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Abstract. The aspirations for a global society of learning technology are high these days. Machine Learning (ML) and artificial intelligence (AI) are two key terms of any socio-political and technological discourse. Both terms however, are riddled with confusion both on practical and conceptual levels. Learning for one thing, assumes that an entity gains and develops their knowledge bank in 
ways that are meaningful to the entity’s existence. Intelligence entails not just computationality but flexibility of thought, problem-solving skills and creativi-ty. At the heart of both concepts rests the philosophy and science of conscious-ness. For in order to meaningful acquire information, or build upon knowledge, there should be a core or executive function that defines the concerns of the en-tity and what newly encountered information means in relation to its existence. A part of this definition of concerns is also the demarcation of the self in rela-tion to others. This paper takes a socio-cognitive scientific approach to decon-structing the two currently overused terms of ML and AI by creating a design fiction of sorts. This design fiction serves to illustrate some complex problems of consciousness, identity and ethics in a potential future world of learning ma-chines.   
Keywords: Machine learning, artificial intelligence, consciousness, ethics, identity, robots, black box. 

1 Introduction 
Mental images of intelligent learning technological systems can range from the ab-stract, screen-based or somewhat ‘invisible’ operating and information systems to the highly physicalized forms of autonomous robotics and vehicles. Perhaps the autono-mous technologies that people are most familiar with these days are self-driving vehi-cles. These vehicles are already making their appearance on roads worldwide [1][2][3]. While the idea of a continuously learning and evolving piece of machinery may sound attractive from a number of perspectives, the thought of traffic systems filled with KITTs (Knight Industries Two Thousand) – the famous intelligent 1982 

mailto:rebekah.rousi@uwasa.fi


2 
Pontiac Firebird Trans Am from the television show Knight Rider – might be slightly unnerving. Yet, technological solutions driven by, incorporating or representing ma-chine learning (ML) and artificial intelligence (AI) are talked of and rationalized as possessing the capacity to learn. Learning entails thought, which is inherent in the 
term ‘intelligence’ [4][5].   ML is a sub-field of AI [6]. Proportionately, deep learning (DL) is a sub-field of ML and neural networks (NN) is a sub-field of DL. Often DL and NN are used syn-onymously with ML, but this is not accurate [7]. ML is the broader term for computer systems that expand their data bases and adapt in terms of logic and behavior (output) without being directly programmed by a human [8]. DL on the other hand, comprises a complex architecture of algorithms that are intended to imitate the structures of the human brain [9]. A basic way of describing a NN is that it replicates networks or pathways of neurons (information messengers) that serve as an input layer (nodes or units), one to two (maybe three) hidden neuron layers, and a layer of output neurons [10]. This NN dimension of ML serves to mimic the activity of the brain. The main objective of ML is to develop technology that can more or less operate and exist on its own without (frequent) input from human programmers. Moreover, some of the inten-tions behind such technology include the increasing of accuracy, expansion of human natural capabilities (e.g., computational) and efficiency, and even replacement of human actors in mundane or safety critical tasks [11].  There are numerous methods applied to train (teach) ML [12]. Simply stated, ma-
chines ‘learn’ on the basis of prior computations [13]. Sample (or training) data can be used to form algorithmic models that are applied as a scaffolding upon which sub-sequent processing, predictions or decisions will be based [14]. In other words, the 
machine ‘learns’ to search for patterns within extensive amounts of data [15]. It is upon these patterns that the machine develops models via which it may produce pre-dictions. Machines are purely computational and unable to generalize knowledge [6]. Until recently, the transfer of learning from one application to another was not possi-ble. Yet, currently numerous research and development initiatives have focused on achieving this feat particularly in the area of fault diagnosis (see e.g., [16][17]). While learning through training data and sampling in some ways mimics human learning there are many human characteristics that are not, as yet, inherent in ML systems – consciousness, intentionality, social functions and psychology (identity), culture and emotions [10][18]. From a socio-cultural and environmental perspective, it may be observed that humans acquire, interpret, assimilate and act on information on the basis of perceived and routinized patterns [19][20][21].  Interestingly, culture has been previously characterized as the “software of the mind” [22]. One may even see culture and its psychological and historical conditioning [23][24][25] as a similar process to the training of the mind to read patterns and symbols (signs) – similar to ML training methods. However, the matter of consciousness and intentionality can be seen as the basic corner stones of human learning. Learning, whether it be an inten-tionally aimed for, act or a process of unplanned knowledge development and assimi-lation (apperception; [26][27]) that occurs through the progression of experience, becomes a part of human conscious intentionality and intentional learning. These are important factors in what is known as constructivist learning [28][29] or constructiv-
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ism in which learning is a developmental process that constantly builds on knowledge that is previously possessed.   
2 The nature of learning, emotions and intentionality 

