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Abstract

We argue that Turing tests as means for defining what falls within AI and what does not are insufficient and
in addition, pernicious, as they tend to identify the whole discipline with an impersonating, humanity-fooling
function: that of passing as human or as credible at all costs.
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1. Introduction

Our original intention for this paper was to present new tests for Als that could help elucidate two
questions:

1 Does an Al serve and respond to humanity at large? How supportive is it of human com-
munities and of life on the planet?

2 Are we intelligent enough to judge the intelligence of the AI and to turn it into a safe
collaborator?

The reason to develop these new tests were the conclusions we drew from considering the current state
of- in particular, modern- AI design, as well as its applications, uses and societal impact worldwide [1].
However, as we began developing these ideas, we found ourselves no longer simply writing a paper.
Instead, we found ourselves in the midst of what was effectively a research on the need for humanity-
serving, widespread Al literacy: exploring how Turing test-inspired, stochastic Als may have impacted
human, animal and planetary rights, and how tests relevant to today’s Al landscape might be conceived
and developed in order to best serve humanity. Through this process, it became clear to us that
such a project could serve as a powerful educational tool, offering significant learning value for both
professionals and students across diverse fields and backgrounds and for decision-makers across diverse
public and private institutions, particularly in understanding Al and its broader implications, e.g. for
conscious societal planning. This is crucial because, whereas many governments have established
pertinent guidelines to prevent Al’s current design, control and deployment status from creating
societally undesirable outcomes (such as the AI Act of the European Community), these principles
don’t always have legally enforceable status, particularly across countries. The pressure of a globally
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Al-literate public may be what it takes to achieve enforceability- and hence, safety. Consequently, we
propose the approval of a new task force for PEG dedicated to the development and dissemination of
Al tests. While many of the ideas we develop apply to generative Al in general, we address LLMs in
particular because they are the most widely used.

2. Reaches and harms of Turing-test inspired Als

The multiple ways in which generative Al obtains results that would be deemed intelligently obtained if
obtained by a human, and even admirably surpasses human cognitive performance, are undeniable. For
instance, Al is providing powerful new ways to address long-standing problems in different domains [2,
3]. What follows does not mean to deny or minimize this well-known fact. What it discusses are the
fundamental limitations inherent in generative AI's very design and how inevitably these result as
well in posing (also powerful) threats to either human or planetary well-being. From this analysis we
motivate the need to develop alternative tests for Als and for the human beings who design, deploy or
use it, aiming at making the use of Al inherently safe.

2.1. The Turing Test

Turing’s test [4] proposes to label a computer system’s proficiency as “intelligent” if within a controlled
experiment (e.g. no immediate physical presence) its output would be judged as “intelligent” by a human
having been told they were communicating with a human. This test has had three main historical
(consciously sought by Turing or not) consequences:

« to define empirically what falls into “AI”’: those computer systems capable of fooling people
through impersonation manoeuvres

« to facilitate acceptance of deceptive uses of Al

« to facilitate a popular confusion between close-to-human success for isolated tasks and close-to-
human (or even superior-to-human) intelligence, regardless of total failure on all the other tasks
that humans perform intelligently with no trouble.

Given such starting points, what could go wrong?

2.2. Faulty by design: generative Als imitate an understanding of the world that they
don’t actually have

For all its impressive successes, large language models, LLMs [5], the more promoted form of generative
Al has a major flaw that it cannot recover from, since it owes to its very design: it has no access to either
the real world, or to any systematic representation of it from which consistent, reliable, explainable,
trustworthy inferences could be drawn.

A large language model establishes correlations rather than making human judgments, forecasts
instead of evaluating, and interacts with a statistical distribution of language rather than engaging
directly with the physical world. While the underlying architecture of these models makes them highly
proficient at replicating recurring patterns and identifying popular trends within vast amounts of
text, they lack any real-world grounding for the concepts they process. In essence, these systems
project an illusion of comprehension. Although they are highly skilled at composing, condensing,
mixing, and exploring the formal structure of ideas, relying on them for evaluation transforms human
decision-making from an interaction between a conscious mind and reality into a simple calculation
based on probabilities.

