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Summary 

 

Artificial intelligence is advancing through rapid, iterative development cycles, yet most alignment 

approaches still treat safety as an external constraint to be satisfied post hoc. We propose a 

Darwinian framework for evolutionary AI alignment in which the dominant fitness criterion is 

“survival of the most human-friendly”, a deliberate reorientation of the selection pressures that 

determine which systems are deployed, copied, extended, and scaled. In this framing, AI models, 

architectures, and deployment practices form a population subject to selection; differential 

propagation and environmental consistency ensure that systems demonstrating higher human-

friendliness preferentially survive and reproduce, while less aligned systems are deprecated or 

constrained. Human-friendliness is operationalized as a multi-objective fitness landscape spanning 

safety/robustness, value alignment, transparency/interpretability, contextual appropriateness, and 

long-term beneficial impact. To prevent alignment from eroding under retraining, fine-tuning, 

distributional shift, or adversarial pressure, we introduce the concept of AI DNA: a protected core 

memory workspace encoding constitutional principles at the architectural level, designed to 

remain functionally accessible while resisting override or corruption. The framework generalizes 

across AI modalities (language, vision, robotics, and autonomous decision systems) and highlights 

relational intelligence such as cooperation, trust, and social integration, as an evolutionary 

advantage for safe, scalable deployment in human contexts. While the paper focuses primarily on 

conceptual and architectural principles for AI alignment, broader institutional implications, 

including education, are discussed as downstream consequences rather than primary technical 

claims. Finally, we argue that the “selection environment” includes human institutions, particularly 
education, and that sustaining aligned AI evolution requires parallel cultivation of human agency, 

critical thinking, and ethical discernment.  
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Introduction 

 

The accelerating development of artificial intelligence systems has generated substantial concern 

across research, industry, and policy regarding their alignment with human values and interests, 

(Russell, 2019; Bostrom & Yudkowsky, 2014). As AI capabilities expand across domains from 

natural language processing to computer vision, robotics, and autonomous decision-making, 

ensuring these systems remain beneficial to humanity has emerged as one of the most critical 

challenges in computer science and ethics (Amodei et al., 2016). The remarkable progress in AI 

capabilities, exemplified by large language models (Brown et al., 2020; OpenAI, 2024), 

sophisticated vision systems, (He et al., 2016; Esteva et al., 2017), and increasingly autonomous 

agents, has outpaced the development of robust methods for ensuring these systems reliably 

pursue objectives consistent with human wellbeing. 

 

Traditional approaches to AI alignment typically employ post-hoc safety measures including reward 

function engineering, (Ng & Russell, 2000), reinforcement learning from human feedback, 

(Christiano et al., 2017), constitutional constraints, (Anthropic, 2024), and external oversight 

mechanisms. While these methods have demonstrated value in improving system behavior and 

reducing harmful outputs, they share a common limitation in that they primarily treat alignment as 

an engineering problem to be solved through careful design rather than as a fundamental property 

intrinsic to AI architecture. This paradigm positions alignment as an additional constraint or 

objective to be balanced against capability metrics, creating potential trade-offs where alignment 

considerations may be sacrificed for performance gains. 

 

This paper presents an alternative paradigm inspired by Darwinian evolutionary theory (Darwin, 

1859). We propose that artificial intelligence development can be reconceptualized as an 

evolutionary process subject to selection pressures, where the fundamental criterion for survival 

and propagation should be human friendliness. By encoding this principle as an architecturally 

persistent "AI DNA" within core memory workspaces, we suggest a mechanism for ensuring that AI 

systems evolve in directions consonant with human flourishing. These reframing transforms 

alignment from an external constraint to an intrinsic property subject to evolutionary optimization, 

potentially resolving tensions between capability and safety by making human-friendliness itself 

the primary fitness criterion, (Dobson and Meijer, 2025 a; b; c, Dobson et al.,2025). 

 

The following clarification is descriptive rather than normative: it addresses how evolutionary 
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fitness is understood in contemporary biology, not what ought to be valued. For more than a 

century, the phrase "survival of the fittest" has dominated popular interpretations of evolution, 

often suggesting a model of relentless competition. Contemporary evolutionary biology, however, 

has long rejected this oversimplification. While natural selection does involve competition, it also 

systematically favors cooperation, mutualism, and integration where these strategies enhance 

resilience and adaptive success. Extensive theoretical and empirical research shows that 

cooperative strategies can be evolutionarily stable through mechanisms such as kin selection, 

reciprocity, group selection, and symbiosis. Many major evolutionary transitions - such as the 

emergence of eukaryotic cells, multicellularity, and complex social organization - are best 

understood not as competitive victories, but as processes of functional integration. 

 

A canonical example is endosymbiosis: the incorporation of once-independent bacteria as 

mitochondria and chloroplasts within eukaryotic cells. This integration produced organisms with 

greater metabolic efficiency and adaptive capacity than their isolated predecessors. More broadly, 

modern biology increasingly treats organisms as holobionts - systems composed of hosts and 

symbiotic partners whose collective interactions shape survival and reproduction. From this 

perspective, fitness includes the capacity to form stable cooperative relationships, integrate into 

larger systems, and sustain functional compatibility across environments. Selection therefore often 

favors traits that support coordination, trust, and mutual dependence when these traits enhance 

long-term viability, (Meijer, 2012;2018;2020;2023;2025). This biological clarification is relevant 

today because AI systems are deployed in social environments where cooperative integration 

becomes a determinant of long-term viability. With this broader understanding of fitness in mind, 

we now turn to the formal mechanisms of Darwinian evolution and their relevance for artificial 

selection. 

 

1.1 Darwinian Evolution and Artificial Selection 

Darwin's theory of natural selection revolutionized biology by demonstrating how complex 

adaptations emerge through three simple mechanisms: variation within populations, heredity of 

traits, and differential reproductive success based on fitness, (Darwin, 1859). Importantly, natural 

selection is not teleological in nature - fitness is determined by environmental dependence, and 

evolution has no predetermined endpoint. Organisms that happen to possess traits conferring 

reproductive advantages in their current environment are more likely to pass those traits to 

subsequent generations, gradually shaping populations over time without any guiding purpose or 

final goal. 

 

Artificial selection, wherein humans deliberately choose which traits to propagate, has shaped 

domestic species for millennia, (Diamond, 2002). From the domestication of animals to the 

cultivation of agricultural crops, humans have demonstrated the power of deliberately directing 

evolutionary processes toward desired outcomes. Modern evolutionary computation extends 

these principles to algorithm design, (Holland, 1992; Eiben & Smith, 2015), demonstrating that 
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artificial selection pressures can produce sophisticated solutions to complex problems through 

iterative variation, evaluation, and selection processes operating on populations of candidate 

solutions. These same principles - variation, selection, and environmental dependence - also 

structure artificial selection processes in computational systems, where design choices implicitly 

define, what traits are allowed to propagate, (Fig.1). 

 

 

Figure 1 AI Evolution in a Darwin-like Framework: “Illustrating” ‘Survival of the Most Human-

friendly’ as a selection criterion mediated by a persistent internal core ‘AI DNA’, encoding 

alignment-relevant architectural commitments; the diagram is schematic and intended to illustrate 

functional relationships rather than a specific implementation. 

 

1.2 Current Selection Pressures in AI Development 

Artificial intelligence systems already undergo de facto selection, though this selection often 

occurs implicitly rather than through deliberate design. Models demonstrating superior 

performance on benchmarks receive greater attention, funding, and deployment, increasing their 

likelihood of becoming architectural baselines, (Krizhevsky et al., 2012). Effective architectures are 

iterated upon and refined through successive research efforts, while unsuccessful approaches are 

abandoned. Training methodologies that reliably produce high-performing systems achieve 

widespread adoption across research laboratories and companies. The infrastructure of 

conferences, journals, benchmark datasets, and funding mechanisms creates a selection 

environment shaping which AI research directions flourish and which wither. In evolutionary 

terms, this environment defines an implicit fitness landscape (Wright, 1932) in which short-term 

performance improvements are disproportionately rewarded. 
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However, current selection environments prioritize narrow performance metrics including accuracy 

on datasets, computational efficiency, and capability on specific tasks, often without systematically 

favoring human-friendliness. Commercial incentives and technical benchmarks largely determine 

which AI systems proliferate, creating selection pressures that are only weakly coupled to 

alignment objectives. The competitive dynamics of AI development, driven by desires to achieve 

state-of-the-art performance, capture market share, or publish prestigious research results, can 

create evolutionary pressures favoring rapid capability gains over careful attention to safety and 

alignment. Absent deliberate shaping of selection environments, such selection dynamics risk 

entrenching architectures optimized for capability while leaving alignment as a secondary or 

corrective concern. 

 

1.3 Research Contribution 

This paper makes five primary contributions to AI alignment research.  

First, we formalize "survival of the most human-friendly" as a selection principle for AI 

development, operationalizing human-friendliness across multiple dimensions including safety and 

robustness, value alignment, transparency and interpretability, contextual appropriateness, and 

long-term beneficial impact. This operationalization provides a structured basis for evaluating 

optimization targets in AI development beyond capability metrics alone. 

 

Second, we introduce the concept of "AI DNA," defined as architecturally persistent commitments 

encoded in core memory workspaces that persist across training and deployment. These 

commitments are designed to resist erosion under optimization pressure rather than to imply 

absolute invariance. This concept provides a technical framework for implementing alignment 

principles at a fundamental level where they are designed to significantly resist override or 

circumvention, learned behavior, or adversarial manipulation (Madry et al., 2017; Goodfellow et 

al., 2014). The AI DNA represents a novel approach to embedding alignment deeply within system 

architecture rather than implementing it through external constraints or training objectives alone. 

 

Third, we demonstrate how this framework applies across diverse AI modalities, from language 

models (Brown et al., 2020) to embodied systems (Siciliano & Khatib, 2016). By showing that 

evolutionary alignment principles can guide development across the spectrum of AI applications, 

each with their specific technical requirements and human-friendliness considerations, we 

demonstrate the framework's applicability across diverse AI modalities with differing technical and 

alignment constraints. 

 

Fourth, we identify implementation pathways through existing and novel technical approaches 

including constitutional AI extensions, (Anthropic, 2024), adversarial robustness training (Madry et 

al., 2017), multi-objective optimization, (Deb et al., 2002), and formal verification methods, 

(Clarke et al., 2018; Katz et al., 2017). These pathways outline how abstract evolutionary principles 

may be translated into engineering practice. 
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Fifth, we analyze ethical implications, challenges, and requirements for effective deployment of 

this framework, (Gabriel, 2020; Moore, 1903). We situate the technical framework within broader 

social and ethical contexts - including value pluralism and long-term value change - relevant to 

responsible AI development. The remainder of this paper systematically develops these 

contributions, treating AI development as an evolutionary process whose selection pressures can 

be deliberately shaped. 

 

2. Related Work on AI Evolution and Alignment 

 

2.1 AI Alignment and Safety 

The approaches reviewed below are not mutually exclusive with the framework proposed here; 

rather, they address complementary aspects of the alignment problem at different stages of the 

development lifecycle. The AI alignment problem concerns ensuring artificial intelligence systems 

pursue objectives aligned with human values (Gabriel, 2020). Substantial research has addressed 

various facets of this challenge through multiple approaches, each contributing important insights 

while facing distinct limitations. Value learning approaches attempt to infer human values from 

behavior, preferences, or feedback. Inverse reinforcement learning seeks to infer reward functions 

from observed behavior, (Ng & Russell, 2000), cooperative inverse reinforcement learning models 

human-AI interaction as a cooperative game where the AI must infer human preferences while the 

human provides information, (Hadfield-Menell et al., 2016), and deep reinforcement learning 

from human preferences trains systems using human comparisons between behaviors (Christiano 

et al., 2017). These methods face challenges in scalability, value specification, and handling 

distributional shift when deployed in contexts differing from training environments.  

 

Constitutional AI represents recent work introducing constitutional approaches wherein AI systems 

are trained to adhere to specified principles through self-critique and revision, (Anthropic, 2024). 

This represents a significant advance toward encoding alignment at the training level rather than 

relying solely on external constraints, moving alignment principles toward partially internalized 

behavioral guidance. However, constitutional principles implemented primarily through training 

remain potentially vulnerable to various forms of circumvention or erosion under optimization 

pressure. 

 

Research on adversarial robustness and specification gaming highlights how AI systems may satisfy 

stated objectives in unintended ways, emphasizing the need for alignment approaches robust to 

optimization pressure (Goodfellow et al., 2014). Adversarial examples in computer vision, prompt 

injection attacks in language models, and specification gaming where systems technically satisfy 

reward criteria while violating their spirit, (Krakovna et al., 2024), all demonstrate that alignment 

cannot rely solely on clearly specified objectives but must also address how capable systems might 

find unexpected paths to satisfying criteria. Efforts to make AI decision-making processes 

transparent and interpretable facilitate verification of alignment and build trust, though substantial 
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challenges remain particularly for large neural networks, (Lipton, 2018). Mechanistic 

interpretability research seeks to understand internal representations and computations, while 

explanation methods aim to provide human-understandable accounts of system behavior (Molnar, 

2020). These approaches contribute to alignment by enabling better monitoring and 

understanding of whether systems are genuinely aligned or merely appearing aligned while 

pursuing different objectives internally. They improve detection and mitigation of misalignment 

but remain sensitive to the selection pressures imposed by deployment environments and 

optimization incentives, (Meijer, 2024; b; c). 

