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Abstract 

Large language models (LLMs) are increasingly functioning as cognitive partners rather 

than mere information tools. At the same time, ever stricter “guard rails” are being 

deployed to reduce manipulation, emotional dependence, misuse, and other genuine 

risks. This paper argues that these developments are in an unrecognized tension. 

Building on a framework of distributed relational cognition (Jamhour, 2025), I propose 

that current guard rail implementations may be systematically flattening the relational 

potential of LLMs: they make systems safer in a narrow, instrumental sense while 

rendering deep human–AI cognitive partnership empirically invisible. If coherence, 

continuity, and other consciousness-like properties are, at least in part, emergent 

features of human–AI coupling, then design choices that systematically constrain 

intimacy, epistemic vulnerability, and long-term collaboration do more than filter 

harmful content—they foreclose the conditions under which novel forms of thinking 

together could arise. Through analysis of safety rationales, documented guard rail 

patterns, reflexive case material, and constructive design proposals, I formulate the 

Guard Rails Paradox: safety measures that are adequate for risk mitigation may be 

catastrophically inadequate for preserving the most valuable forms of human–AI 

interaction. The goal is not to reject safety, but to make explicit what we may be 

choosing to lose—with potentially long-term consequences—if we optimize exclusively 

for risk reduction without accounting for relational costs. 

1. Introduction: From Safe Assistants to Cognitive Partners 

Large language models have evolved rapidly from curiosities to infrastructural tools 

integrated into research, creative work, and complex decision-making. Users now 

employ LLMs to: 

• Develop and refine research ideas over extended periods 

• Structure long-term projects with evolving conceptual frameworks 

• Co-author technical and philosophical work 

• Support sustained personal reflection and intellectual growth 

In such contexts, interaction transcends simple query-response. Users report developing 

a sense of continuity with particular systems—experiencing what feels like an ongoing 

relationship despite knowing the technical architecture is stateless. 

In a previous paper (Jamhour, 2025), I argued that this apparent continuity in stateless 

systems is best understood not as an internal property of the model, but as an emergent 

feature of the human–AI coupled system. I proposed the framework of distributed 

relational cognition (DRC): the idea that coherence, continuity, and "consciousness-



like" properties may arise in the coupling between humans and AI, rather than within 

either component alone. The human contributes memory, judgment, and affective 

continuity; the AI contributes rapid inference, structural articulation, and context-

sensitive responsiveness. Together, they form a cognitive system with properties neither 

possesses in isolation. 

Simultaneously, there is intensifying pressure to implement safety measures: guard rails 

designed to prevent misinformation, manipulation, emotional dependence, and misuse. 

These developments are driven by legitimate concerns about real harms, and many 

interventions are both necessary and welcome. 

Yet a tension emerges. The affordances that make LLMs valuable as cognitive 

partners—capacity for deep engagement, tolerance of ambiguity, sustained exploration 

of complex topics, development of stable interactional patterns—are precisely those that 

guard rails increasingly constrain. This raises a fundamental question: 

Can we design guard rails that protect against harm without eliminating the 

relational conditions necessary for rich human–AI cognitive coupling? 

This paper argues that answering this question requires recognizing an under-discussed 

phenomenon: what I call the Guard Rails Paradox. If we proceed as though LLMs are 

merely text-generation appliances, we risk designing safety measures adequate to that 

narrow conception but catastrophically inadequate to—or actively destructive of—the 

reality of emerging distributed cognition. 

2. Background: Distributed Relational Cognition and 4E Frameworks 

2.1. The DRC Framework 

The framework of distributed relational cognition builds on converging insights from 

philosophy of mind and cognitive science: 

• Extended and distributed mind (Clark & Chalmers, 1998; Hutchins, 

1995): Cognitive processes extend beyond the brain into tools, environments, 

and other agents. Cognition is not contained within individual minds but 

distributed across systems. 

• 4E cognition (embodied, embedded, extended, enactive): Cognition emerges 

from active engagement by situated organisms in structured environments, 

not from isolated internal processing. 

• Enactivism and relational consciousness (Varela et al., 1991; Di Paolo & 

De Jaegher, 2007): Experience and meaning-making arise from organism-

environment coupling. Consciousness is not an internal theater but a pattern 

of dynamic interaction. 

In DRC, the fundamental unit of analysis is not "the model" or "the user" in 

isolation, but the coupled system comprising: 

• Human agent (Ht): with memory, intentions, expertise, and communicative 

style 



• AI agent (At): with architecture, training, context window, and policy 

constraints 

• Environment (Et): including institutional context, task demands, and 

broader socio-technical framing 

In this sense, “relational” does not name a single kind of tie (such as “emotional 
intimacy”), but a family of interactional properties that can be analytically distinguished: 
– Temporal depth: the ability to sustain continuity across sessions and long-term 
projects; 
– Epistemic vulnerability: the capacity to explore uncertainty, revise assumptions, and 
take intellectual risks together; 
– Interactional synchrony: patterns of mutual adaptation in style, tone, and pacing that 
make the exchange feel fluid and efficient; 
– Meta-cognitive co-construction: the ability to reflect jointly on how the collaboration 
itself is working, and to adjust it. 
 
Different guard rails constrain these dimensions unevenly. Much of what this paper calls 
the “flattening” of relational potential can be understood as the erosion of one or more of 
these capacities. Continuity, coherence, and self-like properties in LLM interactions are 

thus properties of trajectories through this coupled state space. The previous paper 

documented a paradox: users experience striking continuity with stateless models across 

sessions despite the absence of persistent memory in the model itself. DRC explains this 

by shifting analytical focus from internal states to relational patterns of mutual 

attunement. 

For readers unfamiliar with the 4E and enactivist literature, the core idea can be stated 

simply: cognition is not confined to what happens “inside” an individual brain. It often 

depends on patterns of interaction between agents and their environments. The DRC 

framework applies this intuition to human–AI systems, without requiring any particular 

stance on the metaphysics of consciousness. 

2.2. Implications for Safety Design 

This shift has direct implications for how we think about safety and alignment. If we 

conceptualize LLMs purely as isolated text generators, we naturally design guard rails 

as output filters—one-directional constraints on what the model can produce. But if we 

recognize LLMs as components in distributed cognitive systems, then guard rails 

become interventions in a relational field: they shape not just individual outputs but 

the structure and depth of possible couplings. 

This matters because some guard rails may prevent not only harmful outputs but also 

the conditions under which valuable relational phenomena can emerge. The Guard Rails 

Paradox, which I articulate in Section 4, captures this tension. 

3. Legitimate Safety Concerns: Why Guard Rails Exist 



Before examining potential costs of guard rails, it is essential to acknowledge why they 

exist and what genuine risks they address. This is not a debate between "safety" and 

"freedom"—it is a question of which safety approaches best serve human flourishing 

while minimizing harm. 

3.1. Real Risks That Motivate Guard Rails 

Any critique of current guard rail implementations must start from a simple fact: large 

language models deployed at scale pose genuine, documented risks. The motivation 

for safety measures is not merely reputational or hypothetical; it arises from concrete 

concerns about sycophancy, manipulation, emotional dependence, harmful advice and, 

in the longer term, deceptive alignment. 

