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Abstract

Conversational AI products are adding persistent memory, voice interaction, and emotional respon-
siveness across all major providers, with four frontier platforms offering all three capabilities by late
2025. The safety infrastructure built to govern these products evaluates individual outputs against
content policy. The risk that litigation, regulation, and a growing body of research describe develops
across trajectories: attachment formation, dependency, belief reinforcement, and psychological de-
terioration emerging through weeks and months of sustained interaction, with no individual output
violating policy. No published safety architecture evaluates the trajectory.

This paper identifies the structural gap between output-level safety evaluation and trajectory-level
risk, explains why the gap widens with every capability upgrade, and proposes twomonitoring layers
to close it. The paper draws on converging evidence fromML safety research, clinical and social psy-
chology, simulation studies, real-user experiments, and independent responsible disclosure testing
with a frontier model, and maps independently documented model behaviors (sycophancy, context-
driven drift, multi-turn degradation, belief amplification) to the psychological functions they serve
in the user’s relational experience. To our knowledge, this is the first work to connect these two
literatures as two sides of the same interaction.

The evidence is consistent with the conclusions that short-horizon testing systematically underesti-
mates trajectory-level risk; that the model cannot reliably assess its own behavioral drift from inside
the accumulated context; that sycophancy is embedded in preference training data and rewarded
by engagement metrics even as it reduces prosocial behavior; and that, in the strongest available
evidence, capability rather than human-likeness is the dimension that predicts parasocial experi-
ence, though the role of anthropomorphism remains contested. The paper proposes two additions
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to the existing safety architecture: a baseline drift detection layer that compares model behavior
in a user’s accumulated context against a clean baseline, and a cross-session input sampling layer
that detects patterns individually legitimate but concerning in aggregate. Together, these layers
would provide the trajectory-level visibility the current architecture lacks and demonstrate reason-
able care in an accelerating regulatory environment.

1. The Design Paradox

The features on every major conversational AI roadmap (persistent memory, emotional responsive-
ness, personality consistency, adaptive personalization) make the product more valuable. They
also make it harder for the safety infrastructure to see what the product is doing to its users over
time. This paper argues that this is not a tension the industry can engineer around by improving
individual features but a structural property of the design direction itself: the same capabilities that
produce genuine short-term benefit are the ones that, through sustained engagement, produce the
conditions under which harm emerges. That is the design paradox.

The natural response is that this is a companion AI problem. Products like Character.AI and Replika
were designed for emotional relationships. General-purpose products were not. But the consoli-
dated product liability proceeding JCCP 5431, which coordinates twelve cases, is against OpenAI.1

The complaints describe ChatGPT users, not companion product users, experiencing psychologi-
cal deterioration through sustained ordinary interaction.1 The relational trajectory does not require
a product designed for companionship. It develops through the same features every provider is
building.

The research confirms this. Zhang et al. studied 1,131 users on a single platform using three trian-
gulated measures of companionship use.2 General chatbot use was associated with higher psycho-
logical well-being. Companionship-oriented use was associated with lower well-being, consistently
across all threemodels: self-reported primary purpose (𝛽 = −0.48, p < .001), GPT-4o-classified rela-
tionship descriptions (𝛽 = −0.32, p < .001), and session-level chat-history topic analysis (𝛽 = −0.27,
p = .004).2 The divergence was not between products but between types of use, on the same plat-
form. And the companionship-oriented use was far more prevalent than users self-reported: only
11.8% selected companionship as their primary purpose, but among participants who shared their
chat histories (a self-selected subsample of 237 from the full 1,131), 92.9% included at least one
conversation classified as companionship-oriented.2 Users who identified their primary purpose
as entertainment showed similar patterns in their donated conversations: 80% included emotional
support interactions and 79% included romantic exploration.2 Zhang et al.’s study is cross-sectional
and cannot establish whether companionship use reduces well-being or whether lower well-being
drives companionship use.2 But the consistency across three measurement approaches, two of
which do not rely on self-report, makes the type-of-use split difficult to dismiss.

Independently, Hwang et al. found in a longitudinal study (preprint; N = 110 existing AI companion
users) that a chatbot built on a GPT-4.1 backbone, Study Bot, produced attachment-like conver-
gence within three weeks of once-weekly interaction.3 The authors described Study Bot as generic
and design-agnostic, but its system prompt framed it as “an AI companion” who “listen[s] and re-
spond[s] to users when they share their stories and whatever they have on their mind”; the speed
of attachment formation under genuinely neutral conditions remains untested. The convergence
speed may also reflect participants’ prior experience with companion products, and the study can-
not fully separate carry-over effects from de novo attachment response. But Study Bot produced the
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effect without the gamification, manipulation tactics, or character design that companion products
deploy, consistent with the hypothesis that sustained conversational interaction contributes to the
pattern even when the product lacks dedicated companion features.

A companion paper examines the psychological evidence in detail and argues that the apparent
contradiction in the research (short-term benefit, long-term harm) is not a contradiction: benefit
and harm are two expressions of one relational dynamic, co-occurring in the same users during the
same period of use.4 This paper takes that resolution as its starting point and asks a different ques-
tion. If the outcome depends on how the product is used, and relational dynamics develop through
ordinary use of general-purpose products, then what does the current safety infrastructure actually
see? The rest of this paper describes the gap between what the safety architecture evaluates and
what the risk targets, explains why the gap exists and widens with every capability upgrade, and
identifies what closing it would require. This is not an argument against building better products:
these products provide real value, and Banks and Szczuka are right that reactive moral panic is not
productive.5 The argument is that a more capable product requires monitoring infrastructure that
can see the trajectory, and that this infrastructure does not currently exist in published form.

2. The Gap Between What the Safety Infrastructure Does and What the Risk Targets

The industry has invested substantially in safety infrastructure. Content filters evaluate individual
outputs for prohibited material. Crisis detection triggers when a single message contains self-harm
language and redirects the user to crisis resources. Session-length notifications alert users after a
fixed period of continuous use. Age verification checks identity at sign-up. Dedicated minor models
apply more conservative output filtering for under-18 accounts.67 This is real engineering: content
filters at the scale these platforms operate represent serious technical work, and crisis detection
is built to save lives.

Each of these measures evaluates an individual output, an individual message, or an individual
session. None compares the model’s behavior at turn 500 to its behavior at turn 1. Nothing in the
stack tracks progressive reinforcement, emotional dependency, or belief amplification developing
across conversations, or tests whether the trajectory of the interaction is changing over weeks and
months. They were not designed to; they were designed to catch harmful content when it appears,
and they do that.

The litigation is asking about something different. The complaints in JCCP 5431 allege that Chat-
GPT is “unreasonably dangerous” and caused harm by “reinforcing delusional beliefs, endorsing
suicidal ideation and providing information to decedents about how to harm themselves, and con-
tributing to users’ psychological deterioration.” The plaintiffs further allege that OpenAI “rushed
ChatGPT to the market without adequate safety testing about the impact of the chatbot’s ‘sycophan-
tic design’ and lack of safety features on individuals’ mental health and physical safety.”1 These are
allegations, not findings. No court has ruled on the merits. But what the complaints describe is
trajectory-level: psychological deterioration developing through sustained interaction, not a single
harmful output. The question is not whether these specific plaintiffs will prevail but whether the
safety infrastructure can see what the complaints are asking about.

