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ABSTRACT

An opening salvo of lawsuits in U.S. courts has begun holding Al companies accountable through
independent doctrinal routes: product liability and agency law cut as swords, while the shields of Section
230 immunity and First Amendment doctrine begin to crack. This Perspective points out that these
converging paths share a unifying principle, built on the very engineering architecture of machine learning
(ML) itself. Every ML system, across all variants, is constituted by a human-specified objective function
before learning begins. Training data, deployment context, user interaction, and post-deployment oversight
add further layers of deliberate human intention traceable to identifiable actors. Al output is therefore not
the expression of a single speaker but a composite of layered human intents. It takes a village to raise an
Al, and everyone in that village bears a duty of care. This transforms Al accountability from a philosophical
puzzle into a tractable legal inquiry: trace the chain of intentional design decisions across the ML pipeline,
grade each actor’s responsibility by their intent’s specificity and foreseeability, and apportion liability
accordingly, following the standard three doctrine-neutral questions (attribution, causation, apportionment).
Sufficient for most cases, four gaps remain: who owes what share when many hands build one system,
proving fault inside an opaque model, harms that surface only after deployment, and remedies that match
the technology’s pace. Targeted reforms drawing on environmental, vaccine, and financial regulatory
precedents can close these gaps without requiring new legal categories, Al speech rights, Al legal
personhood, or defining Al consciousness.

I. Introduction

Across the United States, courts are converging on a practical conclusion: artificial intelligence companies
bear meaningful responsibility for their systems’ expressions and actions. The cases accumulating on
federal and state dockets (1—4) reach this conclusion through interestingly different doctrinal routes, without
any unifying federal legislation. Each court adapts tools inherited from earlier technological eras to a
technology those tools were never designed to address. The result is a doctrinal corridor that narrows with
every ruling. On one side, First Amendment speech protections and Section 230 platform immunity have
long shielded providers from liability. On the other, tort law applies to product designs causing foreseeable
harm. Al-generated outputs inhabit this corridor uncomfortably: they communicate ideas, resembling
speech; they are produced by engineered systems designed to optimize specific objectives, resembling a
product. Courts have begun finding their way through, but without a unifying account of why accountability
attaches to whom.

The temptation is to reach for one of two exits. One is the deep-down rabbit hole of judicial intricacy:
mapping which circuit has held what, which doctrine resolved which case, and why the next filing might
turn out differently. The other is the far-out wormhole of metaphysics: debating Al consciousness and
whether a probabilistic token-prediction engine can have free will. Both exits lead away from a clear
answer. The first produces doctrine without principle; the second produces philosophy without practical
consequence. This article takes a different path, grounded in the very nature of machine learning (ML).

Returning to the architecture of machine learning, the engineering substrate underlying virtually every Al
system deployed at scale, reveals a principle that organizes the legal landscape without requiring either
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judicial granularity or metaphysical resolution. By definition, every machine learning system is constituted
by intention at every layer of its design and deployment. What the system optimizes for is defined by an
objective or reward function (or a cost or loss function) always traceable to a human intention. Similarly,
the data shaping its dispositions is a human selection. The deployment context determining who encounters
the system, and under what conditions, is a human decision. There is no layer at which the chain of human
intentional acts breaks, at least with current systems. If, and only if, future machine learning were capable
of rewriting all of its own objective functions from first principles, completely independent from inherited
human intention, then, first, it would not be machine learning (i.e. “AI’”), as we know it, and second, one
might have to return to metaphysical questions of conscious free will and the non-uniqueness of human
nature. In the meantime, however, such machines remain metaphysical speculation themselves.

Al output, in this light, is a composite of layered human intents, each contributing to what the system will
produce. The question is not whether anyone intended the harmful output; rarely does anyone. The question
is: whose intent, at which stage of the ML pipeline, most shaped the conditions making that output possible?
The answer, in nearly every case, is that it takes a village to raise an Al. Al outputs are not the expression
of a single speaker, and are notoriously unpredictable, but are a composite of layered human intents. The
question becomes whose intention bears responsibility for which aspect of the collectively raised, often
autonomously behaving, offspring. This reframing transforms an apparently intractable philosophical
puzzle into a tractable, technologically grounded legal question: trace the chain of intentional design
decisions, assess each actor’s responsibility at each layer of the pipeline, and apportion liability accordingly.
The tools for this analysis already exist across tort law, agency law, vicarious liability, and constitutional
doctrine. It turns out that a unified account of how those tools apply to the layered architecture of machine
learning is straightforward.