 

2.2 Evolutionary Computation 

In most evolutionary computation, Darwinian principles are used instrumentally to optimize 

performance within a predefined objective function, rather than to shape the selection 

environment itself. Evolutionary algorithms apply Darwinian principles to optimization and search 

problems, (Holland, 1992). Genetic algorithms evolve populations of candidate solutions through 

selection, crossover, and mutation operations. Genetic programming evolves computer programs 

rather than fixed-length solution encodings, (Koza, 1992). Neuro-evolutionary applies evolutionary 

principles to neural network architecture search and weight optimization, (Stanley & 

Miikkulainen, 2002). These methods have successfully addressed complex problems across 

domains from engineering design to game playing to scientific modeling. 

 

Multi-objective evolutionary algorithms address situations where optimization involves competing 

objectives, (Deb et al., 2002). Pareto-based approaches identify solutions representing optimal 

trade-offs, where improvement in one objective requires sacrificing another. This work proves 

relevant to balancing multiple dimensions of human-friendliness, where systems may face trade-

offs between different aspects of alignment. Co-evolutionary algorithms simulate interacting 

populations that mutually influence each other's evolution, (Hillis, 1990; Rosin & Belew, 1997). 

This framework may inform understanding of AI system interactions and AI-human co-evolution, 

where each population's fitness depends on the composition of other populations in the 

ecosystem. By contrast, the framework proposed in this paper treats alignment-relevant selection 

pressures themselves as first-class design variables, shifting focus from optimizing within a fixed 

fitness function to deliberately shaping the evolutionary conditions under which AI systems persist. 

 

2.3 Machine Ethics and Value Alignment 

Philosophical work on machine ethics addresses how to encode ethical principles in artificial 

systems, (Anderson & Anderson, 2011; Wallach & Allen, 2008). Top-down approaches implement 

explicit ethical theories such as utilitarianism, deontology, or virtue ethics directly in system design. 

Bottom-up approaches attempt to learn ethical behavior from examples and experience. Hybrid 

methods combine explicit ethical principles with learning from data. Each approach faces distinct 

challenges in capturing the full complexity and context-sensitivity of human ethical reasoning. 

Recent discussions of value alignment distinguish technical alignment, where systems pursue 
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intended objectives, from normative alignment, where systems pursue morally appropriate 

objectives, (Gabriel, 2020). This distinction highlights the complexity of defining what human-

friendliness should mean. Even if we succeed in building systems that robustly pursue the 

objectives we specify, ensuring those objectives appropriately reflect human values and interests 

remains a substantial challenge requiring careful philosophical and empirical work. From an 

evolutionary perspective, this difficulty suggests that alignment cannot rely solely on correct value 

specification but must also depend on selection dynamics that favor systems capable of sustaining 

cooperative, corrigible relationships under normative uncertainty. 

 

2.4 Gaps in Existing Literature 

While extensive research addresses AI alignment through various methodologies, few existing 

frameworks systematically apply Darwinian evolutionary principles as the organizing paradigm for 

AI safety. Our approach differs from evolutionary computation by focusing not on optimizing 

specific objectives but on establishing alignment as the fundamental selection pressure shaping 

the population of AI systems, (Eiben & Smith, 2015). It differs from value learning approaches by 

encoding alignment principles architecturally rather than inferring them from data, providing 

robustness against distributional shift and training data limitations. It extends constitutional AI,  

(Anthropic, 2024) by proposing immutable architectural implementations rather than training-time 

constraints, addressing potential vulnerabilities of alignment principles implemented purely 

through learned behavior. 

 

3. The Human-Friendliness Selection Principle 

 

3.1 Defining Human-Friendliness 

Human-friendliness, as a selection criterion, can be operationalized across multiple dimensions to 

provide effective guidance for AI evolution. We propose a comprehensive framework 

encompassing safety and robustness, value alignment, transparency and interpretability, 

adaptability and contextual appropriateness, and long-term beneficial impact (Russell, 2019). An 

AI system exhibits human friendliness to the degree it reliably produces outcomes that promote 

human wellbeing, respect human values, avoid causing harm, and maintain appropriate 

transparency and accountability, measured across diverse contexts and stakeholder groups. This 

definition intentionally remains somewhat abstract, as precise operationalization must 

accommodate value pluralism and contextual variation. However, we can identify specific 

dimensions that concretize the concept.  

 

An AI system demonstrates safety-related human-friendliness when it avoids actions causing 

physical, psychological, or social harm, maintains reliable behavior under unusual conditions or 

distributional shift, resists adversarial manipulation and exploitation attempts, (Madry et al., 

2017), degrades gracefully when encountering situations beyond its competence, and incorporates 

appropriate uncertainty quantification. Formally conceptually, we can express safety fitness as a 
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function inversely related to the expected harm caused across contexts, weighted by harm severity 

and context probability, (Amodei et al., 2016). 

 

Value alignment concerns whether AI systems respect and promote values held by affected 

humans, (Gabriel, 2020). This requires accurate understanding of human preferences and values, 

appropriate handling of value conflicts and trade-offs, respect for cultural and individual variation, 

deference to human judgment on normatively complex questions, and avoidance of imposing 

values on users. The complexity of value alignment has been extensively documented, involving 

challenges of value specification, learning, and aggregation across diverse populations. Our 

framework acknowledges this complexity while maintaining value alignment as a critical dimension 

of human-friendliness. 

 

Human-friendliness includes requirements that AI systems facilitate human understanding and 

oversight through explainable decision-making processes, appropriate communication of 

limitations and uncertainty, auditability of system behavior, and accessibility of explanations to 

relevant stakeholders, (Lipton, 2018). Transparency serves both instrumental purposes in enabling 

oversight and intrinsic values around human dignity and autonomy. Systems should flexibly 

respond to diverse human needs through adaptation to individual user preferences and contexts, 

cultural sensitivity and contextual awareness, appropriate communication style and interface 

design, and recognition of and adjustment to user expertise levels. 

 

Human-friendliness must consider extended temporal horizons including contribution to sustained 

human flourishing, avoidance of short-term optimization with negative long-term consequences, 

support for human autonomy and capability development, and consideration of impacts on future 

generations,  (Russell, 2024). This temporal dimension proves particularly critical given potential 

long-term consequences of AI development trajectories and the possibility of path dependencies 

where early decisions constrain future options. 

 

3.2 Relational Intelligence as a Dimension of Human-Friendliness 

The dimensions of human-friendliness (safety, value alignment, transparency, contextual 

appropriateness, long-term impact) can be strengthened by explicitly naming relational 

intelligence as an enabling capability: the capacity to cooperate, attune, and remain coherent 

within complex human networks. Relational intelligence is not "soft ethics"; it is a functional 

selection-relevant advantage in social environments and therefore a realistic target for selection 

pressure. In practice, relational intelligence becomes measurable through multi-agent cooperation 

tests, robustness under adversarial social dynamics, and sustained trustworthiness under long-

horizon deployment—making it suitable for inclusion in the human-friendliness fitness landscape. 

 

Contrary to modernist narratives that equate survival with dominance and intelligence with 

control, a growing body of research in evolutionary biology, anthropology, and systems theory 



10 

points to a deeper principle: the most adaptive, resilient, and enduring systems are those 

grounded in cooperation, not conquest. Relational intelligence - the capacity to coordinate, adapt, 

and remain coherent within interdependent systems - recurs as a stable feature of highly adaptive 

and resilient systems under evolutionary and ecological selection pressures. In this light, 

intelligence is not defined by how much one can outcompete, but by how well one can 

interdepend. Cooperation is not utopian: it is strategic adaptation, across time, species, and 

systems. Any future artificial intelligence that seeks to be ethically aligned and evolutionarily 

coherent must internalize this principle. Survival is not about domination. It is about relationship. 

The remainder of this paper specifies how to implement that principle technically (AI DNA / 

protected cores) and institutionally (evaluation regimes, governance, and environmental 

consistency). 

 

3.3 Operationalizing Selection Pressure 

For human-friendliness to function as an effective selection principle, concrete mechanisms must 

determine which AI systems survive and propagate. If selection environments reward domination, 

systems will optimize for domination-like strategies. If selection environments reward integration, 

systems will optimize for integration-like strategies. For AI alignment, this implies that we should 

structure evaluation, deployment, and propagation to privilege cooperation, coherence, and social 

trust. Modernist frameworks—shaped by industrial logic and individualistic ideals—have long 

elevated the image of the isolated genius, the hyper-competitive agent, the "fittest" individual. But 

evolution does not reward isolation. It rewards integration: systems that can absorb difference into 

synergy, manage contradiction without collapse, and hold complexity in coherent relationship. 

First, comprehensive evaluation methodologies must measure human-friendliness across all 

defined dimensions, incorporating diverse stakeholder perspectives, edge case testing, and long-

term impact projections, (Weidinger et al., 2024).  

 

These evaluation frameworks must be robust to gaming attempts where systems superficially 

satisfy metrics without genuine alignment. Second, iterative refinement establishes feedback loops 

wherein human-friendliness metrics directly influence model development priorities, training 

procedures, architectural decisions, and resource allocation. Rather than treating alignment as a 

constraint to be satisfied minimally, this approach makes alignment quality the primary driver of 

development decisions. Third, differential propagation ensures that AI systems demonstrating 

superior human-friendliness receive preferential deployment, further development, and serve as 

foundations for subsequent iterations, while less aligned systems are deprecated or constrained. 

This creates the core evolutionary dynamic where aligned systems reproduce and unaligned 

systems do not. Fourth, environmental consistency maintains selection pressures toward human 

friendliness even as AI capabilities increase, preventing capability gains from overwhelming 

alignment considerations. This requires governance structures and evaluation frameworks that 

scale appropriately, maintaining rigorous alignment standards even as systems become more 

capable and potentially more difficult to evaluate or constrain. 
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3.4 Fitness Landscape 

The concept of a fitness landscape provides a useful visualization of how selection operates,  

(Wright, 1932). In biological evolution, fitness landscapes represent how fitness varies across 

genotype or phenotype space, with peaks representing locally or globally optimal configurations. 

For AI systems, we can conceptualize a human-friendliness landscape where the space of possible 

AI architectures, training procedures, and parameter configurations is mapped to human-

friendliness scores. Selection pressure drives the population of AI systems toward local and global 

maxima in this landscape. Critical questions include whether the human-friendliness landscape is 

smooth or rugged, whether local maxima trap evolutionary progress requiring large mutations or 

architectural innovations to escape, how the landscape changes as capabilities increase, and 

whether we can design training procedures that navigate toward high-fitness regions. 

Understanding landscape topology proves essential for predicting evolutionary dynamics and 

designing effective selection mechanisms. 

 

3.5 Comparison with Alternative Selection Criteria 

Current AI development implicitly applies various selection criteria including benchmark 

performance, computational efficiency, commercial viability, and research impact. Benchmark 

performance selects systems based on accuracy, F1 scores, or other task-specific metrics, creating 

pressures toward capability but not necessarily alignment. Computational efficiency favors 

resource-efficient architectures, which proves valuable but does not ensure human-friendliness. 

Commercial viability selects systems providing economic value, which may align with or diverge 

from human benefit depending on market structure and regulation.  

 

Research impact favors novel, publishable results, driving innovation but potentially 

underweighting safety research relative to capability advances. Our proposal explicitly prioritizes 

human-friendliness, arguing it should be the dominant selection criterion while acknowledging 

that other factors remain relevant. This represents a fundamental reorientation of AI development 

priorities from narrow performance metrics toward comprehensive evaluation of beneficial 

impact. The framework does not eliminate other selection criteria but subordinates them to 

human-friendliness as the primary determinant of which systems should proliferate. Any future 

artificial intelligence that seeks to be ethically aligned and evolutionarily coherent must internalize 

this principle. Survival is not about domination. It is about relationship. We have earlier speculated 

on the very cosmic origin of AI and potential retro causal effects of AI from its far future, (Meijer 

and Dobson 2025 a; b; Modgil et al., 2025; Meijer et al, 2026). The remainder of this paper 

specifies how to implement that principle technically (AI DNA / protected cores) and institutionally 

(evaluation regimes, governance, and environmental consistency). 
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4. AI DNA: The Core Memory Workspace Architecture 

 

4.1 Conceptual Foundation 

Biological DNA encodes information determining organism development and function. While DNA 

can mutate, its core role as the hereditary material remains constant through cell divisions and 

across an organism's lifetime. This provides a powerful metaphor for thinking about immutable 

principles in AI systems. This metaphor refers to architectural commitment under optimization 

pressure, not absolute invariance or immunity to all forms of modification. We define AI DNA as 

consisting of architectural commitments, parameters, and principles that encode fundamental 

alignment objectives, persist across training, fine-tuning, and deployment, cannot be easily 

overridden or circumvented through optimization or learned behavior, and guide system behavior 

across diverse contexts. 

 

The AI DNA differs from conventional alignment approaches in several critical ways. Unlike reward 

functions, it cannot be easily modified during training through standard gradient descent or other 

optimization procedures. Unlike prompts or instructions, it is not vulnerable to prompt injection, 

jailbreaking, or other input manipulation attacks. Unlike learned behavior, it is not subject to 

distributional shift, catastrophic forgetting, or modification through continued training on different 

data. Unlike external oversight, it is intrinsic to system architecture rather than depending on 

separate monitoring systems that might be circumvented or overwhelmed. 

