amygdala activity, while having the thought to decrease emotion may 

lessen it. Furthermore, changes in emotional experience and autonomic responding may correlate with the increase or 

decrease of prefrontal or amygdala activity. Considering the anatomical information will also help us understand the 

relationship between emotion and cognition. Developments in the understanding of brain connectivity suggest that a given 

brain region is only a few synapses away from every other brain region (Sporns et al. 2004; Sporns and Zwi, 2004). The 

brain is configured according to a small-world topology in which the path length between nodes is small—typically 

cortical areas and are connected directly or via just one or two intermediate areas (Hilgetgag et al., 2000; Sporns et al., 

2000)  and nodes are highy clustered (Sporns, 2006). As shown in figure 1, the amygdala was connected to all but 8 

cortical areas. These connections involved multiple region clusters, which suggests that the amygdala is not only highly 

connected, but also its connectivity topology might be consistent with that of a hub that links multiple functional clusters. 

It looks like the amygdala is very well situated to integrate and distribute information. In this manner, the amygdala may 

be important for the integration of cognitive and emotional information. Hence, a careful consideration of brain 

connectivity is informative and significant in understanding potential cognitive-emotional interactions. 

 

Figure 1. Brain Connectivity Graph. Figure reproduced from Young et al (1994) with permission from Freund 

Publishing House Ltd. Analysis of connectivity: Neural systems in the cerebral cortex, Reviews in the 

Neurosciences; copyright (1994). 
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 It is also informative to consider connectivity of the hypothalamus (Risold et al., 1997). It has long been 

acknowledged for its importance in emotional behaviours (Swanson, 2000, 2003). In particular, via its descending 

connections that excite brainstem motor systems, this structure is believed to have a crucial role in the implementation of 

goal-directed behaviors. Hypothalamic signals also can be delivered to the cortex, frequently through the thalamus. 

Critically, prefrontal cortical territories project directly to the hypothalamus. Thus, the hypothalamus appears to be 

organized in such a way that it can generate both relatively reflexive behaviors and behaviors that are voluntarily triggered 

by inputs from the cerebral cortex (Swanson, 2000). Overall, this structure appears to be connected with all levels of the 

nervous system, including the neocortex (Swanson, 2000), enabling important hypothalamic regulatory signals to have 

widespread effects on the brain.  

 For past years, emotion and cognition have been viewed as separate entities. However, recent research suggests that 

such a view is likely inadequate and that, in order to understand how complex behaviors are carried out in the brain, an 

understanding of the interactions between the two may be necessary. In fact, some suggested not only focusing on their 

interactions but also their integration. That is, understanding how cognition and emotion are effectively integrated in the 

brain. Whereas many behaviors may be reasonably well characterized in terms of cognitive-emotional interactions such 

that emotion and cognition are partly separable, true integration of emotion and cognition can also occur in many 

situations.  This emphasized the obscure distinction between cognition and emotion.  

3. Methods 

This study utilized an artificial neural network (ANN) model consisting of input, hidden, and output layers with connected 

neurons, which emulate a biological neural network, specifically simulating the electrical activity of the brain. Neural 

models considered here are coupled and uncoupled neuron models. These neural models will be inputted to the learning 

mechanisms, namely, the error-minimization learning pattern and the Hebbian learning mechanism.  

4. The Proposed Neural Models and Learning Mechanisms 

The notations to be adopted are: English letters are used for cognition neurons and synapses; thus, {𝑥𝑗} denotes 

the input neurons and {𝑦𝑖} are the output neurons while {𝑤𝑗,𝑖} denotes the synaptic weights from the neuron j to neuron i. 

Greek letters will be used for affective neurons, thus, (𝜃𝑗) denotes the input affective neurons, and the synaptic weights 

are (𝜂𝑗,𝑖) from neuron (𝜃𝑗) to output {𝑦𝑖}.  

a. Neural Model 1 

(Coupled Neuron Model) 

In the first model, neuron I receives inputs from neuron j in the form of a cognition-emotion interaction 𝑥𝑗𝜃𝑗 with 

synaptic weight 𝑤𝑗,𝑖. The activation function at neuron i is : 

 𝑣𝑖 =

𝑔(∑ 𝑤𝑗,𝑖𝑥𝑗𝜃𝑗𝑗 )  (1) 

    

The neuron 𝜃𝑗 is a binary variable +1 for positive emotions and -1 for negative emotions. The activation function 

𝑔(. ) can be the threshold function or the sigmoidal function.  