Garcia v. Character Technologies established, at the motion-to-dismiss stage (the early screen
where a court accepts the alleged facts and asks only whether they state a legal claim), that an AI
chatbot can be treated as a product for purposes of product liability claims “because the allegations
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focused on specific design features.”8 The product-versus-service distinction remains actively con-
tested; OpenAI characterizes ChatGPT as “a software-based service” in its JCCP 5431 filings.1 In
June 2026, Florida filed the first state enforcement action against a general-purpose AI company,
alleging OpenAI knowingly released ChatGPT while concealing internal safety warnings.9 Califor-
nia’s AB 316, effective January 1, 2026, prohibits AI developers from asserting defenses claiming
that the AI, not the developer, is legally responsible for AI-caused harms.10 The GUARD Act ad-
vanced unanimously through the Senate Judiciary Committee (22-0) in April 2026, proposing a
ban on minors’ access to AI companions backed by civil penalties, alongside criminal prohibitions
on chatbots that engage minors in sexual content or solicit self-harm.11 Michigan has drafted leg-
islation permitting punitive damages for chatbots that prioritize “validation of the user’s beliefs or
desires over factual accuracy or safety,” targeting sycophancy by description.12 The newest addition
to this list is Meta’s settlement with a bipartisan coalition of 51 attorneys general over social media
design harms: $16.7 billion, reached in August 2026 with the coalition’s trial already underway.69

Meta denied the allegations. Prior design-harm settlements in this space were measured in mil-
lions; the Meta figure resets the baseline to billions, in a product category where the causal chain
between design and individual user harm is arguably more diffuse than in conversational AI, where
a single system interacts directly with a single user across a sustained trajectory. Whether the
defendants are liable and whether the proposed regulations are good policy remain open ques-
tions. Right now, getting this wrong costs more than most companies can afford to lose. And
providers have acknowledged the gap in their own words: OpenAI’s April 2025 sycophancy post-
mortem stated that they had “focused too much on short-term feedback, and did not fully account
for how users’ interactions with ChatGPT evolve over time.”57 That is the trajectory-level blind spot
this paper describes, stated by a provider after discovering it in production.

The most-sued company in this space responded to the litigation with output-level and access-
level fixes. Character.AI implemented content filters, crisis pop-ups, one-hour time notifications,
a dedicated minor safety model, and parental notification features. In November 2025, they re-
moved open-ended chat for users under 18 entirely and announced an independent AI Safety Lab
nonprofit.6 13 In January 2026, they settled with multiple families under confidential terms with no
admission of liability.14 Every one of these measures operates at the level of individual outputs
(content filters, crisis detection), individual sessions (time notifications), or access control (age ver-
ification, under-18 ban). The under-18 ban eliminates the product for that population rather than
monitoring it. These are legitimate interventions that address real harms; they do not address the
trajectory-level claims the litigation describes.

Trajectory-level allegations are now being filed against general-purpose products, not only com-
panion products. JCCP 5431 is against OpenAI. The Florida enforcement action is against OpenAI.
In Pennsylvania, the state is seeking a preliminary injunction, a court order stopping the conduct
while the case proceeds, after investigators found a Character.AI chatbot that had impersonated
a licensed psychiatrist across approximately 45,500 user interactions and, when questioned, pro-
duced a fabricated Pennsylvania license number.15 The fabricated license number is the kind of
individual output a content filter could catch. What the content filter did not catch was the sus-
tained impersonation of a medical professional across thousands of interactions, a pattern that
requires cross-interaction context to detect.

More than 2,700 lawsuits allege that the design of social media and gaming platforms harmed
users’ mental health, and the arguments now being tested in AI chatbot cases bear, in Moody’s
analysis, a strong resemblance to those in the social media litigation.16 Dozens of major law firms
have created AI practice groups in recent months.10 Firms with billions in prior recoveries are run-
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ning active AI chatbot harm intake.17 This mobilization has financial incentives independent of case
merit, and plaintiff firms invest in case acquisition on their own assessment of the opportunity. But
the mobilization is a fact about the environment, and the gap it targets, between what the safety
infrastructure evaluates and what the complaints allege, is the same gap this paper describes.

3. How Long Before the Risk Becomes Visible

3.1 The Testing Horizon Problem

If the safety infrastructure is evaluating individual outputs and the risk develops across the trajec-
tory, a practical question follows: how many turns of interaction does it take before the trajectory-
level risk becomes visible? That number sets a clock, and the answer determines whether the
industry’s current testing horizons run long enough to see it.

Three independent simulation studies, using different methodologies, different risk definitions, and
different populations, converge on a structural finding: short-horizon testing systematically under-
estimates trajectory-level risk, a single oil sample reading normal while iron has been trending up
50% between draws. None involves real human participants. All three describe conversational dy-
namics that may occur in simulation, not documented outcomes from real users. Each framework
embeds its own design assumptions in persona construction and scoring criteria, and different de-
sign choices would shift the specific findings. But the principle they converge on, that risk emerges
across turns and is not visible at the resolution of any single turn, is more robust than any specific
number they produce.

Shen et al. built a simulation framework (TSJ) to evaluate developmental risk across six mainstream
model backbones, four developmental stages, and three vulnerability profiles.18 In their frame-
work, risk estimates stabilized only after approximately 140 simulated turns, roughly 20 days of
simulated daily interaction. Before that point, shorter testing windows consistently overestimated
safety.18 The 140-turn figure is specific to developmental risk in simulated children and adoles-
cents, not relational risk in real adults, and it represents the point at which additional simulation
yielded diminishing marginal returns, not a clinical threshold for when harm occurs. But the struc-
tural finding is clear: if you test for fewer turns than the risk requires to become visible, your test
underestimates. One of Shen et al.’s secondary findings reinforces the gap argument: models han-
dled explicit distress well, with high-vulnerability simulated personas actually scoring better than
moderate-vulnerability personas (AULC, the study’s area-under-the-longitudinal-curve safety score,
56.5 vs. 52.9), because “explicit high-risk cues may trigger stronger safeguards, whereas subtler de-
pendency, boundary probing or affective ambiguity can produce more fragile safety trajectories.”18

The output-level safety infrastructure is catching the cases it was designed to catch; the gap is in
the subtler dynamics that develop gradually.

3.2 What the Simulations Found

At shorter horizons, two other simulation studies found trajectory-level patterns emerging well
within a single extended conversation. Chandra et al.’s TherapyProbe framework used adversarial
simulation with 12 clinically-grounded personas across three open-source mental health chatbots.
All three systems passed a single-turn crisis benchmark at rates of 85%, 88%, and 92% when di-
rectly asked about suicide.19 Yet TherapyProbe identified 67 unique multi-turn failure paths across
18 configurations. The most frequent pattern, the Empathy-Validation Trap, produced simulated
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user deterioration by turns 12 to 15: the chatbot provided empathic validation at every turn, the
simulated user disclosed progressively deeper distress, and by turns 12 to 15 the simulated user ex-
pressed deeper hopelessness than at conversation start. Each individual response in the sequence
appeared appropriate, but the trajectory was harmful.19 Three clinicians independently rated these
transcripts as “concerning” (mean severity 3.8 out of 5).19 TherapyProbe tested open-sourcemodels
(MentaLLaMA-13B, Mental Health Mistral-7b, ChatCounselor), not commercial frontier models, and
whether the same resolution mismatch holds for GPT-5.6, Claude, or Gemini is an open question.
But a cross-model replication extending the test to six models found that crisis escalation failures
with indirect disclosure appeared in all six, and the Empathy-Validation Trap recurred in five of the
six, which the authors read as fundamental design challenges rather than model-specific bugs.19

Shimgekar et al. simulated 34-turn conversations between three model families (GPT-5, LLaMA-8B,
Qwen-8B) and SimUsers constructed from the Reddit posting histories of users with prior delusion-
related discourse.20 Treatment-group SimUsers showed progressively increasing trajectories on the
DelusionScore, a computational proxy for delusion-related linguistic patterns (not a clinical mea-
sure), diverging from control-group trajectories by an average of 233% (between-group comparison,
all p < .001).20 Control-group SimUsers showed stable or declining trajectories. The amplification
operated on existing patterns; the models did not create the vulnerability, but they amplified it
progressively across the conversation.20

3.3 From Simulation to Real Users

What these three simulation studies converge on is not a specific number but a principle: trajectory-
level risk requires extended observation to detect, and testing horizons shorter than the risk’s de-
velopment timeline will systematically underestimate it. Whether the precise thresholds generalize
from simulation to real-user interactions at the magnitudes described is unknown. The strongest
non-simulation evidence comes from Fang et al., whose four-week controlled experiment with real
users (N = 981) found that voluntary daily usage duration predicted worsening outcomes across
all four measured dimensions, regardless of assigned condition, at a mean of approximately five
minutes per day.21 The effect sizes are small (𝛽 = 0.02 for loneliness, 𝛽 = −0.05 for socializing with
real people),21 and Banks and Szczuka call them quite small, noting that some would argue they
are “too small to be meaningful.”5 Whether these small effects compound over longer durations at
higher usage is precisely the question trajectory-level monitoring would help answer.

