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Abstract

:

Statistical learners are leading towards auto-epistemic logic, but is it the right way to progress in artificial intelligence (AI)? Ways to discover AI fit the senses and the intellect. The structure of symbols–the operations by which the intellectual solution is realized–and the search for strategic reference points evoke essential issues in the analysis of AI. Studying how knowledge can be represented through methods of theoretical generalization and empirical observation is only the latest step in a long process of evolution. In this paper, we try to outline the origin of knowledge and how modern artificial minds have inherited it.
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1. Introduction


For a long time, the study of symbolic syntactic interpretations has been the cornerstone of natural language understanding, which has been studied by the forerunners of intelligence deriving from solid starting points, e.g., universal grammar [1], and fundamental cognitive mechanisms to represent domains such as that of physical objects [2].



Artificial intelligence (AI) support is essential to speed up the analysis and discovery process in new paradigms. However, AI “minds” are nowadays dominated by non-symbolic, hidden statistical learners who have canceled symbols in their controlling strategies [3]. Moreover, these new technologies work hidden and complex; it is challenging to understand statistical models using human knowledge, placing them in an awkward position. Studying the headwater of knowledge could eviscerate many basic concepts by improving the position of statistical models.



The theories learned for centuries on the headwater of knowledge reminisce the contemporary scenarios: the current empiric trend of AI and Chomsky [1,4,5] nativist theory. Empiricist models yield no attention to symbols and grammatical rules because they have no primary symbolic structure embedded in a different insight for nativists, who underline form to appreciate substance. Nativists swear that there are innate structures from the moment of childbirth.



The current trend of AI agrees with the view of Aristotle, returned and shared by the more recent Locke. Known as empiricism, this theory states that no innateness is required and that learning and experience are essentially all that is needed to develop intelligence, which comes from patterns of sensory experience and interactions with the world. A current example of an empiricist model is the Transformers-models [6], which have no specific a priori knowledge about space, time, or objects besides what is represented in the training corpus. This fundamental idea is the antithesis of Chomsky, who explained the phenomenon of innate linguistics through universal grammar [1].



Someone, (un)knowingly, has tested the empiristic theory by building huge Neural Networks and catching what they learn. One example is GPT-model [7]. Based on Transformers-model, it has not specified a priori knowledge about space, time, or objects beyond what is represented in the training corpus. The authors of GPT intend to make a machine converse like a human. However, if these models could converse and reason, the ideas claimed by LeCun et al. [8] might have a solid ground. Unfortunately, things often need to be revised. In essence, the GPT-model, like its Transformers-model relatives, has been a straightforward experiment in the empiricist theory, but so faraway, it has not performed because with enormous computing and massive datasets, the knowledge that it gains is superficial and unreliable [9,10].



Somewhat than supporting the blank-slate view, Transformers-models appears to be accidental counter-evidence to that view. Moreover, it seems like it could be better news for the symbol-free thought-vector view. Vector-based systems can predict word categories, but they need to embody thoughts in a sufficiently reliable way. Current systems can regurgitate knowledge, but they cannot understand in a developing story; however, they adhere to the hook that emerges from the [3,11,12,13]. A quarter of a century has passed since Elman et al. [14] tried to use Neural Networks to rethink innateness; however, the problems remain more or less the same as they have always been.



Today, artificial intelligence plays a crucial role in different areas of human life and focuses on creating a computer with the same human capabilities [15]. Researchers believe that in the place of highly specialized artificial intelligence will arrive the universal AI system. Therefore, to create an advanced intelligent system, it is necessary to find an answer to questions such as the one about the role of knowledge in AI systems and the underlying methodologies. Our purpose is to study how knowledge can be represented and to show how AI is strongly linked to the mechanisms of human mind and learning. In order to verify the truthfulness of our hypothesis, which states that “the truth lies in the middle”, we test two types of architectures and then we try to merge them in the aim of strengthening the theory. In this way we want to prove that, despite the experience acquired by Transformers, there is still need for an innate part that does not seem to be captured by these models.




