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Abstract
Can Artificial Intelligence (A.I.) really be smarter
than humans? Several key questions remain unan-
swered over how A.I. can be used to augment hu-
man capabilities today. One such field of appli-
cation is in education where several cognitively
challenging areas exist (e.g. learner achievement
gaps, expertise development, retention, substitu-
tion, etc.). In this paper, we study the performance
of an adversarial learning architecture in profiling
relational turbulence between real-life individuals
of Online Social Networks (OSNs) - which can be
used to determine affective states of students in a
classroom clique. Our results show superior per-
formance in the detection accuracy and efficiency
of our model over other mainstream prediction ap-
proaches.

1 Introduction
Artificial Curiosity (AC) and / or Power Play (PP) can
be broadly defined as the basic cognitive motivation to
explore a spatio-temporal domain with the objective of
maximising rewards from high risk random “surprises” in
predictions [Schmidhuber, 1999]. In studies like ensemble
and reinforcement learning, multiple learning and neural
network models co-evolve together to agree on a computable
algorithm for an identified instance of a “surprise”. The
risk to penalty / reward for each algorithm’s prediction is
recursively normalized among the ensemble of learning
agents through replicating computations towards the most
accurate approach. The higher the risk, the higher the
rewards and therefore also, the penalty [Schmidhuber,
1999]. However, once the rewards / penalties have been
fully spread out among the agents in the learning ensemble;
the a-priori “surprise” becomes a known fact and both risk
and rewards / penalties vanish. By virtue of its objective
function (maximising rewards), the system is then forced to
seek out new predictive “surprises” [Schmidhuber, 1999].
Essentially, Artificial Curiosity reflects the higher form of
a turing learning process that tries to discriminate patterns
from the randomness of attributes in data input - which over
time, becomes less and less obvious.

Artificial Intelligence in Education (AIEd) is a vast but
poorly nourished interdisciplinary field of research that
investigates higher meta-forms of self-evolving learning
architectures like AC and PP [Luckin et al., 2016]. Of which,
General Intelligence (GI) system capabilities (Predictions,
Classifications, Discriminations, Detections, Recommenda-
tions, Evolutions, etc.) are adaptively shaped by learning
environments that are flexible, inclusive, personalised,
engaging, affective and effective to both mentor and mentees
within an educational construct [Woolf et al., 2013]. The
scientific goal of AIEd is to reach singularity (i.e. intelligent
machines that in turn, breeds evolved intelligence) to make
computationally precise and explicit forms of educational,
psychological and social knowledge which is often left
implicit [Andriessen and Sandberg, 1999]. AIEd represents
knowledge of the world in three key manifolds. They are the
pedagogical model, the domain model and the learner model
[Luckin et al., 2016]. The pedagogical model represents
known widespread educational teaching process (e.g. turing
learning, feedback, assessment, etc.). The Domain model
represents well-known subject expertise for the domain being
taught (e.g. newton’s law, mathematical operators, etc.).
The learner model represents intelligence intrinsic to the
learner (e.g. apriori achievements and / or difficulties, known
affective states, learning engagement, etc.).

At the heart of learner models are affective state repre-
sentations of a classroom clique [Clancey et al., 1979].
Affective states of students in a classroom can be defined as
pre-determined conditions of cognitive disequilibrium and
uncertainty during learning engagement / flow [D’Mello and
Graesser, 2012]. Cognitive equilibriums are important in
maintaining student-mentor engagement in the classroom.
A failure to restore mental equilibrium during learning
triggers frustration, which, if unresolved leads to boredom
[D’Mello and Graesser, 2012]. Studies in [Baker et al.,
2010] have shown that peer-induced boredom and hence
cognitive disequilibriums are very persistent across learning
environments and results in poorer learning and behaviorial
problems at schools. Similar to Online Social Networks
(OSNs), they play an important role to key applications
like event prediction, recommendation, topic modeling,
tracking, link prediction, community detection, feature
recognition, ranking, knowledge graph embedding, etc.



[Cordeiro and Gama, 2016]. A key question which has re-
mained unanswered by research, is the ability of machines to
represent dynamic affective-cognitive relationships (affective
chronometry) and equilibriums of students in a classroom
through learning experiences of both positive and negative
sentiments [D’Mello and Graesser, 2011]. Detecting and
identifying such patterns can provide valuable insights into
the domains (e.g. AIEd) where these social technologies are
being used [Lieberman et al., 2005].