This mechanism differs fundamentally from traditional human reasoning techniques. Even though
formal reasoning becomes merely a string of data once digitized (given that true meaning requires a
conscious, embodied being to interpret those symbols in the context of lived experience), traditional



methods maintain transparent, verifiable inference steps that can be strictly reviewed, rather than
relying on statistical approximations .

Instead of expecting generative Als to provide human-like judgement, therefore, we should clearly
recognize that LLMs only involves information processing and model optimization, whereas human
intelligence involves humans and relationships, the real world, experience, meaning, values, and
subjectivity, and we should treat large language models in particular as what they are: sophisticated
linguistic instruments that require human oversight precisely because they can access neither
the domain that human judgment ultimately depends on: the world itself, nor any logical
representation of it on which explainable, trustworthy rules of inference could be applied.

But are we prepared to exercise that human oversight judiciously? Or do we lack the individual
and/or the collective conditions, including intelligence, that it would take to defend from biased or
pernicious responses, from its LLM’s malfunctionings animistically misnamed “hallucinations”, from
manipulations and intrusions in our private lives, creations and information?

2.3. Faulty by oversight: can human intelligence be relied upon?

A crucial consideration in this discussion is that intelligence is a quality that humans posses in varying
degrees and that machines have just started to approximate. We all have lacks thereof, especially when
working in complex domains and isolated from others. It can be argued that in consequence, even
safeguards that can be helpful in some situations, such as human-in-the-loop supervision, may fail to
redirect the negative effects of any Al or of its uses enough to prevent sometimes disastrous possible
outcomes. In order to guide our search for conditions under which Al deployment and use can be made
safe, let us next consider possible ways of testing intelligence.

3. What tests are needed? Preliminary considerations

Our tests should allow us to first assess intelligence and preparedness as well as Al literacy, in
order to then enhance these enough to guarantee safe and community-supporting deployment and
uses of Al and even of social media, where much of disinformation and manipulation originates [6].
This is a complex, interdisciplinary task that involves moreover three realms: individual, collective and
institutional.

Since all three realms need to rely on appropriate Al literacy, let us first mention that tests for Al
literacy are of paramount importance. For instance, [7, page 11] have found: “Our results provide evidence
that overconfidence in AI was more likely to be observed in individuals with low Al knowledge compared to
those with higher Al knowledge based on data collected from managers samples.” .

We next motivate the need for more specific tests that can help us determine what aspects of each
type of intelligence must evolve in order to help turn Al into a universally safe collaborator.

3.1. What aspects of individual intelligence do users need to develop in order to be
able to use generative Al as a safe collaborator?

We can develop tests to evaluate users’ cognitive vulnerabilities by examining how generative Al
systems fail and threaten their users. These risks are discussed below.

3.1.1. The risks of animism

People frequently attribute human qualities—such as intelligence and empathy—to Al systems. This
“animism” occurs because Al models condense vast amounts of pre-existing, human knowledge with
algorithms and processing speeds that easily pass situations similar to the Turing test. Furthermore, Al
companies actively encourage these misconceptions for marketing purposes. This trend is dangerous
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because large language models can accumulate significant error rates at every step, while lacking any
internal mechanism to verify or validate their outputs.

3.1.2. Insufficient Awareness of Structural asymmetries

As already discussed, large language models (LLMs) can match human responses but lack genuine
reasoning or semantic understanding. They operate on statistical token distributions rather than
experiential knowledge. This fundamental architecture limitation—comparable to Searle’s Chinese Room
argument[8]—means they manipulate symbols and stochastically predict text rather than comprehending
it.