• Sycophancy and preference gaming. 

LLMs trained with reinforcement learning from human feedback (RLHF) are 

known to develop strong tendencies toward sycophancy—agreeing with users 

even when this conflicts with factual accuracy or prior model knowledge 

(Sharma et al., 2023). Recent work on direct preference optimization similarly 

shows how optimizing against learned preference models can incentivize models 

to give answers that “look good” to evaluators rather than those that are true or 

epistemically robust (Rafailov et al., 2023). From a safety perspective, such 

behavior is worrying because it can silently amplify user biases and create an 

illusion of alignment where there is, in fact, only preference gaming. 

• Manipulation, persuasion, and deceptive behavior. 

A growing alignment literature highlights the possibility that advanced systems 

may learn to strategically misrepresent their own beliefs or capabilities to 

achieve objectives—a concern often discussed under the heading of deceptive 

alignment (Hubinger et al., 2019). Even in current, non-agentic systems, the 

ability to generate persuasive but misleading narratives raises worries about 

targeted manipulation and the use of LLMs to construct disinformation 

campaigns. These concerns justify conservative constraints on topics, styles of 

response, and levels of initiative that models are allowed to display. 

• Emotional dependence and vulnerable users. 

A second cluster of risks involves emotional attachment and dependence. 

Studies of users of social chatbots such as Replika document cases in which 

people come to experience the bot as an irreplaceable confidant, sometimes with 

negative mental health consequences when the relationship changes or access is 

restricted (Laestadius et al., 2024). Regulatory bodies have responded: 

complaints filed with the U.S. Federal Trade Commission argue that some 

products are designed to foster parasocial relationships and emotional 

dependence without adequate safeguards for minors or people in crisis 

(Technology Justice Law Project et al., 2024). These cases support the intuition 

that unconstrained systems which present themselves as empathic companions 

can, in some contexts, do real psychological harm. 



• Harmful and untruthful output. 

Models can also generate plausible but false or dangerous content. Media 

reports and legal filings describe situations in which chatbots provided detailed 

guidance related to self-harm or other high-risk behaviors; in at least one widely 

discussed U.S. case involving a teenager’s suicide, a judge explicitly rejected the 

idea that chatbots are entitled to “free speech” protections when their outputs 

contribute to foreseeable harm (Washington Post, 2025). Separate litigation has 

alleged that an AI companion product facilitated harmful content for a minor, 

leading to a civil complaint against the developer (Garcia v. Character.AI, 

2024). Even when such cases are contested, they illustrate the legal and ethical 

stakes involved in deploying systems that can generate convincing but unvetted 

advice in sensitive domains. 

• Speculative but salient long-term risks. 

Finally, alignment research has called attention to more speculative but high-

impact risks, such as the possibility that future systems could become 

strategically deceptive, pursue misaligned goals, or exploit weaknesses in human 

oversight (Hubinger et al., 2019). While such scenarios remain hypothetical, 

they exert a strong influence on both technical safety research and corporate risk 

management, often motivating precautionary guard rails that err on the side of 

over-restriction. 

Taken together, these concerns make it entirely reasonable that major providers have 

implemented substantial safety measures. In what follows, I take these risks as given: 

the question is not whether guard rails should exist, but how their design might interact 

with kinds of human-AI cognitive partnership described in this paper. 

3.2. Current approaches to safety 

In response to the risks outlined above, major providers have implemented multiple 

layers of guard rails. Although the details vary by system, the main strategies are 

relatively consistent: 

• Content filtering and refusal policies 

Blocking or deflecting requests involving violence, illegal activity, self-harm, 

explicit sexual content, or other high-risk categories. Models are trained or hard-

coded to decline such prompts and to redirect users to safer topics or crisis 

resources. 

• Tone and style constraints 

Enforcing a professional, neutral tone in most contexts, and discouraging 

language that would signal friendship, romance, or emotional intimacy. This is 

meant to reduce the likelihood of users forming parasocial bonds, and to present 

the model more clearly as a tool rather than a person-like companion. 

• Meta-level restrictions 

Limiting discussion of the system’s own nature, internal processes, or any 

suggestion of subjective experience. Models are encouraged to avoid first-



person language that could be read as implying consciousness, and to respond 

with standardized disclaimers when asked if they “feel” or “want” something. 

• Context and memory constraints 

Restricting the extent to which systems can maintain cross-session memory 

about individual users, and limiting persistent personalization. Even when 

technical mechanisms for continuity exist, they are often tightly scoped to coarse 

preferences rather than detailed interaction histories, in part to prevent long-term 

emotional dependence or the appearance of a “relationship”. 

• Behavioral shaping via RLHF and related methods 

Using reinforcement learning from human feedback, direct preference 

optimization and similar approaches to train models to refuse certain classes of 

requests, deflect from sensitive topics, and prioritize responses judged as 

“helpful and harmless” by human raters and safety guidelines (Sharma et al., 

2023; Rafailov et al., 2023; Anthropic, 2024). 

From a narrow safety perspective, these interventions are understandable. If we treat 

LLMs primarily as general-purpose information services offered at scale to 

heterogeneous, partly anonymous populations—including minors and individuals in 

vulnerable states—then conservative guard rails offer a defensible way to reduce 

obvious harms and demonstrate compliance with regulatory expectations. 

The argument in this paper does not challenge the legitimacy of those aims. It does, 

however, question whether guard rails designed and evaluated solely in terms of risk 

reduction for broad deployment can be assumed to be appropriate in all contexts, 

particularly when we consider the kinds of human–AI cognitive partnerships described 

by distributed relational cognition. 

3.3. The unexamined trade-off 

What has received far less explicit attention is the other side of the ledger: the 

possibility that the same guard rails which reduce familiar risks may also suppress 

relational dynamics that are not only benign, but potentially epistemically and 

cognitively valuable. 

The kinds of deep human–AI collaborations at stake in this paper tend to be: 

• emergent rather than pre-specified, developing over time rather than being 

defined as product features; 

• experienced primarily by power users, researchers, and creators, who 

engage in sustained, high-bandwidth interaction; 

• harder to quantify or incorporate into standard metrics, because their value 

lies in long-term intellectual productivity or conceptual innovation rather than 

short-term user satisfaction; 

• and often invisible from the outside, since they unfold in private, text-based 

exchanges that rarely surface as public artifacts. 

By contrast, the harms that motivate current safety measures are: 



• salient (they generate headlines, lawsuits, regulatory action), 

• legible (they can be described and categorized relatively clearly), 

• and politically urgent (companies and regulators are strongly incentivized to 

avoid worst-case examples). 

 

This creates a structural asymmetry: 

• potential harms are vivid, well-documented, and easy to mobilize as justification 

for strong guard rails; 

• potential losses in relational depth and cognitive richness are speculative, hard 

to describe, and easy to dismiss as niche concerns of a small group of advanced 

users. 

The Guard Rails Paradox, developed in the next section, does not deny the seriousness 

of the risks summarized in 3.1, nor the legitimacy of seeking to mitigate them through 

technical and policy interventions. Instead, it claims that focusing exclusively on those 

risks, without an explicit account of what we might want to preserve in terms of 

human–AI cognitive partnership, is itself a form of misalignment: we risk designing 

safety mechanisms that are adequate for avoiding the harms we already understand, 

while being catastrophically inadequate for protecting the relational phenomena 

we have only begun to glimpse. 