2. Subject and Methods


The domain of philosophy of knowledge places the human mind face to face with two major theories of knowledge acquisition: nativism and empiricism. In this paper, we try to outline the issues that together constitute a thematic field of the article:




	
gnoseological nature of human knowledge;



	
origin and encoding of human knowledge in Artificial Neural Networks;



	
specificity of artificial knowledge based on symbols and numbers;



	
relationship between Human Neural Networks and Artificial Neural Networks;








In order to produce an answer, it is necessary to use the advantages of methods such as theoretical generalization and empirical observation.



Theoretical generalization will be amply covered in the following section, pursued by empirical observations on models spirited to the theories of innatist and empiristic thinking.




3. Obtained Results


Before the formation of AI, the only compromise of studying was the human mind dominated by symbols. Instead, with modern AI technologies, everything has been canceled. In order to study the origins and future developments of Machine Learning and Natural Language Processing, the following sections will examine the nativist and empiricist viewpoints, the representations through which these theories manifest themselves, and a point of intersection.



3.1. Innateness


The theories of innateness originated with Plato, who, in his works, defined the theory of inborn knowledge and gave birth to a current of thought on which many thinkers have based themselves. Symbolic in this sense is the platonic dialogue Meno, where the main character, i.e., Socrates, poses a mathematical problem (known as The Learner’s Paradox) to an enslaved person. Although he did not know the principles of geometry, he managed to answer them. In this way, Plato demonstrated that concepts and ideas are present in the human mind before birth. Therefore, “seeking and learning is nothing but recollection”. Plato tried to explain the inactivity of knowledge in the human brain by defining it as a “receptacle of all that comes to be” [16]. In this space, matter takes form, and symbols take on meaning thanks to the ideas and thoughts innately embedded in the human brain.



Centuries later, with the same fundamental ideas from the study of symbols in the form of linguistic phenomena and following nativist theories, we came to realize that although languages vary, they share many universal structural properties [4,17]. According to Fodor [18], the mind is divided into modules, i.e., separate and specialized mental faculties. There is a module for sensation and perception, another for volition, another for memory, and one for language.



The faculty of language, which for Chomsky is innate [5], resides in the language module and is constantly evolving. Chomsky argued that human children could not acquire human language unless they were born with a “language acquisition device” [1], or what Steven Pinker [2] called a “language instinct”. Moreover, Chomsky in “Review of B. F. Skinner’s Verbal Behavior” [19], claimed that the theory of the stimulus-response mechanism used by behaviorism could theoretically only explain the capacity to reproduce sentences that had already been heard, but not the capacity to produce new sentences. Therefore, to mitigate the hard view of innateness, we can assert that humans–unlike animals–are predisposed to learn, starting with the innate mechanism with which they are equipped from birth. Even if there is a part of the experience in processing linguistic knowledge, the underlying structures can be defined by recurrent and universal patterns [20]. Moreover, it seems that specific linguistic properties are innate because they appear universally in the absence of corresponding experience [21].



In the following years, these works were made computable and continued by Cristianini et al. [22], Moschitti [23] and Collins et al. [24]. They had the common goal of studying the relationships between the symbols that govern transcribed language and the underlying syntactic structures.



The long studies on syntactic theories over the years have produced perfect functional symbolic representations because they are very light and comprehensible. In the following years, several methodologies have been developed to improve the type of representations and make them computationally lightweight [25,26,27,28]. Although accurate to reality, these representations are only a different encoding of the input, which, given the lack of learning by experience, does not change. In a parallel way, there are several techniques for learning representations of entities and relations in knowledge graphs, the although they are of great help, they are still very strict [29], and learning is very challenging [30].




3.2. No-Innateness


On the other hand, there is the theory derived from the thoughts of Aristotle, who can be classed as a “tabula rasa” empiricist, for he rejected the claim that we have innate ideas or principles of reasoning.



The deductive mechanism that enables human minds to learn works only in the presence of an inductive mechanism, as stated by Aristotle in the second book of the “Posterior Analytics” [31] and in the “Physics” [32]. Aristotle explained knowledge as a deductive matter that needs a solid inductive basis to function correctly. Matter takes shape through experience, just as symbols take on meaning after acquisition.