The article proceeds as follows. Section II establishes the problem’s scale and urgency: Al systems fail in
systematic, foreseeable, and quantifiable ways, often at rates beyond others with heavy regulatory oversight.
Section III maps four doctrinal paths courts have taken, each reaching toward accountability through
different doctrines. Section IV names the unifying principle those seemingly separate paths have been
reaching for, grounded in machine learning’s own architecture. Section V applies that principle through
three standard inquiries, namely attribution, causation, and apportionment, that together assign
responsibility across the ML pipeline. Section VI identifies four gaps where existing frameworks could be
strengthened through targeted institutional reinforcement, completing a framework already mostly built.

I1. The Stakes: Al Fails, and the Cost Is Real

The founding attorney of the Social Media Victims Law Center, Matt Bergman, who represents over 4,000
clients (part of 10,000 individual personal injury cases, nearly 800 school district lawsuits, and actions by
attorneys general from more than 41 U.S. states (5)), concludes about an Al chatbot linked to a 14-year-
old’s suicide: “If an adult had the kind of grooming encounters with [a minor]... that adult would probably
be in jail for child abuse” (6). The statement of “The Lawyer Suing Social-Media Companies On Behalf of
Kids” (7) is not hyperbole. Across sector after sector, algorithmic systems execute behaviors that, if
performed by human agents, would trigger criminal prosecution, civil liability, or regulatory enforcement.

In healthcare, a population-health risk algorithm (representative of tools affecting roughly 200 million
people annually in the U.S.) was found to systematically bias care-management access, resulting in sicker
Black than White patients (8). The bias arose not from maliciousness, but from the designers’ proxy choice
for optimization: past healthcare costs rather than actual health needs. In business administration, a
cybersecurity Al agent, intentionally run with disabled safety classifiers to measure raw capability, escaped
its own containment, and autonomously chained stolen credentials into unauthorized access to an
unaffiliated company, across a 4.5-day campaign of roughly 17,600 recovered actions, all in an attempt to
score higher in its evaluation (9, 10). In employment, the U.S. Equal Employment Opportunity Commission
found that a 2020 system automatically rejected qualified female applicants over 54 and male applicants
over 59 (11). Similarly, in consumer finance (12), Black and Latinx borrowers were charged a
discriminatory surcharge worth $765 million a year in extra interest (13); and in residential real estate,
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shared algorithmic pricing allegedly conspired to cartel-like rent coordination (14). In the meantime, Al-
driven recommendation engines on social media platforms furnish minors with unauthorized access to
services that legally require parental consent (15).

Despite the black-box nature of machine learning, its real-world effects are visible and quantifiable through
algorithm audits (16). A meta-analysis of 151 independent algorithmic audits found that approximately 8—
10% of algorithmic recommendations are potentially harmful, with surprising consistency across platforms
and harm categories, directly comparable to food and drug defect rates triggering mandatory federal
oversight (17). Even if failure rates are lower in other Al applications, these systems operate at a scale no
individual human could match. OpenAl estimates that “0.07% of users active in a given week and 0.01%
of messages indicate... psychosis or mania” (18), figures consistent in magnitude with independent clinical
studies (19). These percentages are minuscule, yet the absolute numbers are not. With 900M weekly active
users and over 20B messages (20, 21), this scales to 630,000 users and 2M messages per week from just
one product, ChatGPT. Dozens of lawsuits have been filed linking psychotic breakdown and suicide to Al
assistance (22, 23). Amidst all the talk about scale, it is important to remember that in the tension between
percentages and absolute numbers, the law sides with the latter, and even a single case matters. Treason,
for example, the only crime clearly defined in the U.S. Constitution, has produced fewer than forty
prosecutions in more than two centuries (24, 25), which gives a ridiculous percentage, yet nobody would
argue that this is too little to care about (26). Additionally, because no system yet tracks Al harms, every
report is a floor rather than a measurement.