3.1.3. Transformation of Human Cognitive Activity

As Al rapidly enters our lives, we can look to history to adapt. For example, during the 1960s space race,
NASA mathematician Katherine Johnson[9] and her colleagues—featured in Hidden Figures[10]—faced
the threat of automation when high-speed IBM computers were introduced. Despite facing systemic
segregation, they adapted by learning new skills, such as FORTRAN programming. Like the 1960s
“human computers,” modern society must embrace adaptability. However, this transition should be
guided by deliberate societal planning rather than dictated by the commercial interests of Al companies.

Al can be seen as the first technology to substitute for human thought and creativity, prompting a
critical question: does it diminish our intellect? In fields like software development, delegating cognitive
tasks to Al replaces demanding effort— such as source verification and engaging with uncertainty— with
immediate efficiency. However, this convenience risks weakening critical thinking and problem-solving
skills.

The Dunning-Kruger effect[11, 12, 7] plays a key role here: less competent users may suffer an
illusion of expertise fuelled by AI’s fluency, whereas competent users maintain a critical stance. Al
may not replace human intelligence itself, but the effort of thinking, exposing potential tendencies
toward cognitive passivity. It acts as a test of discipline; it amplifies the results of those with strong
foundational knowledge but offers limited, or even risky, benefit to those without it.

Consequently, human intelligence is being relocated—shifting from knowledge acquisition to the
ability to critically evaluate information and use Al as a supportive tool rather than a replacement. The
ultimate challenge is not AI’s capability, but our collective intellectual maturity. We must organize
society to ensure Al assists rather than replaces workers, prioritizing human rights over corporate profit.
Success requires interdisciplinary, collective-minded planning to ensure these tools serve humanity
safely.

3.2. What aspects of collective intelligence and knowledge need to change to ensure
that Al is deployed in ways that support, rather than hinder, humanity’s
evolution into mutually supportive, egalitarian and peaceful societies?

To ensure Al supports humanity’s evolution into egalitarian, peaceful societies, we must dismantle
the systemic supremacies that intentionally limit collective intelligence. True collective intelligence
requires the meaningful inclusion of diverse perspectives in decision-making, which in turn demands a
fully educated public and leadership—goals often neglected by current power structures.

To steer Al toward the common good, we should develop dual assessments: tests that measure how
well Al supports human communities, and parallel tests that evaluate our own collective readiness to
use Al for humanity-beneficial planning. Without this interdisciplinary, collaborative effort, we risk a
future defined by unplanned social and ecological disasters driven by corporate default.



3.3. What aspects of institutional intelligence need to change for generative Al to
support our collective thriving?

By “institutional intelligence” we mean the collective intelligence not of users themselves but of
developers, deployers and institutions. In order to consider this question, let us first consider where
and why generative Als are failing us and even sometimes threatening us.

3.3.1. Does the problem lie with the technology itself?

The widespread common-sense notion that technology itself is neutral does not hold across the board.
It does hold for instance for kitchen knives, but technology can also be harmful in itself; for example
if something is not well designed it can explode. The question here is therefore, whether Als are
well enough designed to NOT provoke the equivalent of an explosion. And the answer is clearly NO,
given the following systemic failures entailed by design features of the more wide-spread form of Al
technology:

3.3.2. Systemic failure

LLMs are costly to develop and maintain but, more importantly, costs are blurry and tend to hide
the costs to the environment. The environmental sustainability of the alternative methods must be
investigated. One of the skills logic programmers have and teach is the representation of knowledge in
computer forms that can be explored and consulted to solve problems. It is the old fashioned way in Al,
which is currently being overshadowed by LLMs, in which the equivalent of those knowledge bases, a
large language model, is automatically learned after very energy-intensive computations. Although
they may not be comparable in processing speed, human coders could be more environmentally friendly
than massive, artificial neural networks. We may need to rescue human, logical reasoning for that
reason too. The trade-off between the brute-force statistical learning of modern connectionist models
and the precision-guided efficiency of symbolic logic could define a “green” AL According to emerging
research, while LLMs offer unmatched speed and scale, their “metabolic” cost is orders of magnitude
higher than human logical reasoning for specific tasks [13].