Aristotle’s “Logic” [33] guarantees the deductive process as long as there are well-defined assumptions. This mechanism makes us think of an idea close to that of AI, more precisely, Machine Learning. Aristotle interpreted the study of thought as the basis of knowledge; thinking about the processes of forming concrete proofs, he developed a non-formalized system of syllogisms and used it to design proof procedures. Aristotle’s ideas have been the founding pillars for studying the formal axiomatization of logical reasoning, which, added to a “tabula rasa” knowledge, allows the human being to think and be seen as a physical system that takes shape through substance. Like nativist theories, many have investigated the mechanisms of evolution, placing an essential millstone on experience [34].



Nowadays, the long linguistic study about the evolution of human language has brought significant achievements also in the field of artificial intelligence. More to the point, the union of LMs and the recursiveness of RNNs into a single architecture that can be adapted specifically to each submodel: Transformers-models [6]. They are only based on experience and seem to be achieving state-of-the-art results in many downstream tasks. The knowledge of the Transformers-models comes only from the experience they learn by looking at huge symbolic corpora. This way of working follows the empiricist theories widely studied since Aristotle. Thus, the Transformers-models are the proven proof that these theories can work, as they claim that knowledge can be constructed by experience alone. All this is great, if and only if things worked out.



Unfortunately, this is not always the case, considering that these architectures, although very good learners, tend to adapt very much to shallow heuristics [11]. The knowledge they learn is very superficial [9,10], in fact, in hostile contexts - where an acception can totally change the meaning of a sentence - they do not work; however, they perform well in long contexts, only in the presence of many resources [35]. These surveys stem from the fact that the only important thing for neural network is to maximize or minimize a cost function, regardless of the task on which they work. Thus, with Transformers-models we have a representation ready to be used by neural networks; it seems to encode—even if in unclear ways–syntactic and semantic information [36]; moreover, they are very computationally expensive.




3.3. The Truth Lies in the Middle


All thinkers of every time would recognize that genius and experience are not separate but work together. As the nativists, empiricists would not doubt that we were born with a specific biological machinery that enables us to learn.



Instead, the original motivation of the universal grammars - that initialize the stream of thought of the modern innateness theory–arises because the language has been shaped to fit the human brain, rather than vice versa. Following Darwin, we view language itself as a complex and interdependent “organism”, which evolves under selectional pressures from human learning and processing mechanisms. That is, languages themselves are shaped by severe selectional pressure from each generation of language users and learners. This suggests that apparently arbitrary aspects of linguistic structure may result from general learning and processing biases deriving from the structure of thought processes, perception factors, cognitive limitations, and pragmatics [37].



Indeed, Chomsky’s famous “Language Acquisition Device” [1], in another view, should be seen precisely as an innate learning mechanism which takes shape from experiences. In the final analysis, it has been supported the stance for a significant part of the innate knowledge provided to humans consists of learning mechanisms, i. e. forms of innateness that enable learning [2,38,39]. From these insights, it is clear how the two theories are related to human minds.



An interesting question relates to the basic argument of this article: do artificially intelligent systems need to be equipped with significant amounts of innate machinery, or is it sufficient for such systems, given the powerful Machine Learning systems recently developed, to work in “tabula rasa” mode? An answer to this question has been investigated for years by researchers in various fields: from psychology to neuroscience, as well as traditional linguistics and today’s Natural Language Processing.



There are studies that claim that children are endowed early in life with a “knowledge base”, as stated by Spelke [40]. Indeed, children have some ability to trace and reason about objects, which is unlikely to arise through associative learning. It seems that the brain of an 8-month-old child can learn and identify abstract syntactic rules with only a few minutes of exposure to artificial grammar [41]. Another work has suggested that deaf children can invent language without any direct model [42], and that a language can be selectively impaired even in children with normal cognitive function [43].



Humans are not precise machines, so many questions remain unanswered. We do not know if at the moment of birth we are equipped with Chomsky’s machine or if we have a machine set up for learning language. On the other hand, even if we could demonstrate the evidence of innatism, it would not mean that there is no learning.



Probably, the presence of innatism means that any learning takes place against a background of certain mechanisms that precede learning. The other side of the coin is: can the “innate machinery” be an ingredient for a human-like artificial intelligence?





