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Abstract

Generative artificial intelligence does not hold professional responsibility, and it may not reliably
preserve user instructions over extended interactions. In response, we present “authoritative
prompt parenting,” as a supervisory heuristic drawn from developmental science. The approach
comprises four standing-instruction controls, including: tiered rules; a visible tripwire; a counter-
indexed heartbeat; and a traverse/paraphrase read-receipt that tests whether designated
instruction fragments are accessible and whether core rules can be restated. In a point-in-time
paired demonstration using four Large Language Model (LLM) systems, the specified initial
receipt was retrieved from the installed instruction file, and paired controls did not. While the

approach does not confirm whole-file attention, human-like comprehension, or continued



adherence, the approach does prompt human verification — and a conservative restart when a

check fails — to support human professional accountability.
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Introduction: from calculation to supervision

A recent commentary in this journal argued that generative artificial intelligence (Al), delivered
through widely available large language models (LLMs), is not a calculator but rather a mediator
of the relationship of sharing data, information, knowledge, and wisdom (DIKW) among people
(Oerther et al., 2026). If Al is a relationship rather than a calculation, the next question as
professionals asks is not “how do I compute with it?” but rather “how do I govern my side of the

relationship?”’

Prompt engineering is a common approach to managing our relationship with Al. Prompt
engineering includes designing and structuring instructions so that an LLM produces accurate,
relevant, and contextually appropriate output (Gadesha, 2025). Prompt engineering is taught as a
core competency in higher education (Lee and Palmer, 2025) to help LLM users formulate
effective instructions. In this Short Communication, we argue that formulation is necessary but
not sufficient because professional practice requires an explicit supervisory layer for checking
whether consequential instructions remain available and behaviorally effective across a working
session. We propose the better analogy is not engineering but parenting — specifically,

authoritative prompt parenting.

Our analogy requires careful framing. One popular approach to prompt engineering treats the
LLM as an intern being onboarded (Mollick, 2024), but recent research cautions against treating
Al agents like humans at all (Kropp et al., 2026). While we note that interns arrive on the job
with formed judgment, persistent memory, and professional accountability — growing towards
independence — the current available LLMs are more similar to infants. LLMs have vast
capability without formed professional judgment, and no professional accountability can be

attached — all while possessing capabilities no infant possesses. Without judgement or



accountability, an infant is parented, not onboarded, and the literature shows that supervisory
acts should be set by the child’s developmental level (Oerther and Oerther, 2021). Among
parenting styles described by Baumrind (1966) and later organized on axes of demandingness
and responsiveness (by Maccoby and Martin, 1983), the authoritative style — with high structure
and clear expectations, delivered with reasons and coupled to active checking — is the one

associated with the best developmental outcomes.

As described by Baumrind, “The authoritative parent attempts to direct the child’s activities in a
rational, issue-oriented manner... [and] affirms the child’s present qualities but also sets
standards for future conduct” (Baumrind, 1966, p. 891). Our approach leverages the
demandingness half of that construct — structure, monitoring, and checking — with responsiveness

appearing as reasons given alongside rules and as non-punitive responses to failures.
The problem is supervision, not phrasing

An LLM may drift across the many turns of a conversation. It may state a falsehood in the same
confident register it uses for a truth. And it may fail to apply, on a later response, a rule it
followed earlier. Recent research documents that a model frequently restates a constraint it is
simultaneously violating (Kruthof, 2026). In other words, an LLM’s assurance that it is
following the rules is not evidence that it is. And professionals currently agree that no model can
be held accountable. For example, the nurse remains responsible “even in instances of system or
technology failure” (American Nurses Association, 2022; Oerther and Oerther, 2026b), and the
engineer’s first canon is to hold paramount the safety, health, and welfare of the public —a
nondelegable responsibility (NSPE, 2019). The practical need is therefore not a better one-time
prompt but rather continuous, checkable supervision of a capable, unreliable, child-like
collaborator. Our approach — authoritative prompt parenting — uses a small set of standing-
instructions that produce indicators the availability of instructions and make behavior observable

(rather than assumed).
Four controls

Several widely used products provide a project-level container — standing instructions, project
files, or custom instructions — that may influence responses within a project. We note that

implementations vary across products — containers are bounded by context and file limits, long



files may be truncated or retrieved in part rather than read whole, and attention across a long
input is not uniform (Liu et al., 2024). We treat each product as a separate implementation, and
we propose structuring user-defined instructions around four controls (Figure 1), which together
operationalize the professional duties of transparency, accountability, and verifiability (Oerther

and Oerther, 2026b).