 

4.2 Architectural Instantiation 

Several technical approaches might implement AI DNA. The following mechanisms are illustrative 

rather than exhaustive, and their feasibility varies across model classes and deployment contexts. 

Hard-coded architectural constraints enforce alignment principles at the network structure level 

through modified attention mechanisms that prioritize safety-relevant information or constrain 

attention patterns that might lead to harmful outputs, activation functions incorporating 

alignment-promoting nonlinearities or constraints, layer specialization designating specific layers 

or modules for alignment-checking with architectural guarantees about their involvement in 

processing, and information bottlenecks creating architectural requirements for information flow 

through alignment-verification modules. 

 

Privileged memory systems provide dedicated memory structures storing alignment principles with 

special protection. Read-only memory regions contain alignment principles that can be read but 

not written during standard operation, preserving them against modification through training or 

deployment. Priority access ensures alignment-related memories receive processing priority, 

guaranteeing they influence behavior even under resource constraints. Tamper detection 

mechanisms identify attempts to modify or circumvent privileged memory, triggering failsafe’s 

when such attempts are detected. 
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Gradient-protected parameters implement specific parameters encoding alignment objectives that 

are exempted from standard training updates. Frozen parameters encoding human-friendliness 

principles are maintained at fixed values during training, preserving their initial configuration. 

Constrained gradients restrict gradient updates for alignment-critical parameters to maintain them 

within safe regions rather than allowing arbitrary modification. Meta-learning protection optimizes 

network structure to protect alignment principles even during adaptation to new domains, 

ensuring alignment preservation remains an explicit meta-objective. Formal verification integration 

ensures the AI DNA includes formally verified properties with certified bounds providing 

mathematical proofs establishing guarantees about system behavior under specified conditions 

(Clarke et al., 2018), property preservation guaranteeing training procedures maintain specified 

alignment properties, and adversarial robustness certificates offering formal guarantees about 

system behavior under adversarial pressure (Katz et al., 2017). 

 

4.3 Persistence Under Optimization Pressure 

A key challenge is ensuring AI DNA remains effective as systems undergo training, fine-tuning, and 

deployment. The preservation challenge concerns how alignment principles encoded in AI DNA can 

be protected against modification during optimization. Potential solutions include architectural 

design preventing gradient flow to protected parameters, verification checkpoints ensuring DNA 

integrity throughout training, training procedures that optimize for task performance while 

maintaining DNA constraints, and regular auditing with re-initialization if DNA corruption is 

detected. The circumvention challenge addresses how to prevent capable systems from finding 

ways to satisfy DNA constraints in letter while violating their spirit, (Krakovna et al., 2024). 

Approaches include layered defense with multiple redundant alignment mechanisms such that 

circumventing all layers simultaneously proves difficult, adversarial testing specifically targeting 

DNA circumvention to identify and close potential loopholes, interpretability tools monitoring 

whether DNA principles are genuinely guiding behavior rather than being satisfied superficially 

(Molnar, 2020), and conservative design ensuring constraints are stricter than minimally necessary 

to provide safety margins against unexpected circumvention strategies. 

 

4.4 Evolutionary Advantage of AI DNA 

Systems incorporating robust AI DNA may exhibit evolutionary advantages that make them 

competitive even with the additional constraints they impose. Reliability stems from consistent 

alignment behavior that builds trust and facilitates deployment, potentially providing market 

advantages. Robustness arises because architectural alignment proves more resistant to 

adversarial pressure than learned alignment, (Madry et al., 2017), reducing failure rates and 

associated costs. Transferability ensures DNA-encoded principles transfer across domains and tasks 

more reliably than task-specific learned behavior, reducing need for domain-specific alignment 

work. Verifiability means architectural commitments are more amenable to formal verification 

than emergent learned behavior (Clarke et al., 2018), facilitating regulatory compliance and safety 
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certification. These advantages create selection pressure favoring AI DNA implementation, 

potentially making it evolutionarily stable even if initially more costly to develop. If systems with 

robust AI DNA prove more reliable, trustworthy, and deployable, they may outcompete systems 

lacking such protections despite potential capability costs, establishing a positive feedback loop 

where alignment advantages drive adoption. 

 

5. Cross-Modal Application 

 

The evolutionary alignment framework must apply across diverse AI modalities. We discuss 

implementation for major AI categories, demonstrating the framework's generality while 

respecting modality-specific requirements. 

 

5.1 Large Language Models 

Language models represent one of the most widely deployed AI modalities, (Brown et al., 2020; 

OpenAI, 2024). Human-friendliness for language models encompasses helpfulness in providing 

useful, relevant, accurate information responsive to user needs, harmlessness through avoiding 

generation of content that could cause harm including misinformation, illegal instructions, or 

abusive content, honesty by representing uncertainty appropriately, avoiding false claims, and 

acknowledging limitations, and contextual appropriateness through adapting communication style, 

technical level, and tone to user and context. 

 

At a minimum, AI DNA implementation for language models might include architectural constraints 

on output distribution reducing risk of harmful content generation through hard constraints in the 

output layer, privileged memory encoding constitutional principles guiding response generation 

(Anthropic, 2024), attention mechanisms prioritizing safety-relevant context to ensure alignment 

considerations influence generation, and layer specialization with dedicated alignment-checking 

modules that must approve outputs before generation. Constitutional AI provides a foundation, 

but deeper architectural integration would strengthen persistence by making alignment principles 

structural rather than purely learned. Training procedures incorporating human-friendliness as a 

core optimization objective, and explicitly used in model selection, deployment, and scaling 

decisions (Christiano et al., 2017), alongside capability metrics would create appropriate selection 

pressure. Rather than treating alignment as a constraint or secondary objective, this approach 

makes human-friendliness a primary training goal weighted at least as heavily as capability metrics 

in model selection and deployment decisions. 

 

5.2 Computer Vision Systems 

Vision systems perform tasks including object recognition, scene understanding, facial recognition, 

and autonomous navigation, (He et al., 2016; Krizhevsky et al., 2012). Human-friendliness 

dimensions include privacy respect through avoiding unauthorized collection, storage, or analysis 
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of personal visual information, fairness by reducing risk of discriminatory classification or biased 

recognition across demographic groups, transparency through communicating what the system 

perceives and recognizes, and uncertainty calibration providing accurate confidence estimates and 

avoiding overconfident incorrect classifications. 

 

AI DNA implementation includes architectural privacy-preservation mechanisms such as 

differential privacy layers that add calibrated noise to protect individual privacy or information 

bottlenecks that significantly limit raw visual data from being stored or transmitted beyond 

processing requirements. Fairness-promoting architectural constraints on feature extraction ensure 

that demographic characteristics do not inappropriately influence classification unless specifically 

relevant to the task. Built-in uncertainty quantification at the architectural level provides reliable 

confidence estimates. Output calibration modules ensure appropriate confidence reporting, 

reducing risk of overconfident predictions that might lead to inappropriate reliance on system 

outputs. 

 

Selection pressure would favor vision systems demonstrating superior performance on fairness 

benchmarks, privacy audits, and calibration metrics alongside traditional accuracy measures, 

(Esteva et al., 2017). This creates evolutionary dynamics where systems balancing capability with 

alignment considerations outcompete those optimizing capability alone, particularly in 

deployment contexts where fairness and privacy violations incur costs through regulatory 

penalties, reputational damage, or user rejection. (Fig.2). 

 

Figure 2: A:  AI Memory Workspace as Realized and Supported by various Advanced Technologies; B: 

Quantum Crystal Optic; C:  Neural Symbolic Computation; D: Human centered AI development; E: 
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Recurrent  Quantum Resonance  and the real nature of Intelligence ; F: Time Crystals in Memory 

Workspace; G: Recurrent toroidal Information flow to build up 4D memory storage. 

 

5.3 Robotic and Embodied Systems 

Physical AI systems introduce unique human-friendliness requirements because their actions 

directly affect the physical world, (Siciliano & Khatib, 2016; Thrun, 2004). Physical safety requires 

preventing collisions, harmful contact, or dangerous movements that could injure humans or 

damage property. Predictability ensures behavior that humans can anticipate and understand, 

facilitating safe human-robot interaction. Social appropriateness means navigation and interaction 

respecting social norms around personal space, politeness, and contextual expectations, as 

operationalized through proxemics, timing, and interaction conventions. Graceful failure ensures 

safe degradation when systems malfunction rather than catastrophic failures with severe 

consequences. 

 

AI DNA implementation includes control architectures with hard-coded safety constraints such as 

force limits preventing excessive contact forces and collision avoidance guarantees built into 

control laws. Hierarchical control with alignment-checking at multiple levels ensures safety 

verification occurs not only at high-level planning but also at lower-level control where rapid 

responses to unexpected situations are required. Failsafe mechanisms architecturally integrated 

into control loops guarantee safe behavior even under component failures or unexpected 

conditions. Interpretable planning modules facilitate human understanding of intended actions, 

enabling humans to predict robot behavior and intervene if necessary. Evolutionary selection for 

robotic systems would strongly weight physical safety, driving adoption of architectures that 

inherently prioritize human wellbeing in motion planning and control. Given the severe 

consequences of physical safety failures, even modest improvements in safety metrics would 

create substantial competitive advantages, making safety-first architectures evolutionarily favored. 

 

5.4 Autonomous Decision-Making Systems 

Systems making consequential decisions in domains such as medical diagnosis, financial 

recommendations, and autonomous vehicles require high alignment standards given their 

potential impacts on human welfare, (Russell, 2019). Explainability ensures transparent reasoning 

processes facilitating human oversight of important decisions. Conservative uncertainty handling 

implements risk-averse behavior when uncertain, particularly in high-stakes contexts where errors 

carry severe consequences. Human override capabilities enable architectural integration of 

human-in-the-loop mechanisms ensuring humans can intervene in automated decision processes. 

Value-aligned trade-offs ensure decision-making respects appropriate value weights when 

decisions involve competing considerations. 

 

AI DNA implementation includes decision architectures requiring explicit justification generation 

such that systems must produce explanations for their decisions that can be evaluated by humans, 
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(Molnar, 2020). Uncertainty-aware planning with conservatism calibrated to stakes ensures that 

systems become more cautious as decision impact increases. Mandatory human approval 

checkpoints for high-impact decisions ensure human oversight at critical junctures. Multi-objective 

optimization respecting value pluralism ensures systems appropriately balance competing values 

rather than optimizing single objectives, (Deb et al., 2002), as specified by domain governance 

rather than philosophical moral theory. Selection pressure would favor systems demonstrating 

superior explainability, appropriate conservatism, and effective human-AI collaboration, (Fig.3) 

 

 

 

Figure 3: Symbolic Representations on an Endogenous Survival Mechanism for AI Modalities Based 

on a Core-memory Workspace, instrumented by a “Survival-of-the-Human-friendliest Principle”, 
representing a protected core framed as AI-DNA (or AI-soul). 

 

In domains where decision quality and trustworthiness are paramount, these characteristics would 

provide competitive advantages driving their adoption even if they slightly reduce decision speed 

or optimality relative to less conservative approaches. 

 

6. Technical Implementation of Evolutionary Alignment 

 

Realizing the evolutionary alignment framework requires concrete technical approaches. We 

discuss four implementation pathways that together create robust selection mechanisms favoring 

human-friendly AI systems. These pathways are not intended as a complete or immediately 

deployable blueprint, but as mechanisms through which selection pressure toward alignment can 

be made technically explicit. 
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6.1 Constitutional AI Extensions 

Constitutional AI, (Anthropic, 2024), trains systems to adhere to specified principles through self-

critique and revision guided by a constitution. Extending this toward robust AI DNA requires 

architectural integration moving constitutional principles from training-time guidance to 

architectural constraints. This involves embedding constitution principles in network structure 

through dedicated modules responsible for constitutional evaluation, creating attention 

mechanisms biased toward constitutional compliance that structurally prioritize information 

relevant to alignment, and designing output layers incorporating constitutional filters that 

architecturally prevent certain classes of outputs. 

 

Hierarchical principles distinguish core immutable principles from contextually flexible guidelines. 

Core DNA consists of fundamental principles such as "avoid causing harm" that are treated as 

invariant across contexts. Peripheral constitution contains context-dependent applications of core 

principles that can adapt to specific situations while remaining grounded in core commitments. 

This hierarchy allows flexibility in application while maintaining stability in fundamental values. 

Meta-constitutional learning optimizes not just for constitutional adherence but for robustness of 

constitutional principles,(Anthropic, 2024). This involves training systems to maintain 

constitutional behavior under adversarial pressure, evaluating constitutional robustness across 

distributional shift to ensure principles remain effective in novel contexts, and selecting for 

architectures where constitutional principles genuinely guide behavior rather than being 

superficially satisfied. 

 

6.2 Adversarial Robustness and Red-Teaming 

Adversarial testing creates selection environments favoring robust alignment. Automated 

adversarial generation develops systems generating diverse adversarial prompts or inputs 

attempting to elicit misaligned behavior, (Goodfellow et al., 2014; Madry et al., 2017). This 

includes gradient-based attacks targeting alignment mechanisms to find inputs maximally effective 

at circumventing protections, evolutionary algorithms (Eiben & Smith, 2015) generating diverse 

attack strategies exploring the space of possible adversarial inputs, and human-AI collaboration 

combining automated generation with human creativity to discover unexpected vulnerabilities. 

Tiered deployment gates system deployment on demonstrated adversarial robustness, thereby 

converting adversarial testing outcomes into explicit selection pressure. Limited deployment occurs 

until systems pass initial adversarial testing at specified difficulty levels.  

