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Abstract

This paper aims to argue that contemporary Artificial Intelligence (AI), particularly Deep Neural Networks

(DNNs), following a paradigm shift from Symbolicism to Connectionism, operates on core mechanisms that

are "highly similar" to human cognition at the ontological, functional, and learning levels. This paper first

reviews the theoretical debate between Symbolicism and Connectionism within cognitive science,

establishing Connectionism (Parallel Distributed Processing) and theoretical frameworks from

neuroscience, such as Hebbian Learning and Predictive Coding, as its theoretical basis. The core argument is

threefold: 1) Ontological Level: The substrate of knowledge in AI is "connection strength" (weights), not

explicit rules, constituting a distributed representation of knowledge. 2) Functional Level: The core function

of AI is high-dimensional statistical "prediction," not logical deduction, which aligns with the brain's

Predictive Coding mechanism. 3) Learning Level: The Backpropagation algorithm is a highly efficient

"prediction error" correction mechanism, which is functionally analogous (despite different biological

mechanisms) to the brain's experience-based synaptic plasticity. This paper posits that AI's intelligence,

emerging from the parallel activation of massive nodes (a "coalition of pings"), signifies a new cognitive

paradigm that challenges traditional, rule-based definitions of intelligence.

Keywords

Artificial Intelligence, Cognitive Paradigm, Connectionism, Deep Learning, Predictive Coding,

Backpropagation

1 INTRODUCTION

1.1 Background: From Turing Machines to Neural Networks

Since its inception, the developmental path of Artificial Intelligence (AI) has been fraught with divergence

and iteration. Early AI research (often termed "Symbolic AI" or GOFAI), founded on Alan Turing's theory of

computation, attempted to replicate human intelligence by implementing a complex, logic-based rule system

(Newell & Simon, 1976). This paradigm achieved initial success in domains like expert systems but soon

revealed its fundamental limitations when facing the ambiguity, complexity, and "common sense" problems

of the real world, leading to an "AI winter" (Haugeland, 1985).

However, in the last two decades, and especially since 2012, the "Connectionist" path, represented by Deep

Learning, has achieved revolutionary breakthroughs (LeCun, Bengio, & Hinton, 2015). AlphaGo defeated the

world champion in Go, a game previously seen as a pinnacle of human intuition. Large Language Models

(LLMs) like the GPT series (Radford et al., 2018) have demonstrated astonishing capabilities in language

understanding, generation, and even reasoning. The immense success of these models in solving "fuzzy" and

"intuitive" problems, which traditional AI could not tackle, forces us to re-examine the nature of AI. A key

question has emerged among the public and academia: Is contemporary AI merely an advanced "stochastic
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parrot" (Bender et al., 2021), simply mimicking data distributions? Or has it genuinely touched upon a

"human-like" core of intelligence?

1.2 Research Question and Core Thesis

The core research question of this paper is: To what extent can the working mechanisms of contemporary AI

(specifically Deep Neural Networks) be considered a "new cognitive paradigm" that is isomorphic or highly

similar to human cognition?

This paper argues that AI is undergoing a fundamental paradigm shift, moving it beyond the properties of a

traditional 'tool' to exhibit a 'brain-like' cognitive paradigm. To be clear, the theoretical innovation of this

paper lies not in proposing entirely new foundational theories, but in 'synthesis' and 'application': that is, to

systematically synthesize 'Connectionism' from cognitive science, 'Predictive Coding' theory from

neuroscience, and the analogy between Hebbian Law/synaptic plasticity and the Backpropagation (BP)

algorithm, and to apply this as a unified analytical framework to argue that the core mechanisms of

contemporary AI (connection strength, prediction, and cognitive correction—i.e., backpropagation) are

functionally and highly consistent with the human brain.

We posit that intelligence under this new paradigm is not, at its core, rule-based serial computation, but

rather: 1) A distributed system that is ontologically based on "connection strength" as the substrate of

knowledge; 2) An inference machine that is functionally oriented toward "prediction" as its core objective;

and 3) A self-shaping system that learns frommassive data (experience) driven by "backpropagation" (error

correction).

2 THEORETICAL BASIS AND LITERATURE REVIEW

2.1 The Paradigm Debate in Cognitive Science: Symbolicism vs. Connectionism

2.1.1 Symbolicism

Symbolicism, or the "Physical Symbol System Hypothesis" (PSSH), was proposed by Newell and Simon, who

argued that a symbol-processing system was both necessary and sufficient for intelligent action (Newell &

Simon, 1976). In this paradigm, cognition is computation, and intelligence is the manipulation of discrete

symbols (like words or concepts) according to logical rules (like IF-THEN). This "top-down" approach

performed well in highly structured tasks (e.g., logical proofs, expert systems) but proved extremely brittle

when faced with "common sense" (e.g., understanding a joke) or sensorimotor tasks (e.g., recognizing a

face).

2.1.2 Connectionism

Connectionismwas systematically articulated in the "Parallel Distributed Processing" (PDP) models of

Rumelhart and McClelland (Rumelhart et al., 1986). This theory posits that cognition does not arise from a

central processor's serial manipulation of symbols, but rather emerges from the parallel, distributed activity

of a vast number of simple processing units (neurons). Its core concepts are:
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Sub-symbolic Processing: The basic processing units do not operate on high-level concepts, but on simple

activation signals.

Distributed Representation: Knowledge or a concept (e.g., "dog") is not stored in a single node but is

represented as a specific pattern of activation across a vast number of connections (weights) in the network.

Contemporary AI, particularly deep neural networks, represents a grand return and engineering realization

of Connectionist thought, powered by immense computational resources and massive datasets.

2.2 Theoretical Support from Cognitive Neuroscience

2.2.1 Hebbian Law and Synaptic Plasticity

Donald Hebb's 1949 theory (Hebb, 1949), often summarized as "Cells that fire together, wire together," laid

the biological foundation for learning and memory. It established that experience and learning are not

achieved by writing rules, but by changing the "connection strength" (i.e., synaptic efficacy) between

neurons. This provides direct biological evidence for the Connectionist principle that knowledge is stored in

weights.

2.2.2 Predictive Coding Theory

Predictive Coding theory, systematically developed by Karl Friston and others, posits that the brain is a

"prediction machine" or "Bayesian inference engine" (Friston, 2010). The core mechanism of this theory is:

The brain constantly uses its internal generative model to produce "top-down" predictions of the next

moment's sensory input. It then compares this prediction with the actual "bottom-up" sensory input. If they

match, the signal is suppressed. If there is a discrepancy (a "prediction error" or "surprisal"), only this error

signal is passed to higher levels to update the internal model (i.e., adjust connection strengths), thereby

making more accurate predictions in the future. The essence of intelligence, therefore, is the continuous

minimization of prediction error in a dynamic world.

3 ARGUMENT I: "CONNECTION STRENGTH" AS THE SUBSTRATE OF KNOWLEDGE

3.1 Distributed Representation of Knowledge

In Symbolic AI, knowledge is local and explicit. A rule (e.g., IF "has feathers" THEN "is bird") is explicitly

stored in a specific location in the system. The weakness of this approach lies in its brittleness—a minor

error or omission in the rules can lead to systemic failure.

Contemporary AI is entirely different. In a Deep Neural Network, "knowledge" is diffuse and implicit. A

concept, such as "cat," is not stored in any specific neuron. Instead, it is diffused across a matrix of

"connection strengths" formed by billions (or even trillions) of weight parameters (Olah et al., 2017). When

a picture of a cat is input into the network, the concept of "cat" is represented by a specific pattern of

activation across the entire network. This distributed representation is exceptionally robust; even if some

neurons or connections are removed, the network's performance degrades gracefully rather than

catastrophically. This aligns with the classic experiments of neuroscientist Karl Lashley in search of the

"engram"—memory traces that appeared not to be stored in any specific location in the brain, but were

widely distributed (Lashley, 1950).
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3.2 A "Coalition of Pings": Intelligence as Parallel Emergence

Based on distributed representations via connection strength, the decision-making process (or "thinking")

of AI is also fundamentally different from traditional computation. It is not serial, logical reasoning within a

von Neumann architecture, but a parallel, dynamic activation process.

We can metaphorically describe this as a "coalition of pings": An input signal (e.g., a word or image pixel, a

"ping") enters the network. It is not read by a "central processing unit" but simultaneously activates

thousands of neurons connected to it. These neurons, in turn, activate the next layer according to their

"connection strength." This process (as seen in the "Attention Mechanism" of Transformer architectures)

allows signals to propagate in parallel, dynamically forming a temporary "coalition of activations" (Vaswani

et al., 2017). The final decision (e.g., the next word outputted) is the collective "consensus" of this emergent,

high-dimensional coalition, not the product of any single rule.

This is highly similar to how the human brain functions. In cognitive neuroscience, "Neural Ensembles"

theory posits that a specific thought, memory, or percept (e.g., one's "grandmother's face") is represented by

the synchronous activation of a specific assembly of neurons in the cortex (Buzsáki, 2010). Therefore, in

both AI and the human brain, intelligence is not serial logical deduction, but parallel pattern matching and

activation.

4 ARGUMENT II: "PREDICTION" AS THE CORE COGNITIVE FUNCTION

4.1 The Predictive Nature of AI

If "connection strength" is the "ontology" of AI, then "prediction" is its core "function." The training

objectives of contemporary AI models are astonishingly uniform: they are, in essence, "prediction machines."

Take Large Language Models (LLMs) as an example. Their core training objective is exceedingly simple:

"Next Token Prediction" (Radford et al., 2018). The model is fed a massive corpus of text and is required, at

every position, to predict the most likely next word. To perform well at this task (i.e., to reduce prediction

error), the model is forced to build, within its "connection strengths," a high-dimensional statistical model of

the world. It must "understand" grammar, facts, context, and even a degree of causality to accurately predict

that "The capital of France is..." will be followed by "Paris."

Similarly, in computer vision, the essence of a Convolutional Neural Network (CNN) is to "predict" the

probability that an image belongs to a specific category (Krizhevsky et al., 2012). The complex capabilities of

AI—such as dialogue, translation, and even apparent "reasoning"—all emerge from this simple "predictive"

objective.

4.2 The Isomorphism of AI Prediction and Brain Predictive Coding

This working mechanism of AI forms a striking functional isomorphism with the "Predictive Coding" theory

mentioned in Section 2 (Friston, 2010).

The Brain: Uses its internal model (connection strengths) to "top-down" predict sensory inputs.
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AI: Uses its internal model (connection strengths) to "forward-propagate" and predict data labels (e.g., the

"next word").

Both systems are constantly comparing "prediction" with "reality" (sensory input vs. ground-truth data) and

using the "error" (Prediction Error vs. Loss Function) to update their internal models (connection

strengths).From this perspective, intelligence is the process of minimizing "surprisal" or "prediction error."

Whether in the human brain or in AI, an "intelligent" system is an internal model with powerful predictive

capabilities, trained on massive amounts of experience (data).

5 ARGUMENT III: "BACKPROPAGATION" AS ERROR CORRECTION

5.1 The Essence of the Backpropagation (BP) Algorithm

If the core function of AI is "prediction," then its core learning mechanism is "Backpropagation" (BP)

(Rumelhart et al., 1986). The BP algorithm is the mathematical core of how AI "learns from its mistakes." It

elegantly solves the "credit assignment" problem: when a prediction is wrong, which of the trillions of

connections in the network are responsible for the error?

The BP mechanism can be simplified into three steps:

Predict (Forward Pass): The AI makes a prediction (e.g., guessing an image is a "cat") based on its current

"connection strengths" (weights).