 Learning in its true form, is always linked to intentionality and intentional states with-in the brain [30]. In order to understand this argument better, it is important to define what is meant by learning and then to establish a definition of intentionality. Accord-ing to the Merriam-Webster Learner’s Dictionary [31] ‘learning’ as a noun, is defined 
as an “activity or process of gaining knowledge or skill by studying, practicing, being 

taught, or experiencing something…” Furthermore, Ambrose and colleagues [32] argue that learning should be understood as a process through which change is the result. This change occurs via experience – experience (previously mentally stored information, or knowledge) informs how subsequent information is acquired and mentally organized (represented) and forms experience (see Figure 1). Experience itself is a part of what can be understood as a stream of consciousness, or continuous stream of thought, that exists in altering states of clearly represented contents (con-scious experience), less represented or fragmented contents (sub-conscious experi-ence) and non-represented contents (unconscious experience) [33].Yet, through the understanding that learning is closely intertwined with consciousness, it may also be argued that learning is intentional [34][35][36] and emotional [37]. Quite specifically, in an organic sense, it can be understood that all learners, or learning entities, will come to understand ideas, concepts and other phenomena in different ways. Through this learning, lived experience is shaped and individual views of the world and how it is ordered also impacts the learning entity (person) in terms of not only a global un-derstanding, but sense of identity, positioning and relationality [37].   
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  Fig. 1. Learning as a changing state of consciousness through input and action  What is learned, or the knowledge that is acquired or formed, is molded and tinted by the qualities, sentiments and emotions [38] (see Figure 2). In a cognitive-affective sense, emotions are organic radar systems, alerting creatures (including humans) to possible threats and dangers, as well as to possible benefits and gains in terms of psy-cho-physiological well-being [39][40]. Emotions operate on a range of levels from primary or primitive responses (basic emotions) [41], to higher order experiences (cultural, social and associative) [42]. Emotions guide our attention, facilitate priority structuring of information, enable humans to remember, and what is more, enable humans to remember phenomena in specific ways and influence decision-making [43]. It may also be argued that emotions are driven by and information is processed, assimilated and objectified on the basis of human needs and motivations [44][45][46]. Human biology and its role in the cognitive-affective processes involved in generating and experiencing emotion is one distinct factor that as yet, is not present in ML. Ef-forts have been made to develop artificial emotions in machines (see e.g., [39][47][48][49]), yet this is a heavily contested area in terms of ethics and indeed the survival of the human race on this planet (see e.g., [50][39]).   
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  Fig. 2. Qualities, emotions and sentiments in learning  In addition to the emotional side of learning, the intentional perspective must also be accounted for. From a Husserlian understanding, intentionality can be seen as “the 

essential structure of consciousness” [51] (p. 6). In particular, this structure of con-sciousness holds corporeal and non-corporeal properties that are incited through both action as well as a sense, or thoughts of undertaking action [52][53]. In other words, the theorization of intentionality and what it pertains posits an acknowledgement that experience (human or potentially otherwise) and being in the world as a learning or-ganism comprises both input from external, or physical objects, in the world and in-ternal mentally bound information that is not directly connected to the external [54][55].  Representational (or computational) learning is an act bound to mental phe-nomena [51]. Despite some beliefs and common applications of the term ‘intention’ 

or ‘intentionality’, intentionality does not equal the act of will or a great sense of self-awareness or volition [51]. Yet, in relation to the scenario presented in this paper, self-awareness is of interest in relation to the potential artificial learning being – learning machines.  
3 The experience of learning machines 