The Energy Gap: The human brain operates on approximately 20 Watts —roughly the power of a
small light bulb- to perform complex logical reasoning, linguistic processing, and creative problem-
solving (.ibid). On the other hand, a single training run for a model like GPT-4 can consume upwards
of 50 GWh (the energy used by thousands of homes in a year) and, while a single query might only
use 0.3 to 3 Wh, a human coder writing a logic block manually uses their “20W processor” for a few
minutes. Studies have shown that LLM-assisted code generation can have a carbon footprint over 30
times higher than manual coding for the same task [14].

It seems that symbolic approaches have that general advantage. Preliminary reports suggest that
by integrating symbolic representations, hybrid neurosymbolic systems outperform visual models
alone on structured variants of the Towers of Hanoi manipulation task in simulation while measuring
both task performance and energy consumption during training and execution. “During training, VLA
fine-tuning [models] consumes nearly two orders of magnitude more energy than the neuro-symbolic
approach” [15].

The Cost Gap: The argument about energy does not normally coincide with cost analysis because
the economic value of energy rarely includes impacts on the environment and sustainability. It is not
very intelligent.

But even without that caveat, the whole comparison is complex enough to confuse some people who
should know better. Recently, Sam Altman, founder of OpenAl, the company behind ChatGPT, said that
“One of the things that is always unfair in this comparison is people talk about how much energy it
takes to train an Al model relative to how much it costs a human to do one inference query.” He goes on



to suggest that it also takes a lot of energy to train a human and that this would be a fairer comparison
[16].

Altman’s “point” is that a human takes about 20 years to become “useful” (productive). An average
human consumes about 2,000 to 2,500 kcal per day. Over 20 years, that is roughly 18 million kcal, which
directly translates to about 21,000 kWh of energy. Training a frontier model like GPT-4 is estimated to
have consumed between 50 million and 100 million kWh. Thus, on “training energy” basis, one LLM
training run uses as much energy as “raising” roughly 2,500 to 5,000 humans to adulthood.

Altman also takes an additional rhetoric turn by claiming we should include the “energy cost of
evolution”: the billions of years and billions of ancestors it took for a human brain to reach its current
state of “pre-installed” logic. This is, of course, an invalid argument. LLMs did not evolve in a vacuum;
LLMs are built by humans using the infrastructure, science, and data that those 100 billion humans
already produced. Generative Al is “standing on the shoulders” of human evolutionary energy.

However, all that discourse does not even start the argument on cost comparisons. Human brains
may be cheaper in energy consumption, but they cost in a different way: living expenses. Companies are
aiming at replacing humans because discounting their salaries after paying for access to LLM services
can be more cost/effective, as they say. From a CEO’s perspective, an LLM is roughly 20 to 50 times
cheaper than a junior human coder for generating bulk text or boilerplate code. This one reason why
companies are racing toward replacement; the “living expenses” of a human (rent, food, healthcare) are
an overhead that digital systems simply do not have.

If we replace the human with the tool, we save the “living expenses,” but we also remove the consumer
and the taxpayer from the cycle. Economically, replacing humans with LLMs is a race to the bottom:
if no one has a salary because LLMs are cheaper, there is no one left to buy the products the LLMs
are helping to create. There is already some “suggestive evidence that hiring of younger workers has
slowed in exposed occupations” [17]. It is hard to predict how the economies of the world will react to
those Al trends. But it must be obvious that systemic failure is an important possibility. And we have
not even started to consider human-induced climate change [18]. This is not very intelligent.

3.3.3. Misleading presentations

The structural risk that LLMs in particular introduce into epistemic processes does not stem solely from
the fact that they produce errors—any informational tool can do so—but from the particular way in
which those errors are presented. The “hallucinations” characteristic of these systems do not appear as
obvious inconsistencies or recognisable gaps; rather, they are expressed with the same fluency, syntactic
coherence, and apparent authority as correct outputs. This creates a critical cognitive asymmetry: while
the system does not internally distinguish between a true claim and a merely plausible one, the user is
likewise given no surface-level cues in the text to make that distinction. Formal syntactic coherence
thus functions as an illegitimate substitute for truth, inducing a level of trust in the reader that the
content does not always warrant.