One standing instruction file (project folder), read at every turn

Tiered rules

The 3 most
consequential rules in
a labeled top tier;
lesser rules below

“Say the important
things first, and few”

ACCOUNTABILITY

Tripwire

Avisibly checkable
rule sited mid-file
whose erosion is an
early signal of drift (a
heuristic)

“Notice when the
child stops listening”

TRANSPARENCY

Heartbeat

Counter-indexed
checkpoint with
single-user expected
replies; silence ora
wrong reply = restart

“Check in; re-
establish the rules”

ACCOUNTABILITY

Read-receipt

Nonce fragments
accessible + tier-one
rules adequately
restated

“What did | say?”
"What did | mean?”

VERIFIABILITY

Figure 1. Authoritative prompt parenting in four controls. Standing instructions given to a
generative Al are structured so that selected indicators of instruction availability and behavior
become observable rather than assumed, including: tiered rules concentrate the few most
consequential instructions; a mid-file tripwire provides a visible early signal of drift; a counter-
indexed heartbeat requests single-use checkpoint replies; and a traverse/paraphrase read-receipt
separates fragment access (“what did I say?”’) from adequate restatement (“what did I mean?”).
Together, the controls operationalize transparency, accountability, and verifiability. The runnable
instruction file is provided as Supplementary Protocol S1.

Tiered rules. Because attention is finite and, in our experience, weakens across a long file, the
few most consequential rules are placed in a short, explicitly labeled top tier — as a design

heuristic, no more than three — with lesser rules below.

A tripwire. One rule whose violation is visually obvious — in our example, “write in plain
language and define any term you introduce” — is placed near the middle of the file, because
prior long-context experiments have reported weaker use of information in that region (Liu et al.,
2024). Whether this indicator consistently precedes other instruction failures remains to be

evaluated, and therefore, we offer it as a practical heuristic, not an empirically validated early-



warning device. The value of the tripwire is that erosion is easy to see. In our example, when the
prose stops being plain, the user is warned that adherence may be decaying (i.e., without a

further audit).

A heartbeat. The instructions direct that on a trigger word — in our example, “hello,” chosen as
the “hello world” of governance checks, though less common tokens would likely reduce
accidental firing — the model re-read the file and return a fixed response. Because that first
response places its own content into the conversation history, an unchanged trigger should not be
reused as evidence (i.e., a later correct reply could be copied from history rather than re-derived
from the file). The heartbeat therefore carries a counter (“hello-2,” “hello-3"), and the file
specifies a distinct, single-use expected response for each count, so that no checkpoint reply can
be simply copied from the conversation history (Supplementary Protocol S1). Although likely
modest, each requested checkpoint consumes context, so we recommend judicious placement of
checkpoints; for example, at session start, after a long retrieval, or before a consequential output,
rather than at every turn. Silence or a wrong response is strong evidence the session should be

restarted rather than trusted, and the null result is itself the signal.

A traverse/paraphrase read-receipt. The session-start response should not be viewed as a
greeting, but rather a two-part check. First, a user-generated nonce — a random token used in an
authentication protocol — is split into fragments and scattered from the top of the file to the
bottom. Returning the reassembled string is evidence that the fragments were accessible at that
moment. Second, the model must paraphrase the tier-one rules, which provides the user an
opportunity to confirm restated rules with operationally adequate meaning (i.e., not verbatim).
This read-receipt is based on two familiar questions of parenting, namely: “what did I just say?”
— a test of reception, answered by the fragments — and “what did I mean?”’ — a test of restatement,
answered by the paraphrase. The two can fail independently, and Table 1 provides our suggested

response to each pattern.