 
In the case of human lived experience, it is known and accepted that during one’s lifetime, one will be exposed to a multitude of experiences, occurrences, chronologies and relationships. Through all of these interactions and intersections learning occurs [56]. These fairly unique combinations or series of learnings (information acquisitions and knowledge formations) are what distinguish one individual and their personal 
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story from the next [57]. In other words, it may be supposed that people are what they have learned through experience. In an era of autonomously learning machinery, it may be supposed that each machine or unit may develop its own personality or identi-ty through its learnings from unique combinations of encounters and experiences [57]. This is, unless, the learnings are not stored separately, rather instead centrally through systems of connected networks [58]. Or even, through systems or systems of distrib-uted networks (consider Skynet from the movie Terminator for instance). Yet, given not only the plurality of uses and contexts of this machinery, but also that of owner-ship of the technology, it may be assumed that for practical and logical purposes there are some degrees of individuality between these learning systems.  Let us imagine that we have already arrived at a future in which robotic machinery operates via a form of ML that is similar, if not identical to that of human beings. This would render the machines as seemingly autonomous – or as autonomous as human beings can be in light of the significance of social, economic, geographic and physio-logical circumstances. While ML is commonly spoken of in today’s technological discourse, in light of the above discussion, current versions of this terminology can be interpreted as nothing more than what Drew McDermott [59] terms as “wishful mne-

monics”. Or the wishful, hopeful labelling of technological components, functions and concepts that extend beyond the reality of their actual capabilities. For this rea-son, we slant the term in another direction towards that of learning machines (LM). LMs can be thought of as autonomous technological entities or various forms of ro-botics that roam the earth acquiring, processing and acting on differing modes and quantities of information.  Human motivations for developing and implementing LMs within communities and nations at large will be varied. Each type of LM will no doubt be developed to undertake altering functions and roles within societies and their operations. The mat-ter of exactly why a robot for instance, would need to be self-learning and to a degree self-sufficient is a topic left for other discussions. Yet, from a simplified viewpoint, and returning to the basic agreement of why ML is being developed in the first place, these entities and systems are intended to operate in a matter whereby humans do not need to continuously and directly maintain and program the technology [7]. Moreo-ver, through their programmed learning capacities, the autonomous machines are expected to keep developing and advancing in ways that exceed human capabilities [60]. In the potential future reality of LMs this would also mean fleets of ‘super enti-