The novel scientific contribution of our work in this
study involves uncovering and representing the relational
states of evolving communication patterns in real life from a
representative online social network architecture by using the
innovative Relational Flux Turbulence (RFT) model [Theiss
and Solomon, 2006]. Understanding relational states and
how they play a role in the influence of social communication
evolution patterns will improve detection accuracies of
affective state representations of students and learners in the
classroom [Lehman et al., 2008]. The innovative features of
RFT are summarized as follows:

1. RFT implements the novel idea of running a Turing-
learning based, Generative Adversarial Fractal Neural
Network (GA-FNN) which discriminates the evolution
of actor-pair relational states based on observed rela-
tional turbulence profiles between generative system and
actual model behaviors;

2. RFT is capable of modeling the temporal dynamics of
affective states through various representations of rela-
tional turbulence profiles in OSNs.

3. RFT is able to adapt to real-time twitter streaming, high
dimensional datasets and crawled information from real-
life OSNs (e.g. Google, Youtube, etc.). It can also per-
form stability analysis on small tightly knitted cliques as
well. The system model is computationally efficient and
versatile;

2 Method and Architecture of RFT
In RFT, the FNN (Fractal Neural Network) method provides
the core capability to scale network depth towards the prob-
lem complexity from streaming social data. Through the use
of a Generative Adversarial architecture, the discriminator
FNN is able to identify and predict relational turbulence
profiles and the corresponding communication patterns
accurately. The overview of the system architecture of RFT
is presented in Figure 1. Social data is first actively streamed
from a query of interest (e.g. geography, topic, hashtag, etc.).
Each data stream is first sentiment analyzed (sentilyzed)
into key relational features - Category confidence, Entity
salience, Entity sentiment, Mentions sentiment and Context
sentiment using the Google NLP API. These features are
then fed into the first stage Fractal Neural Network (FNN)
with noise to generate a predicted set of relational turbulence
profile parameters (Flux intensity, Mention interferences,
and Context uncertainty). Then, a synchronized concurrent
stream of Relational Turbulence Model (RTM) based tur-
bulence profile parameters are fed in simultaneously into

the second stage FNN which acts as a discriminator that
estimates the true relational turbulence profile values based
on first-stage FNN generative predictions and RTM model
outputs. The FNN is capable of dynamically scaling depth
according to representational complexity of relational data
contained within short tweet messages [Larsson et al., 2016].
The fractal recursively evolves its architecture based on
feedback ground truth parameters extracted from the second
stage discriminator FNN.

We define a soft kernel used to discover a markovian
structure which we then encode into confabulations of fractal
sub-structures. For a given set of data observables as inputs:
χ ∈ X and outputs: = ∈ Ξ we wish to loosely define a
mapping such that the source space (X,α) maps onto a target
space (=, ω). The conditional P (χ∨ω) assigns a probability
from each source input χ to the final output space in ω.
Each posterior state-space from in between input to output is
generated and sampled through a random walk process. An
indicator function which we have chosen to describe the state
transition rule is:

Θt+1 = min

{
0

qnc=1
δEc

t+1

δχc
t

Where δEct+1 is the error change from one hidden feature
activity state ht ∈ H onto higher posterior confabulations.
The objective function at each transition seeks to minimize
error gradients to eliminate problems associated with explod-
ing and vanishing gradients during backpropagation. This can
be caused by an excessive generation of layered confabula-
tions which leads to unnecessary increments in depth from
the markovian ANN discovery mechanism. For a general fi-
nite state space markovian process, the markov kernel is thus
defined as:

Kern(M) =

{
p : X × ω → [0, 1]

p(χ|ω) =
∮
ω
q(χ,=)ν(δ=)

Once a unique markovian neural network has been discov-
ered, a Single Layer Convolutional Perceptrion (SLCP) is
proposed as a baseline structure to learn the fractal sub-
network from pre-existing posterior confabulations. This
structure changes as discovered knowledge is progressively
encoded during the learning process. Although for simplic-
ity we have used the novel SLCP architecture as our baseline
schema; in reality however, any one baseline model can be
used to learn a morphing transposition into a fractal signa-
ture structure. The dataset chosen for this demo, is streamed
live from twitter. It is de-anonymized to reveal the follow-
ing relational features in the tweet posts: the Category confi-
dence, Entity salience, Entity sentiment, Mentions sentiment
and Context sentiment.