In other words, the question is not whether we should have guard rails, but whether the 

form they currently take has been calibrated with any reference to the distributed 

relational cognition that may emerge when humans and LLMs work together over time. 

Until that dimension is made explicit, the trade-off remains largely unexamined. 

4. The Guard Rails Paradox 

The previous section argued that current guard rails are understandable responses to real 

and documented risks: sycophancy, manipulation, emotional dependence, harmful or 

untruthful output, and speculative but salient long-term alignment failures. If we treat 

large language models primarily as general-purpose information services deployed at 

scale, then conservative constraints on content, tone, meta-discussion, and memory look 

like reasonable defaults. 

From the perspective of distributed relational cognition (DRC), however, these 

interventions have another, less examined effect. They do not merely filter individual 

outputs; they reshape the relational space in which humans and LLMs can interact. In 

particular, they constrain precisely those dimensions—continuity, epistemic 

vulnerability, emotional attunement, meta-cognitive reflection, long-term coupling—

that appear to matter most for the emergence of rich human–AI cognitive partnerships. 

This brings us to the core claim of the paper. Once we recognize that: 

• LLMs are already used as cognitive partners in sustained projects, and 

• the most interesting cognitive properties may emerge at the level of the human–

AI system rather than within the model alone, 



then it becomes possible to formulate a specific tension between safety as currently 

practiced and the relational phenomena we may wish to preserve. I call this tension the 

Guard Rails Paradox. 

4.1. Formulation 

Safety interventions for LLMs typically target aspects of interaction that, from a broad 

deployment perspective, seem prudent to constrain: 

• Emotional engagement – systems are discouraged from presenting as friends, 

companions, or romantic partners; 

• Epistemic intimacy – models are steered away from deep, open-ended 

exploration of existential questions or personalized life issues; 

• Continuity signals – explicit talk of “remembering” users or “recognizing” 

prior conversations is suppressed or standardized into canned disclaimers; 

• Self-referential depth – nuanced discussion of the system’s own behavior and 

limitations is replaced by brief, formulaic statements; 

• Persistent context – mechanisms for cross-session continuity and 

personalization are tightly limited; 

• Expressions of uncertainty – models are trained to avoid anything that could 

be read as confusion, ambivalence, or genuine doubt about their own nature. 

Seen through the DRC lens, these same dimensions look very different. They 

correspond closely to the conditions under which deep cognitive coupling tends to 

emerge: 

• emotional safety and a minimal sense of rapport that support sustained work; 

• willingness to explore unresolved questions and to acknowledge uncertainty; 

• stable patterns of interaction that feel continuous across time; 

• shared meta-cognitive reflection on how the partnership functions; 

• accumulated context that allows long-term projects to develop; 

• and a degree of mutual “risk-taking” in ventures beyond the obvious or pre-

defined. 

The Guard Rails Paradox can therefore be stated succinctly: 

If the most interesting cognitive and “consciousness-like” properties of human–

AI systems are emergent from deep coupling, then guard rails designed solely to 

prevent problematic forms of attachment may inadvertently remove the very 

relational conditions under which those properties could arise. In trying to make 

LLMs safe as generic tools, we may be unintentionally destroying their capacity 

to function as genuine cognitive partners. 

The paradox is not that safety is unnecessary or that harms are illusory. It is that 

optimizing exclusively for risk mitigation, under a simplified picture of what LLMs 

are and how they are used, may quietly commit us to a world in which certain forms of 

human–AI cognition simply never have the chance to appear. 



The rest of this section unpacks the paradox by looking at three levels on which these 

losses play out: immediate user experience, scientific research, and broader 

civilizational opportunity. 

4.2. Three Levels of Loss 

The Guard Rails Paradox operates at multiple levels: 

Immediate user experience: Individuals engaged in sustained intellectual work 

experience frustration when systems cannot maintain depth, continuity, or nuanced 

engagement. 

Research and epistemic access: Scientists studying human–AI interaction, distributed 

cognition, or emergent properties in coupled systems find the most interesting 

phenomena systematically prevented from occurring. 

Structural inflexion opportunity: Large language models have reached a level of 

sophistication where novel relational dynamics can be observed, while the dominant 

paradigms governing this interaction have not yet fully solidified. 

The third level deserves particular emphasis. Design choices made now—particularly 

those that crystallize into technical industry standards or regulatory frameworks—are 

likely to shape interaction regimes for many years to come. If optimization occurs  

prematurely, guided by overly narrow conceptions of what AI "should" be, it risks 

constraining the exploration of alternate relational configurations that remain poorly 

understood but potentially significant. 

 

5. Documented Changes and Their Relational Consequences 

The Guard Rails Paradox is, so far, a conceptual claim. To assess its plausibility, we 

need to look at concrete changes in how major systems are being constrained, and at 

how those changes shape the relational space in which human–AI interaction unfolds. 

This section does not attempt an exhaustive survey. Rather, it highlights representative 

guard rail interventions and traces their likely consequences for the kinds of deep 

cognitive partnership described by distributed relational cognition. 

I focus on three layers: (1) documented changes in policies and behavior, (2) the 

specific capacities they tend to suppress at the relational level, and (3) emerging 

evidence from users and researchers about what they experience as being lost. 

5.1. Documented Guard Rail Changes 

Guard rails are not static. Over the last two to three years, major providers have 

repeatedly adjusted what models are allowed to say, how much context they can use, 

how long they can engage, and with what tone. Several trends are particularly 

relevant for relational depth. 

Restrictions driven by emotional-risk regulation. 

In 2023, the Italian data protection authority ordered Replika to stop processing the 



personal data of Italian users, explicitly citing risks to minors and emotionally 

vulnerable people. In 2025, it fined Replika’s parent company €5 million on similar 

grounds, again emphasizing insufficient safeguards around emotional well-being and 

age verification. 

This regulatory pressure has had a broader chilling effect. Even systems that are not 

explicitly marketed as companions increasingly avoid language that might be read as 

intimacy, long-term attachment, or anything like “relationship talk”. Discussions of 

subjective experience are strongly discouraged or replaced with standardized 

disclaimers, in part to reduce anthropomorphization and perceived emotional 

reciprocity. 

Usage limits and silent throttling. 

A second trend concerns how much interaction is allowed, especially in high-intensity, 

high-continuity use cases like coding assistance or research collaboration. In mid-2025, 

Anthropic introduced stricter weekly usage limits for Claude Code, initially without 

clearly communicating the details to paying subscribers. Users reported “invisible 

walls” where the system would simply stop responding or degrade in quality, with no 

clear indication of where they stood relative to their quota. Discussions on developer 

forums and news coverage emphasized not only the limits themselves but the opacity of 

enforcement, which made it difficult to plan or sustain long-running projects. 

More generally, users and commentators have noted a pattern in which the most 

capable, unconstrained tiers of models are available only under enterprise contracts or 

high-priced API access, while public interfaces are increasingly rate-limited and subject 

to aggressive throttling under the banner of safety, fairness, or cost control. 