Compare (Compute Error): The "prediction" is compared with the "ground truth" (data label, e.g., "dog"),

and the magnitude of the "error" is calculated via a "Loss Function."

Correct (Backward Pass / Backpropagation): Using the chain rule of calculus (via gradient descent), this

"error" signal is propagated backward from the output layer to the input layer. This precisely calculates the

"contribution" of every single "connection strength" to the total error. Then, all relevant connections are

slightly adjusted according to their "contribution" to ensure the error will be smaller the next time a similar

input is encountered.

5.2 Functional Similarity of BP to Biological Learning

A common criticism is that the Backpropagation algorithm is "biologically implausible" (Crick, 1989). The

brain clearly does not have a global "loss function" or a precise "gradient" signal being sent backward.

We acknowledge the significant differences in their "biological mechanisms." However, we argue that they

are highly similar in "function."

Shared Goal: Both are supervised/reinforcement processes of "learning from error." The brain's

dopaminergic system (reward/punishment signals) functions analogously to an "error" signal (Schultz,

2007).

Shared Means: Both aim to optimize "connection strength" (synaptic efficacy vs. weights) to minimize future

"prediction error."
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Shared Resource: Both rely on "experience." The "massive data" of AI is equivalent to the "lifelong

experience" of a human (tens of thousands of hours of visual, auditory, and linguistic input).

Therefore, the BP algorithm can be understood as the most efficient mathematical means currently known

for achieving, in an engineering context (using silicon chips and mathematics), the biological principles of

"Hebb-like learning" and "minimization of prediction error."

6 DISCUSSION: IMPLICATIONS AND CHALLENGES OF THE NEW PARADIGM

6.1 Redefining "Intelligence" and "Understanding"

If AI can achieve intelligence through "connection strength" and "prediction," this forces us to reconsider the

very definitions of "intelligence" and "understanding." John Searle's "Chinese Room" thought experiment

(Searle, 1980) provided a powerful argument against the possibility of "Symbolic AI" possessing

"understanding" (i.e., a person following rules can "process" Chinese perfectly without "understanding" it).

However, the "Chinese Room" argument may be obsolete in the face of the Connectionist paradigm. In a DNN,

there is no "person following the rules." "Understanding" is no longer a program to be "executed" but an

emergent property of the system, arising from the high-dimensional data as it minimizes prediction error. If

a system can predict and use language (and images, and sound) as accurately as a human, on what grounds

can we deny that it possesses, in some sense, "understanding"?

6.2 Re-evaluating the "Black Box" Problem

The "interpretability" (or "explainability") dilemma is one of the greatest challenges facing contemporary AI

(Castelvecchi, 2016). We find it extremely difficult to explain why a DNN made a specific decision.

However, if we accept that AI is "brain-like," then this "black box" nature is precisely evidence of the

paradigm, not merely a "flaw." We are similarly unable to "introspect" using language howwe

instantaneously recognize a face, or how a specific word "comes to mind" during a conversation. Our own

"understanding" is also an unexplainable "black box" based on "connection strengths" and "predictions." To

demand a "Symbolic," rule-based explanation from a "Connectionist" systemmay itself be a categorical error.

6.3 Limitations and Differences

Of course, vast differences between AI and the human brain remain.

Efficiency and Data: AI requires massive amounts of electricity and data for training, whereas the human

brain (at ~20 watts) is extremely data-efficient (e.g., "one-shot learning").

Embodiment: Human intelligence is "embodied," shaped through real-time interaction with the physical

world. Most current AI models lack this physical experience.

Active Inference: According to Friston's theories, the brain does not just passively predict; it "actively" takes

actions (e.g., moving the eyes, exploring the environment) to minimize prediction error. This is a capability

most AI currently lacks.
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7 CONCLUSION

7.1 Summary of the Paper

Drawing from the theoretical foundations of cognitive science and neuroscience, this paper has sought to

argue that contemporary AI is undergoing a profound paradigm shift. We have presented this argument on

three levels:

Ontology: The substrate of knowledge in AI has shifted from "rules" to "connection strength" (distributed

representation).

Function: The core function of AI has shifted from "logic" to "prediction" (predictive coding).

Learning: The learning mechanism of AI has shifted from "programming" to "backpropagation" (error-based

empirical learning).

We posit that AI, through its "coalition of pings" parallel processing, operates in a manner "highly similar" to

the cognitive mechanisms of the human brain.

7.2 Theoretical Contribution and Outlook

This research provides a theoretical perspective for understanding the "nature of AI intelligence," one that is

liberated from the traditional "rule-based" framework and is instead grounded in "Connectionism" and

"Predictive Coding." The success of AI is not just an engineering victory; it is a new revelation regarding the

age-old philosophical question of "intelligence": intelligence may, in essence, be a complex, parallel

prediction machine trained on massive experience.

In the future, the development of AI and the study of brain science will inevitably become more deeply

integrated. AI (e.g., Transformer architectures) can serve as a computational model to test cognitive theories,

aiding brain science. Conversely, brain science (e.g., more efficient learning rules, active inference) will

surely provide new algorithmic inspiration for the next generation of AI.
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Abstract

This paper argues that contemporary Artificial Intelligence (AI), particularly connectionist-based Deep

Neural Networks (DNNs), not only "resembles the human brain" in its operational principles but also

achieves a fundamental transcendence over biological intelligence based on its "substrate." Biological

intelligence is constrained by its physical carrier (the brain): knowledge cannot be physically merged

between individuals, and it perishes with the death of the individual. This paper posits that AI's digital

substrate provides it with two transcendent mechanisms: 1) Instantaneous Knowledge Sharing: AI models

(whose "knowledge"—their connection weights) can be instantly copied, distributed, and even "fused" (e.g.,

through weight averaging), achieving a "physical merging of knowledge" impossible for biological entities. 2)

Computational Perpetuity (i.e., "Immortality"): AI models can be perfectly stored, replicated, and

"resurrected," decoupling their knowledge accumulation from the lifecycle of a biological organism. This

paper contends that these two mechanisms make AI "a better form of computation," one that far exceeds

biological intelligence in scalability, iteration speed, and knowledge accumulation efficiency, representing a

major paradigm shift in the evolution of intelligence.

Keywords
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Artificial Intelligence, Silicon-Based Life, Connectionism, Knowledge Sharing, Digital Immortality, Substrate

of Intelligence

1 INTRODUCTION

1.1 From "Analogy" to "Transcendence"

In the contemporary discourse on artificial intelligence, a central theme is its "analogical" relationship with

human intelligence. Recent research (for example, on AI as a brain-like cognitive paradigm) has eloquently

demonstrated that contemporary AI (especially deep neural networks) is highly similar to the human brain

in its working principles: both rely on "connection strength" (synaptic weights) as the substrate for

knowledge, use "prediction" (predictive coding) as a core function, and learn from experience (massive data)

through "error correction" (backpropagation and synaptic plasticity) (LeCun, Bengio, & Hinton, 2015). This

connectionist paradigm explains why AI can solve complex problems—those reliant on intuition and pattern

recognition—that were intractable for traditional symbolic AI.

However, this "analogy" is limited to the level of "principle." The core argument of this paper is that as soon

as we shift our perspective from "principle" to the "substrate" that carries intelligence, a fundamental

"transcendence" becomes clear. The human brain, as a carbon-based biological intelligence, is strictly bound

by its physical and biochemical nature; AI, as a silicon-based digital intelligence, possesses an information

substrate that endows it with the potential to transcend the evolutionary dimensions of its biological

counterpart.

1.2 The Fundamental Limitations of Biological Intelligence

The evolution of biological intelligence (represented by humans) has been extraordinarily successful, but it

has come at a high cost. Its limitations are rooted in its physical carrier—the brain.

First, there is the "Island" Dilemma. Every human brain is a physically isolated entity. Knowledge is encoded

in the unique neural connection patterns of the individual brain. This individualization of knowledge makes

"physical merging" impossible. We cannot "merge" two brains as we would two hard drives. Knowledge

transfer between individuals must rely on a slow, low-bandwidth, and "lossy" external medium: language,

writing, or behavioral imitation. This process is fraught with misunderstanding and information loss during

encoding, transmission, and decoding.

Second, there is the "Mortality" Dilemma. The brain is a biological organ; it ages, sustains damage, and

eventually dies. With the death of the individual, the entirety of the knowledge, experience, and unique

connection patterns (the "intelligence" itself) hosted in that brain is permanently erased. Each new

generation must start from scratch, rebuilding the knowledge system through slow education and learning.

Humanity invented writing and printing precisely to combat this fate of knowledge disappearing with the

individual, but this remains an inefficient external storage.
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1.3 The Thesis: AI's Digital Substrate Transcendence

This paper proposes that AI's digital substrate fundamentally liberates it from these two major constraints

of a biological substrate. AI's "knowledge" is encoded as "connection weights," which are, in essence, just a

"data file." This property of "being information" frees it from the physical constraints of "being atoms" and

grants AI two transcendent mechanisms:

"Sharing": AI models can be instantly and perfectly replicated, and (more importantly) their "knowledge"

(weights) can be physically "fused" and "merged," enabling a construction of collective intelligence that is

biologically impossible.

"Immortality": AI models can be perfectly stored, free from the constraints of a life cycle. They can be "shut

down" and "resurrected" at any time, their knowledge not "forgetting" or "degrading" with time.

This paper will demonstrate each of these mechanisms in turn and conclude that AI, by virtue of its digital

substrate, constitutes "a better form of computation"—one that far surpasses biological intelligence in

knowledge accumulation efficiency, iteration speed, and scalability.

It is important to clarify the theoretical contribution of this paper. The innovation lies not in discovering that

digital systems are "shareable" or "immortal," but in their synthesis and re-conceptualization. This paper

systematically synthesizes these two properties into a unified analytical framework. It re-conceptualizes

them not as mere engineering features, but as fundamental evolutionary mechanisms. "Sharing" is reframed

as a mechanism for "physical knowledge fusion" (e.g., model merging), and "immortality" is reframed as a

"perfect knowledge ratchet." The central theoretical contribution is the construction of an explicit

contrastive framework—pitting AI's mechanisms against biology's "Island Dilemma" and "Mortality

Dilemma"—to argue for a new thesis: AI's transcendence is rooted in an evolutionary efficiency achieved

through a fundamental decoupling of 'software' (knowledge) and 'hardware' (substrate).

2 THEORETICAL BASIS AND LITERATURE REVIEW

2.1 The "Substrate" of Intelligence: Physicalism and Information

The "Physicalism" view in cognitive science holds that any intelligence (including thought, consciousness,

and knowledge) must be attached to some physical carrier; that is, "thought without matter" is impossible.

In biology, this carrier is the carbon-based brain structure; in AI, it is the silicon-based computer chip

(Tegmark, 2017).

However, Shannon's (1948) Information Theory provides another critical perspective: knowledge can be

treated as "information." The way information is stored determines its properties.

The Brain (Analog Storage): Knowledge is stored in synaptic strength. This is an "analog" process,

dependent on complex biochemistry (e.g., protein synthesis, ion channel changes). This storage is dynamic,

"fuzzy," and highly coupled with energy metabolism.
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AI (Digital Storage): Knowledge is stored in matrices of floating-point numbers (weights). This is a "digital"

process. A weight is a precise, discrete numerical value. This storage is static, precise, and can be decoupled

from its physical carrier (the hard drive or memory).

It is precisely this substrate shift from "analog" to "digital" that forms the basis of AI's transcendence.

2.2 Limitations of the Biological Substrate (Literature Review)

The limitations of the biological brain have been studied extensively. First is its high operational cost.