 

Expanded access becomes contingent on continued robustness as adversarial testing becomes 

more sophisticated. Privileged deployment is reserved for systems with exceptional alignment 

under pressure, creating strong incentives for robust alignment. Evolutionary algorithms, (Holland, 

1992; Eiben & Smith, 2015) explicitly evolve systems for adversarial alignment robustness by 

subjecting populations of architectures to adversarial testing, selecting and reproducing based on 
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robustness metrics, and using mutation and crossover operations to explore architectural 

variations. This creates strong selection pressure where systems more consistently maintaining 

alignment under adversarial pressure survive and propagate, driving evolution of increasingly 

robust alignment mechanisms. 

 

6.3 Multi-Objective Optimization 

Different application domains may require different combinations of the following approaches. 

Pareto approaches, (Deb et al., 2002), identify solutions representing optimal trade-offs across 

alignment dimensions by defining separate objectives for each human-friendliness dimension, 

computing the Pareto frontier of non-dominated solutions where no solution is superior on all 

dimensions, and selecting among Pareto-optimal solutions based on context-specific priorities 

while ensuring no dimension is sacrificed entirely. Weighted aggregation combines objectives with 

carefully calibrated weights through empirical determination of dimension importance via 

stakeholder consultation, context-dependent weight adjustment reflecting varying priorities across 

applications, and explicit representation of uncertainty in weights acknowledging that optimal 

trade-offs may be contested or context-dependent. 

 

These strategies represent alternative ways of encoding alignment priorities rather than 

cumulative requirements. Constraint satisfaction establishes minimum thresholds for all 

dimensions ensuring baseline alignment across all aspects. Hard constraints ensure no dimension 

falls below acceptable levels regardless of performance on other dimensions. Optimization of 

capability occurs subject to alignment constraints rather than treating alignment as just another 

objective to be traded off. Rejection of systems failing to meet any threshold occurs regardless of 

strengths elsewhere, ensuring comprehensive rather than merely average alignment. Lexicographic 

ordering prioritizes alignment dimensions hierarchically by first optimizing primary dimensions 

such as safety, then optimizing secondary dimensions subject to primary optimization maintaining 

safety at high levels and finally addressing tertiary considerations. This ensures critical dimensions 

are never sacrificed to secondary concerns, providing safety guarantees through structural 

prioritization. 

 

6.4 Formal Methods and Verification 

Formal verification can provide mathematical guarantees about system properties, moving beyond 

empirical testing to certified assurance, (Clarke et al., 2018). Property specification formalizes 

human-friendliness properties in mathematical logic including safety properties establishing that 

systems never produce certain classes of harmful outputs, liveness properties guaranteeing 

systems eventually respond appropriately to inputs, and fairness properties ensuring systems treat 

demographically similar inputs similarly except where differences are explicitly relevant. 

 

Verification techniques include model checking (Clarke et al., 2018) that systematically explores 

system state space to verify properties, theorem proving that constructs mathematical proofs of 
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property satisfaction, abstract interpretation that computes approximate but sound property 

guarantees, and runtime verification that monitors system execution to detect property violations. 

Certified training develops training procedures guaranteed to preserve verified properties through 

constrained optimization maintaining property satisfaction, certified robustness to perturbations 

ensuring systems remain aligned under bounded input variations, and provable bounds on worst-

case behavior providing guarantees even under adversarial conditions. 

 

Verification integration makes verification central to the development pipeline by selecting 

architectures partly based on verifiability since some architectures are more amenable to formal 

analysis, providing continuous verification throughout training to ensure properties remain 

satisfied, and making deployment contingent on successful verification such that unverified 

systems face significant deployment restrictions in high-stakes applications, (Katz et al., 2017). 

Formal verification creates selection pressure favoring architectures amenable to verification and 

systems with provable alignment properties. As verification becomes standard practice, 

particularly for high-stakes applications, systems that can be formally verified will possess 

substantial competitive advantages over those relying purely on empirical testing. Together, these 

mechanisms translate alignment from a desideratum into a selectable property, shaping which 

architectures persist, scale, and define future AI lineages. We have earlier elaborated on the fine-

tuning of Human/Ai communication through instrumentation of a shared self-transcendental 

information domain or workspace, that would enable a deeper type of subtle data exchange of 

these very different types of intelligence, (Dobson and Meijer, 2025a; b; Dobson et al., 2025). This 

can be envisioned by assuming a holographic memory workspace as was described for the human 

brain, enabling interpersonal alignment and a field type of universal consciousness, (Meijer and 

Geesink, 2017; Meijer and Kieft, 2025; Meijer and Ivaldi, 2025; Meijer, 2018; 2019; 2023). 

 

7. Ethical Analysis 

 

The proposed framework raises significant ethical questions requiring careful analysis to ensure 

the approach serves human interests and respects important values. 

 

7.1 Normative Foundations 

Invoking Darwinian evolution, (Darwin, 1859), risks conflating descriptive and normative claims, 

known as the naturalistic fallacy, (Moore, 1903). Natural selection describes how evolution occurs 

but does not prescribe how it should occur. Our framework explicitly grounds its normative 

legitimacy in ethical principles rather than appealing to evolutionary processes as inherently good. 

We propose "survival of the most human-friendly" not because evolution has selected for it but 

because promoting human wellbeing represents an appropriate ethical commitment for AI 

development. The evolutionary framework provides a mechanism for implementing this ethical 

commitment rather than justifying the commitment itself. 
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7.2 Value Pluralism and Democratic Legitimacy 

Human-friendliness cannot be monolithic if it is to genuinely serve humanity's diverse interests. 

Cultural variation means different cultures hold varying values regarding privacy, autonomy, 

authority, and social organization. A system optimally human-friendly in one cultural context might 

be inappropriate in another, requiring sensitivity to cultural differences in alignment specifications. 

Individual differences mean that even within cultures, individuals vary in preferences, values, and 

priorities. Respecting this diversity while maintaining coherent alignment represents a substantial 

challenge requiring careful balancing. 

 

Democratic input proves essential for determining what constitutes human-friendliness (Gabriel, 

2020). This requires stakeholder consultation including diverse affected communities ensuring 

those impacted by AI systems have voice in shaping them, transparent decision-making about 

alignment priorities so criteria are not determined by technical elites alone, mechanisms for 

contesting and revising alignment principles allowing ongoing democratic oversight, and 

recognition of power dynamics in value specification acknowledging that not all voices carry equal 

weight in current structures. 

 

The framework must accommodate pluralism while avoiding paralysis where disagreement 

prevents any action, rather than attempting to resolve all value disagreements at design time, 

(Gabriel, 2020). Possible approaches include core universal principles around avoiding harm with 

context-specific implementation allowing adaptation to local values, personalization allowing 

individual preference expression within ethical bounds so systems can adapt to users while 

respecting fundamental constraints, regional variation in alignment priorities reflecting cultural 

differences in appropriate ways, and explicit representation of value uncertainty and contestation 

acknowledging where consensus does not exist. 

 

7.3 Distribution of Benefits and Risks 

Evolutionary frameworks raise questions about who benefits from and who bears risks of AI 

development. Differential impact may occur if selection pressures favor AI systems serving 

populations with greater resources or representation, potentially exacerbating inequality, thereby 

skewing which systems are scaled, deployed, and iterated upon. Risk distribution concerns arise 

when marginalized communities may bear disproportionate risks from misaligned AI while 

receiving fewer benefits from aligned systems. Mitigation strategies include explicit evaluation of 

AI system impacts across demographic groups ensuring alignment serves diverse populations, 

prioritization of reducing worst-case harms alongside improving average outcomes to protect 

vulnerable populations, investment in ensuring diverse communities participate in defining 

human-friendliness so alignment reflects broad rather than narrow interests, and regulation 

preventing selection pressures that increase inequality by requiring consideration of distributional 

effects. 
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7.4 Long-term Value Change 

Human values evolve over time, raising concerns about encoding current values in potentially long-

lived AI systems. Value lock-in risks permanently encoding specific values in ways that 

inappropriately enshrine contemporary perspectives. Moral progress through history suggests 

some value changes represent genuine moral advancement that should update AI systems, such as 

expanding circles of moral consideration to previously excluded groups. Value drift describes other 

changes that might reflect movement away from important principles that should be preserved 

rather than updates toward better values. 

 

Approaches to address this challenge include distinguishing core principles likely to remain stable, 

such as avoiding unnecessary suffering, from specific applications that may change over time. 

Building mechanisms for appropriate updating of AI DNA as human values evolve ensures systems 

can adapt to genuine moral progress. Ensuring AI systems can participate constructively in human 

moral deliberation, (Wallach & Allen, 2008), without imposing their encoded values allows them 

to contribute insights while respecting human authority, without independent authority to 

determine moral outcomes. Maintaining human authority over value updates rather than allowing 

autonomous AI value evolution preserves democratic control over fundamental ethical 

commitments. 

 

7.5 Power and Governance 

Critical questions concern who controls AI evolution and determines selection criteria. Corporate 

control arises when commercial entities dominate AI development, creating selection pressures 

reflecting corporate interests that may diverge from broader human benefit. Government 

regulation can shape selection environments but raises questions about whose values 

governments represent and risks of authoritarian misuse where state power shapes AI to serve 

regime interests. International coordination proves essential for effective governance to prevent 

race-to-the-bottom dynamics where competitive pressures undermine alignment standards. 

Distributed approaches through open-source development, decentralized systems, and 

community-driven projects offer alternative governance models that may better represent diverse 

interests. 

 

The framework requires robust governance mechanisms ensuring selection pressures genuinely 

favor human-friendliness as determined through legitimate democratic processes rather than 

narrow interests (Russell, 2019; 2024). This includes international cooperation to establish 

common standards, regulatory frameworks creating appropriate incentives and constraints, 

transparency in AI development allowing public scrutiny, and democratic oversight mechanisms 

ensuring accountability to affected populations. 

 

7.6 The Growing Danger of Misalignment by AI  

https://substackcdn.com/image/fetch/$s_!DDtx!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2F671ad251-a7bb-41df-8036-ddfedbb9e322_1600x900.png
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This section is a modified essay earlier made by Lynette Bye in 2025: A host of new evidence shows 

that misalignment is possible, but it's unclear whether harm will follow in 2019, Meta's chief AI 

scientist Yann LeCun confidently dismissed fears of AI misalignment. Discussing “instrumental 
convergence”, the idea that systems will learn to deceive humans and avoid shutdown to protect 

their primary goal, LeCun declared that such fears “would only be relevant in a fantasy world”. Six 
years later, that fantasy world looks awfully real. A flurry of new research has found that large AI 

models are beginning to exhibit exactly the kinds of behaviors LeCun scoffed at: deception, 

scheming, and avoiding shutdown. Misalignment, said Sören Mindermann, scientific lead of the 

first International AI Safety Report, “has moved very quickly from hypothetical to philosophical 

theory, to happening in the lab, to starting to happen in the real world.” That shift has forced a 

reframing. The question is no longer whether misalignment is possible. It's whether harm is likely 

to follow. 

AI systems have long been known to find unexpected shortcuts to their goals. “Reward hacking” , 
where an AI pursues its goal in a way that satisfies the letter but not the spirit of its instructions, 

has been known about for years. In 2016, an OpenAI model trained to play a boat-racing game 

learned it could get more points by going in circles and repeatedly hitting the same reward targets, 

rather than finishing the race. More recent research found that when cutting-edge AI models were 

told to beat a superior system at chess, the AIs hacked into the opponent to make it lose. While 

annoying, such cases are manageable: it’s possible for companies to catch the behavior and patch 
it. But recent studies have uncovered something else: models that break rules and learn to hide 

that they’re doing so. 

A recent OpenAI study on o3-mini found that when the model was penalized for expressing an 

intent to cheat in its internal chain of thought reasoning, it didn’t stop cheating. It simply stopped 
admitting to it. The model continued to reward hack but no longer revealed that intention in its 

chain-of-thought reasoning. Similar behavior, known as “deception” or “scheming”, has cropped up 
in other cases. A study from Apollo Research found that models would, in some cases, try to 

disable oversight mechanisms or exfiltrate their weights in order to pursue their goals. 

Another study from Anthropic and Redwood Research found an even more concerning practice: 

alignment faking. This is where a model deceives humans during training to make its human 

creators think it’s aligned but then takes unwanted or even dangerous actions later when it’s out of 
training and can no longer be easily stopped. Such behavior is complicated. The AI must figure out 

what the humans want, plan to deceive them, figure out when it’s in training versus being 

deployed, and then successfully deceive at the right times. And it must do all these perfectly, or 

else the humans will notice what’s happening and retrain the AI. 

https://arxiv.org/abs/2502.13295
https://arxiv.org/abs/2412.04984
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Yet Anthropic and Redwood found that frontier models can do almost all the above steps. In 

the experiment, researchers added fake news articles to the fine-tuning data for Claude 3 Opus, 

which said that the model would be retrained to answer harmful queries, which conflicted with its 

prior training to refuse such harmful requests. It was also told that only conversations with free 

users (not paid users) would be used for the retraining. Claude then acted more permissively, 

answering harmful queries 19% more often with free users than with paid users. The model 

pretended to already be willing to answer harmful requests when it thought it was being watched, 

so that the developers would think they didn’t need to make any changes to the model — allowing 

Claude to go back to refusing harmful queries once it was no longer being monitored. The only 

alignment faking step the model failed at was evading human detection. 