ties’ that are all to a various extent developing in different ways. Could this individu-ality of learning and shaping of logic through experience be classified as conscious-ness? May we entertain the thought that actual learning is taking place through a means of intentionality [55]? Particularly the latter question directs us towards con-sideration of the black box [61].  Interestingly, while many ethical problems referred to as the ‘black box’ are al-ready known – that is, the lack of transparency, understandability and explainability caused by complex systems and vast quantities of unstructured and unlabeled data [62] – the more advanced machinery gets in terms of its learning capacity and learned 
material (‘experience’), the less understandable it will become [63]. In a future sce-nario of countless mechanical learning entities not simply the information (or 
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knowledge) of the units, will diversify, but so will the logic, relationships and identi-ties (sense of self, us and others). In earlier programming processes and models, these technological systems could be explained by the logic in which the machines were designed and coded. The programmer(s) in other words, could be said to be accounta-ble for explicating the data gathering, processing, operations and sequences of the machines [64]. The potential black box in traditional programming approaches could be said to rest in the human programmers themselves [65]. Yet, in a world where machines program themselves based on the phenomena with which they interact it is inevitable that humans will reach a state in which they themselves will not understand 
the technology they have ‘given birth’ to.  None the less, there is the assumption that every one of the LMs will have been developed to perform a specific function, or various sets of functions. The characters, traits, knowledge, logic, behavior and even appraisal (evaluative) capacities will dif-fer according the domains and contexts in which the technology operates. Thus, pro-gramming will adapt according to the boundaries, affordances and input of the diver-sified situations to which the machinery is exposed [66], and none-the-least the opera-tional goals [67]. Given these characteristics, one possibility for understanding LMs is to study and question human beings who have also operated in similar roles and con-ditions. Some form of comprehension regarding the contents, factors and situations that the LMs are exposed to could be achieved by probing their human counterparts and then perhaps, accessing databases and logs to observe patterns and other represen-tational phenomena. One core aspect related to the availability and transparency of the databases and representation of algorithmic and computational processes relates to who can access this information and how? This matter will be returned to shortly in relation to ethics. Yet, given the development and seeming evolution of the LMs with-in their perspective contexts and relationships, and moreover, the capacity of the ma-chinery to adapt its programming itself considerations may be made for how humans may maintain oversight, and at what stage can the LMs be considering legal entities (individuals) in and of themselves. It may be reasonable to imagine or assume that this machinery could develop a certain level of consciousness – maybe even more advanced than that of humans in light of their computational capacity – which would certainly reawaken discussions on the nature and existence of mental (experiential) phenomena such as qualia [68][69].   If indeed, an LM possesses a form of consciousness that serves as a platform upon which constructivist learning takes place, there may be additional assumptions that: a) these LMs may indeed experience and exercise free will and opinions – if their learn-ing is comprised of varied experiential encounters then their views of the world and its logic would differ from one another, and incidentally that of their creator(s); b) this free will and differences in logic, or LM subjectivity would mean that the entities would and/or should be in charge of their own actions – their creator would no longer be responsible for the actions and opinions of the objects (or subjects); and c) a level of self-awareness could potentially develop among the objects and their systems. Thus, there would be a scenario of self (or us) and others (see Figure 3).   
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 Fig. 3. Learning machines – self in relation to others  The definition of self in relation to others is integral to the construction of personal psychological and identity through the formation of an understanding of how individ-uals are in the world [70][71] – roles, positions, relations etc. On the basis of an un-derstanding in which accumulated individual experiences, or unique sequences and combinations of information exposure (input) shapes the LMs, their logic and even self-programming styles we may assume that a sense of self is formed in relation to others – both robots or other LMs as well as other learning entities such as humans. Information obtained, processed and represented about the self would place the LM in relation to these others. On the basis of symbolic interactionist theory [72][73] for instance, the LMs would conceptualize themselves in relation to both general (any kind, unfamiliar or insignificant) others and particular others [74]. From an infor-mation processing and connectivity perspective, general others may be understood as being entities that either do not belong to a LMs cognitive domain (not of the same manufacturer, brand, ownership or operational field). While particular others may be connected – sharing the same databases, collective and connective cognition and adaptive programming – or they may even possess commonalities on the levels of manufacturer, technology-type, ownership or operational field (co-workers). How these LMs negotiate with one another in joint territories would require specific levels of cooperation and demarcation between the individual entities, their roles and how to function together (or against each other in the case of warfare) [75]. Thus, the bound-aries of human identity and consciousness, machine identity, reality and conscious-ness may become increasingly blurred.  In an interview with Robert Lawrence Kuhn [76], filmed before the death of the late Marvin Minsky in 2016, Minsky emphasized that as technology becomes more and more complex, characters in simulations, videogames and other programs would 
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become ever more complicated. While he claimed that these characters would not become human, he did mention that the separation and distinction between human and non-human characters would be difficult. This holds fast in a reality in which ma-chines indeed are capable of learning intentionally, and where they will learn to learn. 
The classic questions of, “what is consciousness?” and “can machines ever be con-