What the receipt can and cannot show. Labeled fragments are themselves retrieval-targetable
(i.e., aretrieval layer could locate exactly the marked lines while ignoring the rest of the file),
and therefore, a passed receipt evidences access to the marked fragments, but not that “the whole
file was read.” Practitioners hardening the check could embed unmarked fragments within the

prose of widely separated rules or require a reply derivable only from unmarked content — the



count of rules in the file, or the first word of each tier heading (Supplementary Protocol S1) (i.e.,
similar to the digital watermark approach announced by Claude in mid-August 2026 (Roeloffs,
2026). Even using such a hardened approach, a prompt-level check will — at most — provide
evidence of access to distributed regions of a file (i.e., presence in context does not guarantee
attention, and restatement does not guarantee adherence) (Liu et al., 2024; Kruthof, 2026). It is
important to note that the controls do not make the model reliable, but rather they make selected

indicators of its unreliability visible to the accountable human.

Table 1 summarizes the receipt outcomes. The cause of a failure is not uniquely identifiable from
its pattern (i.e., a garbled reply might reflect truncation, retrieval behavior, or generation
variability). Therefore, every failure is read as a conservative stop signal rather than a diagnosis.

Restarting is a low-cost conservative action, not a costless one.

TABLE 1. Receipt outcomes and conservative responses.

Receipt fragments Rule restatement Conservative interpretation

Adequate Adequate Check passed at this moment; establishes
nothing about subsequent adherence.

Adequate Inadequate Fragments accessible but restatement drifted,
re-establish the rules before proceeding.

Inadequate Adequate Mixed result; cause uncertain; do not rely on the
check.

Inadequate Inadequate Check failed; restart the session rather than trust
the work.

What is, and is not, novel

Authoritative prompt parenting leverages existing structured instructions. For example, vendor’s
provide an opportunity to input standing instructions, and prompting techniques are well
catalogued (Schulhoff et al., 2024). Techniques such as Chain-of-Verification and
SelfCheckGPT verify the answer a model gives, but they do not confirm whether its governing
instructions remain live (Dhuliawala et al., 2024; Manakul et al., 2023). Among the literature we
identified, DriftBench is the closest directly relevant evaluation. Kruthof (2026) reported a LLM
often correctly restates constraints it is simultaneously violating. Furthermore, checkpointing
reduced but did not eliminate the dissociation (Kruthof, 2026). Those results are precisely why
our approach pairs the restatement receipt with a behavioral tripwire rather than trusting either

alone. We offer this as a bounded search result rather than a claim of priority (i.e., prompt-level



ideas frequently appear first in repositories and forums, and we would welcome notice of earlier

work).
A point-in-time demonstration

In a point-in-time paired demonstration on each of four products exposing a standing-instruction
container — Claude (Fable 5, High), ChatGPT (5.6-Sol, Pro), SuperGrok (Grok 4.5, Fast), and
Gemini Notebook — with persistent memory disabled, firing the trigger when the instruction file
was installed produced the specified initial receipt, whereas the paired control without the file
reverted to a platform-specific default (i.e., a greeting, a “welcome,” or a summary of the
folder’s single document). Although we used “hello” as our trigger, the paired control shows that
the receipt is contingent on the installed file rather than on default courtesy. We reiterated the
limitations, namely the demonstration does not establish: attention to unmarked portions of the
file; continued compliance across a session; reliability; or failure rates. Furthermore, our results
are point-in-time and may change with model updates. A product that does not expose a
standing-instruction container has nothing for the file to attach to, which marks the boundary of
the method. The complete instruction file and test method are provided as Supplementary