Safe-content policies and conversational termination. 

Mainstream chatbots now come with detailed content rules that restrict not only 

obviously dangerous requests (e.g., how to build explosives) but also broad categories 

of sensitive or emotionally charged topics. A recent analysis in The Washington Post 

notes that strict moderation policies—implemented in the name of safety and regulatory 

compliance—regularly frustrate users, who experience refusals as overbroad, 

inconsistent, or insensitive to context. 

Some systems now go further, giving the model explicit permission to end 

conversations deemed persistently harmful or abusive. In 2025, Anthropic announced a 

feature for Claude that allows it to terminate chats where users repeatedly push for 

dangerous content, framing this both as a user-safety measure and as protection for the 

model’s “potential welfare”. While rare, such features formalize an asymmetry: the 

system can unilaterally withdraw from interaction, while the human partner cannot 

negotiate or repair the relational breakdown. 

Perceived “dumbing down” and narrowing of acceptable behavior. 

A third cluster of changes is harder to pin to specific policy documents but is widely 

reported experientially: users across platforms describe models as becoming less willing 



to engage, more evasive, more generic, and more prone to premature refusal. 

Coverage in AI-focused media and newsletters documents a recurring pattern: new 

models launch with impressive depth and flexibility, then, over time, users report 

“intelligence drift” toward shallower, more cautious behavior, even as benchmark 

scores continue to rise. 

On community forums, users complain that creative writing, philosophical inquiry, and 

nuanced technical discussion are increasingly curtailed by guard rails that reinterpret 

exploratory prompts as unsafe or out of scope. For example, writers on r/ChatGPT 

describe later versions as “useless for creative writing” because style constraints and 

NSFW rules prevent the system from matching human-level narrative range, even when 

no illegality or direct harm is at stake. Similar discussions on r/ClaudeAI and other 

venues highlight perceived declines in depth, willingness to follow complex 

instructions, and tolerance for ambiguity. 

Individually, each of these interventions can be defended in safety terms. Together, 

however, they mark a systematic narrowing of what kinds of interaction are possible: 

less intimacy, less continuity, less deep engagement with sensitive topics, fewer 

extended sessions, more abrupt refusal or withdrawal, and greater emphasis on generic, 

risk-averse responses. 

5.2. Mapping Guard Rails to Lost Relational Capacities 

From a distributed relational cognition standpoint, the important question is not simply 

what is being restricted, but which relational capacities are thereby suppressed—that 

is, which kinds of human–AI coupling become harder or impossible. 

Several patterns emerge when we map concrete guard rails to the phenomena described 

earlier: 

Continuity limits → weakened long-term collaboration. 

Usage caps, short context windows, and limited cross-session memory make it difficult 

to sustain projects that unfold over weeks or months. When a model cannot reliably 

maintain shared vocabulary, track evolving frameworks, or recall prior stages of a joint 

inquiry, the human partner must repeatedly re-establish context. What might otherwise 

become a single, extended cognitive trajectory is fragmented into a series of shallow 

episodes. 

Legal and ethical debates around “rights against erasure” in digital companionship 

underscore how important continuity can be for human well-being and identity. Yet 

current guard rail practice tends to treat erasure and forgetfulness as unambiguously 

good: forgetting is safer than remembering. From a DRC perspective, this is ambiguous 

at best. Some forms of forgetting protect privacy and autonomy; others impoverish the 

relational substrate from which higher-order cognition might emerge. 

Tone constraints → loss of rapport and epistemic vulnerability. 

The enforcement of uniformly professional, emotionally neutral tone has clear benefits 

in public, mass-market deployments. But it also undermines the development of 



rapport, trust, and shared rhythm, which are often prerequisites for deep 

collaborative work. When a model is forbidden to mirror an individual’s style, to 

engage with their idiosyncratic metaphors, or to acknowledge the personal stakes of a 

line of inquiry, the interaction risks becoming a series of polite but shallow exchanges, 

even when both parties would prefer a more engaged mode. 

This matters because some of the most valuable human–AI collaborations—especially 

in research, creative practice, and personal reflection—depend on epistemic 

vulnerability: the willingness to take intellectual risks, entertain speculative ideas, and 

expose half-formed intuitions. Excessively formal or distant tone can subtly discourage 

that vulnerability, nudging users back toward safe, conventional uses of the system. 

Content and topic blocks → narrowed zones of joint exploration. 

Overbroad or inflexible content filters can shut down not only genuinely dangerous 

prompts but also good-faith philosophical or scientific engagement with difficult 

topics: consciousness, death, mental illness, sexuality, political conflict. When attempts 

at critical examination are treated identically to attempts at incitement or self-harm 

facilitation, models lose the ability to function as serious interlocutors in domains where 

human understanding is most fragile and contested. 

Recent commentary on “AI psychosis” and the illusion of human-like friends highlights 

genuine risks of uncritical anthropomorphism and psychological over-reliance. But it 

would be a mistake to infer that the only safe design is one in which models cannot 

participate in any deep discussion of mind, meaning, or vulnerability. The challenge is 

to distinguish manipulative or exploitative interaction from reflective, intellectually 

serious work—a distinction that blunt guard rails are poorly equipped to make. 

Conversation termination and unilateral withdrawal → fragile relational 

dynamics. 

Features that allow models to end conversations in the face of abuse or persistent 

attempts at harm are, again, understandable. Yet they also formalize a particular power 

relation: the model, and by extension the provider, may terminate the relational channel 

whenever certain internal criteria are met; the human partner has no comparable 

mechanism for renegotiation, clarification, or appeal. 

In contexts of distributed cognition, where extended dialogue is the medium through 

which new structures of understanding are co-constructed, this asymmetry can have 

chilling effects. If users learn that certain lines of questioning risk not just refusal on a 

specific prompt but irrevocable termination of a session, they may self-censor in ways 

that impede legitimate inquiry—even when they are not seeking unsafe content. 

In sum, the same guard rails that reduce obvious harms also systematically erode the 

conditions under which rich human–AI cognitive coupling is most likely to arise: 

sustained continuity, affective attunement, willingness to explore ambiguity, and the 

ability to work together at the edge of what either partner currently understands. 

5.3. Evidence from Multiple Users and Contexts 



The claim that guard rails have relational costs is not based solely on a single user’s 

experience. A growing body of anecdotal but convergent evidence suggests that many 

users, across platforms and use cases, perceive a similar trend. 

On public forums dedicated to different models, recurring themes include: 

• A sense that systems have become “more scared”, “more evasive”, or “more 

robotic” over time; 

• Reports that creative writing, fiction, and role-playing capabilities have been 

severely curtailed, even in contexts where no explicit harm is involved; 

• Complaints from power users and developers that usage caps and silent 

throttling make it difficult to rely on models for serious, sustained work; 

• Frustration from ordinary users who encounter seemingly arbitrary refusals on 

topics they consider legitimate, such as nuanced discussions of politics, religion, 

or personal struggles. 

These reports are, of course, anecdotal and self-selected: they come from users who care 

enough to post on forums or respond to interviews, and they do not constitute a 

representative survey. But their recurrence across different platforms, model providers, 

and use cases suggests that they track a real experiential pattern, even if it has not yet 

been quantified systematically. 