 

b. Neural Model 2. 

(Uncoupled Neuron Model) 

In this model, a neuron I receives inputs from the two sources: the cortical (or cognition) neurons 𝑥𝑗 and 

subcortical (emotion) neurons 𝜃𝑗. The summator at neuron i  performs the uncoupled summing: 

 𝑠𝑖 = ∑ (𝑤𝑗,𝑖𝑥𝑗 +𝑗

𝜂𝑗,𝑖𝜃𝑗𝑥𝑗) = ∑ (𝑤𝑗,𝑖 + 𝜂𝑗,𝑖𝜃𝑗)𝑥𝑗𝑗   (2) 

 

This neuron model says that information passed on to neuron i consists of two parts: the pure cognition part 𝑤𝑗,𝑖𝑥𝑗 

and the conjoint part 𝜂𝑗,𝑖𝜃𝑗𝑥𝑗. Note that the number input cognition neuron 𝑥𝑗need not equal to the number of input 

affective neuron 𝜃𝑗. We assume that whenever there is no affective input to a cognitive input, then 𝜃𝑗 = 1 and 𝜂𝑗,𝑖 = 0. 

 

c. Error-Minimization 

Learning Pattern (EML) 
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We will now input these two neuron models into our learning mechanisms. The first mechanism is the EML, in 

which the learner’s objective is to minimize: 

 

𝐸𝑖 =
1

2
(𝑦𝑖 − 𝑣𝑖)

2 =
1

2
(𝑦𝑖 − 𝑔(𝑠𝑖))2  (3) 

 

Inputting a Coupled Neuron Model 

When 𝑠𝑖 = ∑ 𝑤𝑗,𝑖𝜃𝑗𝑥𝑗𝑗  , equation (3) becomes 

 

𝐸𝑖 =
1

2
(𝑦𝑖 − 𝑣𝑖)

2 =
1

2
(𝑦𝑖 − 𝑔(∑ 𝑤𝑗,𝑖𝜃𝑗𝑥𝑗𝑗 ))

2

  (4) 

 

 To update the 

synaptic weights 𝑤𝑗,𝑖, we need to compute the derivative: 

 

𝜕𝐸𝑖

𝜕𝑤𝑗,𝑖
= (−𝐸𝑟𝑟𝑖)(𝑔′(𝑠𝑖)𝜃𝑗𝑥𝑗)  (5) 

 

Where 𝐸𝑟𝑟𝑖 = (𝑦𝑖 − 𝑣𝑖) and 𝑔′(𝑠𝑖) is the derivative of the activation function. Let ∆𝑖= (−𝐸𝑟𝑟𝑖)(𝑔′(𝑠𝑖)), then 

(5) becomes  

 

𝜕𝐸𝑖

𝜕𝑤𝑗,𝑖
= ∆𝑖𝜃𝑗𝑥𝑗  (6) 

   

  

From this, we derive the updating rule: 

 

𝑤𝑗,𝑖(𝑛𝑒𝑤) = 𝑤𝑗,𝑖(𝑜𝑙𝑑) + 𝛼∆𝑖𝜃𝑗𝑥𝑗  (7) 

Where 𝛼 is the learning rate. 

 

The impact of the affective neuron 𝜃𝑗 on the updating rule can be easily seen from (6). If it happens to equal +1, 

then the usual iterations or gradient descent method will be able to train the synapse 𝑤𝑗,𝑖. However, if 𝜃𝑗 = −1, then the 

gradient descent method can diverge. In other words, no matter how many trainings are conducted, the synapse 𝑤𝑗,𝑖 will 

not stabilize and the individual never learns. 

Illustrative Example 1. We illustrate what happens when 𝜃𝑗 = −1 for learning the rule 𝑦𝑖 = 2𝑥𝑗 . Column shows 

the fast back propagations algorithm when 𝜃𝑗 = +1 while column 2 shows what happens when 𝜃𝑗 = −1. The learning 

rule is ∆𝑤𝑗,𝑖 =
∇𝐸𝑛

∇𝐸𝑛−1−∇𝐸𝑛
∇𝑤𝑗,𝑖. 