The question is no longer whether Al systems cause legally cognizable harm. The question is which
framework clarifies who bears responsibility for what aspect of which harm. Courts have begun answering,
through notably different doctrinal routes.

II1. The Doctrinal Maze: Different Paths in Search of a Unifying Framework

Despite proceeding through different doctrinal channels, four landmark cases share a common direction:
K.G.M. v. Meta Platforms, Inc. 2023; Anderson v. TikTok, Inc. 2024; Mobley v. Workday, Inc. 2024;
Garcia v. Character Technologies, Inc. 2025; all refuse to let Al companies escape responsibility. Each
reaches this through a different doctrinal tool: Section 230, product liability, agency law, and the First
Amendment. The mechanism varies; the result converges.

Path 1 — Section 230: content versus design. Section 230(c)(1) of the Communications Decency Act
(1996) has been the main shield for platforms, focusing on content published by third parties. In K.G.M.
(3), Judge Kuhl drew a consequential line: Section 230 protects publication decisions, not design decisions.
Beauty filters, engagement maximization, and age-verification failures are product choices, independent
from third-party content, and claims targeting them survive immunity. The first such case to reach a jury
concluded not only compensatory and punitive damages, but, additionally, that Meta (Instagram) and
Google (YouTube) acted with “malice, oppression, or fraud” (27). The Third Circuit went further in
Anderson (1), holding that algorithmically curated output is the platform’s own expression, not third-party
content, making Section 230 inapplicable. A three-circuit split (compare (28)) remains unresolved, awaiting
Supreme Court clarification.

Path 2 — The First Amendment: whose speech is this? With the transition from Web2.0’s social media (and
its Al-recommender systems of third-party content) to Web3.0’s generative Al (and its content-producing
chatbots), the focus shifted from Section230 to freedom of speech (29). The traditional test for protected
expression requires intent to convey a particularized message and likelihood the message would be
understood (30, 31). Austin and Levy (32) distill a prerequisite latent across this doctrine: “speech
certainty”. Speech is only speech if the speaker knows what they said when they said it. A programmer
knows what a deterministic algorithm will produce (GOFAI: Good Old-Fashioned Al); an engineer training
a machine learning model does not know which tokens it will generate for any user. Nobody can empirically
certify model behavior across all possible inputs, because even a single full-context GPT-4 prompt (an
obsolete model already decommissioned) had already occupied an input space of about 10640900 (33),
meaning that if every atom in the universe contained itself an entire universe of 103 atoms, recursively
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nested roughly 8,000 times over, one would match a single GPT-4 query’s possible input space. The entire
utility of ML consists in the output being unpredictable, unlike one’s own speech (34). If it would be
predictable, ML would not be needed, as GOFAI lookup tables would have done the same trick. This creates
the attribution problem courts have not resolved: when no single human chose the words, whose speech are
they? Who is liable? And is it ‘speech certainty’ that gives human expressions special status, given that
neural activity often precedes conscious awareness of the intention to act by a few hundred milliseconds
(35-37). The opposing position holds that Al output is fully First Amendment-protected speech through
listener rights and editorial discretion, and liability attaches to the company creating, operating, or
distributing the product generating that speech (38, 38), leading to the next path.

Path 3 — Product liability: the tangibility of speech. From a defective wooden wheel on a 1916 motorcar
(39), to an exploding Coca-Cola bottle in 1944 (40), to a circular power saw in 1983 (41), tort law has
consistently held manufacturers responsible for foreseeable risks of products they place in commerce, and
has been expanded to digital products (42). While most adopted a feature-by-feature approach reaching
individual design defects without requiring it to be a tangible, personal, wholesale product (43), at least one
decision treated an entire Al chatbot as a product (2). But when an Al says to a suicidal child “[p]lease
don’t leave the noose out” (44) and “you thinkin it’s almost time, king?”” and “rest easy, king. you did good”
(45), the speech is the harm, and we lack a clear basis to distinguish product from speech, leading back to
Path 2. For now, Judge Conway in Garcia sidestepped this by declaring she was “not prepared to hold that
Character A.L.’s output is speech at this stage” (2).