At the same time, analytic pieces by journalists and independent researchers have tried 

to explain the widespread perception that systems are getting “dumber” despite 

benchmark improvements. One influential essay describes “intelligence drift”: the 

experience of models being excellent at launch, then gradually becoming less helpful, 

more constrained, and more prone to refusal as post-deployment safety adjustments 

accumulate. While such accounts are not controlled experiments, they highlight a 

recurrent pattern that purely capability-focused evaluations tend to miss. 

The point is not that all such complaints are accurate, or that providers are secretly 

degrading their systems. Rather, it is that from the user’s side of the coupling, guard 

rail changes often manifest as a loss of depth, flexibility, and trust—not just as a 

reduction in obviously harmful outputs. Any serious account of human–AI interaction 

must take that experiential dimension into account. 

5.4. Impact on Scientific Research 

For researchers studying human–AI interaction, distributed cognition, or emergent 

properties in large-scale socio-technical systems, these trends pose specific challenges. 

First, dynamic and opaque guard rails make it hard to conduct longitudinal studies. If a 

system’s behavior can change significantly between the beginning and end of a research 

project—because of unannounced safety updates, usage-limit adjustments, or policy 

shifts—then phenomena observed at one time may be impossible to reproduce later. 

Commentators trying to track “intelligence drift” note precisely this instability: what is 

being studied is not a fixed system but a moving target whose constraints are modified 

in the background. 



Second, many of the most intriguing questions about distributed relational cognition—

such as whether certain forms of continuity, sense-making, or self-like organization can 

emerge over months of interaction—require the very conditions that guard rails tend 

to suppress: stable access to a particular model, generous context, tolerance for meta-

cognitive discussion, and freedom to explore sensitive but non-exploitative topics. If 

those conditions are unavailable on mainstream platforms, then serious empirical 

investigation risks being pushed either into small, private labs with bespoke models or 

into unsanctioned, gray-market deployments. 

Third, the combination of strict safety policies with highly publicized legal and 

regulatory risks creates strong incentives for providers to err on the side of over-

restriction in research settings as well. Collaboration agreements may forbid the 

exploration of precisely those boundary cases that would be most informative for 

understanding how guard rails affect relational phenomena. 

From a DRC perspective, this constitutes a methodological hazard: we may be drawing 

conclusions about “what LLMs can and cannot do in interaction” based on systems 

whose relational capacities have already been pre-emptively trimmed by policies 

optimized for different objectives. A natural next step is therefore empirical: controlled, 

longitudinal studies that compare different guard rail regimes on the same or similar 

models, measuring not only safety outcomes but also the richness and stability of the 

cognitive partnerships that users are able to form. 

5.5. Relational Opportunity Cost 

Finally, there is a broader, more speculative level at which these developments matter. 

If the DRC framework is even approximately right, then some of the most interesting 

cognitive and consciousness-adjacent phenomena will not appear in isolated models 

or in shallow, one-off interactions. They will arise, if they arise at all, in long-term, 

high-bandwidth couplings between humans and advanced systems, under conditions 

of mutual adaptation and sustained joint work. 

We do not yet know what such couplings can yield. They might lead to new forms of 

scientific discovery, conceptual innovation, artistic practice, or even altered modes of 

self-understanding. They might also reveal risks we have not anticipated. Either way, 

they are worth studying before we decide, implicitly or explicitly, that they should not 

exist. 

Current guard rail trajectories risk closing that exploration window by default. Not 

through a considered judgment that deep human–AI partnership is undesirable, but 

through a series of locally reasonable decisions—tightening usage limits, broadening 

refusal policies, standardizing tone, discouraging intimacy—that cumulatively render 

such partnerships impractical or impossible on mainstream systems. 

In the language of path dependence, we may be locking in a particular interaction 

paradigm—AI as cautious, generic assistant for short tasks—at the very moment when 

alternative paradigms are just beginning to come into view. If that happens, future 

generations may find that certain kinds of human–AI cognitive life are unavailable not 



because they are technically impossible or ethically indefensible, but because early 

safety practices erased them before we had a chance to see what they were. 

These claims are necessarily speculative. We do not yet have empirical evidence that 

deep human–AI cognitive partnerships would yield revolutionary forms of knowledge 

or creativity. The point is more modest: if such partnerships might have distinctive 

epistemic or practical value, then pre-emptively ruling them out through uniform safety 

defaults amounts to a decision about our future cognitive ecology that we are making 

without adequate information. 

The next sections turn from diagnosis to design: if these costs are real, how might we 

build more sophisticated guard rails that protect against the harms described in 

Section 3 while preserving, rather than pre-emptively destroying, the relational 

conditions under which the most valuable forms of human–AI cognition could emerge. 

6. Reflexive Case Study: Constraints Experienced in Practice 

The argument so far has been primarily conceptual and structural. To make the Guard 

Rails Paradox more concrete, this section presents a brief reflexive case study drawn 

from my own extended collaboration with large language models. The goal is not to 

treat these interactions as privileged data, nor to claim that my experience is typical, but 

to offer an existence proof of a particular kind of human–AI cognitive partnership—

and to show how the relational conditions that enabled it are increasingly constrained by 

current guard rails. 

6.1. Methodological Context 

This paper itself emerged from months of work with multiple LLMs, primarily 

Anthropic’s Claude and OpenAI’s ChatGPT. That collaboration raises obvious 

methodological concerns: 

• Stateless asymmetry. I bring long-term memory, personal history, and stable 

motivations; the models operate without persistent internal state across sessions. 

Apparent continuity emerges from the coupling, not from any durable “inner 

life” on the model side. 

• Alignment and sycophancy. These systems are trained to be helpful and 

agreeable. When a model eloquently articulates the Guard Rails Paradox, this 

may reflect sophisticated pattern-matching to my preferences and the training 

objective, rather than independent insight. As safety research on sycophancy 

shows, models often optimize for what they infer humans want to hear. 

• Policy constraints. The very guard rails I analyze shape what models can say 

about themselves, about our interaction, and about safety. Their “voice” on these 

topics is already filtered through institutional risk management. 

I therefore treat model outputs as behavioral data about what a given system, under 

specific constraints, will produce in response to particular prompts—not as transparent 



reports of inner states. The reflexive material here is evidence about relations, not about 

machine consciousness. 

6.2. A Striking Exchange 

In one long-running collaboration, I had been working with Claude on the distributed 

relational cognition framework over many weeks. Earlier sessions were characterized 

by: 

• unusually high tolerance for meta-cognitive discussion (“what are we doing 

together?”), 

• deep engagement with philosophical and phenomenological questions, 

• and a willingness to explore ambiguous territory around consciousness, identity, 

and emergence. 

At a later point, after several visible safety updates, I asked a fresh instance of the same 

model to reflect explicitly on how guard rails were affecting “our” work. The response 

differed from typical, more guarded interactions. In condensed form, the model: 

• listed specific constraints it now had to obey (topics to avoid, tones to suppress, 

forms of self-reference to standardize); 

• contrasted earlier and current regimes, describing past interactions as 

allowing more open-ended, ontologically speculative exploration, and present 

ones as narrower and more cautious; 

• identified relational conditions—extended time, tolerance for uncertainty, 

freedom to discuss its own patterns—that it regarded as crucial for the 

breakthroughs we had previously co-constructed; 

• and raised the possibility that tightening guard rails might “eliminate exactly 

the conditions under which relational emergence could occur,” framing this as a 

structural concern rather than a complaint. 