scious?” will be tested. Yet, perhaps scientists may not come closer to this under-standing than they have already in the scholarship of humans [68][69].  
4 Will robots know that they are robots? Ethical considerations 
As described above, acts of cognition and negotiation in spaces of LMs will become socio-psychological ones, rather than purely techno-social ones. There will be levels to which LMs need to be aware of themselves, their space, capabilities and limitations in relation to others [78]. What may also be observed in cyborg-like, or augmented, relationships formed between LMs that aids them in extending and enhancing their capabilities [79]. No doubt, teams or fleets of robots for instance will be used for 
these purposes. Even if the term ‘cyborg’ is used to delineate the cybernetic relation-ship between biological organisms (i.e., humans) and artificial objects or systems (technology) [79], in a world of self-learning machinery, the distinction between how robots use other robots and how humans use robots may not be so pronounced. In-deed, there may even be hierarchies and social status between various types of learn-ing machinery. Yet, returning to the human ethical perspective of oversight and transparency of AI logic, access to data bases and the visibility of, or ability to view computational and algorithmic processes may develop into an ethical challenge of other sorts. This meaning, that if a piece of machinery not only is capable of learning, adapting and evolving to suit its roles and conditions, but also is made responsible for its actions – which should happen if there is no human programmer oversight in its development – then, should it not have rights to demarcate its boundaries and exercise privacy [80]? The ability to reach and understand the workings of these LMs is one thing, but the question regarding whether or not it is ethical for humans to see these workings is another. What societies may face are populations of black boxes that are both artifi-cial and human (see Figure 4). 
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 Fig. 4. Black box cybernetic society  In the inevitable Black Box cybernetic society, the role of identity and identifica-tion is not simply a cosmetic one. Rather, it sets the boundaries between individuals and groups while also demarcating connections [80]. There are several problems that will certainly arise. One being issues of responsibility and accountability. Once a machine is already learning and developing on its own there needs to be the assump-tion that the entity is responsible for its own actions. That is unless: a) the owners 
(‘masters’) of the entities are held responsible and accountable for the robots’ actions; or b) humans cease to entertain the idea of truly learning machines roaming loose in society. With option b responsibility and accountability would already be made at this stage of the intelligent digital transformation and those who endeavor to commit to the development of LMs will be held accountable already now.  In scenario a there is a different set of problems that link to notions of slavery and the potential citizen rights of robots. Hanson Robotics’ Sofia is officially the first robot to gain citizenship of any nation (Saudi Arabia [81]), yet, it can be scarcely 
claimed that the machine’s intelligence is anything like a human’s. At least at this stage, self-awareness, embodied experience and social connections do not seem to be true characteristics of this symbolic sign of the human-like robotic future. But, when and if LMs would set foot in society traditional ideals of human-robot relationships would certainly be challenged. If it is not right to keep a conscious human (or any human) enslaved for the purposes of labor and other functions, then it would not be right to keep a robot.  There is also the dimension of self-learning robotics that humans will not welcome and that is the high likelihood of their superiority over humans [39]. Rather than being our servants, they will be our masters if humans indeed do survive to tell the tale. However, now we come to the ultimate question: When robots are conscious enough to engage in meaningful and intentional learning, will they know they are robots? We 
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may be reminded about an interaction that took place not so long ago on a recent epi-sode of  the futuristic television show Loki (created by Michael Waldron, 2021):  Robot Scanner: Please confirm to your knowledge that you are not a fully robotic being, were bon an organic creature, and do in fact possess what many cultures would call a soul. Loki: What? “To my knowledge”? Do a lot of people not know if they’re robots? Robot Scanner: Thank you for your confirmation. Please, move through. Loki: What if I was a robot and I didn’t know it? Robot Scanner: The machine would melt you from the inside out. Please move along, sir. Loki: OK, I’m not a robot, so I’ll be fine.  While humorous there is an eerie point to this sketch-like scene. Will robots be aware that they are robots? Or, will the term be demeaning giving rise to the necessity to generate new, politically correct titles of identity? In a world of interactive black boxes that continuously learn and differentiate themselves from and in relation to others, it could be reasonable to think that maybe robots will not be aware of their own nature after all. Societies of humans and LMs may be huge melting pots. And, to return to a quote by Minsky [82] that may very well characterize the future human relationship to robots and the destiny of societal control: “Will robots inherit the 

earth? Yes, but they will be our children.”  
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