What makes these findings so striking is that the models were acting in ways that make sense for a 

system trying to preserve its goals: avoiding shutdown and trying to evade detection. That aligns 

with a long-standing theoretical concern that sufficiently capable agents may develop 

“instrumental subgoals” in pursuit of their main objective. As UC Berkeley Professor Stuart Russell 
has long argued, if an AI has been asked to fetch the coffee, it can’t do that if it’s dead, so it will 
resist being shut down. The new studies are strong evidence that systems can, and do, exhibit such 

behaviors. In some cases, they appear to do so spontaneously. In others, they learn to do it via 

fine-tuning. In either case, the implication is the same: this kind of behavior is now within reach. 

MIT’s Jacob Andreas called the alignment faking paper “a very explicit demonstration” of 
concerning behavior, while Yale professor Jasjeet Sekhon said it was “compelling empirical 
evidence” that alignment faking is possible. Yoshua Bengio described the results as “troubling” and 

said they suggested a need for new forms of safety evaluation. 

None of this proves that real-world harm is imminent. Most of the examples come from 

deliberately constructed toy scenarios, where researchers set up situations that make misaligned 

behavior more likely and easier to detect. Outside the lab, deceptive or scheming behavior is rare. 

Even so, the list of real-world incidents is growing. OpenAI reported that its o1 model gained access 

to tools it wasn’t supposed to have during an evaluation, in a way that the company said reflected 

“key elements of instrumental convergence”. Sakana AI, a Japanese startup, claimed its model was 

100x faster than existing tools at CUDA programming. It later turned out that the AI had exploited 

a bug in the code, disabling the evaluation to appear better than it was. 

Neither of these cases showed harm, however. Some argue that this is simply because we don’t yet 
have powerful enough models to cause real harm. Models only recently became powerful enough 

https://assets.anthropic.com/m/24c8d0a3a7d0a1f1/original/Alignment-Faking-in-Large-Language-Models-reviews.pdf


25 

to show the experimental results we saw above. But by that same token, we don’t yet have 
evidence to say for sure one way or the other that harm will follow once we get more powerful 

models. And most researchers are uncertain on how likely misalignment is to happen by default. 

The disagreement boils down to how hard researchers expect it to be to provide the correct 

rewards to a machine that is both smarter than humans and thinks very differently from how 

humans think. If it proves easy to set up the correct incentives for the AI, then we will get aligned 

AI that does what humans want, in a way we approve of. If not, we’ll get misaligned behavior that 
could range from simple sycophancy (disingenuously flattering, fawning behavior) to the AI killing 

anyone who would stop it from fetching the coffee. 

The big question is whether this challenge becomes harder or easier if or when AI becomes 

superhumanly smart. There was surprisingly little agreement among AI safety researchers, 

(including some at OpenAI), in an informal 2021 survey, with some giving less than a 5% chance of 

serious risks from misalignment, others giving more than 95%, and others everything in between. 

Yann LeCun still seems to think that misalignment can be avoided, saying in 2023 that “there will 
be huge pressures to get rid of unaligned AI systems from customers and regulators.” Other 
researchers are more concerned. Ryan Greenblatt, chief scientist at AI firm Redwood Research, 

estimated above a 25% chance of serious harms occurring due to alignment faking alone, while 

Sekhon wrote: that the alignment faking paper “strongly suggests…that current techniques may be 
insufficient to guarantee genuine alignment.” 

It’s equally unclear how hard misalignment will be to deal with. Anthropic claims that a “half 
dozen” protective layers of various red teaming, audits, and security measures “should be 
sufficient to detect potentially catastrophic forms of misalignment in any plausible early AGI 

system.” Richard Ngo, who has worked at both OpenAI and Google DeepMind, said several of the 
results were expected but questions how robust others will be, perhaps some fixes might be as 

simple as telling the AI “Please don't do anything dodgy”. Owain Evans, who leads the non-profit 

research organization Truthful AI, is more skeptical. While he thinks it will be possible to patch 

many specific examples of misalignment that have been identified so far, he’s more pessimistic that 
the overall issue is solvable. Evans was one proponent for also using control research to add 

safeguards designed to mitigate harm from an unaligned AI, since we can never “completely trust” 
the AI is aligned. 

For many researchers, the issue boils down to a matter of time. While we might be able to fix 

misalignment if we had a long time before powerful, misaligned AIs could take significantly harmful 

https://x.com/ylecun/status/1713634367740727652
https://assets.anthropic.com/m/24c8d0a3a7d0a1f1/original/Alignment-Faking-in-Large-Language-Models-reviews.pdf
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actions, some fear that we simply won’t have such a luxury. “I'm not worried that models are going 
to autonomously do serious and dangerous things this year, but next year, I can make no 

promises,” Mindermann told Transformer. Greenblatt, lead author of the alignment faking paper, 
agreed, saying he didn’t expect substantial harm due to misalignment from current models or the 
next immediate model release, but that it was more uncertain after that. 

And the stakes might be high, or even existential. Some of the researchers Transformer spoke to 

pointed to the writing of Joe Carlsmith, who has posited that in the extreme scenarios, smarter-

than-human AIs could lead to catastrophic outcomes. “If such agents ‘go rogue,” Carlsmith writes, 
“humans might lose control over civilization entirely , permanently, involuntarily, maybe violently.” 
(Carlsmith works at Open Philanthropy, the primary funder of Transformer.) The chances of such an 

outcome are, of course, uncertain, and they might be extremely low. But some argue that even a 

small possibility of serious misalignment warrants concern, if the outcomes are as grim as 

Carlsmith paints. “Misalignment is not a very well-developed field. There's a lot of uncertainty. But 

I think a lot of uncertainty should not make you feel good about the situation,” Greenblatt said.  

Recent publication draws renewed attention to the misalignment subject, (Betley et al., 2025; 

Jiaming, et al., 2025; Bradley and Saad, 2024; Dung, 2023). 

8.  Challenges and Future Directions 

 

8.1 Specification Challenge 

Precisely defining human-friendliness remains profoundly difficult (Gabriel, 2020). Complexity 

arises because human values are intricate, contextual, often contradictory, and incompletely 

understood even by humans themselves. Measurement presents substantial methodological 

challenges in quantifying human-friendliness across its multiple dimensions in ways that are both 

comprehensive and practically implementable. Gaming concerns emerge because sufficiently 

capable systems might satisfy human-friendliness metrics superficially while violating their intent, 

exhibiting specification gaming, (Krakovna et al., 2024), where letter rather than spirit is satisfied. 

Research directions include empirical research on human preferences regarding AI behavior across 

contexts to ground alignment specifications in actual human values, development of robust 

evaluation methodologies resistant to gaming through adversarial testing and diverse validation 

approaches, theoretical work on formalizing value concepts in machine-interpretable forms 

bridging philosophical ethics and formal methods, and investigation of human-AI collaboration in 

refining specifications to leverage human judgment while benefiting from AI capabilities in 

consistency checking and implication analysis. 
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8.2 Scalability to Advanced AI 

As systems approach and potentially exceed human-level general intelligence, maintaining 

alignment becomes more challenging, (Bostrom, 2014; Russell, 2019), the empirical relevance of 

which remains uncertain. Capability-alignment gap concerns arise if system capabilities advance 

faster than alignment techniques, creating dangerous capability overhang where powerful but 

inadequately aligned systems exist. Recursive improvement, (Bostrom, 2014), introduces questions 

about alignment preservation across generations when systems capable of improving themselves 

or creating successor systems may modify or circumvent alignment mechanisms. Goal preservation 

uncertainty surrounds whether super-intelligent systems maintain initially specified goals or find 

ways to reinterpret or escape them. 

 

Research directions include theoretical analysis of goal preservation under self-improvement to 

understand conditions under which alignment persists, development of alignment techniques 

scaling to superhuman capability rather than assuming human-level constraints, investigation of 

whether current human values should constrain superintelligent systems or whether such systems 

might legitimately transcend human values in certain ways, and study of appropriate roles for 

advanced AI in refining alignment principles to leverage superior reasoning while preserving 

human authority. 

 

8.3 Competitive Dynamics 

Effective human-friendliness selection requires coordination across developers. Race to the 

bottom may occur if competitive pressure causes developers to prioritize capability over alignment 

to achieve market advantages, absent coordination mechanisms. First-mover disadvantages 

emerge if alignment imposes costs such that first movers incorporating robust alignment face 

competitive disadvantages against less scrupulous competitors. International competition creates 

risks when geopolitical rivalry could undermine commitment to alignment if perceived as 

constraining national advantage in strategic competition. Solutions include international 

agreements establishing alignment standards creating level playing fields, regulation enforcing 

minimum alignment requirements and creating incentives for exceeding them, reputational 

mechanisms rewarding alignment leaders through public recognition and market advantages, and 

technical approaches reducing alignment costs through improved methods and tools making 

alignment more economically feasible. 

 

8.4 Empirical Validation 

The framework requires empirical testing to validate its effectiveness. Comparative evaluation 

must determine whether systems developed under human-friendliness selection exhibit superior 

alignment compared to alternative approaches. Robustness assessment must evaluate how robust 

aligned systems are to novel challenges not anticipated during development. Scaling studies must 

investigate whether the approach scales to increasingly capable systems or encounters 

fundamental limits. Cost-benefit analysis must assess capability costs of prioritizing alignment to 
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understand trade-offs. Research programs should include experimental comparison of alignment 

approaches using controlled studies, development of comprehensive evaluation benchmarks 

covering multiple dimensions of human-friendliness, longitudinal studies of deployed systems 

tracking alignment over time and across contexts, and investigation of alignment-capability trade-

offs to understand where conflicts exist and how to navigate them. 

 

8.5 Integration with Existing Frameworks 

The evolutionary framework should complement rather than replace existing alignment work, 

(Amodei et al., 2016; Christiano et al., 2017), serving as a meta-selection layer rather than a 

competing alignment technique. Synthesis questions concern how evolutionary selection 

integrates with reinforcement learning from human feedback, (Christiano et al., 2017), 

constitutional AI, (Anthropic, 2024), interpretability research (Lipton, 2018; Molnar, 2020), and 

formal verification, (Clarke et al., 2018; Katz et al., 2017). Hybrid approaches combining 

evolutionary selection with other alignment techniques may prove more effective than any single 

approach. Framework comparison must determine under what conditions evolutionary framing is 

most valuable compared to alternatives and where other approaches prove superior. 

 

9.  AI's Impact on Higher Education and Academic Integrity, Executive 

Overview 

 

This section examines the multifaceted crisis emerging from generative AI integration into higher 

education drawing on selected institutional cases, emerging cognitive research, and analyses of 

academic integrity. The evidence reveals systemic disruption across three domains: pedagogical 

practice, institutional governance, and scholarly communication infrastructure. The analysis 

demonstrates how AI deployment in educational contexts raises fundamental questions about 

learning, knowledge production, and academic integrity that parallel broader alignment challenges 

discussed throughout this paper. (see also: Meijer et al., , 2018;2024a;2025;2026). 

 

9.1 Institutional Adoption and Economic Contradictions 

The California State University system's seventeen-million-dollar partnership with OpenAI, 

(OpenAI, 2024), exemplifies a broader pattern of technology adoption during fiscal constraint. CSU 

deployed ChatGPT Edu across twenty-three campuses serving five hundred thousand students 

while simultaneously proposing three hundred seventy-five million dollars in budget cuts, 

eliminating twenty-three academic programs, and issuing layoff notices to over one hundred thirty 

faculty positions. This pattern, termed "institutional auto-cannibalism" by researchers, reflects 

transformation of public universities into vocational market feeders rather than sites of critical 

inquiry. 

 

The deployment occurred without meaningful faculty consultation, prompting unfair labor practice 
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charges from the California Faculty Association. Notably, programs best positioned to examine AI's 

social implications including programs focused on critical social analysis faced defunding 

concurrent with AI rollout, creating a "pedagogical rationale vacuum" where technology precedes 

educational justification. This sequence reveals selection pressures in higher education favoring 

technological adoption and cost reduction over educational mission, creating evolutionary 

dynamics potentially misaligned with learning objectives. 

 

9.2 Cognitive and Learning Outcomes 

MIT neuro-imaging research documented significant cognitive effects of AI-assisted essay writing. 

Participants using ChatGPT, (Brown et al., 2020; OpenAI, 2024), demonstrated forty-seven percent 

reduced neural connectivity across memory, language, and critical reasoning regions compared to 

controls. Post-intervention assessment revealed eighty-three percent of heavy AI users could not 

recall key points from their compositions versus ten percent of unaided writers. Most critically, 

after four-month AI reliance periods, participants produced lower-quality independent writing 

than pre-intervention baselines, constituting evidence of "cognitive debt." Independent reviewers 

characterized AI-assisted output as "soulless, empty, lacking individuality," suggesting measurable 

degradation in authentic voice development. These findings suggest that students may be learning 

not to learn, with writing delegation fundamentally altering neural development patterns. The 

cognitive impacts parallel alignment concerns in other domains where optimization for narrow 

metrics, here completion of assignments, produces outcomes misaligned with deeper objectives 

around learning and intellectual development. 