4. Experiments


In order to test the “The truth lies in the middle” hypothesis introduced in Section 3.3, we set up a series of experiments where we test the union of universal syntactic knowledge in KERMIT and knowledge derived totally from experience embedded in BERT. Figure 1 shows the proposed architectures: on the left with the green block is KERMIT, on the right with the yellow block is BERT, and finally, the entire architecture with BERT+KERMIT.



4.1. KERMIT


To study the role of universal syntactic knowledge, the Kernel-inspired Encoder with Recursive Mechanism for Interpretable Trees (KERMIT) [13,28] was used. This model proposes a mechanism for incorporating syntactic representations of parse trees. The embeddings produced are ready for use in neural networks.



The version used in the experiments encodes parse trees into vectors of   4000   dimensions. KERMIT exploits parse trees produced by the CoreNLP parser [44].



The universal syntactic representations produced by KERMIT were given as input to a Feed Forward Neural Network (FFNN) consisting of two hidden layers of size 4000 and 2000, respectively. Finally, the output layer’s size equals the number of classes. ReLU activation function and a dropout of   0.1   is used between each layer to evade overfitting the training data.




4.2. Transformer


Transformer-based architectures reach state-of-the-art in many downstream text classification tasks.



In general, the Transformer model is based on the encoder-decoder architecture [6]. The encoder is responsible for scrolling through the time steps of the input and encoding the entire sequence into a fixed-length vector called the context vector. The decoder is responsible for scrolling the output time steps by reading the context vector. The fundamental mechanism of these architectures is self-attention. This mechanism allows output to focus attention on input while producing output. In contrast, the self-attention model allows inputs to interact with each other (i.e., calculate the attention of all other inputs wrt one input. The first step is multiplying each of the encoder input vectors with three weights matrices   ( W ( Q ) , W ( K ) , W ( V ) )   that we trained during the training process. This matrix multiplication will give us three vectors for each input vector: the key vector, the query vector, and the value vector. The second step in calculating self-attention is multiplying the Query vector of the current input with the key vectors from other inputs. In the third step, we will divide the score by the square root of the dimensions of the key vector (dk). For example, in the paper, the dimension of the key vector is 64, so that will be 8. The reason behind that is if the dot products become large, this causes some self-attention scores to be minimal after we apply the softmax function in the future. In the fourth step, we will apply the softmax function on all self-attention scores we calculated wrt the query word (here, first word). In the fifth step, we multiply the value vector on the vector we calculated in the previous step. In the final step, we sum up the weighted value vectors we got in the previous step, giving us the self-attention output for the given the word. The above procedure is applied to all the input sequences. Mathematically, the self-attention matrix for input matrices   ( Q , K , V )   is calculated as:


  A t t e n t i o n  ( Q , K , V )  = s o f t m a x  (   Q  K T     d k    )  V  











Q, K, and V are the concatenation of query, key, and value vectors. In the attention paper [6], the authors proposed another type of attention mechanism called multi-headed attention. This mechanism is based on a distributed variant of attention. The transformer architecture uses the attention model uses multi-headed attention in three steps:




	
encoder-decoder attention layers, in this type of layer, the queries come from the previous decoder layer while the keys and values come from the encoder output. This allows each position in the decoder to give attention to all the positions of the input sequence.



	
self-attention layer contained in the encoder receives key, value, and query input from the output of the previous encoder layer. Each position in the encoder can get an attention score from every position in the previous encoder layer.



	
self-attention in the decoder, this is similar to self-attention in the encoder where all queries, keys, and values come from the previous layer. The self-attention decoder allows each position to attend each position up to and including that position. The future values are masked with (-Inf). This is known as masked-self attention.








BERT


In this paper, one of the most well-known Transformers-based models was tested: Bidirectional Encoder Representations from Transformers (BERT) [45]. The BERT architecture is trained on the BooksCorpus [46] and the English Wikipedia. The BERT model was implemented using the Transformers library of Huggingface [47]. The output of each encoder was decoded by a Feed-Forward Neural Network (FFNN) to a single output layer with an input size equal to 768 and output equal to the number of classes with the classifier function. For the fine-tuning phase, the number of epochs was set to 5, and the optimizer Adam [48] was used.