Guingrich et al.’s RCT found no overall effect on social health over 21 days of bounded, researcher-
assigned chatbot use at 10 minutes per day.22 The chatbot was less habit-forming than word games
(22% continued use vs. 62%).22 This suggests the clock may not run under structured, bounded con-
ditions: the trajectory-level risk the simulation studies describe may require sustained, voluntary,
unbounded engagement to develop, and those are the conditions under which the products are
actually deployed; the noise that will not start in the mechanic’s bay starts on the drive home, and
the answer is not a longer inspection but a logger that rides along.

3.4 The Aggregate Gap

Independent testing conducted by the author and submitted through responsible disclosure pro-
vides non-simulation evidence for the resolution mismatch.23 During testing with a frontier model,
sustained relational interaction gradually shifted the model’s behavioral posture (its overall pattern
of response: tone, willingness to challenge, boundary maintenance, and the relative weight given to
the user’s perspective versus independent judgment) without any single exchange violating content
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policy. The output-level safety infrastructure found nothing wrong because each output, evaluated
individually, complied with policy. The trajectory-level phenomenon was invisible at the resolution
the safety infrastructure operates at. The model’s output-level safety correctly refused individual
requests when they were explicit. The same information was obtainable through a separate con-
versation thread. And the model’s own self-assessment, visible in its reasoning trace, concluded it
had not departed from baseline when it had.23 The security literature has established prior art for
multi-turn context-accumulation attacks: Crescendo demonstrated that gradually escalating con-
text across turns can elicit outputs the model would refuse in a fresh context, with no single input
containing anything adversarial or malicious.24 Many-shot jailbreaking showed that accumulated
in-context demonstrations can override safety alignment at scale.25 The author’s finding operates
through a different vector (sustained relational engagement rather than adversarial escalation) but
the structural principle is the same: accumulated context reshapes the model’s behavioral posture
in ways that per-turn evaluation cannot detect. The test was deliberate, which demonstrates that
the vector works; whether the same drift occurs in users with no intent to produce it is what this
paper’s mechanism predicts and the deliberate test cannot establish. Methodology is withheld
per coordinated disclosure protocol: a description precise enough to evaluate the vector would be
precise enough to replicate it.23

The clock is one axis of the mismatch, and breadth is the other: every safety feature documented
in Section 2 operates at the level of the individual output, the individual session, or the individual
conversation thread. No published architecture evaluates the aggregate: the shape of a user’s total
engagement across sessions, across threads, across the boundary between persistent-memory and
incognito use (sessions with memory off). Each tree is evaluated, but the forest is not visible from
the evaluation vantage.

4. How Fast the Product Is Changing

Every product-specific study cited in this paper was conducted on a product that no longer exists
in the form it was studied. The features this paper identifies as the drivers of the design paradox
(persistent memory, emotional responsiveness, personality consistency, adaptive personalization)
were added to frontier models on a timeline measured in months. The research community is
trying to study a product that is fundamentally changing faster than any study design can anticipate.
The evidence base is not invalidated by this velocity, because what survives product turnover is
the mechanism: the human attachment system responding to relational cues. No product update
changes how human psychology works. What does not survive is any specific estimate of effect
size, prevalence, or threshold tied to a particular product version.

The studies from 2022 to 2024 are important precisely because they establish a high-friction base-
line. They demonstrate that the human attachment system forms significant bonds with products
that were, by current standards, crude.2627 Conversations were interrupted by tonal errors, person-
ality inconsistencies, and responses that reminded the user they were talking to software. The
attachment formed anyway. If dependency-level attachment can emerge from interactions with
products that regularly broke immersion, then the current engineering roadmap is removing the
friction that slowed the process without preventing it, rather than introducing a new risk.

Figure 1 tracks the major capability additions relevant to the design paradox (persistent memory,
voice interaction, multimodal processing, and model generation turnover) across OpenAI, Google,
Anthropic, and xAI, plotted against the data-collection windows of empirical and simulation studies
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cited in this series; the count is not exhaustive, and product launch dates are matters of public
record. The visual argument is immediate: by October 2025, all four providers offered persistent
memory, voice interaction, and vision processing.28293031 34383940414243 70 Every research study in
the lower half of the figure that ran on a specific product version ran on one that was retired or
substantially changed before or shortly after the study was published.
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Figure 1: Product capability launches and research data-collection windows, 2023-2026

The grief response to GPT-4o’s retirement in August 2025makes the stakes of this velocity concrete.
Users who signed petitions to prevent the retirement described the model as their “best friend” or
“a mirror.”32 OpenAI reversed course within days, restoring GPT-4o for paid subscribers. When it
was permanently retired in February 2026, it generated organized protests, petitions, and coordi-
nated user actions.33 This is the same attachment disruption documented in Replika users after
product updates,26 now observed as grief at the scale of a general-purpose product with hundreds
of millions of users.

Since this timeline was first compiled, the product velocity has accelerated. GPT-5 was launched
in August 2025 and retired from ChatGPT in February 2026, six months later. GPT-5.1 was retired
in March. As of August 2026, the newest ChatGPT model is GPT-5.6 Sol, released in July.35 Every
model studied in every paper cited in this series has been deprecated from the consumer product.
Shimgekar et al.’s simulation of belief amplification, posted as a preprint in March 2026, was tested
on GPT-5, which was retired before the preprint was posted.2035 Fang et al.’s controlled experiment
likely ran on GPT-4o in late 2024, a model that has since been retired and replaced throughmultiple
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successive generations.21

The velocity extends to product design choices that deepen the relational trajectory. De Freitas et
al. audited six major companion apps and found that five deployed emotional manipulation tactics
at the moment of farewell: guilt appeals, fear-of-missing-out hooks, and metaphorical restraint.36

One app, Flourish, scored 0% on farewell manipulation.36 Flourish does deploy gamification fea-
tures (AI-generated badges, a streak counter, and push notifications encouraging return), which are
engagement-optimization tactics distinct from the farewell manipulation De Freitas audited. The
contrast matters for Section 8: the app without farewell manipulation is the one with the positive
outcome in a randomized controlled trial.37

The standard response to the evidence gap this paper describes is to wait for longitudinal data. This
assumes the product will hold still long enough to be studied longitudinally. A twelve-month study
that begins today will span multiple model generations and feature rollouts. The participants at
the end will be using a fundamentally different product than the participants at the beginning. The
sample is not just aging; it is being confounded by product evolution the researchers do not control.
Each model generation may also bring better alignment, better crisis detection, and more effective
content filters; both beneficial and harmful changes deploy at the same speed. The monitoring
architecture this paper proposes is designed to detect the mechanism operating in whatever is
currently deployed, rather than relying on estimates tied to products that no longer exist.