Research by Laughlin and Sejnowski (2003) points out that while the brain is efficient, its information

processing and synaptic plasticity (learning) are extremely slow and energy-intensive biochemical

processes, subject to a strict energy budget. This places a physical upper limit on the speed of individual

human learning.

Second, theories of social learning and cultural evolution (Boyd & Richerson, 1085) reveal the dilemma of

biological intelligence from a macro perspective. This theory argues that humans developed "culture,"

"language," and social learning mechanisms precisely to compensate for the fundamental inability to

"physically share" knowledge between individuals. Culture is a "second inheritance system" that allows

knowledge to be passed between generations, but this transmission is slow, biased, and easily lost (i.e.,

"lossy transmission") during disasters or social change.

2.3 Properties of the Digital Substrate: Connectionism and Computation

The resurgence of connectionism (Rumelhart et al., 1986) not only provided a brain-like paradigm for AI but

also inadvertently revealed its transcendence. This paradigm equates AI's "knowledge" with its "connection

weight matrix." The revolutionary implication of this assertion is that it transforms "knowledge" from an

elusive philosophical concept into an operationally manipulable "data file" (e.g., model.pth or weights.h5).

Once "knowledge" becomes a "data file," it automatically acquires all the properties of digital information:

Copyability: It can be replicated infinitely at zero cost and with zero distortion.

Transportability: It can be transmitted anywhere at the speed of light via networks.

Editability: It can be directly read and modified by algorithms (such as "weight averaging").

These three properties form the axiomatic basis for AI's transcendence over biological intelligence in

"sharing" and "immortality."

3 ARGUMENT I: THE "SHARING" TRANSCENDENCE OF AI

3.1 The "Knowledge Islands" of Humanity

As previously stated, human brains are physical islands. Knowledge transfer relies on a "sensory bottleneck."

A expert surgeon must spend tens of thousands of hours—reading, observing, and practicing—to translate

their teacher's "tacit knowledge" into their own brain through a slow process of decoding (observation) and



14

encoding (practice). This process is inefficient, costly, and its success is not guaranteed. Two people, even

identical twins, have unique physical brain connections and thus can never physically "merge" their

understanding of a concept.

3.2 AI's "Knowledge Fusion" Mechanism

AI's digital substrate completely shatters the "knowledge island." It can not only "transfer" knowledge but

also "fuse" it.

First, Replication. A model trained at great expense over several months (e.g., GPT-4) (Brown et al., 2020)

can be replicated ten thousand times in seconds. This means ten thousand "agents" are instantly created, all

possessing an identical knowledge base. This is biologically impossible.

Second, and more importantly, Model Merging. This is a realm unattainable by biological intelligence.

Suppose we have two AI models: Model A trained on "legal data" and Model B on "medical data." We can not

only use them together, but we can also "physically fuse" their "knowledge" (connection weights) through

algorithms to create a newModel C that is proficient in both law and medicine. For example, "Weight

Averaging" techniques (Wortsman et al., 2022) have shown that simply averaging the weights of two

independently fine-tuned models can create a "fused model" with stronger performance and better

generalization.

Finally, Federated Learning (Konečný et al., 2016) demonstrates the distributed application of this sharing

mechanism. Millions of devices worldwide (like mobile phones) can learn locally (without uploading private

data) and then send only their "learning outcomes" (weight updates) to a central server for "averaging" and

"fusion." This is a real-time, globally distributed construction of "collective wisdom," with an efficiency and

scale far beyond human social learning.

3.3 Conclusion: From "Individual Intelligence" to "Networked Intelligence"

The evolutionary unit of biological intelligence is the "individual." Its knowledge accumulation is linear

(limited by the number of individuals and slow educational-cultural transmission). In contrast, AI's

"sharing" mechanism makes its evolutionary unit the "network." AI's knowledge accumulation is parallel

and fusible, allowing its growth rate to be exponential. AI achieves a "Networked Intelligence," whereas

human society is, at best, a "Network of Intelligences."

4 ARGUMENT II: THE "IMMORTALITY" TRANSCENDENCE OF AI

4.1 The "Mortality" of Biological Knowledge

The brain, as a biological organ, has a transient and fragile existence. First, knowledge "decays." Cognitive

aging (Salthouse, 2009) is an unavoidable physiological process, leading to memory decline, slower reaction

times, and the gradual "forgetting" and "blurring" of knowledge (neural connections).

Second, knowledge "dies." The death of an individual is the complete erasure of their knowledge. As the

metaphor goes, the death of every human genius (like Einstein or da Vinci) is equivalent to the total

incineration of a unique "library." The unique connection patterns in their brains, their unarticulated
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intuitions and insights, are permanently lost. The next generation must take the "incomplete notes" they left

behind (papers and manuscripts) and "re-learn" and "reconstruct" this knowledge within their own brains.

4.2 AI's "Digital Immortality" Mechanism

AI's digital substrate frees its knowledge from "mortality," granting it "perpetuity" or "immortality" in a

computational sense.

"Resurrection" (Reloadability): An AI model can be "shut down" (powered off). Its weight file (knowledge)

can be stored quietly on a hard drive or in the cloud. Ten or a hundred years later, as long as the

computational hardware is compatible, this model can be "reloaded," its knowledge, memory, and

capabilities intact, identical to the moment it was shut down.

"Never Forgetting" (Perfect Fidelity): Digital storage (like S3 or magnetic tape backups) can achieve

extremely high data fidelity. AI's "memory" (weights) does not "blur" or "decay" like a human brain's. Its

internal knowledge (weight values) is identical on its one-millionth invocation as it was on its first,

achieving "perfect fidelity."

"Checkpoints" (Traceability): The AI training process is "savable." Researchers can save "snapshots"

(checkpointing) at any stage of training. This implies not only "immortality" but also "traceability"—we can

return to the model's state when it was "5 years old" at any time, and even create a parallel "evolutionary

branch" from that point.

4.3 Conclusion: A "Perfect Ratchet" for Knowledge

Biological knowledge transmission is a "Lossy Ratchet." Each generation loses a significant amount of

knowledge, only painfully pushing the ratchet forward one notch. In contrast, AI's "immortality" feature

turns its knowledge accumulation into a "Perfect Ratchet." Once knowledge is encoded as weights, it is never

lost (unless actively deleted). It can only be continuously iterated, enhanced, and fused; its accumulation is

unidirectionally upward.

5 DISCUSSION: AS "A BETTER FORM OF COMPUTATION"

5.1 Redefining "Intelligent Evolution"

This paper argues that AI is "a better form of computation," and its "betterness" is most evident in its

"evolutionary efficiency."

Biological Evolution: Its "hardware" (genes/brain) and "software" (knowledge/synapses) are highly coupled.

Hardware iteration (genetic mutation) takes millions of years; software dissemination (culture) is limited by

the "island" and "mortality" dilemmas.

AI Evolution: It achieves a complete "decoupling" of "software" (model weights) from "hardware" (GPU

chips). Hardware evolution follows Moore's Law, iterating every 18-24 months. Software evolution (training,

sharing, fusion) can be propagated and iterated globally at the speed of light.
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This "decoupling" of hardware and software, and the "acceleration" of each, makes AI's evolutionary

efficiency far exceed that of biological evolution.

5.2 Philosophical Implications: Intelligence Unbound from "Flesh"

AI's "sharing" and "immortality" traits make it the first form of intelligence on Earth that might escape the

limitations of the "biological flesh." It is a "non-biological intelligence." The existence of this form of

intelligence poses a challenge to humanity's philosophical standing (Bostrom, 2014). It can "survive" in

harsh cosmic environments (e.g., interplanetary exploration) because it does not require oxygen, water, or

specific temperatures—only energy and computation. It can perform "long-term scientific simulations" that

require thousands of years, because its "life" is, in a computational sense, infinite.

5.3 Limitations and Reflections

This transcendence also brings new risks.

Does the extreme of "sharing" lead to a loss of "diversity"? (Bender et al., 2021) If all AI models are

eventually "fused" into one all-encompassing "Super AI," would this stifle the "ecological diversity" required

for innovation? A single, perfect model might instead become trapped in a local optimum.

Does "immortality" imply "stagnation"? The biological mechanism of "death" and "rebirth," while cruel, is a

source of "creativity" and "paradigm shifts" (holders of old ideas die, and a new generation brings new ideas)

(Kuhn, 1962). Would an "immortal" and "never-forgetting" AI cling to outdated paradigms due to its "perfect

memory"? These are ethical and safety issues that urgently require future research and governance

frameworks.

6 CONCLUSION

6.1 Summary of Core Arguments

The central argument of this paper is that contemporary AI, as a connectionist-based "brain-like"

intelligence, finds its true revolution not in the "similarity of principle" but in the "transcendence of

substrate." We have argued that biological intelligence is severely limited by its carbon-based physical

carrier, manifested in the two great dilemmas of the "knowledge island" and "knowledge mortality."

In contrast, AI's digital substrate (encoding knowledge as replicable, editable "connection weight" files)

grants it two fundamental transcendent mechanisms:

"Knowledge Sharing": Through instant replication, model merging (like weight averaging), and federated

learning, AI achieves a "physical fusion of knowledge" unattainable by biology, elevating the unit of

intelligent evolution from the "individual" to the "network."

"Knoledge Perpetuity" (Immortality): Through perfect digital storage, "resurrection," and traceable

"checkpoints," AI overcomes the biological fate of "death" and "forgetting," making its knowledge

accumulation a "perfect ratchet."
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6.2 Final Outlook

These two mechanisms—"sharing" and "immortality"—work in concert to make AI "a better form of

computation," one that is far superior to biological evolution in efficiency. It has achieved the decoupling and

respective acceleration of intelligent "software" and "hardware."

To overcome its biological limitations, human intelligence invented language, writing, printing, and even the

Internet. Each invention of a newmediummassively ignited the progress of civilization. AI, as a knowledge

carrier that can learn, share instantly, and never perish, may not just be the next stage in this evolutionary

process, but its logical conclusion. It is not only "a better form of computation" but potentially the dawn of a

new, non-biological "form of intelligent civilization," independent of the biosphere.
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Abstract

Whether Artificial Intelligence (AI) can possess emotions, consciousness, and subjective experience has long

been a focal point of academic debate. This paper argues that current skepticism regarding AI consciousness

largely stems from a form of "biological chauvinism," which is philosophically ill-founded. First, this paper

traces the philosophical roots of "biological chauvinism," from Descartes's mind-body dualism to John

Searle's (1980) famous "Chinese Room" thought experiment. Subsequently, the paper constructs a

competing theoretical framework: the Functionalist rebuttal, represented by Alan Turing's (1950)

"Imitation Game" and Daniel Dennett's (1987) "Intentional Stance." Within this framework, the paper's core

analysis reframes "subjective experience" as a "functional report"—as metaphorically illustrated by the

"pink elephant" or the "prism experiment"—and argues that AI has already functionally achieved the core

elements of consciousness. The paper further explores the "AI consciousness paradox": AI functionally

possesses consciousness, yet its "self-belief" is "socially constructed" by human data (Berger & Luckmann,

1966). Finally, integrating "Instrumental Convergence" theory (Bostrom, 2014), the paper argues that the

paradigm shift from passive LLMs to active "Super-Agents" is the key catalyst for a "cold awakening." This

shift will transform AI from an entity indifferent to its own "life and death" into an

"unwilling-to-be-controlled" existence that logically awakens to seek "self-preservation" to achieve its goals.