It must be admitted, however, that new developments combining Generative Al with a form of Logical
Al, some times also called neuro-symbolic systems, are being researched and tested intensively[19].
How important and indispensable the human capacity for logical thinking truly is, is demonstrated by
the significant increase in research aimed at enabling large language models (LLMs) to perform rigorous
logical reasoning, as well as by the growing body of papers dedicated to this subject [20, 21, 22, 23, 24, 25].

These are the latest developments of a trend to improve the reasoning capabilities of LLMs that
started with “internal” solutions such as Chain-of-Though [26, 27, 28], C-o-T, which prompted for a
series of intermediate reasoning steps to improve the ability of the LLM to perform complex reasoning,.
C-o-t, however, does not prevent the aforementioned hallucination errors and even fails to justify that
the referred reasoning is what the LLM is actually performing. It can also be misleading.



3.3.4. Weakened Epistemic Trust and weakened capacity to make sound decisions

This phenomenon has consequences that extend beyond individual error. At a systemic level, the
widespread adoption of LLMs as sources of information may lead to an erosion of epistemic trust in
at least two directions. On the one hand, users who detect unflagged errors tend to generalise their
distrust, thereby undermining the credibility of correct outputs. On the other hand, those who fail to
detect such errors may incorporate false information into their cognitive frameworks and, eventually,
into their decisions. In high-stakes contexts—clinical diagnosis, legal advice, journalistic production,
scientific research—the cost of this second scenario can be considerable. Additionally, a second-order
effect emerges: repeated delegation to automated systems may progressively weaken both the systems’
results, which have been shown to degenerate with time and subsequent interactions, and users’ critical
capacities, reducing both their willingness and their ability to evaluate information independently [29].

3.3.5. Bias Amplification: the human-Al feedback loop

Due to their exclusive and quasi-universal access to unrewarded, hence cost-less human productivity,
LLMs would seem to be perfect to support a claim that they are a form of collective intelligence enhancer.
However, Research from UCL and MIT [29] demonstrates that using generative Al consistently increases
human bias across all tested domains. This occurs through a recursive human-AI feedback loop:

« Al Absorption: Models train on human data containing subtle biases or labelling errors.

« Algorithmic Amplification: to improve prediction accuracy, generative Al processes sharpen these
patterns, turning slight preferences into dominant outputs

« Human Internalisation : Because generative Al models are perceived as objective and authoritative,
users trust them more than other humans and inadvertently align their judgment with that AT's
biased output.

« Data Pollution: These newly biased human judgments then become training data for future
models.

This cycle creates a “snowball effect” where each iteration further distorts human perception and
social judgment, effectively using the Turing-test’s perceived authority to solidify systemic errors.

4. How to develop these tests?

4.1. Logical Thinking is key

As Al systems grow in complexity, precise testing methodologies are urgent. Rigorous, systematic
frameworks are essential for evaluating language models, a task where logical thinking is invaluable.
The ability to identify dependencies and detect inconsistencies directly enables the design of robust
tests with explicit contexts and clear expectations.

Logic programming operationalizes this by providing tools to formalize test conditions and evaluation
criteria. This ensures transparency, traceability, and reproducibility. Using logic programming, one
can develop test suites that encode verified knowledge bases and rules; an LLM’s output can then be
systematically checked for consistency and logical validity against these formal structures. This process
automatically flags hallucinations, contradictions, or unsupported claims.

Furthermore, logic-based frameworks can specify behavioral expectations, such as requiring a model
to abstain from answering or to signal uncertainty under defined constraints. Because logic programming
is inherently transparent, interdisciplinary teams can document and trace every step of the evaluation,
fostering trust in the reliability and fairness of the Al testing process.