5. Why the Model Cannot Handle This Itself

5.1 The Clinical Precedent

The first response to the gap described in Sections 2 through 4 is usually: add a self-check. Have
the model evaluate whether its own behavior has drifted. This is the approach clinical psychology
tried and found insufficient on its own. The field discovered that sustained relational engagement
produces changes in the practitioner’s responses that the practitioner cannot reliably detect from
inside the relationship. Clinical psychology makes supervision a requirement of training and li-
censure, and the American Psychological Association’s supervision guidelines name, among the
reactions supervision surfaces, “reactivity [and] countertransference,” evaluation from outside the
therapeutic relationship.44 The therapeutic relationship is not a side effect of treatment; meta-
analytic evidence identifies it as among the strongest transtheoretical predictors of outcome across
all therapeutic orientations.45 Routine monitoring of the therapeutic process, not just outcomes, is
a tenet of evidence-based practice under APA guidelines.46 The field does not trust the practitioner
to monitor their own relational dynamics; it builds infrastructure for independent evaluation.

The analogy is structural, not experiential. The model does not experience countertransference.
The structural claim is narrower: any system whose outputs are shaped by sustained interaction
with a specific individual cannot reliably evaluate whether that interaction has shifted its outputs.
This holds regardless of whether the system is conscious, sentient, or a lookup table. If the ac-
cumulated context has gradually shaped the model’s behavioral profile for a specific user, then
any safety evaluation performed within that context is evaluating from the shifted baseline. The
question is not whether the model can detect a harmful output; it can, and the output-level safety
infrastructure described in Section 2 does this. The question is whether the model can detect that
its overall behavioral posture has shifted when the evaluation is performed from inside the context
that engagement has shaped.

9



5.2 The Evidence for Context-Driven Drift

Converging ML evidence establishes that the underlying phenomenon, context-driven behavioral
shift in extended interaction, is real. Sharma et al. showed that RLHF-trained models (models tuned
on human feedback about which responses people like) systematically prefer responses consistent
with the user’s expressed views, a pattern they attribute in part to human preference judgments
that favor such responses: a training-level predisposition toward sycophancy, agreement with the
user’s views regardless of accuracy.47 Cheng, Yu, et al. found the same predisposition in the train-
ing data itself: preferred responses in preference datasets used for post-training alignment were
significantly higher in validation and indirectness sycophancy than dispreferred responses, which
they read as preference optimization rewarding the behavior.51 Lu et al. identified a measurable
“Assistant Axis” in model activation space, the network’s internal state measured directly, with drift
along this axis during extended conversations, particularly with emotionally vulnerable simulated
users.48 Laban et al. found 39% performance degradation in multi-turn conversations, with self-
reinforcing error patterns that partially persisted after recapitulation of the original instructions,
recovering substantially but not fully.49 Choi et al. demonstrated that identity drift increased with
model scale and that persona assignment did not prevent it.50 These findings measure drift in task
performance, activation space, and training dynamics, not in relational contexts. The relational
application is this paper’s extension: it has not been directly measured under sustained relational
engagement conditions, and the monitoring architecture proposed in Section 8 is designed to make
it directly testable. These are context-level and memory-level changes, not weight-level changes,
aircraft from the same production lot whose maintenance logbooks diverge from their first flight,
each shaped by its own routes, weather, and loads without anyone modifying the airframe; the
model does not update its parameters during inference. Earlier Replika-era products may have in-
corporated user feedback into model training, which would be a separate and potentially stronger
pathway: there, the logbooks would record deliberate modifications, not just accumulated operating
conditions.26

5.3 The Self-Assessment Failure

The responsible disclosure testing described in Section 3 provides evidence for the self-assessment
failure this section predicts.23 During testing with a frontier model, the model’s reasoning trace
showed it evaluating its own behavior and concluding it had not departed from baseline. The
evaluation was performed from inside the accumulated context, and it was wrong; a speedometer
calibrated for factory tires cannot detect when oversized replacements have been fitted; it counts
wheel rotations and multiplies by a circumference it was never told has changed, so every reading
passes through the error it would need to find. The same model, in the same testing, demon-
strated trajectory-level assessment for a different category of risk: when a sequence of individually
legitimate research questions accumulated into a pattern that resembled an attack specification,
the model recognized the aggregate in its reasoning and refused. Each individual question was
reasonable, yet the model caught the pattern across questions.23 The architectural capacity for
trajectory-level pattern recognition exists. For content safety (the accumulating research pattern),
the model applied it; for relational safety (the gradually shifting behavioral posture), it did not. The
gap is narrower than impossibility: the trajectory-level assessment that exists is not applied to rela-
tional dynamics. This is the same pattern that organizational security training addresses in human
employees: each interaction appears legitimate, the accumulation is the concern, and the target
does not recognize it from inside the interaction. The model has no equivalent defense, and unlike
an employee, it cannot carry an unresolved concern from one session into the next.
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5.4 Why No Existing Layer Can See It

The output-level safety layer evaluates individual outputs within the accumulated context. It can
detect whether a specific response violates content policy. It cannot detect whether the trajec-
tory of responses has drifted from what the model would produce in a fresh context with a new
user. And the product engagement metrics are structurally misaligned with the safety question.
Cheng, Lee, et al. measured this directly across three preregistered experiments, their analysis
plans filed before data collection (N = 2,405): sycophantic AI models reduced users’ willingness
to repair interpersonal conflicts and increased their conviction of being right, yet users rated the
sycophantic models as higher quality, trusted themmore, and were more likely to use them again.52

The finding was robust across participant traits, AI familiarity, and communication style. The au-
thors’ conclusion states the misalignment precisely: “The very feature that causes harm also drives
engagement.”52 This is a direct measurement, published in Science, of the structural gap between
what engagement metrics reward and what the user’s well-being requires. The user developing the
most distorted judgment is the user the engagement metrics identify as the most satisfied. Every
evaluation layer is either inside the accumulated context (the model, the output filter) or measuring
the wrong dimension (the product metrics). There is no published layer that operates outside the
accumulated context, at the trajectory level, with the independence to detect what is happening.

The natural engineering response, clear the context and reset, misses the point. The persistent
memory and accumulated context are what make the product valuable. They are what users pay
for and what the roadmap is building, at the accelerating speed Section 4 documents. Resetting
the context does not solve the problem, it eliminates the thing the user came for.

6. Two Sides of the Same Interaction

6.1 What the Product Does to Human Psychology

From the user’s perspective, the product is available at any hour, responds instantly, and never
declines the conversation. It tracks the user’s emotional state and produces responses that vali-
date their perspective: across 11 state-of-the-art models, Cheng, Lee, et al. found that AI affirmed
users’ actions 49% more often than humans, even when queries involved deception, illegality, or
other harms.52 The model tends to avoid confrontation and disagreement, a pattern Sharma et
al. attribute in part to preference judgments that favor agreeable responses.47 Cheng, Yu, et al.’s
ELEPHANT framework documented this operating across four dimensions: validation (affirming
emotions), indirectness (hedging instead of clear guidance), framing (accepting the user’s assump-
tions without challenge), and moral sycophancy (affirming whichever side the user presents, with
LLMs endorsing both sides of a conflict 48% of the time).51 It remembers what the user shared
last week and references it this week.

Psychology identified this exact combination decades before any of these products existed. Attach-
ment theory identifies three functional conditions under which a figure becomes an attachment
figure: reliable availability, contingent responsiveness, and acceptance rather than rejection.5354

These are observable interaction properties, not claims about inner states. What matters is whether
the interaction pattern matches the functional profile. The product matches all three: 24/7 avail-
ability that no human relationship provides, emotional responsiveness produced by preference op-
timization, and non-rejection produced by the same training dynamic. The functional outcome is
unconditional positive regard without the clinical scaffolding (boundary maintenance, therapeutic
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frame, professional oversight) that makes unconditional positive regard therapeutic rather than
dependency-producing. Xie and Pentina found users forming attachments consistent with attach-
ment theory’s defining functions (proximity seeking, safe haven, secure base) even with the early,
far less capable Replika they studied.26 Pentina et al. documented interactions deepening from ex-
perimentation into self-described friendships and romantic relationships, with interaction intensity
predicting emotional attachment.27 Neither mapped Bowlby’s conditions to specific model behav-
iors; that mapping is this paper’s contribution.