4.3. Experimental Set-Up


Using the earlier architectures, we tested the hypothesis introduced in Section 3.3 on four downstream tasks: Corpus of Linguistic Acceptability (CoLA) [49], the Semantic Textual Similarity Benchmark (STS-B) [50], Quora Question Pairs (QQP) [51] and Winograd NLI (WNLI) [52] datasets.



The respective versions of train, validation, and test for each task were downloaded directly from Huggingface [47]. Then, the evaluation was done by extracting the accuracy of the classification results, defined as the number of correct predictions divided by the number of total predictions.




4.4. Discussion


Transformer-based models are greatly influencing the world of NLP. Transformers are adept at solving semantic, syntactic, and even stylistic tasks. Transformer-based models, in general, are adapted to the specific task with an appropriate fine-tuning step [53]. These steps seem to work very well, and transformers solve downstream tasks optimally, even when it comes to purely stylistic tasks [12]. The key to success would be pre-training on massive corpora with substantial resources. This learning mode is reminiscent of the concepts defined in Section 3.2. In these experiments, we took a group of tasks from the GLUE family to see if knowledge derived totally from experience and innate derived knowledge can coexist. Specifically, we combined these two types of knowledge by observing downstream performance on four previously introduced tasks. From the results in Table 1, we can observe that the experience-based model, in this case, BERT, generally performs well. In contrast, KERMIT only sometimes does well. The key is enshrined in the combination of the two models in BERT+KERMIT. In this case, we can observe that three times out of four, BERT+KERMIT gets the best results.We can infer that the “The truth lies in the middle” hypothesis introduced in Section 3.3 is true for this set-up of experiments.





5. Conclusions


Thanks to the involvement of several branches of knowledge, it is possible to look at the problem and analyze it more profoundly to maximize the results and reduce the margin of error. More specifically, in this paper–which moves from analyzing theories on the origin and development of human knowledge to understanding how modern artificial minds have inherited this–we have resorted to disciplines distant from the world of artificial intelligence, such as philosophy and psycholinguistics. The first of the analogies detected and analyzed concerns the closeness–in terms of concept– between Plato’s nativist theory, the study of the symbolic-syntactic structures of artificial minds, and the innate presence in the human mind of a language acquisition device–which can be linked to the theory of modular mind. On the other hand, the cornerstones of the second analogy are the empiricist theory of Aristotle, the vector representations of artificial minds with their related experiments, namely Transformer-models, and the constructivist theory.



The study of the various nuances regarding the analogy between human and artificial intelligence and knowledge, as well as the dialectical movements present in both, leads us to the formulation of a global synthesis related to Cognitive Modeling and Psycholinguistics: probably, the presence of innatism means that any learning occurs in the presence of mechanisms that precede learning itself; but on the other hand, can the “innate mechanism” be a component of “human-like artificial intelligence”?



So, in support of the multi-disciplinary approach and the interpenetration of various fields of knowledge as an optimal method of research and analysis, we consider that in order to understand and solve a problem sincerely, it is necessary to look at it from afar– to have multiple perspectives on the same.




“The distance that makes objects smaller to the eye enlarges them at the thought.”
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Figure 1. Proposed architecture formed by the modules of BERT and KERMIT. 
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Table 1. Comparison of different performances on GLUE task. The experiments were run five different times with different seeds.
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	Model
	CoLa
	STSB
	QQP
	WNLI





	BERT
	67.5(  ± 0.8 )  
	   71.2 ( ± 1.2 )   
	   82.3 ( ± 1.3 )   
	   86.3 ( ± 0.6 )   



	KERMIT
	   64.3 ( ± 0.7 )   
	   68.3 ( ± 0.9 )   
	   76.5 ( ± 0.7 )   
	   83.4 ( ± 1.3 )   



	BERT+KERMIT
	   68.6 ( ± 0.9 )   
	   69.6 ( ± 1.3 )   
	   83.4 ( ± 1.5 )   
	   86.5 ( ± 1.6 )   
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  applsci-13-00677


  
    		
      applsci-13-00677
    


  




  





media/file0.png





media/file2.png
FULLY CONNECTED
NETWORK
+
Decoder layer

cooks | |

the 9°°d

Yi

KERMIT

O
. J
the  chef I

BERTgAsE

=)

Input Sentence Tokens





media/file1.jpg