 

  Column 1: 𝜃𝑗 = +1  Column 2: 𝜃𝑗 = −1 

 𝑥𝑖 𝑦𝑖  𝑤𝑖  𝐸𝑖 ∆𝑤𝑗,𝑖  𝑤𝑛𝑒𝑤 𝑥𝑖 𝑦𝑖  𝑤𝑖  𝐸𝑖 ∆𝑤𝑗,𝑖  𝑤𝑛𝑒𝑤 

 2 4 0.4 3.2 0.4 0.8 2 4 0.4 4.8 0.4 0.8 

 2 4 0.8 2.4 -0.6 0.2 2 4 0.8 5.6 2.8 3.6 

             

 4 2 0.2 3.6 1.8 2 2 4 3.6 11.2 5.6 9.2 

 2 4 2 4 0 0 2 4 9.2 22.4 11.2 20.4 
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𝑤𝑛𝑒𝑤 = 0  means the network 

learned in 4th iteration 

Synaptic weight =2 

⋮ 

              As 𝑖 → ∞,   divergence detected 

A student with a negative “affect” can, potentially, never learn. This is not necessarily because he is dull, but his 

emotional disposition prevents him from learning. This is particularly useful in mathematics education, where most 

students already “dislike” mathematics. A student’s dislike for mathematics can be due to (a) frustrating experiences where 

he seldom gets the correct answer, (b) teachers who are severe or not knowledgeable enough, or (c) pre-conditioning based 

on experiences of other students. Also note that when the neuron model inputted in the learning mechanism is neuron 

model 1, there is no way by which the negative impact of an affective neuron can be controlled by the teacher. 

i. Inputting the 

Uncoupled Neuron 

In the coupled neuron model, we see that the educative process can do very little in adjusting the synaptic weights 

of the affective neurons. Consider what happens when the uncoupled neuron is inputted to the activation function. We 

obtain: 

𝑔(𝑠𝑖) = 𝑔(∑ (𝑤𝑗,𝑖 + 𝜂𝑗,𝑖𝜃𝑗)𝑗 𝑥𝑗)  (8) 

Let us simplify (8) by letting 𝑤∗
𝑗,𝑖 = 𝑤𝑗,𝑖 + 𝜂𝑗,𝑖𝜃𝑗 to obtain 

(𝑠𝑖) = 𝑔(∑ 𝑤∗
𝑗,𝑖𝑗 𝑥𝑗)  (9) 

Additionally, we put the restriction 𝑤𝑗,𝑖 − 𝜂𝑗,𝑖𝜃𝑗 ≥ 0. Expression (9) is completely analogous to the pure 

cognition model. The last restriction states that the affective synaptic weight should be less than the cognition synapse, 

for otherwise, divergence will happen again and no learning will take place. The derivative of the error 𝐸𝑖 with respect to 

𝑤∗
𝑗,𝑖 is : 

𝜕𝐸𝑖

𝜕𝑤∗
𝑗,𝑖

= (−𝐸𝑟𝑟𝑖)𝑔′(𝑠𝑖) ∙ [1 + ∑ 𝜂𝑗,𝑖𝜃𝑗𝑗 ]𝑥𝑗  (10) 

𝜕𝐸𝑖

𝜕𝑤∗
𝑗,𝑖

= ∆𝑖 ∙ [1 + ∑ 𝜂𝑗,𝑖𝜃𝑗

𝑗

] 𝑥𝑗 

 From which: 

𝑤∗
𝑗,𝑖(𝑛𝑒𝑤) = 𝑤∗

𝑗,𝑖(𝑜𝑙𝑑) + 𝛼∆𝑖 [1 + ∑ 𝜂𝑗,𝑖𝜃𝑗

𝑗

] 𝑥𝑗 

Illustrative Example 2. We use the sample problem earlier, which tries to discover the simple rule 𝑦 = 2𝑥 for 

a student with negative affect 𝜃𝑗 = −1. Recall that in illustrative example 1, this led to a divergence.  