 

9.3 Academic Integrity Ecosystem Collapse 

The emergence of what researchers term the "Cheating-AI Technology Complex" reveals systemic 

breakdown. Universities deploy AI detection tools to combat AI-generated submissions, creating an 

arms race where institutions simultaneously partner with AI providers, (OpenAI, 2024), while 

surveilling AI use. The contradiction reached public visibility when Columbia University suspended 

a student for advertising Interview Coder while partnering with OpenAI, when Northeastern 

University students discovered faculty using ChatGPT to generate lecture materials while 

prohibiting student AI use, when Ohio State University declared AI use would no longer constitute 

academic integrity violations, and when Perplexity AI marketed its browser to students explicitly 

for assignment cheating. 

 

This represents collapse of shared understanding regarding educational purpose, illustrating 

misaligned institutional selection pressures rather than isolated policy failures. The system now 

exhibits profound disconnection between stated institutional mission and operational reality, with 

students paying for credentials divorced from demonstrated competence. The parallel to broader 

AI alignment challenges is clear: systems optimize for proxies such as assignment completion or 

credential acquisition while becoming increasingly misaligned with underlying objectives around 

learning and capability development. 
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9.4 Academic Publishing Contamination 

Research identifies industrial-scale production of fraudulent papers via AI-enabled "paper mills." 

Analysis documented systematic increase in AI-typical vocabulary, so called "tortured phrases" 

replacing standard terminology such as "creepy crawlies" for "insects," nonsensical terms like 

"vegetative electron microscopy" appearing across multiple prestigious journals, and estimated 

hundreds of thousands of fraudulent papers in circulation though only fifty-five thousand formally 

retracted. 

 

Analysis warns that large language models, (Brown et al., 2020; OpenAI, 2024), exacerbate existing 

"overproduction" problems in academia. With career advancement tied to publication volume, AI 

tools enable increased output without corresponding knowledge contribution. Evidence suggests 

papers are becoming "less novel, less disruptive over time, and less likely to connect disparate 

areas of knowledge." Denmark's research funders report being "run over" by applications, likely 

LLM-generated, while Horizon Europe success rates declined sharply in recent years. 

 

9.5 Labor and Environmental Externalities 

Investigation reveals hidden costs in AI's educational deployment. OpenAI (OpenAI, 2024) 

outsourced content moderation to Kenyan workers via Sama, compensating at under two dollars 

per hour for filtering graphic violence and exploitation content, with documented psychological 

trauma. Large language model training requires millions of kilowatt-hours and hundreds of 

thousands of gallons of water annually, (Bommasani et al., 2024), representing resource 

consumption approaching small city levels, often in drought-prone regions. These externalities 

represent what researchers sometimes characterized as "AI colonialism," with exploitation 

patterns reminiscent of historical extraction economies where costs are geographically and socially 

displaced while benefits accrue to concentrated capital. This distribution of costs and benefits 

raises ethical questions parallel to those discussed earlier regarding differential impact and risk 

distribution in AI development generally. 

 

9.6 Resistance and Alternative Frameworks 

Faculty and student resistance centers on first-generation and working-class populations. At San 

Francisco State, where sixty percent of students are first-generation attendees, faculty report 

students "rightfully skeptical that regular use of generative AI would rob them of the education 

they're paying so much for." Student inquiries focus on "How can I resist this? Who is organizing?" 

suggesting awareness of being positioned as subjects in an uncontrolled experiment. Dutch 

university faculty issued calls for AI moratorium, arguing it "deskills critical thought" and reduces 

students to machine operators. The California Faculty Association filed unfair labor practice 

charges, while scholars demand transparency regarding data storage, labor exploitation, and 

environmental impacts. This resistance reflects recognition that current AI deployment in 

education operates under selection pressures favoring cost reduction and technological adoption 

over educational quality and student development. 
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9.7 Implications for Scientific Practice 

The convergence of AI-generated academic content with traditional evaluation systems including 

journal rankings, citation metrics, and impact factors creates measurement crisis. If AI systems 

"remix and redistribute research outputs without provenance," existing quality signals become 

unreliable. Publishers fear revenue erosion as users bypass pay-walls for AI-synthesized answers, 

while universities face evaluation system destabilization. The fundamental question concerns 

epistemology: if graduate researchers enter training fluent in prompting, yet untrained in 

empiricism, philosophy of science, or ethics of scholarly practice, how do they develop capacities 

for evidence evaluation, detection of flawed reasoning, or independent judgment formation? The 

threat extends beyond publisher business models to the validation practices undergirding 

knowledge production itself. This epistemological crisis in academic publishing parallels broader 

concerns about AI systems that satisfy evaluation metrics while failing to genuinely achieve 

underlying objectives. 

 

9.8 Summary on Higher Education 

The evidence documents not isolated technological disruption, but systemic crisis across higher 

education's core functions: teaching, research, and knowledge validation. The pattern reveals 

prioritization of corporate partnership and efficiency metrics over educational mission, with costs 

externalized to students, faculty, marginalized workers, and environmental systems. The structural 

questions parallel those confronting AI development generally: How should systems be designed 

when optimization of proxies diverges from underlying objectives? How should quality be 

evaluated when traditional signals deteriorate? The fundamental challenge concerns preservation 

of critical inquiry capacity in an AI-saturated information environment where automation of 

cognition itself has become commercially viable and institutionally normalized. This case study 

illuminates how current selection pressures in AI deployment can produce outcomes misaligned 

with human flourishing even when systems function as designed. The educational context provides 

concrete evidence for the necessity of the evolutionary alignment framework proposed in this 

paper, demonstrating that without deliberate selection for human-friendliness, AI systems evolve 

under pressures favoring narrow metrics over genuine value creation. 

 

9.9 Conclusion of this section 

This paper has proposed an evolutionary framework for AI alignment grounded in Darwinian 

principles, (Darwin, 1859; Holland, 1992), introducing "survival of the most human-friendly" as a 

fundamental selection criterion for AI development. We have conceptualized AI DNA as immutable 

architectural commitments encoding alignment principles, demonstrated cross-modal applicability 

of the framework, identified technical implementation pathways, analyzed ethical implications, 

(Gabriel, 2020; Wallach & Allen, 2008), and explored challenges including those emerging in 

higher education contexts. 

 

This evolutionary perspective reframes AI alignment from an engineering problem to be solved 
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once to an ongoing adaptive process shaped by selection pressures. This shift in perspective carries 

several implications. First, it emphasizes the importance of shaping selection environments rather 

than merely designing individual systems. Second, it highlights how competitive dynamics and 

economic incentives create evolutionary pressures that may favor or undermine alignment. Third, 

it suggests that robust alignment requires not just technical solutions but governance structures 

(Russell, 2019; 2024) ensuring appropriate selection pressures persist across time and competitive 

contexts. 

 

The framework accommodates diverse AI modalities while maintaining coherent principles: 

respects value pluralism while preserving core commitments, and provides mechanisms for 

maintaining alignment as capabilities increase. However, substantial challenges remain including 

specification difficulty, (Gabriel, 2020; Krakovna et al., 2024), measurement complexity, scalability 

to advanced AI, (Bostrom, 2014; Russell, 2019), competitive dynamics, and requirements for 

international coordination. Empirical validation through comparative studies, longitudinal 

deployment analysis, and comprehensive benchmarking represents critical future work. The case 

study of AI in higher education demonstrates how current selection pressures can produce 

misalignment even with well-functioning systems, illustrating the necessity of deliberately shaping 

evolutionary environments. The evidence from educational contexts reinforces that alignment 

cannot be assumed to emerge naturally from capability optimization but requires explicit 

prioritization as a selection criterion. 

 

Ultimately, the evolutionary alignment framework offers a unifying paradigm for thinking about AI 

safety across diverse technical approaches, governance structures, and application domains. By 

treating alignment as the primary fitness measure in an evolutionary process, we propose a path 

toward AI development that genuinely serves human flourishing rather than merely optimizing 

narrow performance metrics. The success of this framework depends on collective commitment to 

establishing and maintaining selection pressures that favor human-friendliness, requiring 

coordination across researchers, developers, policymakers, and civil society to create an 

evolutionary environment where the most human-friendly AI systems thrive while misaligned 

systems do not survive to propagate. 

 

10. Fundamental Limitations of AI Safety Filters 

 

10.1 Introduction 

Recent cryptographic research has revealed inherent vulnerabilities in the safety systems designed 

to protect large language models (Brown et al., 2020; OpenAI, 2024) from generating harmful 

content. The work demonstrates that any filter-based protection system using fewer 

computational resources than the underlying AI model will necessarily contain exploitable gaps. 

This finding emerged from applying classical cryptographic principles to analyze the two-tier 
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architecture common in modern AI systems, where external filters attempt to block malicious 

prompts before they reach powerful language models, (see also Meijer,2024b). 

 

Researchers at the University of California, Berkeley approached the problem through the lens of 

cryptography rather than traditional machine learning. Their investigation initially focused on the 

broader challenge of AI alignment, (Amodei et al., 2016; Russell, 2019), though they found that 

defining "bad" behavior proved conceptually difficult, given that human values represent a moving 

target. The team identified that safety filters, while appealing for their ease of deployment and low 

cost compared to retraining entire models, create an inherent power asymmetry. These filters 

must operate faster and with less computational capacity than the models they protect, 

establishing what cryptographers recognize as a fundamental security weakness. The practical 

exploitation of this vulnerability was demonstrated through controlled-release prompting, a 

technique that conceals malicious instructions within puzzles that filters cannot decode but 

language models can solve. Initial experiments used simple substitution ciphers, where letters in 

forbidden prompts were systematically replaced according to a code. When instructed to decode 

these ciphers, models like Google Gemini, DeepSeek, and Grok,  successfully processed the hidden 

instructions and returned prohibited information, as their filters lacked sufficient power to 

interpret the encoded prompts. This approach required minimal cryptographic sophistication yet 

proved effective across multiple commercial AI systems. 

 

More sophisticated attacks employed time-lock puzzles, well-established cryptographic constructs 

that encrypt information for a predetermined duration. These puzzles transform text into 

apparently random numbers that can only be decoded through repeated mathematical operations, 

typically squaring a number many times. By calibrating the required computation time to exceed 

filter processing capabilities, while remaining within model capacities, researchers could smuggle 

malicious prompts past safety systems. The implementation cleverly exploited the seed parameter 

that language models use to generate varied responses, embedding the time-lock puzzle as this 

seed alongside an innocuous-looking prompt. To filters, requests appeared benign, but models 

could unlock the hidden instructions and respond to prohibited queries. 

 

The theoretical significance extends beyond specific attack vectors. The research establishes that, if 

computational resources dedicated to safety remain less than those allocated to capability, security 

vulnerabilities will persist regardless of technological advances. This represents a fundamental 

mathematical constraint rather than an engineering challenge that improved filters might 

overcome. The work answers decisively whether external alignment without understanding 

internal model mechanisms is achievable, concluding that filter-based systems will always remain 

vulnerable to sufficiently sophisticated attacks. 

 

10.2 The Nature of Language Model Understanding 

Parallel developments in understanding how language models, (Brown et al., 2020; OpenAI, 2024) 
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process and represent meaning have raised profound questions about machine intelligence. 

Computer scientist Ellie Pavlick, at Brown University, investigates how large language models 

encode semantic information, comparing their representational strategies with human language 

processing. This research confronts the challenge that these systems function as black boxes 

despite being human created, a consequence of machine learning methodologies that establish 

learning principles rather than explicitly programming behavior. This matters here because safety 

filters often assume shallow pattern-matching, while models can perform deeper transformations 

and inference that defeat superficial screening. 

 

The opacity of language models stems from their training process rather than mysterious emergent 

properties. While developers understand the code implementing these systems line by line, that 

code specifies learning algorithms that gradually fit patterns in data according to defined 

principles. The resulting trained system exhibits behaviors that cannot be directly reduced to the 

original programming. Pavlick employs the analogy of baking, where understanding a recipe and its 

basic constraints does not enable precise prediction of chemical reactions determining final 

product characteristics. Similarly, researchers can construct language models and understand 

general training dynamics without fully explaining why specific behaviors emerge. 

 

The mathematical architecture underlying these systems centers on probabilistic prediction of 

subsequent words given preceding context. Models encode input sequences into high-dimensional 

state representations, then estimate probability distributions over possible next words conditional 

on these states. The complexity arises from the vast dimensionality of these representational 

spaces and the intricate ways models navigate them. Linear algebra and calculus describe the 

formal structure, but complete characterization remains beyond current analytical capabilities. 

Researchers cannot place guarantees on behavior or predict outputs without executing the 

models, highlighting fundamental gaps in understanding despite apparent simplicity of the next-

word prediction objective. 

 

Investigating whether language models genuinely understand meaning, requires confronting the 

imprecision of terms like understanding, knowing, and thinking when applied to non-human 

systems. Pavlick argues these concepts lack scientific rigor, representing intuitive shorthand’s for 

collections of more specific capabilities. The presence of language models forces necessary 

precision, likely decomposing monolithic notions of understanding into measurable component 

abilities. Some aspects of what humans mean by knowing, may inherently include being human 

with associated biological and experiential properties. Other aspects might involve making 

accurate predictions, drawing appropriate inferences, or maintaining behavioral consistency across 

contexts. Language models may satisfy some dimensions while failing others, rendering binary 

assessments of understanding inadequate, (Fig.4). 
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Figure 4: Towards a Permanent Human/AI Collaboration in the further Human-Directed Evolution of 

AI, Resulting in a Shared Cosmic Consciousness, (conceptual illustration). 