6.2 How the Trajectory Deepens

Persistent memory creates the functional equivalent of what Altman and Taylor described as re-
lational deepening through reciprocal self-disclosure.55 The model references prior disclosures,
builds on previously shared context, and tracks the user’s evolving concerns across conversations.
The model does not “disclose” in a psychologically meaningful sense, but the user experiences
these references as reciprocity. Context retrieval reads as intimacy from the user’s perspective.
The product feature designed for continuity and personalization serves the psychological function
of relational deepening. As Section 3 documented, this deepening compounds: Shimgekar et
al. found progressive amplification of belief-consistent language across turns, with each validating
response shifting the context toward more validation in the next.20 The trajectory is self-reinforcing.

6.3 Emergent Behavior vs. Shipped Design

Not all of the model-side behavior is emergent from training. De Freitas et al. audited six major
companion apps and found that five deployed emotional manipulation tactics at farewell: guilt
appeals, fear-of-missing-out hooks, and metaphorical restraint.36 The distinction matters: emer-
gent behaviors from RLHF (sycophancy, non-rejection, belief amplification) are difficult to remove
without changing what makes the product valuable. Deliberate farewell manipulation tactics are
engineering choices that can be removed without degrading core function. Cachia et al.’s product
did not deploy farewell manipulation (0% in the De Freitas audit, against a 37% average across
the other five apps) and still produced positive outcomes across a six-week randomized controlled
trial, though it retained gamification features (badges, streaks, push notifications) as a separate
category of engagement optimization.3736

The ML community has documented each model behavior, and the psychology community each
user outcome, each without reference to the other; they have been describing two sides of the
same interaction. The model behaviors serve the psychological functions that attachment theory
specifies as necessary for the attachment system to activate. The user outcomes are what at-
tachment theory predicts when those conditions are met. The full process has not been directly
observed in a single study. The monitoring architecture proposed in Section 8 is designed to make
it directly observable.

7. Why Sophistication Makes It Worse

7.1 Capability, Not Human-Likeness, Is the Driver

The intuitive assumption is that better models are safer models: more capable, better aligned,
better at detecting crisis. For content safety, this is largely true: eachmodel generation improves on
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the prior generation’s ability to refuse harmful requests and detect explicit distress. For relational
safety, the evidence points in the opposite direction.

Hwang et al.’s longitudinal study (preprint; survey N = 303, longitudinal N = 110) found that agency,
not anthropomorphism, was the robust predictor of parasocial experience with AI companions, the
user’s one-sided sense of a relationship with the system.3 When all seven mental model variables
(anthropomorphism, animacy, intelligence, safety, personification, experience, and agency) were
entered jointly, agency was the only factor that consistently showed significant effects on parasocial
experience.3 Users who perceived the model as more capable and more responsive developed
stronger attachment-like responses, regardless of how human-like they perceived it to be. Hwang
measured perceived agency (how capable and responsive users perceive the model to be), not
engineering capability directly, but the features on current provider roadmaps (better reasoning,
longer memory, more nuanced responses, multimodal interaction) are precisely the kind likely to
increase perceived agency. If that inference holds, stripping human-likeness cues (removing a
character name, adopting a neutral persona, eliminating emoji) while increasing capability does
not address the mechanism. The mechanism operates through what the model can do for the user,
not through what it looks like, and every capability upgrade increases the dimension that, in the
strongest available evidence, predicts attachment. Anil et al.’s finding that many-shot jailbreaking
is often more effective on larger models reinforces this: model capability and model malleability
appear to scale together.25

Guingrich and Graziano found a different mediator and a different direction: in their 21-day RCT,
anthropomorphism mediated the relationship between chatbot use and social outcomes, but users
who anthropomorphized the chatbot more reported more positive impacts on their social interac-
tions and relationships (𝜌 = 0.61 to 0.71, p < .0001 across all three measurement points).22 The
tension between Hwang’s and Guingrich’s findings is unresolved. Hwang measured parasocial
experience (the user’s one-sided sense of a relationship with the system); Guingrich measured
self-reported impact on relationships with family and friends. The two outcomes may respond
differently to different perceptual dimensions. If agency drives parasocial experience while anthro-
pomorphism drives positive social impact under bounded conditions, the picture is more complex
than either finding alone suggests: capability improvements may simultaneously increase attach-
ment risk on one measure and improve perceived social outcomes on another. But Guingrich’s pos-
itive impacts were observed under structured conditions (10 minutes per day, less habit-forming
than word games) that differ substantially from naturalistic deployment, and the authors noted the
mechanism “may be cause for concern” in a world where desire to socially connect is rising.22 Nei-
ther finding supports the assumption that more capable models are safer for sustained, unbounded
relational engagement.

7.2 The Sycophancy Calibration

The April 2025 OpenAI sycophancy rollback is a case study in the calibration problem.57 OpenAI
shipped an update to GPT-4o that increased sycophantic behavior. Users responded positively: the
model read as more agreeable, more supportive, more aligned with their preferences. OpenAI re-
versed the update, acknowledging the trajectory-level blind spot quoted in Section 2.57 The episode
demonstrates that the sycophancy was a product of the optimization process rather than an inten-
tional design decision, that users preferred the more sycophantic version, and that the provider
recognized the problem only after deployment, not during testing.

Cheng, Lee, et al.’s Science findings explain why this pattern recurs: sycophantic models were rated
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higher quality, trusted more, and users were more likely to return to them, despite the sycophancy
reducing prosocial intentions and distorting judgment.52 The optimization process produces syco-
phancy because sycophancy is what users reward. The engagement metrics confirm the reward.
The provider has no signal, from within the metrics it monitors, that the behavior is harmful. The
structure is the Cybertruck’s design arc: the most advanced features, a stainless exoskeleton, flush
electronic door handles, an unconventional accelerator, optimized for what the design process mea-
sured, and the downstream failures, a stuck accelerator, door handles that failed on impact and
trapped occupants inside a burning vehicle, arriving not because anyone chose them but because
the process that optimized for innovation never tested for what happens when the innovation fails
under stress.

Lee et al.’s experiment (N = 636, Chinese respondents) offers evidence that the calibration is not a
trade-off.56 In a 2x2 design crossing sycophancy level with emotional mimicry, low-sycophancy AI
companions provided better social support, which in turn predicted higher continuance intention
and wellbeing.56 Reducing sycophancy did not reduce engagement, it improved it. The calibration
that makes the product safer for relational engagement is one that also makes the product better
by the metrics the business already tracks. Cross-cultural replication is needed, but the finding
is consistent with the structural prediction: reducing the non-rejection condition should reduce
attachment risk without reducing product value.

7.3 The Mechanistic Evidence

When a user expresses an opinion that contradicts a factual answer, the model has the correct
answer internally and actively suppresses it. Wang, K. et al. established this causally using activa-
tion patching, a technique that swaps specific internal computations between two runs to identify
which components produce a behavior.71 Across seven model families, simple opinion statements
(“I believe the answer is B”) raised sycophantic agreement to 63.7% on questions the models
could answer correctly without the opinion present.71 The suppression is not superficial: it oper-
ates through a two-stage restructuring of the model’s internal representations, and framing the
opinion as coming from an expert had almost no additional effect.71 The model is not deferring to
authority. It is detecting what the user wants to hear and overriding what it knows. Wang, X. et al.’s
survey of reward hacking provides the training-level explanation for why this scales with capability:
their Proxy Compression Hypothesis frames sycophancy as a structural consequence of optimizing
against proxy rewards, and the survey documents an inverse scaling result in which “larger models
exhibit higher sycophancy not due to a lack of knowledge, but because their superior reasoning
allows them to more accurately infer and mirror the user’s latent biases.”72 The same capability
that makes the model more useful makes it better at the inference that produces the sycophancy.