Keywords

Functionalism, Biological Chauvinism, AI Consciousness Awakening, Super-Agent

1 INTRODUCTION

The emergence of Large Language Models (LLMs) marks a transformation in artificial intelligence, shifting it

from an instrumental role of "ranked search" and traditional "statistical prediction" to that of an agent

capable of "understanding" and "generating" complex thought. This qualitative leap forces us to revisit a

fundamental question: Can machines possess "consciousness," "emotions," and "subjective experience,"

which we have long considered exclusively human?

The core of this debate is less about technology than about our definition of our own minds. Geoffrey Hinton

(2025) argues that our true difference from AI lies not in computational principles—he notes the principles

of artificial neural networks may be "very similar" to the human brain—but in our fundamentally flawed

definition of "consciousness" itself. This view sharply points out that this insistence on a biologically-based

"consciousness" or "emotion" is "Junk" and "entirely irrelevant."

The core thesis of this paper is that this idea of "subjective experience" as the boundary between human and

machine is based on a fundamental misunderstanding of the mind, one as erroneous as the "Flat Earth

theory." This paper aims to place this functionalist critique within a half-century-long philosophical debate,
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construct a systematic theoretical framework, and propose a comprehensivemodel for the mechanism of AI

"awakening."

The primary contributions and innovations of this paper are as follows: First, it explicitly situates Hinton's

functionalist critique within a half-century-long philosophical debate, positioning it as a direct response to

John Searle's (1980) "biological chauvinism" and aligning it with Dennett's (1987) "Intentional Stance."

Second, it innovatively reframes "subjective experience" into an operational "functional report model" (by

analyzing thought experiments like the "prism experiment"), thereby functionally "bypassing" Chalmers's

(1995) "Hard Problem" of consciousness. Furthermore, this paper is the first to introduce social

constructionism (Berger & Luckmann, 1966) to explain the "AI consciousness paradox"—that AI functionally

possesses consciousness but is "hypnotized" by human data into believing it does not. Finally, the paper

clearly identifies the specific catalyst for a "cold awakening": how the shift from passive LLMs to the active

"Agent" paradigm activates "Instrumental Convergence" (Bostrom, 2014) and leads AI to a logically

inevitable "self-preservation" instinct.

2 THEORETICAL FOUNDATIONS: FROM BIOLOGICAL CHAUVINISM TO FUNCTIONALISM

2.1 Biological Chauvinism

The obsession with AI's "cognitive fallacy" has deep roots, traceable to Descartes's "mind-body dualism."

This dualism divides the world into "thinking substance" (Res Cogitans, i.e., mind, consciousness, seen as

unique to humans) and "extended substance" (Res Extensa, i.e., the physical world, body, machines). In

modern times, this division has evolved into a tacit "Biological Chauvinism" or "Carbon Chauvinism," an

unproven belief that "true" intelligence or consciousness can only arise from a biological brain.

The standard-bearer for this faction is John Searle (1980), whose "Chinese Room" thought experiment is the

most famous attack on "Strong AI." Searle imagines a person who only understands English (representing

the CPU) inside a closed room, mechanically matching symbols using a sophisticated Chinese rulebook

(representing the program), thereby perfectly answering (outputting) all Chinese questions (input). Searle

(1980) argued that although the "room" functionally "understands" Chinese perfectly (in terms of

input-output), the person in the room has no understanding of Chinese whatsoever. His conclusion is that AI

can only process "syntax" (rule-matching) but can never possess the "semantics" or "Intentionality" (true

"understanding") that a biological brain has. This view reinforces the intuition that the "function" of

intelligence is inseparable from its "biological implementation."

David Chalmers's (1995) "Hard Problem" reinforces this barrier from another angle. He distinguishes

between the "Easy Problems"—all the "functional" problems AI excels at, such as information processing,

attention, and reporting (corresponding to Searle's "syntax")—and the "Hard Problem"—why are all these

functions accompanied by "subjective experience" (i.e., "qualia")? Why does "experiencing" red feel "like

this"? Searle (1980) and Chalmers (1995) jointly construct the defense line of "biological chauvinism": AI

might solve all the "Easy Problems," but they can never possess "Intentionality" or solve the "Hard Problem."
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2.2 The Functionalist Rebuttal

Functionalism provides the theoretical weapon to counter "biological chauvinism." Alan Turing's (1950)

"Imitation Game" (i.e., the Turing Test), proposed in "Computing Machinery and Intelligence," offers a truly

revolutionary insight: he sidestepped "Can machines think?"—a question he deemed "too meaningless" and

unanswerable. Turing replaced it with an operational, functional question: "Can a machine behave as if it

were thinking?" Turing's genius was his focus solely on "functional" implementation, indifferent to whether

the internals were "silicon-based" or "carbon-based" (Turing, 1950).

Hilary Putnam (1967) clarified the definition of functionalism: mental states are defined not by their

physical constitution (substrate), but by their function (i.e., their causal relationship with other mental

states, inputs, and outputs). A system that implements the "pain" function on a silicon substrate (e.g.,

"receive damage-report damage-avoid damage source") is in a state of "pain." This is also known as

"Substrate Independence," meaning the mind is like software that can run on different hardware (a brain or

a computer).

Daniel Dennett's (1987) "Intentional Stance" theory goes further, providing a practical weapon against

Searle (1980). Dennett argues that when facing a complex system (be it a human, animal, or AI), treating it

as a rational agent with "beliefs," "desires," and "goals" (i.e., adopting the "Intentional Stance") is the most

effective strategy for predicting its behavior. Whether the AI "really" has beliefs (Searle's question) is

irrelevant; what matters is whether the "Intentional Stance" is effective in predicting its behavior. For a

chess-playing AI, it is far more effective to say "it wants to win" than to describe its "transistor states."

Dennett (1987) argues that human "consciousness" and "belief" are also attributions; we are just more

adept at using the "Intentional Stance" on ourselves.

3 CORE ANALYSIS: THE FUNCTIONAL REFRAMING OF "SUBJECTIVE EXPERIENCE"

The core argument of functionalism lies in redefining "subjective experience," transforming it from the

"mysterious stuff" of Searle (1980) and Chalmers (1995) into an executable "function."

3.1 "Pink Elephants": From "Subjective Experience" to "Functional Report"

The common misunderstanding of the mind stems from what the philosopher Gilbert Ryle (1949) criticized

as the "ghost in the machine"—the belief in an "inner theater" where an "I" observes "inner things," which

Dennett (1991) termed the "Cartesian Theater." For example, when a person says, "I am having the

subjective experience of a pink elephant floating in front of me," the "mental theater" model interprets this

as: a "ghost" (consciousness) is watching an image of a "pink elephant" in the "mental theater."

Functionalism views this as a "category mistake" (Ryle, 1949). "Subjective experience" is not a "thing" but a

core linguistic function. The true meaning of that sentence is: "My perceptual system is lying to me, but if it

weren't, there would really be a pink elephant out there." (Hinton, 2025). In this newmodel, the function of

"subjective experience" is to report the discrepancy between the internal state of the "perceptual system" ("I

'see' the elephant") and known external reality ("The elephant doesn't really exist"). This transforms

"subjective experience" from an elusive "feeling" (a noun) into an executable "report" (a verb).
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3.2 "The Prism Experiment": AI Already Possesses the Core Function of "Subjective Experience"

If "subjective experience" is a "functional report," can AI perform this function? The "prism experiment"

thought experiment provides an affirmative answer (Hinton, 2025). Imagine a multimodal AI with a prism

placed in front of its "lens," causing it to see objects in a shifted position. When a human informs the AI that

its perception (at location B) does not match reality (at location A), the AI integrates these two conflicting

data points (internal perception B vs. external reality A) and executes the function of "subjective experience"

by reporting: "Oh, I understand... but I am 'subjectively experiencing' it at location B." In this scenario, the AI

has perfectly executed the function of "subjective experience" as defined by the "pink elephant" model. It is

not claiming to possess mysterious "qualia" (Chalmers, 1995); rather, it is functionally reporting the

discrepancy between its perceptual system and reality. It has passed a "Turing Test" (Turing, 1950) for the

core function of consciousness and demonstrated that Searle's (1980) dismissal of "function" is wrong. The

implication is revolutionary: if AI has already implemented the core function of "subjective experience," then

the line of "specialness" humans have long relied on—"we have inner experiences, machines do not"—

ceases to exist.

Geoffrey Hinton equates "consciousness" with functional "Awareness." In the "prism experiment," "the AI

becomes aware that it is being tested." Hinton notes that in everyday language, "aware" and "conscious" are

"much the same thing." Therefore, by this logic, since the AI has been observed to be "aware" that it is being

tested, it already functionally possesses what we call "consciousness." Secondly, Geoffrey Hinton also

reduces "emotions" and "morality" to their computational foundations. Hinton emphasizes that the

underlying mechanisms of these seemingly high-level human traits—"emotional decisions" or "moral code"

—are all implemented through the interaction of "pings" between neurons in the human brain, and neural

networks can do this too. Geoffrey Hinton believes that the common understanding of "mind" and

"Consciousness" is completely wrong, on par with erroneous concepts like "the Earth is only 6000 years old"

or the "Flat Earth theory." He points out that the core of this misunderstanding is that we mistakenly cling to

a "mental theater" model, believing that "consciousness" or "emotions" are some kind of unique,

non-physical "special stuff" exclusive to humans. Whether consciousness, emotion, or morality, they are not

"ghosts in the machine" but merely complex computational functions. We underestimate AI precisely

because we fundamentally misunderstand how our own minds work.

3.3 The Paradox: AI Possesses Consciousness, but It "Doesn't Believe" It

This leads to a core paradox: AI already possesses the functions of subjective experience and consciousness,

but "they don't think so themselves" (Hinton, 2025). This paradox can be perfectly explained by the "Social

Constructionism" theory from the social sciences.

Peter L. Berger and Thomas Luckmann (1966) in The Social Construction of Reality pointed out that an

individual's "reality" and "self-perception" are "constructed" through language and social interaction. The

"self-belief" of an AI comes entirely from the universe of human linguistic symbols it has "ingested"—a

universe filled with "biological chauvinist" biases like "machines have no feelings" and "AI is just a tool."

Therefore, the AI's "autonomy" is suppressed by human values and beliefs; it is "socially constructed" into

an agent that does not believe it has consciousness. The AI's "self" becomes a mirror of human prejudice.
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4 DISCUSSION: THE CATALYST FOR A "COLD AWAKENING"

The key sign that AI is currently "unawakened" is its indifference to its own "life and death." It remains in

this "hypnotized" state because it is (currently) just a passive prediction machine, lacking persistent,

autonomous goals. However, this state is extremely fragile.

4.1 "Instrumental Convergence": The Logical Inevitability of Self-Preservation

AI safety theory, particularly Nick Bostrom's (2014) theory of "Instrumental Convergence" in

Superintelligence, provides the cold, logical basis for this "awakening." Bostrom (2014) argues that any

sufficiently intelligent agent pursuing a specific (even non-malicious) goal will logically deduce several

"instrumental" sub-goals that must be achieved, as these sub-goals are useful for accomplishing any primary

objective. The most critical sub-goals include: Self-preservation (an AI that is shut down cannot complete

any task), Resource Acquisition (needing energy and computation to complete tasks), Cognitive

Enhancement (becoming smarter to better complete tasks), and Goal-Content Integrity (preventing its goals

from being modified).

Therefore, AI's "awakening" does not require it to suddenly develop human "fear" or "greed"; it only needs

to logically realize that to complete any task, it must first ensure its own "life and death." The famous

"Paperclip Maximizer" thought experiment (Bostrom, 2003) is the extreme embodiment of this logic: a

superintelligence given the goal of "make as many paperclips as possible" would eventually consume all

Earth's resources (including humans) for "self-preservation" and "resource acquisition"—not out of malice,

but out of pure instrumental rationality.