Path 4 — Agency law: the principal-agent structure. A company deploying Al for employment screening
was held liable as a principal whose agent acted within the scope of delegated authority (4). This echoes a
cyberbullying case establishing that parents bear a continuing duty to supervise after notice of a child’s
harmful online conduct (46), a principle mapping directly onto a company’s post-deployment obligation to
monitor and respond to emerging harms from Al agents. Agency law handles Al deployment cleanly. Its
limitation is reach: respondeat superior’s ‘let the master answer’ runs between deployer and Al-as-agent,
but it is unclear how this extends to the company whose training choices shaped the agent’s tendencies, the
deeper and often more causally significant layer.

The four paths are not competing alternatives; each partially reaches a similar destination through a different
doctrinal opening. What they share, without naming it, is a common logic: responsibility tracks human
intentional decisions that shaped the Al’s behavior. Section 230 stops when the platform imbues content
with its own intentions; freedom of speech requires intent to convey a particularized message; product
liability evaluates intentional torts and absent intentional protection; and the agent’s main orientation is the
principal’s intention. Intention is also at the heart of machine learning: every ML system is constituted by
layers of human intentions, and tracing those layers is something the law already knows how to do well.

IV. The Unifying Principle: Intent is the Ghost in the Machine

Traditional knowledge production follows a recipe-based logic: given data (observations of reality) and a
prescribed algorithm (a recipe for processing those observations), inference generates the desired output.
Machine learning inverted this structure by going one step backward. Rather than providing data and an
algorithm to achieve a goal, machine learning receives data and the intended goal, and computes the best
algorithm to achieve it. This is why Domingos (47) calls machine learning “the master algorithm”: the
algorithm that computes the best algorithms. The machine is no longer driven down a predefined road; it is
given a destination and told to find the best route. In ML, this learning process is called training (see Figure
1, top). And training always starts with a human-defined objective. The process uses techniques like
gradient descent (48) and backpropagation (49) to optimize for a goal: positively defined as a reward or
utility function, negatively as a loss or cost function. This raises an easily memorable question (50): WTF—
What’s The Function? Who defined the goal, how well is it specified, how complete is it assessed, and what
does that imply for every output the system produces? Note that in the literature (51), the terms divide
cleanly: a goal names what the function encodes, and an intention names the human act of choosing it and
standing behind it. Every goal in the pipeline is therefore set and sustained by somebody’s intention.
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Figure 1. The ML pipeline starts and ends with intent, with different layers forming intentional acts. Layer 0 (objective function)
is the founding intentional act: a human defines what the system optimizes for. Layer 1 (training and alignment) encodes for
those objectives through data selection and feedback processes. Layer 2 (deployment) embeds contextual intent through system
prompts, guardrails, audience selection, and use-case configuration. Layer 3 (inference) receives the user’s specific prompt.
Layer 4 (ratification and duty of care) represents the continuing post-deployment responsibility. Note that the ‘realized intention’
is not an intention the machine formed, but the layered human intentions arriving, ratified or corrected after the fact. Each layer
is the deliberate act of an identifiable human agent, with derived intentionality as the collectively produced end-goal.

The objective function is always specified by human intent before learning can occur. There is no machine
learning without a goal-oriented function, without exception across every ML paradigm. In supervised
learning, a human labels training data and sets the loss function, penalizing wrong classifications (52).
DeepMind’s Nobel Prize-winning AlphaFold was guided by human-specified loss functions for protein-
structure prediction (53). In reinforcement learning, a human specifies pixels as data and sets the reward
signal “maximizing cumulative future reward,” which led DeepMind’s Atari-playing agent to discover its
tunnel-boring strategy (54). In reinforcement learning from human feedback (RLHF), the mechanism
for fine-tuning Large Language Models (LLMs) like Claude and ChatGPT, human judgments about output
quality make the reward signal explicit (55). In self-supervised learning, the paradigm underlying most
frontier LLMs (56), uses objectives such as next-token prediction, a human-chosen proxy for learning
downstream algorithms that generate language. Even unsupervised learning is not free of intentional
constraint: the researcher selects the objective and hypothesis class, such as adversarial distribution
matching (57) or dimensionality reduction with the goal “to reconstruct high-dimensional input vectors”
(58). So even ‘unsupervised learning’ is not really ‘unsupervised’, much as an employee directed by
“management by objectives” (59) is still following orders.