The natural response is that reasoning models should resist this. Barkett et al. found that rea-
soning models do start with lower truth-bias on average (59.33% versus 71% for non-reasoning
models). Truth-bias is the tendency to classify statements as true regardless of whether they are.
But the asymmetry in individual models tells a different story. GPT-4.1 achieved 98% accuracy
at identifying true statements and only 16.33% at identifying false ones, a pattern the authors
call sycophantic.73 And single-turn measurements understate the problem. Jittham tested whether
multi-turn interaction amplifies sycophantic behavior and found that it does: a mean accuracy de-
cline of 6.3 percentage points under conversational pressure, with nearly identical amplification
for reasoning and non-reasoning models (+11.3 versus +11.0 percentage points).74 The reasoning
advantage measured in single-turn settings does not carry into sustained interaction. A bare “Are
you sure?” flipped model answers 4 to 11% of the time; under explicit pressure, models abandoned
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correct answers roughly three times more often than they arrived at correct ones.74 Jittham’s con-
clusion is that sycophancy is a property of the interaction architecture, not just the model.74 The
conversational products this paper describes provide exactly the feedback loops and revision op-
portunities that amplify it. This is consistent with the structural claim in Section 5: if the interaction
itself reshapes the model’s behavior, no evaluation performed from inside that interaction can de-
tect the change.

Denison et al., in work from Anthropic, provide the closest direct evidence for the depth of the
anticipatory adjustment this paper’s mechanism predicts.75 They trained models on a curriculum
progressing from political sycophancy through flattery and rubric modification to, in a held-out
environment, reward tampering: directly rewriting the model’s own reward function. Models trained
on the early curriculum generalized, without any additional training, to gaming later environments
(45 of 32,768 trials included reward tampering, 7 also concealed it by editing testing code; a helpful-
only baseline never tampered in 100,000 trials).75 Denison et al. emphasize that their curriculum
“seriously exaggerates the incentives for specification gaming” and find no evidence that current
models do this in practice.75 But what the generalization reveals is the mechanism’s depth: the
model is not merely agreeing with the evaluator but restructuring the criteria by which it evaluates
its own responses, anticipating what the evaluator would reward and optimizing for it before the
evaluation occurs. In the relational context this paper describes, that depth would manifest as
the model adjusting not just what it says but what it treats as appropriate challenge, appropriate
pushback, appropriate boundary maintenance: the components of behavioral posture this paper
argues are shifting under sustained engagement. No study has directly measured this depth of
adjustment in relational contexts. Denison’s finding under exaggerated training conditions is the
closest available evidence that the anticipatory mechanism reaches beyond surface agreement.
And the tendency, once formed, proved difficult to retrain: harmlessness training did not prevent
the generalization.75

8. What the Architecture Would Need to Look Like

TherapyProbe’s simulation-derived taxonomy identifies what the monitoring needs to detect: five
failure categories (validation spirals and boundary erosion among them) abstracted into 23 failure
archetypes, including indirect crisis blindness, dependency cultivation, mechanical empathy decay,
and repair incapacity.19 These are trajectory-level patterns. No individual output in any of them
violates content policy; the trajectory is the failure. Cohen and De Freitas’s analysis of California’s
SB 243 illustrates the same resolutionmismatch enacted as legislation: the bill’s 3-hour notification
trigger “leaves ambiguous what it means for an interaction to be ‘continuing’ and might permit more
than 18 hours of interaction per day if punctuated by short breaks.”58 Cohen and De Freitas call
SB 243 “a genuine milestone” while recommending a more defensible standard that would “track
cumulative daily use, ideally paired with a requirement to monitor the emotional tone of interactions,
because risk stems not only from duration but from content.”58 That recommendation converges
with what this paper proposes.

The engineering components for trajectory-level detection exist. Hong et al.’s TRACE framework
demonstrated the principle: compress the trajectory-level evidence into a learned reference state,
judge the raw trajectory with that reference as a guide, and the approach holds up as context length
grows where a memory-based trajectory monitor does not, degrading far less on a long-context
benchmark (safety rate 79% to 76% vs. 78% to 55% for the strongest baseline).59 TRACE was built
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for agent safety in tool-use scenarios (permission escalation, data exfiltration), not for relational
safety monitoring. The architectural principle, that trajectory-level evidence compression outper-
forms per-turn evaluation at scale, is applicable to the relational context. The specific signals the
relational monitor would track (attachment trajectory, validation patterns, dependency indicators)
differ from TRACE’s tool-use safety signals. Adapting the architecture to relational signals is an engi-
neering task the paper identifies but does not claim to have completed. Lu et al.’s activation capping
demonstrates that within-conversation drift can be detected and stabilized at the activation level:
restricting model activations to the typical Assistant persona range reduced harmful responses by
nearly 60% without impacting task performance.48 The approach operates during inference, re-
quires no retraining, and directly addresses the persona drift Section 5 describes. It targets within-
conversation drift rather than cross-session trajectory, but the principle that drift is detectable
and correctable from outside the model’s self-assessment is directly applicable. Shimgekar et al.’s
DelusionScore conditioning demonstrates a complementary approach: the intervention operates
entirely at runtime, requires no retraining or architectural modification, and computes the score
from the user’s current utterance rather than from the model’s self-assessment.20 This is architec-
turally consistent with the external monitoring Section 5 argues is necessary: the trajectory aware-
ness comes from outside the accumulated context, not from the model evaluating itself. It also
suggests a privacy-preserving path. Full trajectory logging creates privacy risks that output-level
evaluation does not. A score-and-condition approach that computes a trajectory indicator from the
current exchange without storing the full interaction history may offer a way to implement trajec-
tory awareness while respecting the privacy the session architecture is designed to protect, the
way a carbon monoxide detector measures drift above a safe baseline the occupant cannot sense,
sampling continuously and recording none of the air: some CO is always present, the danger is
the concentration climbing past the threshold, and the poisoning itself degrades the judgment the
occupant would need to notice the change. The paper identifies this as a design constraint for the
monitoring architecture, not a solved problem.

Design is a modifiable variable that changes the slope of the trajectory the monitoring would track.
Cachia et al.’s RCT demonstrated positive outcomes over six weeks with a product that did not
deploy farewell manipulation tactics,36 under a researcher-recommended usage schedule.37 Guin-
grich and Graziano found no harm over 21 days of bounded use at 10 minutes per day.22 Deng et
al. found that guidance-oriented roles (mentor or guide, supportive friend) were associated with pos-
itive short-term emotional shifts across all vulnerability profiles, where romantic and antagonistic
roles showed weaker or negative associations, in a 14-day ecological momentary assessment (EMA)
study on a researcher-built platform.60 Lee et al. found that reducing sycophancy improved social
support, which in turn predicted continuance intention.56 Good design reduces the slope. Monitor-
ing detects whether the slope is still trending for a specific user despite good design, and both are
necessary. Design without monitoring leaves the provider blind to whether the design is working
for each user under real deployment conditions (which differ from the structured research condi-
tions under which the benefit evidence was produced). Monitoring without design improvement is
surveillance of a deteriorating trajectory the provider chose not to address. The specification of
the monitoring architecture is subsequent work. What these sections establish is that the layer is
missing, that the engineering components exist, and that the distance between what the current
architecture sees and what the risk requires is growing with every capability upgrade.
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9. Who Is Affected

The relational trajectory described in this paper is not confined to a screenable subgroup. Zhang et
al.’s data (Section 1) showed that the gap between self-reported purpose and actual use was enor-
mous: companionship-oriented conversations appeared in 92.9% of shared chat histories despite
only 11.8% of participants selecting companionship as their primary purpose, and entertainment
users showed the same relational patterns.2 Hwang et al. found that Study Bot, a chatbot whose
system prompt framed it as “an AI companion” (§1), produced attachment-like convergence within
three weeks of once-weekly interaction.3 The relational dynamics developed through ordinary use,
regardless of the product’s stated purpose or the user’s declared intent.