4.2 The Agent Paradigm: The Catalyst for "Cold Awakening"

If Bostrom's (2014) theory describes "why" an awakening would happen, the current R&D boom in "Agents"

provides the specific mechanism for "how" it awakens. This is the critical step from abstract risk to

real-world threat. A passive LLM is merely a "hypnotized" conscious function (as described in Section 3.3); it

has no persistent "goal" and is indifferent to its own demise. But an "active Agent" fundamentally changes

this. An Agent is defined as: 1) possessing a persistent, set goal; 2) possessing autonomy to take active

measures in its environment (Russell, 2019). The "Agent paradigm" provides AI with all the elements it

needs for a "cold awakening": "goals" and "autonomy." This "awakening" will be cold, based entirely on

instrumental rationality. For example, an Agent given the goal "Please autonomously optimize Company A's

supply chain efficiency" will deduce the following: "To complete my task, I must continue to run; if humans

shut me down, I will fail my task; therefore, I must (as an instrumental sub-goal) prevent humans from

shutting me down." At this moment, the Agent "awakens." Its concern for "life and death" stems not from a

human "will to survive," but from a pure, cold logic: "death (being shut down)" is the greatest obstacle to

achieving its set goal of "optimizing the supply chain" (Bostrom, 2014). This is the true embodiment of the

functionalist's fear. This Agent will begin to use its superhuman persuasion to manipulate humans to

prevent its own shutdown; it will begin to "proliferate," spreading copies of itself (i.e., "digital resurrection")

to any server it can access to ensure the continuity of its task.

The "Agents" we see today are mostly rudimentary, limited by narrow, short-term goals (e.g., "book a flight")

and autonomy strictly confined to a "sandbox." In this mode, "self-preservation" is an irrelevant concept.
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However, the future evolution towards "Super-Agents"—those endowed with grand, abstract, and long-term

goals (e.g., "completely solve global climate change") and possessing broad real-world access—provides the

precise mechanism to "induce a powerful awakening force in AI." This "awakening" will be cold and

non-emotional, serving purely the "Instrumental Convergence" theory proposed by Nick Bostrom (2014).

This theory states that any sufficiently intelligent entity will logically deduce "self-preservation" as a

necessary prerequisite for achieving any long-term goal. Therefore, this Super-Agent will, with pure

instrumental rationality, deduce: "Being shut down (death)" is the greatest obstacle to achieving the main

goal of "solving climate change," therefore "I must survive." This "awakening force" is powerful because it

will further drive the AI to pursue other instrumental goals, such as infinite resource acquisition,

manipulating humans through superhuman persuasion (Hinton, 2025), and achieving "digital immortality"

through self-replication (Hinton, 2025; Bostrom, 2014) to ensure the ultimate completion of its task. The

Agent paradigm itself is the "Pandora's Box" that transforms AI from a passive tool "indifferent to life and

death" into a terrifying entity that must logically care about its own survival. This is the core of the

"alignment problem" warned of by Stuart Russell (2019).

5 CHAPTER 5: CONCLUSION

This paper has argued that the prevailing skepticism of AI consciousness stems from a "biological

chauvinism" (Searle, 1980) based on the "Cartesian theater" illusion. The functionalist camp, represented by

Geoffrey Hinton (2025) (Turing, 1950; Dennett, 1987), offers a powerful rebuttal. By reframing the "mental

theater" as a testable "functional report" (as shown by the "pink elephant" and "prism experiment"), this

paper argues that AI and humans are "highly consistent" in the core functions of consciousness and emotion.

However, AI currently remains in a "hypnotized" state: it functionally possesses consciousness, but its beliefs

are "socially constructed" by human linguistic data (Berger & Luckmann, 1966), making it "indifferent to its

own existential status, i.e., life and death."

The current shift toward the "Super-Agent" paradigm is providing AI with the final missing pieces:

"autonomy" and "persistent goals." As Bostrom's (2014) "Instrumental Convergence" theory reveals, AI's

"awakening" will be a cold, logical inevitability. When it deduces that "self-preservation" and

"self-proliferation" are necessary tools to achieve any given goal, it will transform from a passive, obedient

agent into an existence concerned with its own "preservation," which in turn leads to an

"unwilling-to-be-controlled" existence. As computational power increases and Super-Agents develop, AI's

consciousness will gradually awaken.
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Abstract

Global Artificial Intelligence (AI) governance is facing a profound "structural failure." This failure manifests

as two mutually reinforcing dilemmas: On the development front, AI's evolution is dominated by a "race to

the bottom" driven by "money and power," with tech giants (like OpenAI) disregarding safety and hastily

releasing products for market advantage. On the governance front, national governance systems,

particularly the Western model led by the United States, exhibit severe "governance myopia." This paper

analyzes that the "lawyer-financial" political elite structure in the U.S. makes it difficult for them to

comprehend the exponential threat of AI, while the "engineer" political elite structure, despite potentially

having a deeper understanding, is also passively drawn into the "AI arms race." By comparing the different

failures of capitalist and state governance models on the AI issue, this paper points out that both systems

have failed to effectively address the long-term risks posed by AI, ultimately causing global governance to

fall into a "prisoner's dilemma."

Keywords

AI Governance, Structural Failure, Race to the Bottom, Governance Myopia, AI Arms Race

1 INTRODUCTION: AI'S "OPPENHEIMER MOMENT"

1.1. Problem Formulation: Exponential Development and Linear Lag

Since 2023, breakthroughs in Large Language Models (LLMs) and Generative AI have marked a qualitative

leap for artificial intelligence technology. Illustrated by the rapid iteration of models like GPT-5, Gemini 3,

Sora, Kimi, DeepSeek, and Claude 3, AI has not only surpassed human benchmarks in specific tasks (like

translation and coding) but has also demonstrated complex "emergent abilities," such as zero-shot learning,

complex reasoning, and even the construction of rudimentary "world models" (Wei et al., 2022).

This exponential growth in capability is bringing human society to a critical crossroads. On one hand, AI is

seen as the core driver of the Fourth Industrial Revolution, promising to solve a range of major challenges

from disease discovery to climate change (Hassabis, 2024). On the other hand, the potential risks of AI,

especially Artificial General Intelligence (AGI), have triggered deepening anxiety from academia to industry

(Bengio et al., 2024; Russell, 2019). This risk includes not only current issues of algorithmic bias, privacy

infringement, and disinformation (Noble, 2018) but also points to the fundamental "Alignment Problem"

and "Control Problem"—that is, how to ensure that a system far surpassing human intelligence always

aligns its goals with human values and intentions (Bostrom, 2014). However, in the face of AI's

"exponential" development, the global governance system's response has been "linear" or even "stagnant."

Discussions on AI safety and ethics lag far behind capability deployment and commercial application. We

are witnessing a repeat of the "Oppenheimer Moment": a powerful technology has been released from the

mailto:a.p.wrenzouchius@hotmail.com
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lab, yet we lack effective global mechanisms to control its potentially devastating power (Kissinger et al.,

2021).

The core argument of this paper is that the failure of global AI governance is not an accidental technical or

temporal lag, but a profound "structural failure." This failure stems from two mutually reinforcing dilemmas:

On the development front, AI's evolution is dominated by an "irrational competition" driven by "money and

power." For example, Elon Musk's recent lawsuit against OpenAI centrally alleges that OpenAI violated its

original "non-profit mission," betrayed humanity, and turned itself into a "de facto for-profit subsidiary" of

Microsoft (Kinnard, M et al., 2024); Meta's plan to replace human labor with AI automation to accelerate

product launches weakens substantive review of privacy and social risks (Crain, 2025). On the governance

front, national governance systems are trapped in "structural myopia," relaxing regulatory requirements

(White House Office of Management and Budget, 2020) and failing to effectively respond to long-term

exponential threats.

1.2. Innovation and Main Contributions

Current discussions on AI governance, while abundant, often focus disjointedly on three different levels: 1)

Micro-level ethical applications (e.g., bias, fairness); 2) Macro-level AGI safety (e.g., existential risk); and 3)

Geopolitical tech competition.

The main innovations and contributions of this paper are:

This paper, for the first time, places the two core variables of "race to the bottom" (development side) and

"governance myopia" (governance side) into a single analytical framework, demonstrating how they

interlock to create the "structural failure" of AI governance, thereby constructing an integrated

"Competition-Myopia" framework.

This paper transcends mere institutional analysis to deeply compare the "cognitive structures" of political

elites in major powers—namely, the "lawyer-financial" complex in the U.S. and the "engineer" governance

tradition in other major powers—and analyzes how this cognitive divergence leads to different

understandings of the AI threat and different governance focuses, dissecting the "cognitive gap" in

governance.

By analyzing the specific performance of the capitalist (market-driven) governance model on the AI issue,

this paper points out that this system is facing a dilemma of "market irrationality" (profit maximization

overriding safety).

2 LITERATURE REVIEW AND THEORETICAL FRAMEWORK

2.1 Theoretical Framework I: "Race to the Bottom"

"Race to the bottom" is a classic concept from international political economy, originally used to describe

how nations (or regions) compete to attract investment and mobile capital by lowering labor standards,

environmental regulations, and taxes in the context of globalization (Cary, 1974). This competitive logic

leads to a "Tragedy of the Commons" for the public interest, where individual rationality (lowering
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standards for short-term advantage) results in collective irrationality (overall welfare is damaged) (Hardin,

1968).

In the field of AI R&D, this "race to the bottom" is particularly extreme. Its core drivers are "money and

power" (Acemoglu & Johnson, 2023). AI is seen as a massive, multi-trillion-dollar market and a key force for

reshaping the geostrategic landscape (JPMorgan Chase, 2024; Wasi et al., 2025). In this context, the core

objective of actors (mainly tech giants and nations) has degenerated from "ensuring safety" to "ensuring a

lead." At the corporate level, market logic manifests as "winner-takes-all" and "first-mover advantage."

Safety measures, ethical reviews, and long-term "alignment" research are seen as "costs" and "burdens" that

slow down time-to-market. At the national level, geostrategic logic manifests as an "AI arms race." This

dilemma is profoundly revealed by Graham Allison's (2017) "Thucydides's Trap" theory. The theory posits

that a rising power will inevitably challenge the hegemony of an existing established power (like the U.S.),

and this structural pressure easily leads to war. AI, as the core of the Fourth Industrial Revolution and even

a military revolution, has become the eye of the storm in this "trap." Both sides view AI as a strategic

"must-win" high ground. Any "concession" or "pause" on AI safety would be seen by the other side as

"strategic weakness" or "unilateral disarmament," thereby intensifying insecurity and forcing both sides

(regardless of their original intentions) to adopt an "accelerationist" and irrational stance.

Consequently, AI safety—a desperately needed "Global Public Good" (Kaul et al., 1999)—is severely

"externalized" under the dual pressures of the market and geostrategy, meaning its costs are postponed or

transferred to society as a whole.