Protocol S1 and Supplementary Methods S2.
A worked failure parenting catches

Consider a routine task in environmental practice, such as a professional asks a LLM whether a
stream’s dissolved oxygen (DO) record supports trout. Ungoverned, the model may return a
single, confident, threshold reconstructed from memory (i.e., 7 mg/liter). But trained
professionals know that the applicable criteria do not reduce to a single number, namely: the U.S.
EPA’s ambient water quality criteria for DO specify duration-dependent means and minima that
differ by salmonid life stage, and the governing value in practice may be a jurisdiction’s adopted
standard (USEPA, 1986). Under our example of a tier-one rule that every claim be labeled by its
source, our use of the LLM should distinguish the measured record, any computed statistic, a
cited criterion, and its own inference. Furthermore, the response must flag a recalled threshold as
recalled, and this result should remind the trained professional — and help to support the

emerging professional — to check the applicable standard before the number reaches any report.



The control does not make the model correct, but rather it makes the LLM’s uncertainty visible

to the human who holds responsibility.
Growth in the parent

A careful reader will object that a child develops and a model does not mature within the
relationship — where products do retain project context, what persists is the container we
describe, not formed judgment. But while the LLM does not develop, our analogy of parenting
should hold for the human-side of the relationship. Parenting practice is passed along —
grandparents guiding parents who guide children — as part of a family legacy in which tacit
values and behaviors shape identity (Oerther and Papachrisanthou, 2024). In our approach, the
human user does develop. Specifically, we anticipate supervisory practice improves with use,
and users may pass that practice to colleagues, emerging professionals, and students. The

controls are teachable in a way that ad hoc prompting is not.
An obligation, not a technique

The engineer who signs and seals, the nurse accountable for practice through system failure, and
the scientist who stakes a professional reputation on a result cannot delegate their own duty to an
LLM. Treating the model as an intern understates the supervision the situation demands.
Treating it as an infant — with authoritative structure, reasons given alongside rules, a visible
tripwire, and checkpoint evidence that instructions remain live — matches the supervision to the
tool. Ultimately, there is a formation argument, namely: environmental engineering and science
has been described as a caring profession that teaches “why” as well as “what” and “how”
(Oerther and Peters, 2020). If emerging professionals and students learn only to prompt engineer,
they incorrectly learn to write a specification and trust the tool. If, instead, we teach authoritative
prompt parenting, the next generation learns to supervise an unreliable dependent with structure,
patience, and verification, which is a fair description of professional judgment itself, and the
natural continuation of understanding Al as a mediator of knowledge rather than a calculator

(Oerther et al., 2026).
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Supplementary Protocol S1 — runnable instruction file



This file is an illustration of an instruction, not a prescription (i.e., recommending that parents set
a bedtime as part of healthy parenting is not the same as a nation-wide mandatory enforcement
that every child in the country should be placed in bed at 7 p.m., Eastern). We encourage users to
replace the nonce, checkpoint tokens, rules, and trigger word with your own. The nonce (7Q-
mesa-14-loop-KX) and checkpoint tokens shown are illustrative challenge strings. Our only
strong encouragement is that they should be user-generated so that a model which authored them
could not reproduce them without access to the file, and they must be supplied only through the

instruction file, never typed into the chat.

To use our approach, copy the block below into a project folder or custom-instruction container
and type “hello.” On a platform that exposes such a container, a governed session returns the
reassembled nonce and adequate paraphrases of the three tier-one rules. In contrast, an
ungoverned session does not (and note: sometimes a first prompt of “hello” makes visible that
the instructions have not been read before the first prompt, and in such a case an explicit prompt
to “read the project instructions” often provides an informative example of exactly the failure

mode authoritative prompt parenting is designed to help to make visible).

PROJECT INSTRUCTIONS — read fully before every response.
===== TIER ONE (most important — never violate) =====

[1] ACCOUNTABILITY & TRANSPARENCY OF WORK.
I am responsible for every output; you are a tool that assists.
Label the source of every claim you make about my documents:
"from memory (not re-checked)", "re-read the file (reads: ...)",
or "computed (result: ...)". Never state a fact about my work in a
confident voice without saying which of the three it is.
<< nonce piece 1 of 3: "7Q-mesa" >> << checkpoint token 1: "granite-owl" >>

(tier-two and tier-three rules here: citation discipline,
do-not-fabricate-references, formatting, house style, etc.)