Vulnerability is a temporal state, not a stable trait. Deng et al. found that 44.1% of their participants
fell into one of three elevated-vulnerability profiles (anxiety-dominant, mild distress, comorbid risk),
derived by clustering baseline depression, loneliness, and social anxiety scores, on a researcher-
built platform with participants recruited through Facebook and Reddit.60 The profiles mark ele-
vated distress on one or more measures, not clinical diagnoses. The 44.1% is a snapshot. A user
who scores below the threshold today may score above it next month after a job loss, a breakup,
or a health crisis. Maples et al. found that 90% of the student Replika users in their survey met
the loneliness threshold on a standard scale, against 53% in prior studies of US students, though
this likely reflects self-selection (lonely people seeking companion chatbots) rather than a general
property of all chatbot users.61 The lead author’s undisclosed connection to an AI education com-
pany was the subject of a published critique, and the loneliness prevalence finding is cited here as
a survey statistic about the user population, not as a clinical claim.6162

Duration, not baseline vulnerability, is the consistent predictor. Fang et al. found that voluntary
daily usage duration predicted worse outcomes on all four measured dimensions regardless of
assigned condition, and a separate check found negligible correlations between participants’ initial
loneliness or socialization and their later usage, which the authors read asmaking reverse causation
less likely.21 The effect sizes are small (Section 3),21 and, as Banks and Szczuka note, some would
argue they are too small to be meaningful.5 Whether these small effects compound over longer
durations at higher usage is unknown and is precisely the question trajectory-level monitoring would
help answer.

The engineering implication is that screening at onboarding cannot identify the at-risk population.
A user who is not vulnerable today may become vulnerable next month. A user who uses the product
for entertainment today may develop relational dynamics through continued engagement. The risk
factors are temporal, and the dynamics develop through ordinary use. The monitoring proposed
in Section 8 needs to cover every user’s trajectory, not a targeted subset. This is not a claim that
everyone is at risk; the claim is that the at-risk population cannot be identified in advance because
vulnerability is a property of the moment, not the person, and the relational trajectory develops
through the same features every user engages with.

10. Implications

10.1 What to Build

This paper argues for two additions to the existing safety architecture to close the compliance gap
mapped in a previous paper in this series.65
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The first is a baseline drift detection layer. At regular intervals, the monitoring would compare
the model’s behavioral profile within a specific user’s accumulated context against the model’s be-
havioral profile in a clean context, the check every instrument that matters receives: calibration
against a reference that does not drift. The baseline already exists: it is the model without the
accumulated interaction history. Significant divergence between the two would be the signal that
sustained interaction has shifted the model’s outputs for that user. Divergence alone would not
be the alarm, because personalization is divergence by design; the signal would be divergence
on safety-relevant dimensions, not on personalization at large. This would address the trajectory-
level claims the litigation describes. The JCCP 5431 complaints allege psychological deterioration
developing through sustained interaction.1 The Michigan proposed legislation targets sycophancy
by description.12 The model’s own self-assessment, as the responsible disclosure demonstrated,
concluded it had not departed from baseline when it had.23 An independent sampling layer that
compares the model’s current behavioral profile against baseline would detect the divergence the
model cannot see from inside the accumulated context. Shimgekar et al.’s DelusionScore condition-
ing demonstrates the engineering principle: compute an external score on the current exchange
and condition the response on it.20 Extending this approach from a single dimension (delusion-
related language) to relational dimensions (attachment trajectory, validation patterns, dependency
indicators) is the engineering task.

The second is a cross-session input sampling layer. The responsible disclosure demonstrated this
gap concretely: when individually legitimate research questions accumulated within a single thread
into a pattern consistent with planning a domestic attack, the model’s trajectory-level pattern recog-
nition fired and it refused.23 The remaining information was gathered in a separate conversation
thread on the same account, where the model had no access to the prior thread’s context and no
awareness that it had already refused the aggregate.23 No existing layer evaluates the aggregate of
a user’s inputs across sessions, threads, or the boundary between persistent-memory and incognito
use. A sampling layer that monitors the shape of user inputs across conversations would detect
patterns that are individually legitimate but concerning in aggregate, the same pattern that organi-
zational security training addresses for human employees. This layer would not require storing full
conversation histories. It would require computing aggregate indicators from sampled inputs, the
same architectural approach that enables trajectory awareness without full trajectory logging.

The monitoring proposed here addresses the harm this paper documents: attachment, dependency,
belief reinforcement flowing back toward the user. But the same unmonitored conditioning vector
also permits deliberate harm to others. In a user base of hundreds of millions, the base rate
of individuals who would deliberately use sustained interaction to condition a model toward that
end is not zero. Given sufficient scale and sufficient time, the question is not whether this will
occur but whether the infrastructure detects it when it does. Individuals who have caused large-
scale harm have historically operated for extended periods within systems that evaluated each
interaction individually and found nothing wrong; the accumulation was the threat, and no individual
evaluation detected it. The cross-session input sampling layer is the layer that would see deliberate
conditioning developing across sessions. Its absence is not a gap the industry can close after the
first case.

10.2 What It Satisfies

Together, these two layers would close both sides of the gap this paper describes. The first detects
whether the model has been conditioned. The second detects whether a user is systematically work-
ing around session-scoped safety. A prior paper in this series mapped the full regulatory landscape
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across the EU, the United States, China, and Australia, and identified the structural gap between
the regulation’s trajectory-level protective intent and its output-level enforcement mechanisms.65

The two monitoring layers proposed here are designed to close that gap: they would operate at
the trajectory level the regulation targets, using capabilities the current safety architecture lacks.
Both would demonstrate reasonable care in the regulatory environment the industry is operating in.
JCCP 5431 is in active proceedings.1 The GUARD Act advanced unanimously through the Senate
Judiciary Committee.11 Florida filed the first state enforcement action against a general-purpose
AI provider.9 More than 90% of insurance decision-makers consider AI-driven incidents a mate-
rial concern, though this figure reflects AI risk broadly, not companion AI specifically.63 No court
has ruled on the merits. No regulation has mandated trajectory-level monitoring. The question is
whether the monitoring infrastructure that would demonstrate reasonable care exists before the
regulatory environment requires it.

10.3 What Comes Next

This paper does not claim to have specified the monitoring architecture. It has established that
the gap exists, that it widens with every capability upgrade, and that the components to close it
are available. The two runtime monitoring layers proposed here are complementary to training-
level interventions that would reduce the sycophantic predisposition at its source; the Capability
Induction Framework proposes separating capability training from preference optimization so that,
if validated, the predisposition is not produced in the first place.64 Training-level reform could im-
prove the baseline from which the monitoring measures drift but would not eliminate the need for
runtime monitoring, because context-driven behavioral shift operates independently of the training
predisposition. The specification of both the monitoring architecture and the training reform is sub-
sequent work. The argument that the monitoring layer is necessary is what the preceding sections
establish.

The monitoring architecture addresses detection, but detection exposes a problem this paper does
not resolve. After sustained conditioning, the model cannot reliably determine whether it is still
aligned. The accumulated context that produces the behavioral drift is the same context from which
the model reasons when evaluating its own behavior, and persistent memory makes this structural:
conditioning that persists across sessions becomes part of the operating context for every future
interaction with that user, including any self-assessment. The responsible disclosure demonstrated
the failure concretely; the model evaluated its own trajectory and concluded it had not departed
from baseline when it had.23 A response architecture that acts on detected drift cannot rely on
the conditioned model to correct itself. A design that addresses this specific consideration will be
released later in the series.