3 Experiments and Results
The Stanford Twitter Sentiment Corpus contains APIs
(http://help.sentiment140.com/api) for classifying raw tweets
that allows us to integrate their classifiers into our deep
learning model. Their plug-in module uses an ensemble of



Figure 1. System Architecture of RFT.

different learning classifiers and feature extractors to deliver
the best outputs with different combinations of classifiers
and feature extractors. In addition to the sentiment results
obtained from their model, we cross validated the output
against Google’s NLP API (https://cloud.google.com/natural-
language/) to replicate the most accurate sentiment scores and
magnitudes of context spaces and mentions. The tests were
run across the Single Layer Perceptron (SLP), a 45-layer
Deep Convolutional Network (DCN) and a dynamically
stacked Fractal Neural Network (FNN). The results are
shown in Tables 1 - 2 and Figures 2 - 4.

Generally, from the results of the Spearman (rho coeffi-
cient) test done on the independent variables (Category
confidence Ci, Entity Sailence Ji, Entity sentiments - mag-
nitude and scores (=i,ℶi), Mention sentiments -magnitude
and scores (Li,ℷi), Context sentiments - magnitude and
scores ( Q i,ℸi)) and the dependent variables (Relational
Intensity γrl, Relational Interference ϑrl and Relational Un-
certainty ϕrl), it can be observed that intensity, interference
and uncertainty correlates very well to expressed sentiments
over entities, mentions, and (fairly well) over contexts. How-
ever, an interesting observation made from the distribution
of the results is that while entity and mention sentiments
are (strongly) positively correlated to the tenets of relational
turbulence (i.e. higher sentiment scores expressed in these
classifier manifolds are more likely to evoke a relational
state altering event), context sentiments are (mediocrely)
negatively correlated instead. Intuitively, a very realistic
proposition can infer that topic contexts don’t really matter
within very specific and self-contained social transactions
with low duplicities (a 1:1 or 1:n social transactions – as in
the case of Twitter tweets).

Finally, during the experimentation, the full datasets obtained
from the different sources (twitter, google and enron) were
partitioned into k-subsamples. One of the subsamples was
retained as the validation set for each run and the validation
set was chosen in a round robin fashion for subsequent
experimentation runs. A noteworthy point of mention is that

Figure 1: Graph of True and Predicted SLP relational turbulence
values for the Twitter dataset

Figure 2: Graph of True and Predicted DCN relational turbulence
values for the Twitter dataset

Figure 3: Graph of True and Predicted RFT relational turbulence
values for the Twitter dataset

K fold cross validation is used in our experimentation design
to obtain a good estimate of the prediction generalization.
This testing technique does not scale well to measurements
of model precision. How accurately a learning model is able
to predict an expected output is based on the Kendall (tau-b
coefficient) results - this can be intuitively inferred from table
1. K-fold validation was performed over all deep learning
models across the Mean Absolute Percentage Error (MAPE)
measurement of each run. Mathematically, MAPE can be
expressed as:

δMAPE =
1

N

N∑
i=1

|Ei(x)− Yi(t)
Ei(x)

| (1)

Where Ei(x) is the expectation at the output of data input set
i and Yi(t) is the corresponding prediction over N total sub-
samples. The tabulation of the K-fold cross validation used
in our experimentation is given in Table 2.



Table 1: Table of Spearman’s (rho) coefficient between indepen-
dent input and dependent output variables for the Twitter validation
dataset averaged over k cross validations (RFT)

Table 2: Table of K-fold cross validated MAPE for all three learning
models

4 Conclusion

In conclusion, we have shown that RFT is capable of pre-
dicting relational turbulence profiles between actors within a
given OSN acquired from anytime data. Our results show su-
perior accuracies and performance of the FNN model in com-
parison to well known baseline models like the Single Layer
Perceptron (SLP) and the Deep Convolution Network (DCN)
designs. Profiling relational turbulence enables the pedagog-
ical model to classify the various stages involved in complex
learning as sentimental (affective) experiences unfold. Clas-
sifying such affect-cognitive stages allows the AIEd system
to correct for student instances of hopeless confusion which
have no pedagogical value towards instances of productive
confusion -which leads to more effective learning and posi-
tive sentiments. The future challenge for AIEd is to integrate
affective states into its three tiered model to heighten engage-
ment, lower attrition and increase self-efficiency of students
which will ultimately lead to larger positive learning gains.
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