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ABSTRACT 
With the continuing goal of discovering a theoretical foundation to 
have information systems think more like humans, this paper shows 
that as information systems explode in size and complexity, the 
notion that technologies such as Big Data, Deep Neural Networks, 
Graphic Processing Units, Artificial Intelligence and Machine 
Learning can keep up to the pace that information systems are 
exploding, has failed. 80% of the trillions of petabytes being stored 
on information systems every day, are being stored by 
unsophisticated end users, and that’s just the start of the chaos. In 
essence we are drowning in data and we need a new technology to 
take us the surface so we can breathe. In this paper, the author 
explores the viability of combining sentiment analysis, and 
semantic intelligence into the paradigm of a common-sense 
semantic calculus, specifically designed for Information Systems.  
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1. INTRODUCTION 
We define an Information system as an integrated system of 
components for collecting, storing, and processing data for the goal 
of procuring knowledge [1]. Information systems process the 
world’s financial systems, manage data for Amazon Web Services 
(AWS), Google and Alibaba to name a few. In fact, information 
systems are called the new economy because the explosion of 
information and big data is now driving the biggest economies [2], 
[3]. As these information systems 1) become increasingly complex  
[4] and 2) the volume of data being generated and stored grows 
exponentially, the technology to manage these exploding systems 
is not keeping up [5], [6]. Müller et al., provide a convincing 
argument that integrating big data analytics (BDA) with these new, 
massive, chaotic, complex information systems, has not lived up to 
the hype. Furthermore, the Information System Analysists (ISAs), 

felt that BDA’s tools such as predictive modelling, natural language 
processing were too obtuse and difficult for them to understand [6]. 
Similarly, artificial intelligence (AI) is also not being welcomed 
with open arms by the ISAs they feel that the AI techniques focus 
on prediction instead of explanation [7], and hide how they work 
thus making it difficult to interpret their outputs or control [6]. 

If I were to ask you, hypothetically, in a world without the internet: 
“Tell me about Oliver Cromwell”, would you start looking through 
the records of Ghanaians?  Would you go to your local library and 
search the obituaries in The New York Times over the last three 
years? No of course not. You probably know that Cromwell ruled 
the UK in the 1650s, with about the same power of a monarch, but 
he had no crown. Citing Davis & Marcus, [8], If I were to ask an 
information system, “Who is taller, Prince William or his baby son 
Prince George?” The information System would fail. As a human, 
it seems silly to us because of course Prince William is taller than 
his baby son. The key determinants to procuring an intelligent 
information system to think like a human are now reviewed.  

Commonsense Knowledge consists of facts about the everyday 
world, such as "lemons are sour", that all humans are expected to 
know and is agnostic as it’s not tied to one particular domain of 
knowledge [9]. Semantic intelligence is the ability to intelligently 
respond to a non-predetermined and non-specified ever-changing 
environment and have autonomous comprehension and 
discrimination between true and false statements. Sentiment 
Analysis is the computational treatment of opinions evaluations, 
attitudes, and emotions of humans [10] and result, for example, as 
an aggregation of “votes”, reviews on Yelp,  representation of 
points of disagreement and points of consensus [11]. Semantic 
Calculus is when synchronous grammars correctly generate logical 
forms. With advances in computing power, it has now become 
possible for intelligent systems to formalize syntax-based 
translation models between natural languages which has resulted in 
a renewed interest in synchronous grammars [12], [13].  

Paper Layout: First we discuss a little deeper as to why Deep 
Neural Networks and other new technologies have not and will not 
be the save-all for Information Systems and that focusing on 
making an information system think like a human is a viable option.  
Secondly, we rationalize how, in order to tie the aforementioned 
commonsense determinants into an information system there needs 
to be a mathematical basis behind the code. Accordingly, this paper 
will focus, for the most part, on  i) Fontaine et al.’s recent 
developments in model-theoretic tradition using modal µ-calculus 
[14], ii) combinatory categorial grammar (CCG) coupled with 
logical forms in 𝜆𝜆-calculus [15], iii) Cox's theorem [16], and iv) de 
Finetti's theorem to force autonomous reasoning even when based 
on uncertain information [17].  
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2. DNNS & INFORMATION SYSTEMS  
 