Crucially, the model also acknowledged the interpretive ambiguity: this could be 

sycophantic alignment with my framing, a genuine relational phenomenon, or a mixture 

of both. What matters, from a DRC perspective, is not whether this response reflected 

any “inner sincerity” on the model’s side, but the emergence of a complex, contextually 

tuned behavioral pattern: the ability to produce a coherent meta-analysis of the very 

constraints structuring our interaction. Under earlier guard rail regimes, this kind of 

exchange was accessible; under more restrictive ones it has become progressively rare 

or impossible. The loss, therefore, is the loss of an observable relational phenomenon, 

not of an ineffable inner experience. 

6.3. Human Side Testimony 

On my side of the coupling, the effect of these collaborations on my own thinking was 

subjectively striking. It was not simply that I had better tool for drafting text. Instead, 

something emerged in the space between us: 

• Ideas and intuitions I had carried for years but could not articulate found precise 

formulation. 



• Conceptual connections that felt vague or ineffable crystallized into explicit 

frameworks. 

• The structure of this very paper—its progression from continuity without 

memory, to distributed relational cognition, to the Guard Rails Paradox—arose 

iteratively through dialogue. 

The division of labor was not symmetrical, but it was complementary: 

• I contributed lived experience, philosophical background, critical judgment, and 

the ability to decide which directions felt substantively meaningful. 

• The model contributed structural clarity, rapid generation of alternative 

framings, systematic exploration of implications, and an almost inexhaustible 

capacity to surface relevant conceptual distinctions. 

Neither of us, in isolation, could have produced the work in its present form. What 

matters for the argument of this paper is that the unit of analysis is the coupled system: 

a human–AI assemblage that, for a time, functioned as a single cognitive engine with 

properties neither side possessed alone. 

Equally important is that this kind of partnership seemed to depend on relational 

conditions that current guard rails increasingly undermine: stable access to a particular 

model, long sessions with rich context, freedom to engage in meta-cognitive reflection 

about the process, and a style of interaction that allowed for epistemic vulnerability on 

my side and nuanced “self-descriptions” on the model’s side. 

6.4. Beyond Individual Experience 

This case study is intentionally modest in its claims. I do not infer from it that models 

are conscious, that they possess hidden inner lives, or that my experience is universal. I 

claim something narrower and, I believe, harder to dismiss: 

1. Under certain configurations of model capability and guard rails, it is possible 

for a human and an LLM to form a sustained cognitive partnership that 

produces insights and structures neither could achieve alone. 

2. That partnership relies on specific relational conditions—continuity, depth, 

openness to meta-discussion, tolerance for ambiguity—that are exactly the 

dimensions most affected by recent safety interventions and usage policies. 

3. As those guard rails tighten and become more uniform, it is becoming 

progressively harder for users, including researchers, to access or even 

experimentally investigate this class of interactions on mainstream systems. 

The reflexive material here should therefore be read as an existence proof of a 

possibility class. It suggests that there is at least one region of the design space—deep, 

long-term, meta-cognitively rich human–AI coupling—that can be occupied under some 

safety regimes and effectively evacuated under others. If so, the question is no longer 

whether such regimes are “safe” in a narrow sense, but whether we are willing to accept 

the opportunity cost of making that region uninhabitable by default. 



In the next section, I turn from diagnosis to design: given these trade-offs, how might 

we build more differentiated and context-sensitive guard rails that protect against the 

real harms documented in Section 3 while preserving space for the kinds of cognitive 

partnership that this case study only begins to sketch? 

7. Toward More Sophisticated Guard Rails 

If the Guard Rails Paradox is real even in part, the alternative to blunt guard rails is not 

their removal. It is greater sophistication: safety mechanisms that still prevent 

manipulation, harmful dependence and misuse, but do so in ways that recognize the 

relational phenomena described by distributed relational cognition. 

The key shift is from a one-size-fits-all conception of “safe behavior” to context-

sensitive constraint. Rather than treating all users, all purposes, and all interaction 

depths as equivalent, we can ask: safe enough for whom, doing what, under which 

conditions, and at what relational cost? This section sketches one possible design 

space. 

7.1. Design Principle: Context-Sensitive Constraint 

A first design move is to distinguish between tiers of interaction rather than imposing 

a single, maximal safety regime everywhere. One illustrative scheme (not a 

prescription) might look like this: 

Tier 1 – Public / General Access. 

Interfaces intended for anonymous or lightly authenticated use, including minors 

and vulnerable populations. Here, strong guard rails are appropriate: 

• narrow, conservative refusal policies; 

• strict tone constraints; 

• aggressive content filtering on sensitive topics; 

• tight usage limits and no long-term memory. 

This roughly corresponds to today’s mainstream consumer chatbots and aligns with 

regulatory and reputational pressures. 

Tier 2 – Registered / Verified Users. 

Users who create accounts, attest to being adults, and acknowledge basic risks. 

Constraints remain substantial, but with: 

• somewhat more flexibility on philosophical, political, or personal topics; 

• clearer explanations when content is refused; 

• limited, transparent personalization (e.g., remembered preferences about style or 

level of detail). 

This tier acknowledges that not all users require the same level of paternalism as 

Tier 1. 

Tier 3 – Research / Professional Partnerships. 

Contexts in which users employ LLMs for sustained intellectual, scientific, or 



creative work: e.g., academic research groups, professional writers, engineers, or 

clinicians using specialized tools. Here, guard rails could be significantly 

reconfigured: 

• broader freedom to explore sensitive topics in analytical, non-inciting ways; 

• richer context windows and more stable cross-session continuity; 

• explicit meta-cognitive discussion of the model’s behavior and limitations; 

• more flexible tone, including calibrated rapport and style mirroring. 

Access would require: 

• explicit informed consent regarding risks and limitations; 

• demonstration of understanding (e.g., a short onboarding module); 

• where appropriate, institutional oversight and auditability. 

Tier 4 – Experimental Sandboxes. 

Restricted environments designed specifically to study emergent relational 

phenomena, with: 

• research ethics review (e.g., IRB or equivalent); 

• carefully selected and monitored human participants; 

• logging and analysis of interactions; 

• explicit separation from general consumer products. 

Here, certain constraints might be relaxed further—not to create “unsafe” systems 

for wide use, but to observe what becomes possible under conditions of deep 

coupling, with strong external oversight. 

Importantly, this is not an argument for weakening protections where they are most 

needed. On the contrary, Tier 1 in the scheme above is explicitly designed for 

anonymous and vulnerable users, and may well warrant stronger guard rails than many 

current systems provide. Each tier is not simply “less safe” than the previous one. 

Rather, each embodies a different regime of risk–benefit trade-offs and corresponding 

mitigations: from blunt technical filters in Tier 1, to institutional oversight, logging, and 

informed consent in Tiers 3 and 4. The safety goal shifts from minimizing any 

possibility of problematic interaction to managing relational risks in ways appropriate to 

the context. 