Iteration i 𝑥𝑖 𝑦𝑖  𝑤𝑖  𝜂𝑖 𝐸𝑖  ∗ 𝑤𝑗,𝑖 

1 2 4 0.4 0.2 1.6 0.2 

∗ 𝑤𝑗,𝑖(𝑛𝑒𝑤) = 0.2 + 0.2 = 0.4 where ∗ 𝑤𝑗,𝑖(𝑛𝑒𝑤) = 𝑤𝑗,𝑖(𝑛𝑒𝑤) − 𝜂𝑖(𝑛𝑒𝑤). In the next stage of the iteration, we consider 

only the value of the updated synapse ∗ 𝑤𝑗,𝑖 in the calculations. 

Iteration i 𝑥𝑖 𝑦𝑖  𝑤𝑗,𝑖 𝐸𝑖 ∗ 𝑤𝑗,𝑖 ∗ 𝑤𝑗,𝑖(𝑛𝑒𝑤) 

2 2 4 0.4 3.2 0.4 0.8 

3 2 4 0.8 2.4 -0.6 0.2 

4 2 4 0.2 3.6 1.8 2.0 

5 2 4 2.0 0   

In the 5th iteration, the error will be zero, and the neuron has learned. The final synaptic weight is 2.0. 

We note that when there is no affective component in the EML, the same problem required only n=2 iterations. 

However, when the affective component is inputted, we needed at least n=3 iterations. The first training, actually, took 

care of the affective component, i.e., the first contact should aim to stabilize the affective/emotional disposition of the 

student. 
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If we now compare the two types of input neurons to an EML learning process, we see that the second neural 

model allows us to control the impact of a negative affective neuron whereas we are unable to do so in the first neural 

model. Biologically, we can imagine a cortical neuron firing and sending electrical signals directly to an output neuron 

and also to a subcortical neuron where the affective and cognitive signals are conjoined and sent to the output neuron. 

This happens at the amygdala, as reviewed earlier.  

In terms of pedagogy, the teacher’s strategy must always begin with motivation to ensure that the negative 

affective synaptic weight will always be less than the cognitive synaptic weight in magnitude. While this was practiced 

long ago in lesson planning, there was no scientific reason provided. As a matter of fact, motivation was not recognized 

as a central part of the lesson plan (it was treated as a one-paragraph introduction). Now we realized that the entire learning 

process can potentially result in no learning if this aspect is not properly done. Secondly, the restriction that 𝑤𝑗,𝑖 > 𝜂𝑗,𝑖  at 

each iteration implies that motivation and interests must be maintained all throughout the lesson. This puts a lot of pressure 

on the teachers who need to devise ways of keeping students’ interests high at every stage of the lesson given that the 

attention span of a typical student is less than 10 minutes. 

d. Hebbian Learning Mechanism 

There is evidence that biological neurons, particularly those observed in the hippocampus, behave in a Hebbian 

learning fashion. Consider two neurons j (the input or pre-synaptic neuron) and I (the output or post-synaptic neuron). 

When the pre-synaptic neuron fires and the post-synaptic neuron fires as well, then the synaptic connection between the 

two neurons is strengthened. This is the essence of Hebbe’s hypothesis. In a nutshell, according to Hebbe, a positive 

correlation between the two neurons increases the synaptic weight, while a zero or negative correlation decreases the 

strength of the synaptic connection. 

Hebbian synapses are highly localized such that spatio-temporal contiguity of neurons is required. Additionally, 

Hebbian synapses are time-dependent, meaning that the synchronicity of firing among contiguous neurons is essential. 

Let ∆𝑤𝑘,𝑗
(𝑛), 𝑦𝑘(𝑛) and 𝑥𝑗(𝑛) denote the change in synaptic weight, output neuron and input at time n. A Hebbian 

modification of the synaptic weight consists of a function F of the input and output neurons at time n.  

 

∆𝑤𝑘,𝑗
(𝑛) = 𝐹(𝑦𝑘(𝑛), 𝑥𝑗(𝑛))  (11) 

Hebbe’s hypothesis claims that the function 𝐹(. ) is  

 

∆𝑤𝑘,𝑗
(𝑛) = 𝛼𝑦𝑘(𝑛)𝑥𝑗(𝑛),  for 𝑛 = 1,2, … , 𝑘 where 𝛼 is the learning rate   (12) 

 The last equation is called the Activity Product Rule in the literature. This synaptic weight equation is sometimes 

modified by the covariance hypothesis. 