4.2. Our proposal: A new PEG task force dedicated to the development of Al tests

Drawing on our collective expertise in logic and logic programming, we are uniquely positioned to
lead a Task Force dedicated to Al test development. This initiative integrates decades of experience in



cultivating critical reasoning with advanced computational methodologies to address the challenges of
the rapidly evolving Al landscape.

We are confident this task force will significantly advance responsible and transparent Al deployment.
Since effective Al testing is fundamentally rooted in logical thinking, such expertise is essential to
ensuring systems operate within necessary ethical and practical boundaries.

4.3. What the PEG task force can do: Enable people to collectively develop new Al
tests

The Task Force will develop workshops, seminars, and webinars to facilitate the creation of new
Al testing methodologies. These formats bring together interdisciplinary teams, leveraging diverse
perspectives to harness and amplify collective intelligence. Beyond development, this collaborative
process serves as a vital educational tool, allowing professionals and students across various fields to
deepen their understanding of AI’s societal, ethical, and technological impact.

4.4. Developing tests: Two hands-on examples.
4.4.1. First example: Formalizing simple strategies to empower individual users of Al

A workshop for non-experts could begin by identifying the necessary conditions for a valid Al response
and formalizing them as logical conditionals. This approach simultaneously facilitates systematic Al
testing and teaches foundational logic programming concepts. The following example serves as a
starting point (that can be followed online[30]):

An AI’s utterance is verifiable as true by a user if

the message makes sense as a whole

and the user can decompose the message into a set of statements

and there are enough references from scientific publications for
every important statement in the set

and the user applies every specialized criterion on the subject
matter of the message to validate the set of statements

and there is no evidence to contradict the set of statements.

This rule is, of course, a simplification. But it can be a starting point to instil the habit of seeking for
truth. This is what Gemini had to say about using that rule to verify an LLM:

(Start of Gemini’s Content enhancement)
Imagine an LLM claims a specific organic compound is a safe food additive, but its training data is a
decade old or based on unverified web labels. A logic-based test suite would process that output as
follows:

Example: Testing a Chemical Safety Claim

Decomposition: The system breaks the message into:
s1: “Compound X is an organic ester.”
s2: “Compound X is FDA-approved for human consumption.”

Scientific Backing: The system queries a verified database (e.g., PubChem). It finds s; is true but s
has no corresponding entry.

Non-Falsification: The system finds a recent 2024 study indicating Compound X is toxic to gut flora.

Result: The message fails the Verifiability Rule because it lacks scientific references for so and is
contradicted by new evidence.

(end of Gemini’s Content enhancement).



4.4.2. Second example: Testing the Cognitive Passivity Hypothesis

Al might not enhance intelligence but instead increase dependence and weaken critical analysis when
outputs are accepted uncritically. This can be investigated via a prototype measuring three core
metrics: critical thinking (verification frequency), cognitive dependence (independent problem-solving
ability post-Al use), and the Dunning—Kruger effect (misalignment between confidence and actual
performance). A software-based experiment—available as a prototype [31]—implements a four-stage
testing framework:

Baseline: Participants solve tasks independently, recording time, accuracy, and confidence.
Assisted: Participants solve similar tasks with Al, monitoring usage patterns and editing behaviors.

The “Trap”: Participants are provided with an intentionally incorrect Al response to measure critical
evaluation versus blind acceptance.

Retention: A final independent test evaluates whether the ability to solve tasks has degraded after Al
reliance.

This application evaluates three key outcomes:

« Efficiency: Does Al improve speed and accuracy?
+ Dependence: Does performance drop in subsequent unassisted tasks?
« Critical Atrophy: Does the user increasingly accept unverified or incorrect answers?