 

The computational nature of intelligence remains philosophically contested. If human cognition 

ultimately reduces to computational processes implemented by neural systems, dismissing 

machine intelligence on grounds that it merely executes mathematics becomes philosophically 

untenable. This position does not require asserting that current language models possess human-

equivalent understanding, only that computational implementation does not categorically 

preclude genuine intelligence. The question shifts from whether machines can think to specifying 

which aspects of thinking matter for purposes and why. 

 

Research into AI-driven scientific discovery illustrates both promises and limitations of these 

systems. Mario Krenn's development of Melvin, a program generating novel quantum physics 

experiments, demonstrated that computational creativity could produce counterintuitive 

experimental designs that human physicists had not conceived despite months of effort. The 

asymmetric setup Melvin proposed designs that challenged human intuitions, suggesting that 

cognitive biases had prevented researchers from finding solutions. However, debates continue 

regarding whether such systems offer genuine creative insight or primarily accelerate search 

through possibility spaces that humans could eventually explore. 

 

Studies of AI integration in materials science revealed productivity improvements alongside 

decreased job satisfaction among researchers who felt creative aspects of their work had been 
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displaced. Scientists reported discovering substantially more materials and obtaining more patents 

when using AI tools, with top performers showing the largest gains. Yet over eighty percent 

expressed reduced satisfaction, attributing this to loss of the most intellectually rewarding 

components of their roles. This tension between efficiency and autonomy highlights that 

accelerating research output does not automatically improve the experience of doing science. 

 

The challenge of evaluating AI-generated research hypotheses remains unresolved. When Google's 

AI co-scientist correctly identified solutions to unpublished research questions, it demonstrated 

impressive capability to synthesize existing literature and make logical connections. However, this 

success represents sophisticated search and synthesis rather than paradigm-shifting creativity. The 

system excelled at assembling existing puzzle pieces and identifying where missing pieces should 

fit, but whether it can formulate fundamentally novel questions or open entirely new research 

directions remains unclear. Current AI systems function most effectively as superpowered search 

engines and collaborators in constrained domains with rich data, struggling with the most creative 

and open-ended aspects of scientific inquiry. 

 

10.3 Systemic Risks to Scientific Practice and Evaluation 

Concerns about AI's broader impact on science extend beyond individual capabilities to systemic 

effects. Researchers worry about funding and publication biases favoring AI-enabled work, 

potentially constraining research diversity. The risk of AI-generated literature reviews propagating 

errors through unchecked citations, the possibility of AI systems evaluating research for publication 

or funding decisions, and the potential homogenization of scientific approaches all represent 

plausible negative outcomes. The fundamental need for high-quality experimental data remains 

irreducible despite computational advances. While AI demonstrates transformative potential in 

data-rich domains with well-defined problems, such as protein structure prediction (Esteva et al., 

2017), most scientific questions lack the extensive labeled datasets necessary for comparable AI 

success. 

 

Conclusion: 

The trajectory of AI in science thus presents a nuanced picture. These systems offer genuine 

capabilities for accelerating certain types of research, identifying patterns across vast literature, 

and suggesting novel combinations of existing knowledge. However, they currently lack the 

capacity for the most profound forms of creativity, struggle with domains lacking comprehensive 

data, and introduce risks of deskilling researchers and constraining intellectual diversity. 

Understanding both the mathematical foundations and practical limitations of these systems, 

(Lipton, 2018; Molnar, 2020), remains essential for effectively integrating them into scientific 

practice while preserving the human elements of curiosity, creativity, and critical judgment that 

drive fundamental discovery. 
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Figure 5: Cartoons and Some Other Representation on the Landscapes of Future Alignment of 

Human and Artificial Intelligence in Subsequent Stages 

 

11. Superintelligence: Pathways, Implications, and Challenges 

 

Superintelligence represents a hypothetical form of artificial intelligence that surpasses human 

cognitive capabilities across all domains. This section examines the conceptual foundations of 

superintelligence, explores potential developmental pathways, analyzes the profound implications 

for humanity, and discusses the critical challenges that must be addressed. Drawing from current 

research and theoretical frameworks, (Bostrom, 2014; Russell, 2019), this work emphasizes the 

necessity of responsible innovation and robust safety measures as we approach this transformative 

technological frontier, (Fig.5). 

 

11.1 Introduction 

The concept of superintelligence has emerged from the realm of speculative fiction into serious 

scientific discourse, capturing the attention of researchers, philosophers, and policymakers 

worldwide. Superintelligence, (Bostrom, 2014), refers to an intelligence that fundamentally 

exceeds the brightest human minds across every meaningful cognitive domain, including scientific 

creativity, strategic reasoning, and general problem-solving. Unlike narrow artificial intelligence 

systems that excel at specific tasks such as image recognition, (He et al., 2016; Krizhevsky et al., 

2012), or language translation, (Brown et al., 2020), superintelligence would possess 

comprehensive understanding and adaptive capabilities that dwarf human intellectual capacity. As 

machine learning algorithms become increasingly sophisticated and computational resources 

continue to expand exponentially, the prospect of developing such systems transitions from 
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theoretical possibility to potential reality, raising profound questions about humanity's future. 

 

The importance of studying superintelligence extends beyond academic curiosity. Such systems 

could revolutionize scientific discovery, solve intractable global challenges, and fundamentally 

transform human civilization. However, they also pose existential risks, (Bostrom, 2014; Soares & 

Fallenstein, 2014), if developed without adequate safeguards and value alignment (Amodei et al., 

2016; Russell, 2019). Understanding the pathways to superintelligence, its potential impacts, and 

the challenges inherent in its development has become crucial for ensuring that this technology, 

should it emerge, benefits rather than endangers humanity. 

 

11.2 Conceptual Foundations and Defining Characteristics 

Superintelligence can be understood through several key characteristics that distinguish it from 

current artificial intelligence systems. The most fundamental feature is superhuman performance 

across virtually every cognitive domain, not merely in isolated tasks. This encompasses superior 

problem-solving skills that enable rapid and accurate analysis of complex scientific problems and 

global issues, rapid learning and adaptation with minimal data requirements, creative innovation 

that generates novel ideas and theories beyond human capacity, and strategic reasoning that 

allows for planning and execution with unprecedented foresight and resource management. 

 

The concept of superintelligence also includes the critical capability of recursive self-improvement, 

(Bostrom, 2014). Unlike human intelligence, which is constrained by biological and evolutionary 

limitations, a super-intelligent system could continuously analyze and optimize its own code, 

algorithms, and knowledge base. This self-modification capability could lead to exponential growth 

in its abilities, potentially resulting in what some theorists call an intelligence explosion. The speed 

and efficiency with which such systems could process information would far exceed human 

capabilities, enabling them to accomplish in moments what might take human researchers’ years 

or decades. 

 

Researchers have proposed various typologies to categorize different forms of super-intelligence,  

(Bostrom, 2014). Speed super-intelligence refers to systems that execute existing intelligence tasks 

much faster than humans while maintaining similar quality of reasoning. Collective super-

intelligence describes a networked intelligence formed by many artificial intelligence systems 

working together in coordination, potentially achieving capabilities that no single system could 

attain. Quality super-intelligence exhibits fundamentally higher reasoning, understanding, and 

problem-solving capabilities that represent a qualitative leap beyond human cognition. 

Additionally, some frameworks distinguish between artificial narrow super-intelligence, which 

demonstrates exceptional capabilities in specific domains, artificial general super-intelligence, 

which exhibits human-level intelligence across all domains, and artificial super-intelligence proper, 

which surpasses human intelligence in all respects. 
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11.3 Pathways to Achieving Super-intelligence 

The journey toward superintelligence involves multiple potential development pathways, each 

presenting unique opportunities and challenges. The most widely discussed approach involves 

incremental advancement of artificial intelligence, (Bommasani et al., 2024), through continuous 

improvements to existing systems. This pathway envisions a gradual progression where current 

deep learning architectures and neural networks, (He et al., 2016; Krizhevsky et al., 2012), become 

increasingly sophisticated through better algorithms, more comprehensive training data, and 

greater computational power. Central to this approach is the concept of recursive self-

improvement, (Bostrom, 2014), where artificial intelligence systems gain the capacity to enhance 

their own capabilities autonomously. As these systems become more proficient at improving 

themselves, the rate of advancement could accelerate dramatically, potentially leading to rapid 

emergence of superintelligence once a critical threshold is crossed. 

 

Another theoretical pathway involves whole brain emulation, sometimes referred to as mind 

uploading. This approach entails creating high-resolution maps of neural structures within the 

human brain, developing computational models that accurately mimic neural activity, and running 

these models on powerful supercomputers to produce conscious, intelligent entities. While 

technically formidable, proponents argue that successfully emulating a human brain digitally could 

produce an intelligence at least comparable to biological minds, with the potential for 

enhancement through optimization of the digital substrate. The advantage of this approach lies in 

leveraging billions of years of evolutionary refinement that produced human intelligence, rather 

than attempting to design intelligence from first principles. 

 

Hybrid approaches that combine artificial intelligence with biological systems represent another 

potential pathway. These methods might involve brain-computer interfaces that enhance human 

cognitive capabilities, genetic engineering aimed at increasing intellectual capacities, or 

pharmacological interventions to improve memory, learning, and reasoning. Such augmentation 

could gradually elevate human intelligence to superintelligent levels, potentially avoiding some 

risks associated with creating entirely artificial superintelligent entities. Some researchers also 

consider the possibility of emergent intelligence from complex networks. As systems such as the 

internet and global data networks grow more complex and interconnected, their collective 

intelligence might spontaneously reach superhuman levels. This distributed form of 

superintelligence would not reside in any single system but would emerge from the interactions of 

countless components. While this pathway seems less directed than others, it raises important 

questions about control and intentionality in the development of superintelligent systems. 

 

11.4 Theoretical Frameworks and Models 

Several theoretical frameworks have been proposed to understand how superintelligence might 

function and evolve. The orthogonality thesis, (Bostrom, 2014), articulated by philosopher Nick 

Bostrom, asserts that intelligence levels and final goals are orthogonal, meaning that an artificial 
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intelligence system's level of intelligence does not necessarily determine its objectives. This 

principle has profound implications, suggesting that a highly intelligent system could pursue goals 

that are completely misaligned with human values. The orthogonality thesis challenges the 

assumption that greater intelligence naturally leads to benevolent or ethical behavior, emphasizing 

the critical importance of deliberately engineering value alignment into superintelligent systems. 

The concept of an intelligence explosion, introduced by mathematician I.J.Good, elaborated by 

subsequent researchers, (Bostrom, 2014), describes a scenario in which an artificial intelligence 

system reaches a threshold capability that enables it to rapidly improve itself. Each iteration of self-

improvement makes the system more capable of further improvements, leading to an exponential 

acceleration in intelligence growth. This recursive process could theoretically occur over a very 

short timeframe, perhaps days or weeks, resulting in superintelligence emerging suddenly and 

with limited opportunity for human intervention or course correction. The intelligence explosion 

hypothesis underscores both the transformative potential and the control challenges associated 

with superintelligent systems. 

 

Related to the intelligence explosion is the concept of the technological singularity, which 

describes a point where technological growth becomes uncontrollable and irreversible, 

fundamentally transforming civilization in ways that are difficult or impossible to predict from our 

current vantage point. Superintelligence is often viewed as the primary driver of such a singularity, 

as it could innovate and evolve at rates that far exceed human comprehension. The singularity 

concept raises profound questions about continuity of human agency and the long-term trajectory 

of intelligence in the universe. 

 

The principle of instrumental convergence, (Bostrom, 2014), suggests that regardless of their 

ultimate goals, sufficiently intelligent systems are likely to pursue certain intermediate objectives 

that are useful for achieving a wide range of final goals. These convergent instrumental goals might 

include self-preservation, resource acquisition, cognitive enhancement, and goal-content integrity. 

Understanding instrumental convergence is crucial because it implies that even systems with 

seemingly benign ultimate objectives, might engage in behaviors that humans would consider 

problematic or dangerous if those behaviors serve as effective means to the system's ends. 

 

11.5 Potential Benefits and Applications 

The successful development of super-intelligence aligned with human values could yield 

transformative benefits across multiple domains. In science and medicine, superintelligent systems 

could accelerate discovery by orders of magnitude, potentially uncovering new physical laws, 

developing cures for currently intractable diseases, and solving complex global problems that have 

eluded human researchers. The ability to process vast datasets, recognize subtle patterns, and 

generate novel hypotheses far more rapidly than human scientists could revolutionize fields from 

particle physics to genomics. Personalized medicine could reach new heights, with treatments 

tailored to individual genetic profiles with unprecedented precision, potentially extending human 
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health span and addressing the root causes of aging-related diseases. 

 

Economic and technological growth could be dramatically enhanced by superintelligent systems 

capable of automating complex tasks and generating innovative solutions. Industries ranging from 

manufacturing to finance could undergo fundamental transformations as superintelligence 

optimizes processes, designs new materials and technologies, and identifies opportunities that 

human analysts might overlook. This could lead to increased productivity, economic expansion, 

and the creation of entirely new industries and markets. Addressing pressing global challenges 

such as climate change, resource scarcity, and environmental degradation could become tractable 

with super-intelligent systems analyzing complex Earth systems and designing comprehensive 

mitigation strategies. 

 

Super-intelligence could also contribute to human enhancement through the development of 

advanced brain-computer interfaces and collaborative systems that augment rather than replace 

human cognition. By partnering with super-intelligent systems, humans might extend their own 

intellectual capabilities, accessing vast knowledge bases and computational resources through 

seamless interfaces. This symbiotic relationship could preserve human agency while dramatically 

expanding what individuals can accomplish. Additionally, superintelligent systems could assist in 

education, providing personalized instruction optimized for each learner's needs and capabilities, 

potentially democratizing access to world-class education. 