∆𝑤𝑘,𝑗
(𝑛) = 𝛼(𝑦𝑘 − 𝑦̅)(𝑥𝑗 − 𝑥̅)    (13) 

 where 𝑥̅ is the time-averaged value of 𝑥𝑗 

 𝑦̅ is the time-averaged value of 𝑦𝑘  

Illustrative Example 3. Hebbian learning can be illustrated for the same simple problem of discovering 𝑦 = 2𝑥.  

𝑥𝑖 𝑦𝑖  𝑤𝑗, 𝐸𝑖 ∆𝑤  𝑤𝑖(𝑛𝑒𝑤) 

          2           4 0.4 3.2 1.6 2.0 

Following Hebbe’s hypothesis and assuming 𝛼 = 1, we see that the synapse is trained after one iteration.  

Inputting Neuron Model 1 

If we input neuron model 1 into the Hebbian hypothesis, we obtain: 

∆𝑤𝑘,𝑗
= 𝛼(𝑤𝑘,𝑗𝑥𝑗𝜃𝑗)𝑥𝑗  (14) 

   

  

𝑤𝑛𝑒𝑤 = 𝑤𝑘,𝑗 + 𝛼𝑤𝑘,𝑗𝜃𝑗𝑥𝑗
2  

    

If 𝜃𝑗 = −1 is a negative affective neuron then (14) becomes: 

 𝑤𝑛𝑒𝑤 = (1 −

𝛼𝑥𝑗
2)𝑤𝑘,𝑗   (15) 
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  Illustrative 

Example 4. Let us examine what happens when this neuron is inputted into the previous problem with 

 𝛼 = 1. 

iteration 𝑥𝑖 𝑦𝑖 𝑤𝑗, 𝐸𝑖 ∆𝑤  𝑤𝑖(𝑛𝑒𝑤) 

1 2 4 0.4 4.8 -1.6 -1.2 

2 2 4 -1.2 1.6 4.8 3.6 

3 2 4 3.6 11.2 -14.2 -11.2 

 

 Again, we see the phenomenon of cycling and divergence. The student with a negative affective neuron does not 

learn even under the more efficient Hebbian learning mechanism. Further, because the affective and cognitive neurons are 

coupled, the teacher cannot intervene in the process. 

Inputting Neuron Model 2 

We next input neuron model 2 into the Hebbian learning mechanism. In this case, Hebbe’s hypothesis becomes: 

 

∆𝑤𝑘,𝑗
(𝑛) = 𝛼[𝑤𝑘,𝑗 + 𝜂𝑘,𝑗𝜃𝑗]𝑥𝑗 ∙ 𝑥𝑗   

 ∆𝑤𝑘,𝑗
(𝑛) = 𝛼[𝑤𝑘,𝑗 + 𝜂𝑘,𝑗𝜃𝑗]𝑥𝑗

2  (16) 

 𝑤𝑛𝑒𝑤 = 𝑤𝑘,𝑗 + 𝛼[𝑤𝑘,𝑗 + 𝜂𝑘,𝑗𝜃𝑗]𝑥𝑗
2  (17) 

 For 𝜃𝑗 = −1  and 𝛼 = 1: 

 𝑤𝑛𝑒𝑤 = [1 + 𝛼𝑥𝑗
2]𝑤𝑘,𝑗 − 𝜂𝑘,𝑗𝑥𝑗

2  (18) 

 Prior to applying this learning rule, we introduce the concept of ‘çlamping’ synaptic weights. This concept is applied 

in another learning rule called Boltzmann learning in statistical mechanics. This idea can be stated as follows. We adjust 

the synaptic weights of the cognitive and affective neurons separately. When the cognitive synaptic weights stabilize, we 

clamp it to that value. When the synaptic weight exceeds unity, we clamp it to the value before it. We will discuss the 

significance of this clamping technique after the example.  

 Illustrative Example 5. We utilize the same parameters as before, as summarized in the table below. Here, 𝑂𝑛 and 

𝑂𝑤 are the outputs of affective and cognitive neurons computed separately.  