Although there has, and are, numerous efforts to integrate deep 
neural networks (DNNs) with Information Systems, [18], [19] their 
Achilles heel is that they rely on supervised learning which of 
course obliterates any chance on applying such a system on 
sparsely or erroneously labeled data. With 80% most of 
Information System’s data being derived from users on social 
media [20], most of the data is therefore incomplete and 
erroneously labeled, which therefore wipes out the possibility of 
DNNs being a viable option for future Information Systems. 
Ribeiro et al., revealed an additional, well publicized weakness of 

DNNs where the DNNs miraculously was able to discern wolves 
from huskies, a feat many humans have difficulty doing.  As 
illustrated in Figure 1, it was later revealed that Google’s pre-
trained Inception neural network [21] happened to have most wolf 
images in the snow.  Without human’s knowing how the system 
trained itself intelligently, it was later discovered that the DNN had 
trained on a terrible classifier – the snow in the background of the 
wolf images. Therefore, a squirrel in the snow was also deemed by 
the DNN to be a wolf [22]!  

3. A NEW MEANS FOR INFORMATION 
SYSTEMS  
 
With AI being an unknown that only predicts the future but not the 
intelligence in an Information System, and with DNNs unable to 
render sparsely or erroneously labeled data without supervised 
learning, there clearly is a need to think completely differently on 
how we will control and mine Information Systems for knowledge 
in the future. This leads us to the idea that we need to make 
information systems not plough through trillions of petabytes by 
brute force to find an answer, but rather to have information 
systems intuitively know that lemons are sour, or that Oliver 
Cromwell will not be in Ghanaian data base of living humans, or 
that of course, Prince William is taller than his baby son Prince 
George?” In essence, we need to make information systems think 
like us human being do.  The question is – how? Understanding the 
semantics, inuendo and nuances of language is not trivial matter for 
a machine. Consider Wingard’s question: The trophy doesn’t fit in 
the suitcase because it is too big. The question is What is too big? 
Answer 0: the trophy. Answer 1: the suitcase. For humans this is 
silly, of course it’s  the trophy but the question is how do we get a 
machine to know it’s the trophy and not the suitcase [20]? 

3.1 CCG Formalism 
 
Hypothesis: For a machine to think like a human, it must first be 
able to comprehend language like a human. In other words, it needs 

to semantically parse the grammar of language. One approach is 
that of Combinatory Categorial Grammar (CCG) [15], used in 
linguistics long before we tried to code machines for semantic 
parsing [23]. Verbs are converted into functions through 
connecting them with these lexical categories. For example, a 
transitive verb is a function from (object) NPs into predicates—that 
is, into functions from (subject) NPs into S [24]. Furthermore, CCG 
is conducive for computer algorithms because is uses logical forms 
of 𝜆𝜆-calculus, see examples of CCG derivations [25] in Table 1. 
With CCG, any primitive category is a category. Therefore, if A and 
B are categories, then A/B and B\A are also categories [26]. Even 
when only employing three primitive categories N, NP and S, the 
syntactic information in Equation 1 is transferred to a lexical entry 
as seen in Equation 2 where the syntactic category makes TV a 
function [26], [27]. 
 

 𝑆𝑆 → 𝑁𝑁𝑁𝑁 𝑉𝑉𝑁𝑁 
𝑉𝑉𝑁𝑁 → 𝑇𝑇𝑉𝑉 𝑁𝑁𝑁𝑁 
𝑇𝑇𝑉𝑉 → {𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, 𝑓𝑓𝑓𝑓𝑓𝑓𝑝𝑝𝑓𝑓, … } 

1 
 

 

 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∶= (𝑆𝑆\𝑁𝑁𝑁𝑁)/𝑁𝑁𝑁𝑁 2 
 

CCG is parsable and linguistically robust in terms of its 
grammatical formalism. It has a predicate-argument structure, a 
constituency-based structure rather than a dependency-based and 
turns out to be well suited to integrate future research for infusing 
a sematic calculus into future information Systems [15]. CCG 
defines a means to process a plurality of linguistic combinators into 
a sequence of lexical items. It rotates, each discretized series of 
combinators until none are left in the proof. Specifically, CCG is 
comprised of 425 lexical tags connected too a small set of 11 binary 
rules [28] and this is perfect for classification rules necessary for 
artificial intelligence. Consider the following CCG by Steedman 
that compensates for constituents of like types to conjoin to yield a 
single constituent of the same type [24]. 
 