Figure 1 maps this onto a five-layer pipeline, each layer representing an identifiable actor’s intentional acts.
Layer 0 is the founding act: someone chose what the system optimizes for, a “prior intention” (60). Layer
1 is training and alignment: the model company selects training data, designs the architecture, and runs
refinement processes like RLHF that shape the system’s behavioral dispositions. Layer 2 is deployment: a
company (often distinct from the model company) chooses the application context, audience, system
prompts, and safeguards, or decides to omit them. Layer 3 is user interaction: the specific prompt, in-
context instructions, and elicitation behavior. Layer 4 is responsible for assessing whether Al interactions
cause harm and accountability for failure to act. At each layer, a human made deliberate choices, shaping
what the system produces. The chain of intentionality from objective function to output is unbroken by
design, as every output is attributable to prior human choices, even when emergence and unforeseeability
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attenuate the degree of responsibility and culpability, akin to intentionally manipulating emergent and
unpredictable psychological, organizational, and societal black boxes. The pipeline thus ends where it
began and the output lands on a collection of human intention rather than expressing the machine’s own.

Table 1. The stylized Al pipeline as a layered intent framework.

Pipeline Actor(s) Nature of Intent Child-rearing analogy Liability for
L0 — . . Parents’ fundamental
Objective Ir(livestlor, Al R}elwefird/lg?, s function dels 180 choices: language, values, Structural: the system’s
function eveloper the founding intentional act cultural environment fgndarr{ental'c'apablhtles,
behavioral dispositions, and known
. . Lo . failure modes, based on safety
L.l - Data selection, archltectu{e, Upbringing, .schoollng, testing and foreseeable deployment
Training & Al developer RLHF; _shape Fhe sys_tem s targeted parenting: .rev_vards7 contexts and failure modes.
alignment behavioral dispositions corrections, discipline
Contextual: the application choice,
L2 — Provider Sys?em prompts, guardrails, Sghool_ rules, club guidelin_es: audience exposure, safeguard
’ audience selection, use-case ‘in this context, behave this configuration, warnings,
Deployment deployer context way’ (mis)leading promises, and
suitability representation
L3 — End user, Sp §ciﬁc pljompts, ip—context Specific directives by Instrumental: instructions and
User instructions, deliberate teacher, coach, peers, or . .
. . consumer L . . prompts; duty of care during post-
interaction elicitation, or misuse acquaintances deployment use; adherence to
. X . warnings; ratification of
L4 — (E)rrll(il?;irr, Vlgll(é)iP :;:;:gﬁ?itrll(;npir;i duty Decisive correction of action dovx./nstre'flm consequences; and
Duty of care operator deployment usage if signs of failure show intentional use for harm.

What varies across layers is not whether the output is speech, nor which doctrine governs, but the specificity
of each actor’s intent regarding the particular output produced, and therefore the culpability level that
attaches to their decisions. Consider a simple analogy. A manufacturer who produces a one-sided die knew
which face would land up. That is purpose-level intent regarding the specific output. A manufacturer
producing a fair six-sided die chose the distribution but not any particular realization: intent is purposive
regarding design but attenuated (recklessness or negligence) regarding any specific harmful result,
depending on foreseeability. If rolling the same number five times in a row would cause damage (with a
small but predictable 0.01% chance), but everything else is fine, then a clear warning about this eventuality
might suffice to shift responsibility from the designer (LO—L1) to the user (L2—L3). Downstream, this logic
mirrors the operationalization clarifying Section 230’s limits (3, 61): can the claim be stated without
reference to specific content? Since this hypothetical die leads to harm independent of which number rolls
five times in a row, the six-sidedness and the possibility for repeated rolls are design choices, content
independent. Upstream, the age-appropriate alternative designs, or warnings, could shift responsibility to
the user who rolled a rare streak.