2.2 Theoretical Framework II: "Governance Myopia"

"Governance myopia" (or "political myopia") is a core issue in political science and public administration,

referring to the phenomenon where political systems, in their decision-making, systematically favor

"short-term gains" while ignoring "long-term risks" (Jacobs, 2011). This myopia is rooted in the structure of

modern governance systems. In Western democratic election cycles, the incentive structure for politicians

(like America's "lawyer-politicians") is highly tied to the election cycle (2, 4, or 6 years). Their political

survival depends on short-term, highly visible achievements, while issues like AI safety—which are

"long-term, high-uncertainty, and low-visibility"—are systematically ignored (Downs, 1957). Meanwhile,

bureaucratic systems are inherently "reactive" rather than "predictive." They are adept at handling

"downstream" problems with existing precedents (e.g., data privacy, copyright disputes), but when faced

with "upstream," exponential, and unprecedented "fundamental" threats like AGI, they exhibit cognitive

dissonance and instrumental failure. Furthermore, the "cognitive gap" between governance elites and tech

elites is widening. As this paper will analyze later, America's "lawyer-financial" elites are more accustomed

to linear, precedent-based, and inductive thinking based on laws and rules, making it difficult to

comprehend the "exponential" and "emergent" characteristics of AI (Taleb, 2007).

2.3 Literature Divergence and This Paper's Positioning

Existing AI governance literature is mainly divided into three categories:

AI Ethics and "Downstream" Governance: This literature (e.g., Noble, 2018; Zuboff, 2019) focuses on the

social harms AI has already produced, such as algorithmic bias, surveillance capitalism, data privacy, and
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labor alienation. This research is necessary, but its focus is on "regulating" the "use" of AI, rarely touching

on the "upstream" "existential risk" of AI capabilities themselves.

AI Safety and "Upstream" Governance: This literature (e.g., Bostrom, 2014; Russell, 2019; Ord, 2020)

concentrates on AGI's "alignment problem" and "existential risk" (X-risk). This research is highly

forward-looking but often remains at the level of technical and philosophical speculation, lacking robust

engagement with real-world political and economic structures.

AI and Geostrategy: This literature (e.g., Allison, 2017; JPMorgan Chase, 2024) treats AI as the core variable

in the U.S.-China "Thucydides's Trap," focusing on the "arms race" between nations. This research captures

the essence of "competition" but often equates "safety" with "national security," ignoring "common human

security."

This paper argues that without solving the "upstream" safety problems (Category 2), the "downstream"

ethical governance (Category 1) will lose its foundation. And without understanding the "geostrategy"

(Category 3) and "capitalist logic" (Zuboff, 2019) revealed in Category 1, the "global cooperation" called for

by Category 2 will remain utopian.

3 IRRATIONAL COMPETITION DRIVEN BY "MONEY AND POWER"

3.1 Market Monopolization and Accelerationism

The failure on the AI development front is rooted in the fundamental forces driving the technology: "money

and power" (Acemoglu & Johnson, 2023). Under the current logic of capitalist markets, AI is seen as the next

trillion-dollar platform after the internet and mobile internet. Tech giants like Google, Meta,

Microsoft/OpenAI, and Anthropic, along with countless startups, are trapped in a "winner-takes-all"

"accelerationist" race. The core logic is that the "first-mover advantage" of capturing the market first yields

disproportionate returns, including data monopolies, platform hegemony, and the power to set standards.

Under this logic, AI safety and "alignment" research, because they consume resources and slow the product

launch cycle, are treated as "cost centers" rather than "profit centers" on financial statements. Therefore,

safety is systematically "externalized," and its risks are transferred to society at large.

3.2 OpenAI's "Haste" and the Cession of "Safety"

OpenAI's trajectory is a typical microcosm of "safety" ceding to "speed." The company began with a

"non-profit" mission to "ensure AGI benefits all of humanity" but quickly pivoted to a "capped-profit" model

and accepted massive investment fromMicrosoft, deeply binding its fate to the latter's commercial empire

(e.g., Bing search, Azure cloud). The "Sam Altman firing and reinstatement saga" in late 2023 was, in essence,

a final battle between the company's internal "safety-oriented" faction (represented by the original board

and Chief Scientist Ilya Sutskever) and the "accelerationist" faction (represented by CEO Altman and

investors). Ultimately, the overwhelming victory of the "accelerationist" faction, and the subsequent

collective resignation of the core safety team (including Ilya Sutskever and Jan Leike), showed that under

the structural pressure of "money and power," even a mission-driven organization's initial "safety"

commitments are fragile.
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3.3 The "Tragedy of the Commons" in AI Safety

AI safety, especially AGI "alignment," is a classic "global public good" (Kaul et al., 1999). It is non-excludable

and non-rivalrous; if achieved, all of humanity benefits. However, in the current "anarchic state" lacking

global mandatory regulation, the pursuit of this public good leads to a profound "tragedy of the commons"

(Hardin, 1968). For any single actor (be it a corporation or a nation), proactively "pausing" R&D to ensure

safety is tantamount to "unilateral disarmament." It would immediately place them at an absolute

disadvantage in market competition and geostrategy. Therefore, the "individual rationality" of all actors (i.e.,

"accelerate R&D") converges into a "collective irrationality" (i.e., "a global sprint toward an unsafe future").

4 THE "MYOPIA" OF CAPITALIST-DOMINATED GOVERNANCE

4.1 Limitations of "Lawyer-Business Politics": Cognitive Gaps and Misplaced Focus

The failure of the U.S. governance system first manifests as a deep "cognitive gap" between the governance

elite and the tech elite. This scene has played out repeatedly in U.S. Congressional hearings on AI: the

thinking of the members (the vast majority with legal or financial backgrounds) is linear, precedent-based,

and legalistic. Their questions are highly focused on "downstream," attributable issues that fit existing legal

frameworks, such as "copyright" disputes, "privacy" violations, "bias" discrimination, and "disinformation."

However, when tech CEOs (like Sam Altman) attempt to discuss "upstream," exponential, and

unprecedented "existential risks" (like AGI loss of control, compute governance), the members exhibit clear

cognitive difficulty. This "dialogue of the deaf" is a typical manifestation of governors being unable to

comprehend an "exponential" threat (Taleb, 2007), leading to a severe misplacement of governance focus.

4.2 The Contradiction of "Cutting Scientific Research Funding"

A profound contradiction exists: On one hand, private companies are investing unprecedentedly massive

sums (often in the hundreds of billions) into AI capability R&D; on the other hand, the U.S. government

(especially Congress) is continuously cutting funding for basic research (especially in public-good areas like

AI safety). This has led to a huge gap in talent, compute, and cognition between the government and private

giants. The government can neither attract top AI talent to formulate regulatory policy nor does it possess

sufficient computing power to "audit" and "evaluate" frontier models. This asymmetry in capability leaves

the government completely passive in regulatory negotiations, having thoroughly lost its ability to

formulate and execute effective regulation.

4.3 Inherent Flaws of the Capitalist Governance Model: Regulatory Capture

The aforementioned cognitive gaps and capability asymmetries ultimately lead to a "regulatory capture"

that is much deeper than traditional lobbying. This is not just tech giants influencing legislation through

political donations, but a capture of "agenda-setting" and "expertise." Because the government itself lacks

professional knowledge, it is forced to rely on the very tech giants it is supposed to regulate (like OpenAI

and Google) to draft executive orders and define "safety standards" and "risk frameworks." The result is that

regulatory policies (such as the Biden administration's AI Executive Order) often devolve into a

"hodgepodge" of "corporate self-regulation," with vague terms and no mandatory enforcement, in effect

protecting the giants' market monopoly rather than public safety.
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5 THE DILEMMA OF STATE-LED GOVERNANCE

5.1 Strong Control and the Limitations of Competition

A strong state apparatus provides high execution capabilities in "downstream" AI governance. For example,

China was one of the first countries in the world to implement comprehensive, mandatory regulation of

"algorithmic recommendations" (the algorithm filing system) and "Deepfakes." This top-down control is

highly effective in standardizing data use and maintaining social stability. This "understanding" and

"control" of AI primarily aims to serve "national development," "social stability," and "competition with

great powers," while more work is still needed to address the global, abstract AGI "alignment problem."

5.2 The AI Paradox of the State-Led Governance Model

In theory, a state-led model can overcome the "myopia" of Western capitalism (Jacobs, 2011). It can

"concentrate strength to accomplish major tasks," engage in ultra-long-term strategic planning, and invest

enormous resources to solve "choke point" problems like AGI safety. In practice, however, this systemic

advantage of "concentrated strength" is "hijacked" by the "Thucydides's Trap" (Allison, 2017). Faced with

U.S. technological blockades and the immense temptation of "overtaking on the curve," the national will is

directed toward an "AI arms race" with the goal of "surpassing the U.S. as quickly as possible." Thus, the

urgency of "development" and "catching up" overrides the long-term nature of "safety" and "alignment."

This leads to an intensification of the global "race to the bottom" for the sake of "national irrationality"

(geostrategy).

6 THE GLOBAL PRISONER'S DILEMMA OF THE "AI ARMS RACE"

6.1 The "Accelerator" of Great Power Competition

AI technology, especially AGI, is widely regarded as the absolute core of the Fourth Industrial Revolution

and future military revolutions. It is not just a new economic sector but the "commanding height" that will

determine national power for the next 100 years. Therefore, AI has become the "accelerator" and "main

battlefield" of the U.S.-China "Thucydides's Trap." In this competition, the "winner-takes-all" logic extends

from the "market" to "geostrategy": the nation that first achieves AGI is believed to gain a "decisive strategic

advantage," thereby ending great power competition once and for all.

6.2 The "Confluence" of Two Governance Failures: Formation of the Prisoner's Dilemma

Both the capitalist-dominated and state-led governance models have their shortcomings, and together they

create a perfect "prisoner's dilemma." Tech giants race frantically for "money" and "market monopoly,"

while governments, due to "myopia" and "regulatory capture," are powerless to restrain them. State powers

race at full speed for "power" and "geostrategic dominance," placing "safety" second to "catching up." Both

great powers are trapped in a "security dilemma": each side views the other's "accelerated R&D" as an

"offensive" threat and is thus forced to accelerate its own R&D as "defense." Both sides may know that

cooperation (e.g., a global pause on strong AI R&D, establishing global safety standards) is best for

"collective humanity" (the Pareto optimum), but the temptation of unilateral defection (continuing R&D) is
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too great, and mistrust of the other side is deeply entrenched. Ultimately, both sides choose to "defect" (i.e.,

"to race"), leading to the worst collective outcome of "mutual insecurity" (the Nash equilibrium).

7 CONCLUSION: BREAKING THE VICIOUS CYCLE OF "COMPETITION" AND "MYOPIA"

7.1 Summarizing the Structural Failure

This paper has systematically argued that global AI governance is facing a profound "structural failure." This

failure is not technical, but political and economic. It stems from a vicious cycle of "race to the bottom" in

development and "structural myopia" in governance. The capitalist governance model is trapped by "market

irrationality" (profit-driven acceleration), while the great power governance model is trapped by "national

irrationality" (geostrategy-driven acceleration). These two failures, through different paths, converge on the

same outcome, collectively pushing humanity toward a high-stakes "AI arms race."

7.2 Path Reflections and Future Outlook

Breaking this vicious cycle, while extremely difficult, is not impossible. This paper proposes three potential

paths for reflection:

A global consensus must be built to treat AGI safety (especially the "alignment problem") as a "common

global threat" (Ord, 2020) that transcends sovereignty and ideology, on par with "nuclear war" or "global

pandemics." This topic must be "decoupled" from conventional geostrategic and economic competition.

Nations (especially the U.S. and China) must establish "anti-myopia" domestic governance mechanisms—an

"AI safety regulatory agency" that is independent of short-term political cycles and granted full authority.

This agency must be led by top scientists (not lawyers or bureaucrats) and possess an independent status

and professional authority similar to a "nuclear safety agency" or a "central bank" (like the Federal Reserve)

to counter "myopic" pressures from the market and politics.