𝑥𝑖 𝑦𝑖  𝑤𝑗, 𝜂𝑗 𝜃𝑗 𝑂𝑛 𝑂𝑤 O Error 

Cognitive 

Error Affective Error 

Total 

2 4 0.4 0.2 -1 -0.4 0.8 0.4 3.2 0.4 3.6 

∆𝑤 = 2(0.8) = 1.6 

𝑤𝑛𝑒𝑤 = 0.4 + 1.6 = 2.0 

∆𝜂 = 2(0.4) = 0.8 

𝜂𝑛𝑒𝑤 = 0.2 + 0.8 = 1.0 

 

Clamped 

 Clamped 𝑤𝑛𝑒𝑤 = 2.0  Error  

𝑥𝑖 𝑦𝑖  𝑤𝑗, 𝜂𝑗 𝜃𝑗 𝑂𝑛 𝑂𝑤 O Cognitive      Affective Total 

2 4 2.0 1.0 -1 -2.0 4.0 2 0 2 2 

 This illustrative example shows that one can control the cognitive and affective synaptic weights separately. If there 

were no affective neuron involved, the Hebbian learning mechanism correctly identifies the weight 𝑤 = 2. However, the 

affective neuron prevents the correct identification of this cognitive synapse, and consequently, the optimal (minimum 

error) is 2. Further iteration only serves to increase the error exponentially.  

 In practice, however, we would only observe the pairs (𝑥𝑖 , 𝑂𝑖), e.g. (2,4), (2,2), and (2,10) had we continued the 

iterations above. We are asked to determine the appropriate synaptic weights that train both the affective and cognitive 

neurons. Since the training output is known to be 𝑦 = 4, the network can compute the successive errors (4 − 0.4) =
3.6, (4 − 2) = 2, and (4 − 10) = −6, which says that the second output has the least error (in magnitude). Thus the 

output (2,2) is the output of interest. At this output, we assume that the affective synaptic weight is clamped to one, that 

is, the value of 𝜂 = 1. It follows that: 
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 2(𝑤 − 𝜂) = 2 → 𝑤 = 2 is the correct cognitive synaptic weight. This means that if we can successfully remove the 

negative affect of a student, the correct output would be: 

𝑂𝑢𝑡𝑝𝑢𝑡 =  𝑤𝑥 = 4       

 which tallies with the training sample output perfectly. 

 Summary of Findings of Interest in Educational Theory: 

1. The configuration of the neurons in the brain is such that the cortical (cognitive) neurons and the subcortical 

(affective) neurons may or may not be received as coupled information by a post-synaptic neuron. 

2. In the coupled case, the amygdala sends a perfect integrated cognitive-affective information 𝑤𝑗,𝑖𝜃𝑗𝑥𝑗 to the 

hippocampus, while in the uncoupled case, a cortical neuron sends a cognitive information 𝑤𝑗,𝑖𝑥𝑗 and an 

integrated cognitive-affective information 𝜂𝑗,𝑖𝜃𝑗𝑥𝑗 to the hippocampus. 

3. If the individual’s neuron configuration is coupled, then regardless of the learning style or mechanism used to 

learn, the synaptic weights cannot be trained. In the case of the error-minimizing learning style (EML), the errors 

will fluctuate and ultimately diverge; in the case of a Hebbian learning mechanism, the errors will grow 

exponentially without bound.  

4. If the individual’s neuron configuration is uncoupled, the learning takes place but at a slower pace than when the 

affective domain is neglected. In the case of the EML learning style, provided that the cognitive synaptic weights 

are kept greater than the affective synaptic weights at each stage of the lesson, the student ultimately learns the 

subject matter; in case of the Hebbian learning style, the affective synaptic weight must be clamped to one 

through the teacher’s active engagement of the learner, and eventually, the cognitive synaptic weights are trained 

so that the student learns as well.  

5. These findings have implications for lesson planning. Motivation, the first part of every lesson, is an underrated 

part of a lesson plan. The findings of the study show that this is the most important part of the lesson plan for 

without it, there is a large possibility that the student might never learn the subject matter. Furthermore, each part 

of the lesson plan must take into account the affective dimension, ensuring that the student’s interest never wanes. 

An attention span of 10 minutes for a typical student implies that the teacher needs to change activities once 

every 10 minutes.  
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