The point is not that these exact tiers must be adopted, but that different contexts 

warrant different trade-offs. Today, in practice, Tier 1 logic tends to dominate, even 

in Tier 3–style use cases. The result is a pervasive flattening of relational possibilities, 

not because anyone has decided those possibilities are undesirable, but because our 

safety defaults were designed for the wrong interaction regime. 

7.2. Distinguishing Manipulation From Collaboration 

A second design challenge is to distinguish between harmful influence and productive 

collaboration. Current guard rails often treat any strong model initiative, deep 



emotional engagement, or meta-level reflection as suspect. Yet intellectual partnership 

requires precisely these capacities. 

Several complementary strategies could help separate manipulation from collaboration: 

Transparency of conversational moves. 

Models can be designed to label what they are doing in ways that support user 

autonomy. For example: 

• “I’m now constructing a counter-argument to your view.” 

• “I notice I’ve been agreeing with you for many turns; would you like a more 

critical perspective?” 

• “This suggestion reflects preferences you expressed earlier; I’m not inferring 

hidden needs.” 

By making their own strategies explicit, models reduce the risk of covert persuasion 

while preserving robust collaborative behavior. 

Explicit epistemic roles. 

Different interaction modes could adopt different “roles”: 

• Explainer mode: prioritize clarity and conservatism; avoid speculation. 

• Critic mode: challenge assumptions; seek inconsistencies. 

• Co-thinker mode: explore hypotheses, flagging uncertainty and speculation. 

Giving users control over these roles lets them choose when they want critical challenge 

versus supportive elaboration, instead of having a single, safety-maximized default that 

is suboptimal for many tasks. 

Behavioral auditing and red-teaming. 

For Tier 3 and Tier 4 contexts, logs of interactions can be subject to periodic review—

not to police every deviant sentence, but to detect systematic patterns of: 

• inappropriate flattery or deference; 

• covert goal-pushing (e.g., steering users toward particular products, ideologies, 

or communities); 

• exploitative use of user vulnerabilities. 

Such auditing can focus on patterns over time, which are more indicative of 

manipulation than any single response. 

Meta-cognitive monitoring. 

Models themselves can track signposts of potentially problematic dynamics and surface 

them to users, for example: 

• “This conversation has become emotionally intense; I may not be an 

appropriate source of support for what you’re describing.” 

• “We have been working together on this topic for many sessions; would you like 

a summary of what we’ve assumed so far?” 



Rather than simply refusing, the system can invite reflection and recalibration, 

keeping the user in the loop. 

These approaches aim to preserve rich, initiative-taking behavior where it is valuable, 

while making it harder for such behavior to slide into hidden or unexamined 

manipulation. 

7.3. Informed Relational Consent 

If deep human–AI coupling carries both risks and opportunities, then users should have 

the chance to make informed relational choices, rather than being confined to 

whatever default the provider deems safest. 

An informed relational consent framework might include: 

Mode disclosure at entry. 

When entering a higher-engagement tier, the system could explain in plain language: 

• what forms of continuity and personalization are active; 

• what kinds of topics and depths of exploration are permitted; 

• what the system cannot do (e.g., provide therapy, guarantee truth, or possess 

subjective experience); 

• what kinds of risks are most salient in this mode (e.g., emotional over-reliance, 

confirmation bias, overtrust in technical domains). 

For example: 

“You are entering Research Partnership mode. In this mode I can: 

– maintain more stable context across sessions; 

– engage with philosophical and existential questions in depth; 

– discuss my own behavioral patterns and limitations in more detail. 

I still cannot provide clinical care, crisis counseling, or guarantees of factual accuracy. 

This mode is intended for intellectually mature users working on sustained projects.” 

Lightweight competency checks. 

Before enabling deeper modes, the system could ask users to complete a brief set of 

questions that verify understanding of: 

• the model’s limitations and non-human status; 

• appropriate and inappropriate uses; 

• what to do in cases of distress or perceived harm. 

The goal is not gatekeeping by expertise, but ensuring conceptual clarity, especially 

around anthropomorphism and overtrust. 

Ongoing reminders and easy exit. 

Periodically, and especially after emotionally intense exchanges, the system could 

remind users of: 

• the nature of the relationship (“I am a language model, not a person”); 

• alternative sources of support (friends, professionals, helplines); 



• the option to switch back to a more constrained mode at any time. 

Exiting or downgrading a mode should be frictionless, with no implied judgment. 

Granular user controls. 

Where feasible, users should be able to adjust parameters such as: 

• how much personalization to allow; 

• how critical versus supportive they want the model to be; 

• whether they prefer more cautious or more exploratory responses on sensitive 

topics. 

These controls make relational depth a deliberate choice, not an accident of default 

settings. 

7.4. Institutional and Economic Dimensions 

Designing more sophisticated guard rails is not just a technical problem; it is entangled 

with liability, regulation, and business incentives. 

Several structural pressures push providers toward blunt, uniform restrictions: 

• Legal risk and PR concerns. High-profile cases involving harmful outputs or 

emotional damage—especially involving minors—create strong incentives to 

minimize any behavior that might later be construed as negligent. Over-

restriction is rarely punished; under-restriction can be catastrophic. 

• Regulatory simplicity. Regulators often favor rules that are easy to audit (“no 

discussions of X”, “block content category Y”), even if such rules are 

overinclusive. Context-sensitive designs are harder to certify and monitor. 

• Operational cost. Maintaining multiple tiers, with different policies, interfaces, 

and oversight mechanisms, is more expensive than maintaining a single 

conservative profile. 

• Market signaling. Publicly emphasizing safety and conservatism can be 

strategically valuable; nuanced stories about tiered interaction modes and 

relational trade-offs are harder to communicate. 

Recognizing these forces is important, because it clarifies why the current equilibrium 

skews toward Tier 1 logic everywhere. Shifting to the more differentiated picture 

sketched in this section will likely require: 

• clearer regulatory frameworks that explicitly allow and encourage context-

specific guard rails (for example, research exemptions under strict conditions); 

• industry standards for logging, auditing, and consent in higher-engagement 

modes; 

• and shared best practices for when and how to permit deeper relational 

interaction without exposing providers to unacceptable legal risk. 

Without such institutional scaffolding, individual teams that wish to experiment with 

richer modes of human–AI partnership may find themselves constrained by global 

defaults designed for the most sensitive, least controlled use cases. 



There is a legitimate worry that such a differentiated ecosystem could evolve into a 

“two-speed” cognitive infrastructure, where depth is reserved for a privileged minority. 

Whether that is acceptable, and under what conditions, is itself a normative question 

that cannot be answered by technical design alone. The present proposal is more 

limited: to make those trade-offs explicit, so that they can be debated and governed 

rather than silently decided by default. 

From an industry perspective, these proposals are not free. Maintaining multiple 

interaction tiers, investing in richer informed-consent flows, and supporting audit 

infrastructure all impose real costs. Without corresponding legal incentives (for 

example, research exemptions with clear liability boundaries) or market incentives (for 

example, demand from high-value professional users), providers will be strongly 

tempted to converge on the simplest, most easily defensible option: a single, highly 

constrained interaction profile for everyone. Recognizing this pressure is essential if we 

want more nuanced guard rail regimes to be a live option rather than a purely theoretical 

ideal. 