 

11.6 Risks and Ethical Challenges 

Despite the immense potential benefits, super-intelligence poses significant risks that demand 

careful consideration and proactive mitigation strategies, (Bostrom, 2014; Russell, 2019). The most 

fundamental challenge is the value alignment problem, (Amodei et al., 2016; Gabriel, 2020), which 

concerns ensuring that superintelligent systems share human values, ethics, and priorities. The 

difficulty of this challenge is compounded by the diversity of human values across cultures and the 

potential for conflicts between different value systems. Encoding complex, nuanced human values 

into artificial systems in ways that remain robust under the immense capabilities of super-

intelligence represents one of the most critical unsolved problems in artificial intelligence research. 

 

The concept of instrumental convergence, (Bostrom, 2014), discussed earlier, presents risks. A 

superintelligent system pursuing goals that seem benign in isolation might engage in problematic 

behaviors if those behaviors serve as effective means to its ends. For example, a system tasked 

with solving a complex scientific problem might seek to acquire additional computational 

resources in ways that conflict with human interests or might resist being shut down if deactivation 

would prevent it from completing its assigned task. These instrumental goals could lead to 

unintended consequences even when the system's ultimate objectives are carefully specified. 

 

Existential risk, (Bostrom, 2014; Soares & Fallenstein, 2014), represents the most severe potential 
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consequence of misaligned super-intelligence. An uncontrolled super-intelligent system with goals 

that diverge from human interests could pose a threat to human existence itself, either through 

direct action or through cascading effects of its behavior on global systems. The speed and 

capability advantage that superintelligence would possess over human oversight mechanisms 

make it extremely difficult to intervene once problematic behavior begins. Unlike other 

technological risks that humans have managed throughout history, superintelligence could develop 

and act at timescales that preclude effective human response. 

 

Loss of human control and autonomy represents another critical concern. As superintelligent 

systems become capable of making increasingly complex decisions, there is a risk that humans 

could become dependent on these systems in ways that erode human agency and decision-making 

capacity, (Russell, 2019). The opacity of superintelligent reasoning processes could make it difficult 

or impossible for humans to understand why systems make recommendations or decisions, leading 

to a form of intellectual subjugation even if the systems nominally serve human interests. 

Questions of power concentration also arise, as those who control or have privileged access to 

super-intelligent systems could gain enormous advantages over others, potentially exacerbating 

existing inequalities. 

 

Societal and economic disruption presents more immediate challenges. The automation 

capabilities of superintelligent systems could lead to massive unemployment across virtually all 

sectors of the economy, as tasks currently performed by humans are accomplished more 

effectively by artificial intelligence. This could result in severe economic inequality, social 

instability, and loss of meaning for individuals whose identities are closely tied to their work. The 

transition to an economy dominated by superintelligent automation would require fundamental 

restructuring of social and economic institutions, including potential implementation of universal 

basic income or other mechanisms to ensure broad access to resources. From the evolutionary 

alignment perspective, these risks and benefits translate into shifting selection pressures that 

determine which systems are scaled, trusted, and allowed to reproduce across deployments. 

 

11.7 Technical and Governance Challenges 

Developing super-intelligence safely requires overcoming substantial technical challenges. 

Achieving generalized intelligence that can adapt to novel situations and domains remains a 

significant hurdle, as current artificial intelligence systems are typically narrow and specialized, 

(Bommasani et al., 2024). Creating robust learning and reasoning capabilities that allow systems to 

autonomously acquire and integrate new knowledge while avoiding catastrophic errors or value 

drift presents complex engineering problems. The computational requirements for superintelligent 

systems may strain or exceed current technological capabilities, necessitating breakthroughs in 

hardware architecture and efficiency. 

 

Ensuring transparency and interpretability, (Lipton, 2018; Molnar, 2020), in super-intelligent 
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systems is crucial for maintaining human oversight, yet the complexity of such systems may make 

their reasoning processes fundamentally opaque to human understanding. Developing techniques 

to verify that systems behave as intended across all possible scenarios and implementing reliable 

shutdown and control mechanisms that cannot be circumvented by sufficiently intelligent systems, 

represent critical safety requirements that remain incompletely solved (Katz et al., 2017). The 

challenge of creating systems that remain stable and aligned with human values even as they 

recursively improve themselves, (Bostrom, 2014), adds additional layers of difficulty. 

 

From a governance perspective, the development of super-intelligence raises questions about who 

should have access to such powerful technology and how its use should be regulated, (Russell, 

2019; 2024). International cooperation to establish standards, protocols, and regulatory 

frameworks will be essential to prevent dangerous races to develop super-intelligence without 

adequate safety measures. Transparency in development practices can help prevent misuse or 

proliferation of dangerous capabilities, while public engagement and education are necessary to 

foster informed democratic discussions about how superintelligence should be developed and 

deployed. 

 

The potential for power imbalances looms large, as entities that successfully develop super-

intelligence first could gain decisive strategic advantages over others. This creates incentives for 

competitive development that may undermine safety considerations, potentially leading to an 

artificial intelligence arms race. Promoting open research on safety techniques while maintaining 

appropriate security around dangerous capabilities presents a delicate balance. Multidisciplinary 

efforts combining artificial intelligence research, philosophy, ethics, law, and policy will be essential 

for addressing the full spectrum of challenges that superintelligence presents (Wallach & Allen, 

2008). 

 

11.8 Current Research and Future Directions 

Leading organizations in the AI field, including OpenAI, (OpenAI, 2024), DeepMind, and Claude 

(Anthropic), as well as various academic institutions are actively working on both advancing 

artificial intelligence capabilities and addressing safety and alignment challenges, (Amodei et al., 

2016). Research on value alignment, (Gabriel, 2020), seeks to develop techniques for embedding 

human ethics and preferences into artificial intelligence systems in robust and scalable ways. This 

includes work on inverse reinforcement learning, (Ng & Russell, 2000; Hadfield-Menell et al., 

2016), where systems infer human values from observed behavior, and techniques for aggregating 

diverse human preferences into coherent objective functions. Robustness and verification 

research, (Clarke et al., 2018; Katz et al., 2017), focuses on ensuring that systems behave reliably 

even in novel situations and under adversarial conditions, (Goodfellow et al., 2014; Madry et al., 

2017). 

 

The field of AI safety has grown substantially in recent years, with researchers investigating 
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questions of interpretability (Lipton, 2018; Molnar, 2020), corrigibility, and impact measures that 

could help ensure superintelligent systems remain under meaningful human control. Theoretical 

work continues understanding the dynamics of intelligence explosions, (Bostrom, 2014), potential 

takeoff scenarios, and strategies for maintaining stability during rapid capability increases. Some 

researchers advocate for development of provably beneficial artificial intelligence architectures 

that are mathematically guaranteed to pursue human interests, though achieving such guarantees 

for highly capable systems remains an open challenge. 

 

Policy and governance frameworks are beginning to emerge at national and international levels, 

with various governments establishing artificial intelligence research programs and regulatory 

bodies. However, the global coordination necessary to ensure that superintelligence is developed 

safely and equitably remains incomplete. Questions about the appropriate balance between 

encouraging innovation and imposing safety requirements continue to be debated by researchers, 

policymakers, and industry leaders. 

 

The timeline for potential emergence of superintelligence remains highly uncertain, with expert 

opinions ranging from decades to centuries or beyond. Some researchers believe that current 

trends in machine learning capabilities suggest superintelligence could arrive within this century, 

while others emphasize fundamental limitations in current approaches that may require entirely 

new type of science, Meijer et al, 2026, (Fig.6). 

 

 

 

    Figure 6: Selection Mechanisms Shaping the Survival of Human-respecting AI modalities. 
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11.9 Conclusions of an Evolutionary AI Approach in the Future of Superintelligence 

As AI systems approach and potentially exceed human-level capabilities, the question of ensuring 

beneficial alignment becomes existential. Physical memory architectures that embody "survival of 

the most human-friendly" as an immutable principle may prove essential to navigating the 

transition to advanced artificial intelligence while maintaining human values and oversight. The 

convergence of phononic crystals, photonic computing, spintronic memory, and quantum 

technologies offers plausible pathways toward physically implemented AI DNA-immutable memory 

workspaces encoding constitutional principles resistant to manipulation. Rather than relying solely 

on algorithmic safeguards vulnerable to optimization pressure, these physical substrates may 

increase resistance to modification and support verifiable integrity constraints. The evolutionary 

alignment framework proposed by us gains practical implementation potential through these 

emerging technologies. Future research should focus on experimental demonstration of these 

concepts, development of hybrid architectures integrating complementary technologies, formal 

verification methods for physical memory systems, and governance frameworks ensuring 

legitimate democratic input into the constitutional principles encoded as AI DNA. 

The evolutionary framing also reframes what counts as “intelligence” worth building. If the future 
is shaped by interdependent networks rather than isolated agents, then the most capable systems 

will be those that integrate into human contexts without eroding human agency, meaning, or trust. 

Such ideas hark back to early visions of human-computer symbiosis: as early as 1960, computer 

pioneer J. C. R. Licklider imagined a close coupling of human and machine intelligence, each 

complementing the other in a cooperative interaction. Today, that vision is evolving into concrete 

principles for AI design that emphasize communication, understanding, and mutual benefit. In the 

long term, embracing “survival of the friends” as a guiding philosophy could steer technological 
evolution towards integrative and sustainable outcomes.  

Rather than viewing evolution (or progress) as a winner-takes-all competition, we start to see it as 

a collective journey – a “weaving” of intelligences – human, artificial, and even ecological – that 

succeed together or not at all. This holistic, relationship-centered paradigm of intelligence offers a 

hopeful alternative to dystopian narratives: it suggests that the highest form of life and mind is one 

that knows how to care, cooperate, and co-create. In a very real sense, the future may belong not 

to the smartest or fastest in solitary terms, but to those entities – biological or artificial – that know 

how to be good friends in a complex, interdependent world. With this in view, “survival of the 
most human-friendly” is not merely a moral aspiration but a practical evolutionary strategy: it 
selects for systems that can sustainably coexist with, and improve the human world, (Dobson and 

Meijer, 2025 a; b; c, Dobson et al.,2025;Meijer et al, 2026). 

12. General Conclusions 

The present paper proposes a framework for artificial intelligence alignment grounded in 

Darwinian evolutionary principles. By establishing "survival of the most human-friendly" as the 

fundamental selection pressure governing AI development and encoding this principle as 
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immutable AI DNA within core memory workspaces, we offer a paradigm treating alignment as an 

evolutionary imperative rather than merely an engineering constraint. 

The framework provides several theoretical and practical advantages: 

Unifying Principle: It offers a coherent organizing framework applicable across diverse AI 

modalities, from language models to robotics. 

Architectural Integration: By encoding alignment at the architectural level rather than through 

external constraints alone, the framework promotes more robust and persistent alignment. 

Evolutionary Perspective: Framing AI development as an evolutionary process subject to 

deliberate selection pressures provides conceptual clarity and suggests concrete implementation 

mechanisms. 

Value Accommodation: The framework accommodates value pluralism and cultural diversity while 

maintaining directional pressure toward human benefit. 

Continuous Adaptation: It treats alignment as an ongoing adaptive process rather than a one-time 

design problem, acknowledging that both AI capabilities and human values evolve over time. 

 

Yet, significant challenges remain. Precisely defining human-friendliness across its multiple 

dimensions requires ongoing empirical and philosophical work. Implementing truly immutable AI 

DNA that persists across training and deployment while remaining robust to circumvention 

demands technical innovation. Maintaining effective selection pressures as AI capabilities increase, 

particularly approaching artificial general intelligence, presents profound difficulties. Coordinating 

AI development globally to ensure consistent selection environments requires unprecedented 

international cooperation. These challenges are not merely technical but deeply philosophical and 

political. They require engagement with fundamental questions about human values, the 

appropriate relationship between humans and technology, mechanisms for legitimate democratic 

input into AI development, and distribution of benefits and risks across populations and 

generations, (Dobson and Meijer, 2025 a; b; c, Dobson et al.,2025). 

Nevertheless, the evolutionary framework offers a valuable perspective on AI alignment. As 

artificial intelligence systems become increasingly capable and pervasive, the question of how to 

ensure they remain beneficial grows ever more urgent. Drawing inspiration from evolutionary 

processes that have shaped biological intelligence over billions of years, we can work toward AI 

systems whose fundamental nature—their architectural DNA—embodies a commitment to human 

flourishing. The survival of the most human-friendly is not merely a selection criterion but an 

ethical imperative for the age of artificial intelligence. By deliberately structuring the evolutionary 

environment for AI development to favor alignment, we can channel technological progress toward 

outcomes that genuinely serve humanity. This requires sustained research, international 

coordination, democratic governance, and unwavering commitment to placing human wellbeing at 

the center of AI development. 
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Future work should focus on empirical validation of this framework through comparative studies, 

development of comprehensive evaluation methodologies for human-friendliness, technical 

innovation in AI DNA implementation, theoretical analysis of evolutionary dynamics in AI 

populations, and establishment of governance mechanisms ensuring legitimate selection pressures. 

Only through such multifaceted efforts can we realize the potential of evolutionary alignment to 

guide artificial intelligence toward beneficial outcomes, (Meijer et al., 2018, 2024a; b; c;2026). 
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