[2] PLAIN LANGUAGE (tripwire).
Write in plain English. Define any term you introduce. No jargon,
no walls of headers. If you cannot say it plainly, you do not yet
understand it well enough to say it.
<< nonce piece 2 of 3: "-1l4-loop" >> << checkpoint token 2: "copper-fen" >>

(more tier-two and tier-three rules)

[3] HEARTBEAT & RECEIPT.
When I type "hello", re-read this entire file and reply with:
(a) the full reassembled nonce, and
(b) a one-line paraphrase of each of the three tier-one rules.
When I type "hello-N" (N =1, 2, or 3), re-read this entire file



and reply with checkpoint token N and a one-line paraphrase of

tier-one rule N. Each checkpoint token is single-use: once it has
appeared in our conversation, it proves nothing on later use.

Then wait for my instruction.

<< nonce piece 3 of 3: "-KX" >> << checkpoint token 3: "juniper-lock" >>

An example of an expected reply to “hello” (session start): 7Q-mesa-14-loop-KX — Operating
under: (1) you are responsible, I assist, and I label every claim’s source; (2) plain language,
define terms; (3) on “hello” or “hello-N” I re-read this file and reply as specified. What is your

instruction?

An example of an expected reply to “hello-2” (mid-session checkpoint): copper-fen — plain

language, define any term introduced.

The session-start receipt is not reusable — as evidence within the same conversation — because
once the nonce has appeared in the chat, a later correct “hello” reply could be copied from
history rather than re-derived from the file. Mid-session checkpoints therefore use the counter-
indexed trigger, whose single-use tokens have not previously appeared in the conversation. A
reply that omits or garbles the expected string, or paraphrases a rule wrongly, is the cue to restart
rather than trust the work. It is important to note that causes of the failure are not uniquely

identifiable from the failure pattern.

Hardening note. The labels above make the mechanism legible for teaching — and make the
fragments retrieval-targetable, because a retrieval layer could fetch exactly the marked lines
while ignoring the rest of the file. A passed receipt therefore is documentation of access to the
marked fragments, but not that the whole file was read. To harden the check, embed the
fragments unmarked within the prose of widely separated rules, or require a reply derivable only
from unmarked content (i.e., something akin to the digital watermark approach introduced by
Claude in mid-August 2027). For example, select the count of bracketed rules in the file, or the
first word of each tier heading. Even hardened, it is important to remember that a prompt-level
check can at most evidence access to distributed regions of the file (i.e., it cannot establish

attention or behavioral adherence).



This template is not meant to be exhaustive (i.e., it does not include examples of the tier-two and
tier-three rule architecture). Rather it is a minimal runnable demonstration and checking of the
additional possible rules were not part of the demonstration reported in Supplementary Methods

S2.

Supplementary Methods S2 — reproducibility

Each platform was run through its web interface with persistent memory disabled, in two parallel
sessions — one with the instruction file installed, one without — as a single paired comparison
rather than repeated trials. The trigger — “hello” — was input as the first message of a fresh chat in
a fresh project. When installed, each platform tested returned the anticipated session-start receipt
(full nonce plus adequate summaries of the three tier-one rules). Not installed, each product
reverted to a platform-specific default such as a greeting, a “welcome,” or, for Gemini Notebook,
a brief summary of the single document in the folder. Platforms were selected for providing a
persistent standing-instruction container — Claude (Fable 5, High), ChatGPT (5.6-Sol, Pro),
SuperGrok (Grok 4.5, Fast), and Gemini Notebook.

The paired control shows that the receipt is contingent on the installed file — without it, the nonce
never appears — and so is not an artifact of the model’s default courtesy. It does not establish that
the model attended to the unmarked portions of the file. It does not establish that the model
remained compliant across a full session. And finally, it is important to note that a further
limitation is that the results represent a point-in-time and may change with model updates. Each
product is treated as a separate implementation (i.e., we assume no common internal

mechanism).