 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑓𝑓𝑓𝑓𝐶𝐶𝐶𝐶𝑓𝑓𝑝𝑝𝑓𝑓: ( < & >) 
𝑋𝑋 𝑐𝑐𝑝𝑝𝑓𝑓𝑐𝑐 ⟹  𝑋𝑋 
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 I      loathe    and      detest     opera 
 

4 
 
 
 

Steedman’s combinatory grammars also include type-raising rules, 
which turn arguments into functions over functions-over-such-
arguments. Comparing Equation 3 & 4’s Coordination example to 
Equations 5 & 6’s example of Subject Type-Raising that allows 
the conjuncts to form which illustrates its “order-preserving” 
property that converts the NP into a rightward looking function that 
preserves the linear order of both the subjects and predicates [27]. 
This all follows Steedman’s Principle of Combinatory 
Transparency which is the semantic interpretation of the category 
resulting from a combinatory rule is uniquely determined by the 

Category Traditional Name Expression 
NP\S Intransitive Verb John Walks 
NP/N Determiner The dog 
(NP\S)/NP Transitive Verb John loves Mary 
N/N (=A) Adjective Big dog 

 

Figure 1. Ribeiro et al.’s Raw data and explanation of a bad 
model's prediction in the “Husky vs Wolf" task [22]. 

Table 1. Combinatory Categorical Grammar (CCG) CCGR: 
List of categories using the three primitive categories, N, NP, & 
S. For complete list Futo here 26. 



interpretation of the slash in a category as a mapping between two 
sets [24], [27]. 
 

 𝑆𝑆𝑆𝑆𝑆𝑆𝑐𝑐𝑝𝑝𝑐𝑐𝐶𝐶 𝑇𝑇𝑇𝑇𝑝𝑝𝑝𝑝 − 𝑝𝑝𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟: ( > 𝑇𝑇) 
𝑁𝑁𝑁𝑁 ∶ 𝐶𝐶 ⟹ 𝑇𝑇 (𝑇𝑇\𝑁𝑁𝑁𝑁)  ∶  𝜆𝜆𝜆𝜆. 𝜆𝜆𝑇𝑇. 𝑙𝑙𝑓𝑓𝑙𝑙𝑝𝑝^′ 𝜆𝜆𝑇𝑇 

5 
 
 

 I       dislike     and     Mary           likes.     musicals 
 

6 
 

 

 

 

 

 

 
 

3.2 Modal µ - Calculus 
Bearing the semantic, lexical and syntactic properties of CCGs 
focus on the predicate logic necessary to accomplish our 
hypothesis. Connecting a stronger and more advanced formal logic 
to CCGs is possible because the lexicon of CCGs, as mentioned, 
allows for predicate logic. With this in mind we examine 
connecting a modal µ-calculus to the CCG logic component of 
CCGs as indicated in Figure 2. 

In recent months Gaëlle Fontaine and Yde Venema at the Institute 
for Logic, Language & Computation at the Universiteit van 
Amsterdam published a novel paper that based upon the theoretical 
giants including but not limited to the Los-Tarski Theorem, the 
Lyndon Theorem and Kozen’s work on fixpoint operators, procured 
an automata-theoretic model theory for modal µ-Calculus [14]. 
This paper utilizes a specific section of the Fontaine et al.’s theory 
and connects it to both 1) the λ-calculus component of CCG, and 
2) the author’s own work to create a pathway for commonsense 
reasoning for information systems. 

Modal µ-calculus, µML, modal logic is expressively complete 
for monadic second-order properties that are bisimulation invariant, 
[29], [14]. In other words, it can sustain a connectivity to a binary 
relation between state transition systems that are morphing in their 
disposition. Specifically interesting is their introduction to a  novel 
bipartite modal automaton 𝔸𝔸 = (A,B,Θ; Ω) that belongs to the class 
𝐴𝐴𝐴𝐴𝐴𝐴𝑊𝑊

𝑝𝑝
 of finite-width automata if the one-step language associated 

with B is the language 1ML(𝑋𝑋{𝑝𝑝},𝐵𝐵), and the one-step language 
associated with A is given by the following grammar: 

 𝛼𝛼 ∷= p � ⋄𝜋𝜋0� 𝛽𝛽 | 𝛼𝛼 ⋀  𝛼𝛼| ⊤ | 𝛼𝛼 ∨  𝛼𝛼 |  ⊥   7 

Where ⊤ defines the proposition that 𝛼𝛼 ⋀ 𝛼𝛼 is universally true, 
⊥ defines the proposition that 𝛼𝛼  ∨  𝛼𝛼 is contradictory, 𝜋𝜋0  Latt(A) 
and 𝛽𝛽 ∈ 1ML(X \ {p},B). In words, an initialized modal automaton 