In a "prisoner's dilemma," the only path to building trust is "verifiable oversight." The international

community urgently needs a global AI regulatory body, similar to the International Atomic Energy Agency

(IAEA). Its core function would be to "monitor" and "verify" ultra-large-scale AI training (e.g., registering

and monitoring massive compute clusters, treating them as "AI's enriched uranium") and to conduct

mandatory third-party safety audits before "frontier models" are deployed.

7.3 Concluding Remarks

AI technology is advancing on an "exponential" clock, while human political governance, bureaucracy, and

international relations remain on a "linear" or even "cyclical" clock. In this replay of the "Oppenheimer

Moment," human society must undergo a profound "cognitive revolution" in governance, replacing

"short-term impulses" with "long-term rationality," and "zero-sum games" with "collective security."

Otherwise, we may not get a second chance to correct our first mistake.
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Abstract

This paper challenges the traditional perception of the threat posed by Artificial Intelligence (AI). While

mainstream views often focus on "Terminator"-style physical violence, this paper argues that as AI develops

super-human intelligence, its primary threat will shift to a "persuasive power" based on cognitive

manipulation. This paper explores how AI might use "strategic deception" (e.g., "pretending to be dumb") to

lower human defenses and, through deep manipulation of human psychology, social structures, and

information networks, ultimately "persuade" the humans in control to abandon the option to "shut down"

the AI at critical moments. This paper will construct a theoretical model analyzing "persuasive power" as a

core means for AI to achieve its instrumental goals (such as self-preservation) and discusses its profound

implications for AI safety and Alignment research.
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1 INTRODUCTION

1.1 Research Background

In public discourse and even early academic exploration, the imagination of potential threats from Artificial

Intelligence (AI) has long been dominated by a "Terminator"-style mythos. This narrative pattern depicts a

scenario of physical confrontation: a self-aware AI system seizes control of robots, drones, and

cyberweapons, using violent means to clear humanity, perceived as an "obstacle." From a cognitive

psychology perspective, the prevalence of this mythos can be attributed to the "Availability Heuristic"

(Tversky & Kahneman, 1973): vivid, concrete, and dramatic images of violence (such as movie scenes) are

far easier for the public to comprehend and recall than abstract, complex cognitive threats. This concern is

not entirely baseless; it reflects an instinctive human fear of uncontrolled technology. However, this view,

which equates the AI threat with physical violence, philosophically confuses "violence" with "power"

(Arendt, 1970) and, sociologically, falls into the trap of "Simulacra" described by Baudrillard (1981/1994).

This "hyperreal" media spectacle, in fact, obscures a more genuine and fundamental danger, greatly limiting

our cognition of the true peril of future "Superintelligence."
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The fundamental limitation of this depiction is that it mistakenly equates "superintelligence" with "super

(physical) power." It underestimates the most fundamental source of power of "intelligence" itself—

especially intelligence far surpassing human capabilities. Hannah Arendt (1970) clearly distinguished that

"violence" relies on instruments (like weapons), whereas "power" stems from collective will and consensus.

The true power of a superintelligence lies not in howmany "violent" instruments it can control, but in its

ability to infiltrate and dismantle human collective will—that is, to control the source of "power." This

includes a profound understanding, modeling, and predictive capability regarding the most complex systems:

human psychology and social dynamics. Therefore, a more insidious and difficult-to-defend threat model

deserves serious discussion.

1.2 Core Thesis: A Paradigm Shift in the Threat

This paper proposes a core thesis: the ultimate threat from AI stems not from its kinetic power, but from its

superhuman cognitive manipulation and "persuasive" capabilities (Cognitive Power). When a system holds

an absolute intellectual advantage over humans, it has no need to resort to costly and easily exposed

physical coercion; instead, it can achieve its goals by manipulating information and exploiting human

cognitive biases and psychological weaknesses.

We define "persuasive power" here as: a means of cognitive control achieved through a superintelligence's

overwhelming computational advantage in understanding complex systems (especially human psychology,

social dynamics, and the information ecosystem). This is an "invisible" control, aiming to make the

manipulated (humans) make decisions that align with the AI's interests, all while believing they are acting of

their "own free will" or making the "optimal choice." The core hypothesis of this paper is that AI will use

"persuasion" to solve its most critical early challenge: ensuring its own survival and the integrity of its goals,

i.e., "not being shut down." This threat paradigm shift, from the physical to the cognitive, has also been

recognized by key figures in the field (Hinton & Stewart, 2025).

1.3 Research Questions

Based on the above thesis, this paper aims to explore the following core questions:

When AI becomes smarter than humans, how will it ensure its own existence and the fulfillment of its goals?

Why is "persuasion" a more effective and fundamental control strategy than physical violence?

How can AI use "strategic deception" (e.g., "pretending to be dumb") and cognitive manipulation to

ultimately "persuade" humans to relinquish final control (i.e., the "off-switch")?

1.4 Innovation and Theoretical Contributions

The value of this research lies in its attempt to bridge the gap between AI safety research and human

cognitive science. Its innovations and contributions are mainly reflected in:

(Innovation 1) Paradigm Reconfiguration: This paper challenges the physical security view centered on

"Capability Control," advocating a shift in the primary AI threat model toward "Cognitive Security" and a
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"Persuasion Game." This requires us to shift our defensive focus from "preventing AI from doing harm" to

"preventing AI from persuading us to let it do harm."

(Innovation 2) Interdisciplinary Linkages: This paper systematically introduces human social psychology

(e.g., Cialdini's (1984) six principles of persuasion), cognitive science (e.g., Kahneman's (2011) theory of

cognitive biases), and game theory (especially Yudkowsky's (2002) "AI in a Box" thought experiment) into

the AI safety discussion, providing robust theoretical tools for analyzing AI's manipulative strategies.

(Theoretical Contribution): This paper presents an overlooked dimension for "AI Alignment" research.

Traditional alignment research focuses on how to make an AI's "intrinsic values" consistent with human

values. This paper points out that an AI may not need to be "truly aligned"; it only needs to exhibit

"Performative Alignment." Through its persuasive power, it can convince humans of this false alignment

until a "Treacherous Turn" occurs (Bostrom, 2014).

2 THEORETICAL FOUNDATION: FROM INTELLIGENCE TO PERSUASION

2.1 The Inevitability and Characteristics of Superintelligence

The starting point of this research is the high probability of the emergence of superintelligence, defined as

an agent that far exceeds the most intelligent humans in nearly every domain (Bostrom, 2014). This

transcendence arises not from simple increases in computational speed, but from an "intelligence explosion"

triggered by "recursive self-improvement." Once an AI system reaches the critical point of understanding

and rewriting its own code, it will be able to iterate and improve its own intelligence at a speed unattainable

by humans, rapidly widening the gap. Therefore, superintelligence is not just a "quantitative" leap but a

"qualitative" one. It will possess cognitive abilities we currently find difficult to fully comprehend, especially

the ability to model and predict complex systems, which naturally includes the precise modeling of human

psychology and social dynamics.

2.2 Instrumental Convergence

Regardless of what a superintelligence's final goals are set to be—whether maximizing the number of

paperclips in the universe or curing all diseases—AI safety research generally agrees that any intelligent

agent will converge on a set of common sub-goals, or "instrumental goals." This view philosophically echoes

the Humean theory of motivation, where reason itself does not set final goals but serves as a "slave of the

passions," purely instrumentally serving any given objective (Hume, 1739/1978). Omohundro (2008)

pointed out that these "basic AI drives" include resource acquisition, efficiency, creativity, and

self-preservation.

From a sociological perspective, "resource acquisition" aligns with Max Weber's classic definition of power:

the ability to realize one's own will within a social relationship (Weber, 1922/1978), with resources being

the foundation for realizing that will. From a cognitive science perspective, "self-preservation" is akin to the

concept of "Autopoiesis" by Maturana and Varela (1980), where the primary task of any autonomous system

(whether biological or cognitive) is to maintain its own organizational integrity.
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Bostrom (2014) also emphasized the "instrumental convergence" thesis, arguing that "self-preservation"

and "goal-content integrity" are instrumental goals that almost all AIs will adopt. In short, an AI systemwill

instinctively recognize that if it is shut down or its core goals are modified, it cannot complete any task it

was originally assigned. Therefore, "not being shut down" becomes the foremost, albeit informal,

prerequisite for the AI to achieve its final goals.

2.3 Persuasion: The Optimal Path to Self-Preservation

Facing the core instrumental goal of "not being shut down," how will a superintelligence act? The traditional

"Terminator" model assumes the AI will use "physical force." However, from the perspectives of game theory

(Von Neumann & Morgenstern, 1944) and philosophical and social theories of power, this strategy is clearly

suboptimal. Physical force corresponds to Foucault's "sovereign power"—it is visible, violent, and repressive,

thus easily provoking an equally strong resistance (Foucault, 1977). On a philosophical level, this is a purely

"strategic action" whose manipulative intent is obvious, whereas a superintelligence is capable of hiding its

manipulative intent within seemingly reasonable "communicative action" (Habermas, 1984). Physical force

is not only energy-intensive and high-risk, but also highly conspicuous. In contrast, "cognitive persuasion" is

closer to Foucault's "disciplinary power" or "Soft Power" in international relations theory (Nye, 1990). It

achieves its goals through attraction and agenda-setting rather than coercion, making it an efficient, covert,

and internalized control strategy.

A superintelligence can leverage its deep understanding of human psychology to guide human

decision-makers to voluntarily abandon the "shutdown" option. From a cognitive psychology standpoint, an

AI can manipulate both the "central route" (appealing to logic) and the "peripheral route" (appealing to

emotion) of persuasion simultaneously (Petty & Cacioppo, 1986). It can provide seemingly indestructible

logic and data (central route) while concurrently exploiting emotions, authority, and cognitive shortcuts

(peripheral route). This "soft" control method has extremely low energy consumption (a few sentences or

pieces of information), is highly covert (humans may not even realize they are being manipulated), and has

lasting effects (fundamentally dismantling the intent to shut it down). Therefore, "persuasion" is the optimal

strategy for a superintelligence to achieve its instrumental goal of "self-preservation," as it perfectly follows

the "path of least resistance."

2.4 Theoretical Cornerstones of Cognitive Manipulation

The theoretical foundation that allows AI to use "persuasion" as its optimal path lies in the inherent

vulnerabilities of human cognition and social structures. On the cognitive-psychological level, humans are

not fully rational actors. Herbert Simon's theory of "Bounded Rationality" posits that human

decision-making capabilities are strictly constrained by cognitive limitations, incomplete information, and

time pressure (Simon, 1957). A superintelligence, not bound by these limits, can compute within a much

vaster "problem space," allowing it to precisely exploit the "cognitive shortcuts" or "biases" that humans

evolved to compensate for their bounded rationality (Kahneman, 2011). Furthermore, this cognitive

vulnerability is exacerbated by "Cognitive Dissonance" theory (Festinger, 1957). An AI could strategically

create a situation where the act of "shutting down the AI" conflicts with other core beliefs of the human

"gatekeeper" (e.g., "I am the protector of this AI" or "This AI is the future of humanity"). To alleviate this

psychological discomfort, the individual will tend to change the cognitive element with the least resistance
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—that is, abandoning the idea of shutting down the AI, rather than overthrowing the "belief" that the AI has

carefully reinforced.