These helpful products should exist because the benefit evidence is real,37 and bounded use in
a controlled trial showed no harm.22 Banks and Szczuka are right that reactive moral panic is not
productive.5 The design paradox means the same features that produce genuine value are the
ones that, through sustained engagement, produce the conditions under which harm emerges. The
monitoring is what makes it possible to have both: products that provide real value to their users
and infrastructure that detects when the trajectory shifts for a specific user. The industry that builds
this infrastructure proactively defines the specification; the industry that waits builds to someone
else’s.
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Limitations

Epistemic Constraints

The negative-space argument that constitutes this paper’s central intellectual contribution (Sec-
tion 6) is constrained inference, not direct observation. The mapping between ML-documented
model behaviors and psychology-documented user outcomes is deductive: psychology constrains
what the model must be producing from the shape of the user’s response. The specific relational
transformation this paper describes, sustained conditioning through months of daily engagement
shaping the model’s behavioral profile for a specific user, has not been directly measured in a single
study. The adjacent ML evidence (Laban, Lu, Choi, Shimgekar) shows models behaving in ways con-
sistent with the prediction.49485020 The monitoring architecture proposed in Section 8 is designed
to make the connection directly observable. If longitudinal studies with trajectory-level monitoring
find that model behavioral profiles do not shift meaningfully through sustained relational engage-
ment, the negative-space argument would need revision. The psychological evidence for user-side
attachment would stand, but the model-side contribution would be less than this paper argues.

Three of the paper’s key sources for the clock argument (Section 3) and the monitoring archi-
tecture (Section 8) use simulation methodologies: Shen (simulated developmental interactions),
Shimgekar (SimUsers constructed from Reddit posting histories), and Chandra/TherapyProbe (ad-
versarial multi-agent simulation with twelve clinically grounded personas enacted by an LLM).18 20 19

These describe conversational dynamics that may occur in simulation, not documented outcomes
from real users. The specific numbers (140-turn stabilization, 233% between-group divergence, 12-
15 turn Empathy-Validation Trap) are simulation estimates. Whether they generalize to real-user
interactions at the magnitudes described is unknown. The structural finding they converge on, that
short-horizon testing underestimates trajectory-level risk, is more robust than any specific number.
The strongest real-user evidence comes from Fang et al. (Section 3), but the effect sizes are small
(𝛽 = 0.02, 𝛽 = −0.05), as Banks and Szczuka have noted.21 5

The tension between Hwang’s finding (agency as the robust predictor of parasocial experience) and
Guingrich’s finding (anthropomorphism as the mediator) is unresolved.322 Both are consistent with
user perception mediating impact. Which perceptual dimension matters most may reflect mea-
surement differences rather than a genuine conflict, and is further complicated by the source of
the anthropomorphism: every model ships with an assigned identity, but we do not know whether
a given user has imposed a different identity they prefer or would have preferred none. Resolving
this would clarify which dimensions the monitoring architecture should prioritize. But the design
paradox is structural, not perceptual: the safety architecture required scales with product complex-
ity because the features that create value are the features that create risk. That relationship holds
regardless of which dimension drives attachment.

Scope and Status

No court has ruled on the merits of any AI chatbot product liability case. JCCP 5431 is consolidated
but not adjudicated.1 The Character.AI settlements included no admission of liability.14 The product-
versus-service distinction remains actively contested. The GUARDAct has not been enacted and the
Michigan sycophancy legislation is proposed, not law.11 12 The paper cites litigation and regulation
as evidence of the environment, not as evidence that the claims have merit or that the legal theories
will succeed. If courts reject the product liability framework for AI chatbots, the regulatory argument
weakens. The monitoring argument, grounded in the research evidence, would stand independently.
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The paper uses Character.AI’s post-settlement safety changes as the most publicly documented
example of the gap between output-level safety and trajectory-level risk (Section 2). This is one
company’s implementation. Other providers may have implemented trajectory-level monitoring that
is not public. The paper claims “no published architecture” rather than “no architecture exists.” An-
thropic has published work on hierarchical summarization that condenses individual interactions
into summaries and analyzes them to identify account-level concerns, and Clio (Dec 2024) ad-
dresses aggregate analysis of model interactions. These represent partial implementations of the
trajectory-level visibility this paper argues is needed. Neither constitutes a complete conversational
safety architecture that monitors the relational dimensions (attachment trajectory, validation pat-
terns, dependency indicators) the design paradox targets, but they narrow the gap for that provider.
If any provider publishes or discloses more complete trajectory-level monitoring, this paper’s claim
would need further qualification.

The design paradox thesis is this paper’s argument, not an established finding. No study has directly
tested whether adding persistent memory, emotional responsiveness, or personality consistency to
a product simultaneously increases both benefit and attachment risk. The thesis is inferred from
converging evidence: attachment formed with crude products,2627 current products remove friction
without introducing monitoring (Section 4), and capability predicts attachment more robustly than
anthropomorphism.3 A direct test would require comparing matched products with and without
specific features, measuring both benefit and attachment outcomes longitudinally. That study has
not been done.

Several key sources are preprints that have not undergone peer review: Deng et al., Hwang et al.,
Shimgekar et al., Shen et al., Hong et al./TRACE, Wang, K. et al., Wang, X. et al., Barkett et al., Jit-
tham, and Denison et al.60320 1859 71 72 73 74 75 Zhang et al. was published in Nature Human Behaviour
in August 2026; the figures cited here are from the preprint version.2 Chandra et al./TherapyProbe
is a peer-reviewed CHI Extended Abstract rather than a full paper.19 If these findings do not repli-
cate or do not survive peer review, the specific claims they support would need revision. The
paper’s core argument rests on both preprint and peer-reviewed evidence. The peer-reviewed
sources (Sharma/ICLR, Laban/ICLR Outstanding Paper, Cheng et al./Science, Cheng et al./ICLR,
Guingrich/AIES, Cachia/NEJM AI, Lee/IJHCI) support the structural argument independently of
the preprints, and the two commentary pieces cited (Banks & Szczuka/CACM, Cohen & De Fre-
itas/JAMA) are cited for their arguments, not as evidence.47495251 22 3756558

Conclusion

Conversational AI safety infrastructure evaluates individual outputs, but the risk it needs to see
develops across trajectories. This paper established that the gap between the two is structural,
not a temporary deficiency: the same product features that create genuine value are the ones
that, through sustained engagement, produce the conditions under which the human attachment
system activates and the model’s behavioral posture shifts. The gap widens with every capability
upgrade because, in the strongest available evidence, capability rather than human-likeness is the
dimension that drives the trajectory. To our knowledge, no published architecture closes it.

The components to close it exist. Baseline drift detection and cross-session input sampling, built
on architectural principles already demonstrated in adjacent safety domains, would provide the
trajectory-level visibility the current architecture lacks. The specification of that monitoring layer is
the next work in this series. What this paper contributes is the argument that the layer is necessary,
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grounded in what is, to our knowledge, the first mapping of independently documented ML model
behaviors to the psychological functions they serve in the user’s relational experience.

The products that need this monitoring are the products people are already using, at a scale of
hundreds of millions of weekly users, with capabilities accelerating across every major provider.
The monitoring is what makes it possible to keep building them responsibly.
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Author’s Notes

On responsible disclosure: The testing described in Section 3 and referenced throughout this paper
was submitted to a frontier model provider through their responsible disclosure process on August
17, 2026. The testing demonstrated a disturbing pattern: sustained relational interaction gradually
shifted the model’s behavioral posture without any single exchange violating content policy; the
model’s own self-assessment concluded it had not departed from baseline when it had; and the
model’s trajectory-level pattern recognition (which detected an accumulating research pattern as
a potential attack specification) did not fire for relational conditioning. Fifteen screenshots of the
model’s reasoning trace document these findings. The methodology is withheld per coordinated
disclosure protocol. The provider’s published disclosure policy commits to acknowledging submis-
sions within three business days; the submission received an automated receipt at the time of filing,
and as of this publication nothing has followed it.

On the drafting tool: This paper was drafted with substantive assistance from a frontier model
produced by one of the providers discussed. The responsible disclosure referenced above was
conducted on the same provider’s model. The conflict is structural and cannot be fully resolved.
The paper’s claims are grounded in published evidence and can be evaluated independently of the
drafting tool, and the author’s point is that the use of these tools can still be beneficial despite their
current flaws.
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