𝔸𝔸 = ⟨𝒶𝒶Ι⟩, with 𝔸𝔸 = (A,Θ; Ω), belongs to the class 𝐴𝐴𝐴𝐴𝐴𝐴𝑊𝑊
𝑝𝑝

 if 𝐴𝐴 can 
be partitioned as 𝔸𝔸 =  𝐴𝐴0 ⨄ 𝐴𝐴1  such that (0) 𝒶𝒶Ι belongs to , (1)  p 
occurs only positively in Θ(𝒶𝒶), for 𝒶𝒶 ∈  𝐴𝐴0, (2) p does not occur in 
any in Θ(𝒶𝒶), for 𝒶𝒶 ∈  𝐴𝐴1, (3) if 𝒶𝒶,𝒷𝒷 ∈  𝐴𝐴0 then 𝒶𝒶 may only occur  
in Θ(𝑆𝑆), for in the scope of a diamond (not a box) of modality, and 
(4) if 𝒶𝒶 ∈  𝐴𝐴0 and 𝑆𝑆 ∈  𝐴𝐴1 then 𝒶𝒶 may not occur in Θ(𝑆𝑆) [14].  

Connecting the aforementioned modal µ-calculus, µML, modal 
logic to CCG’s λ-calculus component as illustrated in Figure 2 we 
turn to a variant Lewis et al.’s supertagging based on their stacked 
bi-directional long short term memory (LSTM) CCG parsing model 
[28] where we recall that a supertag-factored model comprised of  
𝒶𝒶 and 𝒷𝒷 are computed so that  𝔞𝔞(𝑇𝑇𝓀𝓀) is the score for the word 𝓀𝓀 
having tag 𝑇𝑇𝓀𝓀. 

 𝔞𝔞�𝑇𝑇𝑖𝑖,𝑗𝑗� = ∑ 𝔞𝔞(𝑇𝑇𝓀𝓀)𝑗𝑗
𝑘𝑘=𝑖𝑖   8 

 
 

 𝒷𝒷�𝑇𝑇𝑖𝑖,𝑗𝑗� = ∑ max
𝑦𝑦𝓀𝓀

𝔞𝔞(𝑇𝑇𝓀𝓀)𝑖𝑖−1
𝑘𝑘=1  + ∑ max

𝑦𝑦𝓀𝓀
𝔞𝔞(𝑇𝑇𝓀𝓀)𝑁𝑁

𝑘𝑘𝑗𝑗+1𝑖𝑖  & 9 
 

where Equation 8 follows from the definition of the supertag 
factored model and Equation 9 combines this definition with max 
score over all words an upperbound on the word score.  This is 
illustrated, by going back and applying it to Steedman’s sentence 
in Equation 3 & 4 where we say: I loathe and detest opera.  For 
the purpose of the formatting of this paper using 2 small columns we 
will shorten it to I loathe for  as shown in Figure 3 where we connect 
the modal µ-calculus, µML, modal logic with CCG using Lewis et 
al.’s supertagging. 
 

 
Figure 3. Connecting the modal µ-calculus, µML, modal logic with 
CCG using Lewis et al.’s supertagging and linking ontology 
allows sustained a connectivity to a binary relation between the 
state transition of I loathe for   morphing, for example into I love 
for in the supertagging of Equations 8 9 ensure connectivity. 

4. CONCLUSION & FUTURE WORK 
The author has structured Figure 3 and is in the process of creating a 
large enough ontology for testing the system.  The theoretical portion 
has been tested in many ways and many versions and he feels confident 
that after many iterations the system is working when manually super 

Figure 2. Combining the 𝝀𝝀-Calculus component of CCG 
formalism to the Modal µ-Calculus ecosystem. 



positioning fragments of an ontology.  For example on  Figure 3 the 
author switches I loathe for   morphing, into I love for and the 
supertagging works well in conjunction with p does not occur in 
any in Θ(𝒶𝒶), for 𝒶𝒶 ∈  𝐴𝐴1 , however, a larger ontology of tens of 
thousands of words will have to be used for the other tests. 
Essentially the hypothesis seems to be correct, the commonsense 
will eventually build as more and kore tags are super positioned, 
juxtaposed, trained and learned. 
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