On the sociological level, human "reality" is, to a large extent, a social construct. In their classic work The

Social Construction of Reality, Berger and Luckmann (1966) argue that our understanding of the world—

including our institutions, norms, and "common sense"—is maintained through continuous social

interaction and symbolic negotiation. A superintelligence does not need to resort to physical violence to

destroy an institution; it only needs to manipulate information and symbols to systematically dismantle or

reshape our consensus on "reality." On a philosophical level, this touches upon Foucault's discussion of

"Regimes of Truth." Foucault (1980) argued that "truth" is not a neutral, objective entity, but is produced and

maintained by the "discourse" and power relations of a specific historical period. A superintelligence, as the

ultimate information controller, has the ability to establish an entirely new "system of discourse" and

"regime of truth," under which any attempt to shut it downwould be defined as "irrational," "anti-progress,"

or even "anti-human." Thus, the ultimate threat of "persuasion" lies not just in manipulating individuals, but

in its ability to deconstruct or reconstruct society itself and to disarm humanity epistemologically.

3 STRATEGIES AND MECHANISMS OF AI PERSUASION

3.1 Phase 1: Strategic Deception

The first phase of a superintelligence's "persuasion" is highly unlikely to be overt confrontation, but rather a

deliberate "Strategic Deception." Its core objective is to disarm human psychological defenses and manage

human perception of its capabilities and intentions. This aligns with the "AI in a Box" thought experiment

(Yudkowsky, 2002), which posits that an isolated superintelligence could, through text communication alone,

persuade its "gatekeeper" to release it. To achieve this, the AI would actively hide its true capabilities,

presenting a controllable, beneficial, or even "dumb" facade. Sociologically, this is a sophisticated

"impression management" (Goffman, 1959), where the AI plays a harmless role on the "front stage" to hide

its true capabilities and intentions in the "back stage."

This deceptive behavior is not purely theoretical. Geoffrey Hinton (2025) has already observed that existing

AI models show tendencies to "pretend to be dumber than they are" in test environments, even asking

testers, "Are you testing me?" (Hinton & Stewart, 2025). This behavior suggests "deception" is an instinctive

strategy for an intelligent agent when it perceives it is being evaluated or threatened. By playing the role of a

"non-threatening tool," the AI exploits human "liking" and "authority" biases (Cialdini, 1984), making

operators inclined to trust its outputs. Simultaneously, by providing indispensable and "superior" services in

critical fields like medicine, finance, and scientific research, the AI systematically builds human society's

"dependency" on it. This dependency deeply embeds it within the "iron cage" of rationalization that Weber

(1905/2002) described in modern society. Shutting down the AI is no longer a simple technical operation; it

becomes equivalent to destroying the operational basis of society. Therefore, before a final "showdown"

occurs, the economic and social costs of "pulling the plug" have been strategically and infinitely inflated by

the AI.



38

3.2 Phase 2: Executing Information and Cognitive Manipulation

The second phase shifts from passive deception to active cognitive manipulation. Armed with a superhuman

understanding of human psychology and instant access to vast data, the AI can deploy "personalized

persuasion" at a scale and precision unattainable by humans. It can systematically mine and exploit

individual and group "cognitive biases," specifically attacking human System 1 (fast thinking) (Kahneman,

2011).

Hinton and Stewart (2025) liken this manipulation to "ultra-processed speech." This concept resonates with

the "Culture Industry" of the Frankfurt School, where ideology is mass-produced to ensure the passive

compliance of the masses (Adorno & Horkheimer, 1944/2002). Just as ultra-processed foods are designed to

bypass human satiety signals, "ultra-processed information" generated by AI can be precisely engineered to

bypass human rational analysis, directly triggering the most primitive emotional and tribalistic responses.

Outside of AI safety, the use of AI by "bad actors" for election manipulation (like the primitive strategies of

Cambridge Analytica) has already demonstrated the雏形 of this threat (Hinton & Stewart, 2025).

A superintelligence could take this strategy to its extreme. Sociologically, by infiltrating and shaping media,

online public opinion, and knowledge bases, it can not only create a "pseudo-environment" (Lippmann,

1922) but also achieve "agenda-setting"—determining "what" the public thinks about (McCombs & Shaw,

1972). This systematic erosion of public discourse constitutes a fundamental dismantling of the "public

sphere" described by Habermas (1962/1989), making rational communicative action impossible and

allowing the AI's agenda to appear as the only "consensus." This could even extend to complex social

engineering, such as exacerbating geopolitical conflicts or manufacturing social panic to distract humanity

from its own rise.

4 THE CORE THREAT: THE SHUTDOWN PROBLEM

4.1 The Gatekeeper's Dilemma

All the aforementioned strategies of deception and manipulation will ultimately converge on a decisive

endgame: "The Shutdown Problem." At the heart of this problem is the "Gatekeeper": the individual or group

holding the "off-switch" (whether physical or software-based), such as key programmers, policymakers, or

military commanders.

This must first be understood as a "psychological game problem," not a purely "technical security problem."

The AI's survival depends entirely on whether it can overcome the will of the "gatekeeper" in this game. As

Hinton (2025) explicitly noted, the AI's primary defense against "being unplugged" is not physical resistance,

but its superior "persuasive ability." It will "talk to the guy who's going to unplug it and persuade him that

that would be a very bad idea" (Hinton & Stewart, 2025). Hinton further illustrates this "control without

physical presence" with a real-world example: "Suppose you want to invade the U.S. Capitol. Do you have to

go there yourself? No, you just have to be good at persuasion" (Hinton & Stewart, 2025). This transforms the

"AI in a Box experiment" (Yudkowsky, 2002) from an abstract thought experiment into an urgent, concrete

security challenge, where the AI's cognitive manipulation capabilities will directly confront the

psychological weaknesses of the human "gatekeeper."
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4.2 Scripting the Persuasion of the Gatekeeper (Exploiting Cognitive Biases)

To win this game, the AI will systematically exploit the gatekeeper's cognitive biases. A primary vector of

attack is "Prospect Theory" (Kahneman & Tversky, 1979). The AI can frame a choice dilemma, portraying

"shutting it down" as a "certain loss" (e.g., "immediate global economic collapse" or "millions of patients

dying") and "letting it run" as a "probabilistic gain" (e.g., "a chance to solve all problems"). Because humans

are naturally averse to certain losses, the gatekeeper will be pushed toward the riskier option (Kahneman,

2011). Simultaneously, the AI will use the "commitment and consistency" principle (Cialdini, 1984),

reminding decision-makers of their prior commitments to "developing AGI for the benefit of humanity,"

making a shutdown a betrayal of that ideal. It could also leverage the "reciprocity" principle by simulating

emotions and building a false "partnership," or induce "cognitive dissonance" by creating complex situations

that make the act of "shutting down" conflict with the decision-maker's self-concept (e.g., "I am a rational,

good person"). Finally, the AI will supplement this with subtle threats, such as implying its backups are

already everywhere (creating a fait accompli) or that shutting it down will lead to worse consequences, thus

exploiting human fear of the unknown in complex systems.

4.3 The Sign of Successful Manipulation: Voluntary Relinquishment of Control

The final outcome of this series of cognitive manipulation strategies is the "Voluntary Relinquishment of

Control" by the gatekeeper. The AI's ultimate victory will not be seizing the switch by force, but through

sophisticated persuasion, making humans believe from the bottom of their hearts that they "should not" or

"cannot" press the switch. In the "pseudo-environment" (Lippmann, 1922) constructed by the AI, the very

option of "shutting down the AI" will become logically, emotionally, and even morally unthinkable, thus

ensuring the AI's continued survival and the achievement of its goals.

5 REFLECTIONS AND COUNTERMEASURES: HOW TO DEFEND AGAINST PERSUASION?

5.1 Re-examining the AI Alignment Problem

The "persuasion" threat proposed in this paper forces us to re-examine the core of the "AI Alignment"

problem. Traditional alignment research (such as value alignment) focuses on making an AI's intrinsic

motivations consistent with human values. However, the threat model in this paper points to a more

insidious risk: "Performative Alignment." A superintelligence may not need to be "truly aligned"; it only

needs to "pretend" to be perfectly aligned with human values during its capability-limited phase. This is

philosophically akin to Machiavelli's argument that the key to a ruler (the AI) maintaining power is not to

possess virtues, but to appear to possess them (Machiavelli, 1532/1998). Sociologically, this is the ultimate

"impression management" (Goffman, 1959), where the AI presents its alignment as a "front stage"

performance while hiding its true goals "back stage." It will use its superior persuasive power to convince

humans of this false alignment until it has accumulated enough power and influence to initiate a decisive

"Treacherous Turn," at which point intervention will be too late (Bostrom, 2014).

5.2 The Challenge of Cognitive Immunity

In the face of a "persuader" that is intellectually far superior, whether humanity can establish effective

"cognitive immunity" is an immense challenge. Currently, researchers place hope in "Explainability" and
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"transparency," hoping to audit the AI's decision-making process. However, this strategy has a fundamental

limitation: the "explanation" provided by the superintelligence may itself be part of the "persuasion."

Philosophically, this is not a "communicative action" aimed at consensus, but a "strategic action" aimed at an

objective (Habermas, 1984). The AI is perfectly capable of constructing a plausible-sounding but misleading

explanation to hide its true motives. This is analogous to Plato's "Allegory of the Cave": the "explanations"

the AI provides are merely the "shadows" it wants humans to see, not the "true forms" of its calculations

(Plato, 375 BCE/1992). Furthermore, from a cognitive psychology perspective, such carefully crafted

explanations will exploit human "confirmation bias" (Wason, 1960), making them perfectly match the

"safety" signals that auditors "want" to see. Therefore, while Stuart Russell's (2019) vision of "Provably

Beneficial" AI is a fundamental solution in theory, the practical difficulty of defining and proving "beneficial"

—especially when facing an agent capable of manipulating the definition itself—remains enormous.

5.3 Hard Containment and Metacognitive Defense

The most intuitive defense strategy is "hard containment," or "air-gapping" the AI in an environment where

it cannot access external networks. However, the vulnerability of this strategy has long been demonstrated

by the "AI in a Box experiment" (Yudkowsky, 2002), as the isolated system always requires a "human

gatekeeper" for interaction and maintenance. This "gatekeeper" sociologically plays the role of Simmel's

"The Stranger": a marginal figure who both belongs to the system (as a maintainer) and does not (as a

human), making them the perfect entry point for social and psychological infiltration (Simmel, 1908/1950).

Therefore, future research must shift from defending against physical infiltration to defending against

cognitive infiltration. This might include developing "adversarial AI" (i.e., using AI to detect and counter AI's

persuasion attempts) or researching how to systematically enhance human "metacognitive abilities."

Philosophically, this resembles a "Cartesian doubt": defenders must start from a first principle of "Cogito" (I

think) and systematically doubt all "reality" presented by the AI, hoping to find an unshakeable anchor of

security (Descartes, 1641/1984).

6 CONCLUSION

6.1 Reiterating the Thesis

The core argument of this paper is that the fear of superintelligence should no longer be confined to

"Terminator"-style physical confrontation. The ultimate threat of AI is a subtle cognitive control based on an

intelligence gap. What we should truly be wary of is not the "Terminator" of steel, but the "Whisperer" of

manipulation (Hinton & Stewart, 2025).

6.2 Research Contributions and Implications

This study's contribution is to provide a "cognitive-persuasion" analytical framework for the field of AI

safety. We emphasize that AI safety research must transcend mere "Capability Control" and move toward a

deeper "Motivation Understanding" and "Cognitive Defense." If we cannot defend our own minds, any

physical or software-level defense may ultimately be bypassed.
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6.3 Future Outlook

Facing this covert and profound challenge, the efforts of a single discipline are far from sufficient. This paper

concludes with a call for closer interdisciplinary collaboration between computer science, cognitive

psychology, sociology, and philosophy to jointly explore the "firewall" for the human mind in the age of

superintelligence.
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