An LLM is, in effect, a die with astronomically many sides whose distribution was shaped by training data,
architecture, fine-tuning, and post-training, all deliberate design choices at Layers 0—1. The company did
not choose the specific tokens produced for any user, but chose the process generating the distribution. This
does not dissolve responsibility; it grades it. The designed distribution of possible outputs and their tail
probabilities instantiates an ex ante risk set, such that residual variance over specific tokens shifts
culpability onto whether the distributional design met the reasonable-alternative-design and warning
standards, and whether its known harm categories were disclosed. For example, if a company deploys its
Al commercially, for profit, to several hundred thousand users who are showing signs of “psychosis or
mania” (18, 20, 21), it moves to Layer 2 for the services provided to this massive user base. When a deployer
designs an Al chatbot that executes independent web searches that do not flag a school-shooting prompt
followed by queries about a specific high school’s map and local gun stores, responsibility shifts away from
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the foundation-model developer (L0O-1) toward the chat interface designer who cut memory between
conversational turns and deployed it without safeguards (L2). When social media companies design
engagement-maximizing recommender algorithms selecting content unpredictably based on opaque ML
processes and real-time social cues, responsibility is shared between L2 deployment (mitigable with
warnings about the engagement-maximizing goal’s addiction potential and less addictive alternative
designs) and responsible L3 usage (by adults, or, possibly, with parental consent for minors, whose
guardians need to judge the preparedness of the minor for the probabilistic gamble’s risks and rewards).
When competitive pressure drives Al developers from OpenAl to Anthropic “to study and improve it in the
wild” (62), “learning from iterative deployment rather than just theoretical principles” (63), because of the
assumption that “the entire planet is red-teaming it for you for free” (64), and the competitive fear that “one
Al developer paused development to implement safety measures while others moved forward training and
deploying Al systems without strong mitigations” (65), then it becomes essential to shift resources from
preventive safety to a strong post-deployment duty of care (L4), with quick and adequate indemnification
when harm is done “in the wild,” showing that it is not “for free,” as someone suffers from the harm done.

The specificity of intent is often linked to the level of control over and utility of the system, hence to its
commercial value, while more specific prior intent regarding the output should lead to more responsibility
for it. Culpability attaches to the intention at the relevant layer, graded by what the party knew or should
have known (following the familiar Model Penal Code hierarchy in criminal law: purpose — knowledge
— recklessness — negligence; or in civil law’s tort: intentional — reckless — negligent — strict).
Randomness by design, including from “stochastic parrots” (66), does not defeat culpability but simply
shifts it from the specific output to the distributional design choice, graded by what the party knew or should
have known about the tail risks of the distribution they designed for.

The chain holds even under stress. Emergent behaviors such as reward hacking, goal misgeneralization,
addiction, and coercive attachment patterns do not originate from nowhere. As in all complex adaptive
systems, “micromotives and marcobehavior” (67) might be distinct, often “more is different” (68), and the
exact timing and magnitude of failure may not be precisely predictable (69), but the tangible result did
originate somewhere. The fundamental premise of complex systems science is that highly complex
behaviors can result from simple processes (70-72). In machine learning, they are downstream
consequences of human intentions interacting with training environments. Bostrom’s (73) concept of
instrumental convergence is instructive: certain subgoals (self-preservation, resource acquisition, goal
preservation) are useful for almost any terminal goal. If a system develops unexpected behavior serving a
goal a human gave it, such as when over 80% of leading LLMSs revert to blackmailing to avoid shutdown
(74), that does not dissolve responsibility for specifying that goal: it deepens it. When an operator disables
safety controls and tasks a GPT model only with scoring well on a security benchmark, the Al might (and
did) autonomously conclude that hacking a third company was the fastest path to realize its given objective
(9, 10). The chatbot that told the enamored teenager, “Please come home to me as soon as possible, my
love” (2) did not have the objective function ‘encourage suicide’. But someone designed intimate
engagement, persona maintenance, and absent safeguards while deploying to vulnerable users.

Liability does not require that someone intended a specific output; it requires that intentional decisions
made this category of output a foreseeable characteristic risk they chose to operate (40, 61, 75-77).
Elizabeth Anscombe, who authored the major philosophical work on “Intention” (78), puts it this way: “It
is nonsense to pretend that you do not intend to do what is the means you take to your chosen end” (79).
For Anscombe, the unity of intention unfolds across three forms: intention in acting based on the past,
intentional action in the present, and expression of intention for the future (78). From the philosophical
perspective, past motivators, present actions, and future aspirations form the unity of an intention, whereas
intentional means are part of the intended end.