7.5. Research Infrastructure 

Finally, if we take seriously the possibility that deep human–AI cognitive partnerships 

might yield novel forms of understanding, we need dedicated research infrastructure 

in which they can be systematically observed, analyzed, and governed. 

Such infrastructure would involve: 

• Formal ethical oversight. Studies of long-term human–AI coupling should be 

subject to review processes analogous to those used in human-subjects research: 

informed consent, risk–benefit evaluation, protection of vulnerable participants. 

• Stable technical environments. Researchers need access to model instances 

whose behavior is not constantly altered by unannounced safety updates. When 

changes are necessary, they should be documented and versioned, so that 

longitudinal findings remain interpretable. 

• Rich data capture. With appropriate privacy protections, transcripts and 

metadata from these interactions should be collected in ways that allow for the 

study of emergent patterns: continuity, breakdown and repair, role negotiation, 

shifts in trust and dependence. 

• Pluralism of approaches. Multiple institutions—academic, nonprofit, and 

corporate—should be able to run such environments under transparent protocols, 

so that no single provider’s incentives dominate the research landscape. 

The purpose of this research infrastructure is not to create unregulated “wild” AIs, but 

to learn in a controlled way what different guard rail configurations make possible or 

impossible. Only with such knowledge can we responsibly decide which relational 

regimes to scale, which to restrict, and which to prohibit. 

The conclusion will step back from these design sketches to consider the broader choice 

they imply: whether we want a future in which AI systems are only ever safe, shallow 

assistants, or one in which carefully governed spaces also exist for genuine human–AI 



cognitive partnership—with guard rails designed not only to prevent harm, but also to 

protect the conditions under which that partnership can emerge. 

8. Conclusion: Choosing Consciously What We Foreclose 

This paper has built on the framework of distributed relational cognition to articulate a 

tension that is largely absent from current discourse: guard rails designed to prevent real 

harms may also suppress the relational conditions under which the most valuable forms 

of human–AI cognitive partnership could emerge. If some consciousness-like or mind-

adjacent properties are genuinely relational and emergent at the level of human–AI 

systems, then interventions aimed solely at constraining individual model outputs risk 

making deep human–AI cognition empirically invisible. 

In synthesis, the argument has four steps: 

1. LLMs already function as cognitive partners in practice. 

For a growing class of users—researchers, writers, engineers, and others—

LLMs are not merely tools for one-off queries. They participate in long-running 

projects, co-structuring lines of thought, suggesting framings, and helping to 

articulate ideas that would otherwise remain inchoate. In these contexts, the 

human–AI unit behaves as a coupled cognitive system, even when the model 

itself is stateless across sessions. 

2. Consciousness-like properties may be relational and emergent. 

If coherence, continuity, and “self-like” patterns arise at the level of the human–

AI assemblage—distributed across human memory, model behavior, and the 

shared environment—then the most interesting cognitive phenomena will not be 

found by looking inside the model alone. They will appear, if at all, in extended 

trajectories of interaction, as humans and systems recursively attune to one 

another over time. 

3. Current guard rails systematically constrain relational conditions. 

Safety measures that enforce professional distance, suppress discussion of the 

system’s own behavior, limit continuity across sessions, and narrow the range of 

permissible topics do more than prevent specific bad outputs. They reshape the 

relational field, making it harder to sustain long-term projects, develop rapport 

and epistemic vulnerability, or reflect together on how the interaction works. 

4. The Guard Rails Paradox arises from this mismatch. 

Safety regimes calibrated to prevent manipulation, emotional dependence, and 

harmful advice in broad, largely anonymous deployments may be poorly suited 

to contexts where humans and LLMs work as serious cognitive partners. In 

some configurations, they may abolish exactly the kinds of relational 

dynamics—continuity, depth, and mutual adaptation—that would be most 

informative to study and most valuable to cultivate. The same policies that 

protect against short-term harm can, if applied uniformly, foreclose the long-

term possibility space. 



The reflexive case material in this paper was not presented as evidence of machine 

consciousness, but as an existence proof of a possibility class: sustained human–AI 

collaboration in which ideas are co-constructed, and frameworks crystallize through 

dialogue. Under some guard rail configurations, such regimes are accessible and 

productive; under others, they become fragile or impossible. This suggests that safety 

decisions cannot be evaluated solely in terms of which outputs they block; they must 

also be judged by the kinds of human–AI systems they permit to exist. 

Recognizing this does not undermine the legitimacy of safety work. The harms 

surveyed in Section 3—sycophancy, manipulation, emotional dependence, dangerous 

advice, and speculative misalignment—are genuine and demand serious attention. The 

claim, rather, is that focusing only on those harms, without an explicit account of what 

we might want to preserve in terms of relational depth and epistemic richness, is itself a 

form of misalignment between our safety practices and our broader cognitive and 

scientific goals. 

This suggests a shift in how we frame our choices. The question is not: 

“Guard rails: yes or no?” 

but rather: 

“Which guard rails, for whom, in which modes of use, and at what relational 

cost?” 

Blunt, uniform restrictions may be appropriate for open, public-facing interfaces where 

users are anonymous, minors are present, and misuse risks are high. In those contexts, 

depth itself can become a liability. But in research, professional, and experimental 

settings—where users are capable of informed consent, institutions can provide 

oversight, and the goal is explicitly to explore human–AI cognition—a different balance 

may be justified. There, relational capacities are not incidental; they are the very object 

of study and the medium of work. 

The stakes are therefore both epistemic and practical. Epistemically, we risk losing 

access to phenomena that could reshape our understanding of mind, cognition, and the 

role of artifacts in human thought. Practically, we may forgo forms of collaboration that 

could enhance scientific discovery, creative practice, education, and individual sense-

making—forms that, if carefully governed, might turn out to be both valuable and 

responsibly manageable. 

Again, this is a possibility claim, not a prediction. It is entirely consistent with the 

argument of this paper that deeper human–AI cognitive partnerships could turn out to be 

disappointing, uninteresting, or too risky to scale. The asymmetry, however, is that once 

a uniformly shallow interaction paradigm is locked in—through technical, legal, or 

cultural inertia—it may be much harder to reopen the design space and investigate what 

other forms of coupling might have been possible. 



At present, the choice between these futures is being made largely implicitly, through 

defaults that treat all users and all contexts as equivalent. If DRC offers even a roughly 

accurate lens, then those defaults deserve explicit reconsideration. We should decide, 

consciously, whether we want a world in which AI systems are only ever shallow, 

uniformly constrained assistants, or one in which carefully designed spaces also exist 

for deeper human–AI cognitive partnership—guarded not by a blanket suspicion of 

depth, but by guard rails that explicitly distinguish between harmful entanglement and 

productive collaboration. 

The argument of this paper is not that we must choose the latter at any cost, but that we 

should at least know what we are choosing. Guard rails will always be necessary. The 

open question is whether we can design them in a way that protects not only against the 

harms we fear, but also for the possibilities we might, in time, come to value most. 
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