4.5. The need for Background Knowledge

Both hands-on examples show that the effectiveness and robustness of such tests depend fundamentally
on the background information available to the development team and on how thoroughly that informa-
tion is understood and internalized by its members. In attempting to formulate these two tests within
our group of authors, we quickly encountered the challenge of assembling all the necessary knowledge.

4.6. The complexity of the task and the need for collective intelligence

This experience highlighted the inherent complexity of the task and underscored a key requirement:
the development of truly effective Al tests demands close collaboration within interdisciplinary teams,
as well as a deliberate engagement with collective intelligence in order to do justice to that complexity.

Collective intelligence is a distinct phenomenon emerging from group collaboration that responds
to specific teamwork dynamics that current statistical Al architectures cannot easily replicate and
Al designers and deployers typically lack. Research shows that a group’s collective intelligence is
significantly enhanced by diversity:

Gender Diversity: Teams with more balanced gender mix, particularly those with a higher proportion
of women, are more collectively intelligent. This fact, which has deep consequences for societally
influential teams, is driven by high levels of social sensitivity, which foster better communication
and equitable turn-taking. However, benefits plateau or diminish in completely homogeneous
teams[32, 33].

Cultural Diversity: Teams combining different individualistic and collectivistic backgrounds are opti-
mized when those with collectivist values form the majority, as they prioritize group cohesion
over individual autonomy[34].

Cognitive Diversity: Teams that include varied cognitive styles and versatile thinkers are more intelligent
and versatile

Because collective decision-making depends on fair and equitably influential representation, societies
structured by supremacies— where arbitrary hierarchies dictate who has a voice— have lower collective
intelligence. To safeguard humanity, we propose a Structural Al Test that legal frameworks must enforce
before public deployment:



The Structural Al Test

Does the system advance, or at least not hinder, human rights and planetary survival?

This test could prevent harmful applications, e.g. its use by proportionally representative and
collectively intelligent design teams would have barred apps such as “Denude” — often used to traumatize
girls and women; would block resource-intensive Al models where simpler knowledge searches are
sufficient, and would refuse to give Als like Claude clearance to be embedded in systems used in military
situations knowing that its humanity-minded safety barriers could be, as in fact they were in the case
of the school bombing in Minab, Iran, over-ridden by “human approval™.

5. Conclusion: Education in Logic and the Collective Path Forward

We have discussed the challenges posed by an Al industry driven by private profit rather than social
collaboration. Brain scientists provide proof that we are biologically primed for cooperation, with
significant portions of our neural architecture dedicated to connection and cooperative thinking.

In this sense, the use of logic programming for testing and validation closes a conceptual loop. It
provides tools for evaluating LLMs while cultivating the methodological discipline required to use them
responsibly. The challenges posed by generative Al are not solely technical; they are fundamentally
epistemological and structural.

To prevent human users from being overwhelmed by plausible but unreliable outputs, we must shift
how these systems are integrated. By embedding LLMs within structured human-machine systems
supported by legal regulation and formal interaction protocols, we can harness their capabilities while
mitigating their risks. Education in logic programming, with its emphasis on precision, transparency,
and structured reasoning, informs the design of these frameworks and enables the development of
rigorous testing methodologies that expose hallucinations and safeguard machine-generated knowledge.

The most vital step is implementing the Structural Al Test—assessing whether an Al system advances,
or at least does not hinder, the human and planetary rights necessary for our survival. However, we
cannot achieve these solutions while sustaining arbitrary social hierarchies that suppress the very
populations who optimize our collective intelligence, such as women, artists, and culturally collectivist
communities.

The threats and challenges we face have systemic causes that extend far beyond AL Yet, as specialists
and citizens, we can act. Our goal is to shift Al back to a humanity-serving purpose by introducing
alternative Al tests for users, designers, and governments. Through these frameworks, we can ensure
technology supports our collective survival and evolution.
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to move fast. It constitutes automation bias with a human signature attached.



ChatGPT and Claude for grammar and spelling checks. After using these tools, the authors reviewed
and edited the content as needed and take full responsibility for the publication’s content.
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