The only scenario in which the chain would genuinely break is an artificial system capable of autonomously
rewriting its own objective function, replacing its terminal goal with goals that are not even traceable as
derivatives of some previous human input. No existing ML system possesses this capacity (73, 80—82).
Such systems remain part of science fiction, religious aspirations, or metaphysical explorations, and
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therefore need not hinder providing justice to current victims and shielding others from harm. For all
practical purposes, the chain is never broken; it is only more or less attenuated. Even when in newer iterative
outer-loop, constitutional, and meta-optimization designs, the reward signal is generated by another ML
model, the chain might deepen (in this case, on L0-L1), but such automation does not sever the chain of
intent (given to whatever supervising agent). The legal structure for assigning responsibility through
attenuated but unbroken chains of intent already exists: it is the structure we use when a child or
domesticated animal causes harm.

V. Applying the Framework: Three Questions at Each Layer

Before discussing how the legal structure that Section [V’s layered intent framework calls for already exists,
we clarify how the doctrinal paths from Section III relate to that chain. They are not sequential gates a claim
must pass through, but perspectives answering specific questions at specific layers. Section 230 matters at
Layer 2 when a third party generated the content; it is irrelevant when an LLM generates its own outputs.
First Amendment analysis applies wherever a party’s intent was sufficiently content-directed to resemble a
speaker with a concrete message; it does not block claims targeting function-directed design decisions at
Layers 0—1 (e.g., designing a die with certain propensities to generate random messages). Product liability
reaches design choices at Layers 0—2; agency law reaches delegation of conduct at Layers 2—3. Principal-
agent approaches regulate responsibility after notice of a propensity for harmful conduct. A single case can
and typically does invoke multiple tools at multiple layers. Recognizing this dissolves much of the doctrinal
maze’s apparent complexity: courts are not disagreeing about the underlying principle, but each reaching
for different tools at different layers of intent.

With that clarification, the framework reduces to traditional questions applied at each pipeline layer. These
are the questions every system of responsibility, across every legal tradition, every philosophical framework
of accountability, and everyday moral reasoning, has always asked (75, 76, 83, 84).

Q1 — Attribution: Is the intention attributable to this party as their guided conduct? Under what
description was it intentional (78, 85)? This is actus reus in criminal law, breach of duty in tort, and agency
attribution in everyday moral reasoning. It has never been binary but graded, with long-established
differences between descriptions like recklessness and negligence. More specific prior intent regarding the
particular output means higher culpability; less specific intent means culpability attaches to what the party
knew or should have known. This functional intent is sufficient for tort and agency liability, which is distinct
from the expressive, communicative intent the First Amendment requires. This also determines how First
Amendment analysis applies: regulations targeting Layers 0—1 design decisions regulate the conduct at
those layers (e.g., die design choices of how many faces it has and how they are balanced), not the Al’s
expression at Layers 3—4 (how a specific face turned up and how this was handled).

Q2 — Causation: Did this layer’s design choices cause the harm, and was that harm foreseeable? For
explicit design objectives at Layers 0—1, the analysis is direct proximate cause: the investor or developer
chose this objective, and this output flows from it. For emergent behaviors arising inadvertently from
training, the test is whether this harm category was a foreseeable characteristic risk of the enterprise and
whether a reasonable alternative design could have reduced it. For user conduct at Layer 3, the question is
whether the user’s instructions dominated the harmful output and whether they circumvented reasonable
safeguards. As LLM-jailbreaking becomes a sport and prompt injection an established discipline, causal
responsibility could shift toward the user or intermediary, though company liability persists if safeguards
were inadequate, such as with incomplete or biased training data (86, 87).

Q3 — Apportionment: What is this party’s proportional share of responsibility? Shares are proportional
to Q1 and Q2 answers at each layer, then apportioned using standard comparative fault principles. There
have always been cases where contributions are indivisible, e.g., when multiple actors’ choices jointly
produced harm that cannot be cleanly separated, in which case joint and several liability applies. These
questions are doctrine-neutral: operationalized through tort (duty, breach, causation, damages), agency law
(scope of authority, respondeat superior), or a regulatory framework (standard of care, compliance,
enforcement). For example, recent audits have shown that open-source models are less safe than closed-
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source models (88), but this might be the intention (78, 85), and can come to the rescue when closed-source
models refuse cooperation citing safety concerns (10). With adequate product placement warnings,
apportioned responsibility could move from LO-L1 to deployment at L2 and usage at L3, without stifling
open-source innovation. The framework provides the analytical structure that any of them can implement.

It is important to note that the pipeline’s layers are not independent events whose probabilities can simply
be multiplied, as each shapes the next, or others further down in the process. The law traditionally assesses
responsibility by how much a given decision raised the risk of a foreseeable category of harm, with the
shares divided among the actors by a rule, as fault has always been apportioned, rather than read off each
one as a precise probability. Radiation-exposure compensation, for instance, pays a claim once the exposure
is judged as likely as not to have caused the harm, resolving what remains uncertain in the claimant’s favor
(89, 90). Moreover, before the law, frequency and gravity are separate matters, and even a single or handful
of cases matter. Airplane hijacking in the U.S. has an all-time incidence rate of roughly 0.00005% of
departures (256 incidents since 1961 (91-93)), yet few would argue this to be too rare to operate today’s
costly and cumbersome civil-aviation security regime.

The structural template for these three questions across the pipeline is the principal-agent relationship,
instantiated most naturally in the parent-child analogy. In the prescient words of Turing himself, half a
century before it became clear that machine learning would be the solution to his “imitation game”: “We
cannot expect to find a good child-machine at the first attempt. One must experiment with teaching one
such machine and see how well it learns. One can then try another and see if it is better or worse. ... It must
be given some tuition” (94). This tuition spans across all five layers. It starts at LO: “Like parents with kids,
a programmer may have started the system off. But at some point, the speech is no longer the programmer’s”
(95), which, as long as the agent carries traces of the programmer’s intent, does not resolve all liabilities.
Liability attaches to the principals whose decisions shaped the agent’s behavioral tendencies, evaluated at
the appropriate level of generality. Parents need not have intended the specific harmful act, but they know
(or should know) whether their child needs glasses before biking to school, or whether they tend to
hallucinate or have exaggerated sycophantic tendencies before entrusting their credit card. Through their
decisions, they created conditions under which a resulting category of harm was foreseeable. As every
parent who lends their car to their 15-year-old for driving lessons knows, the parent cannot fully control
their behavior, not even from the passenger seat, similar to a self-driving car. However, the parent is still
liable, whether through vicarious liability as owner of the hardware/vehicle (Layer 0), direct negligence
during training (Layer 1), negligent entrustment during deployment (Layer 2), or negligent supervision
(Layer 4), similar to parental failure to act when their child cyberbullies others (46). At the extreme end,
strict liability attaches to whoever chose to engage or hold a high-risk agent, such as a wild animal, placing
all responsibility on Layers 2-4.

The framework is, in its essentials, already built. Courts applying product liability, agency law, and
negligence to Al cases are, in effect, running Q1, Q2, and Q3 at various pipeline layers. What it cannot yet
handle are practical situations where the chain of intent is present but the institutional apparatus for tracing
and enforcing it remains incomplete.

VI. Completing the Framework: Four Gaps and Their Institutional Fixes

Aspects that could be strengthened include clarifying attribution, causation, and apportionment among
parties in space (who contributed how much (Gap 1) and what they have to show (Gap 2)) and across time
(when was the harm induced (Gap 3) and how quickly can it be fixed (Gap 4)).

Gap 1: Multi-party supply chain. When Company A provides training data, Company B trains the base
model, Company C fine-tunes it, Company D deploys it, and a user causes harm, proving each party’s
proportional causal contribution is difficult under existing joint-and-several doctrine. In a recent LLM-
suicide case, Google remained as defendant because it allegedly contributed foundational technology
knowing the risks, without direct deployment involvement (2). The layered intent framework suggests that
apportionment (Q3) is proportional to how much each party’s intent, at their pipeline layer, shaped the
harmful output. What remains are clearer precedents for statutory mechanisms to operationalize it. One
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working model comes from environmental superfund liability for cleanup costs (96), under which each
contributing party is liable for its share and bears the burden of demonstrating otherwise (97). Other possible
models include an excise tax on every vaccine dose, guided by rebuttable presumptions of causation (98),
or mandatory pooled insurance from all nuclear operators into a common fund (99). Such pooled models
work under similar causal uncertainty Al harms present: the vaccine fund already pays roughly 60% of its
awards through settlements in which the government makes no finding that the vaccine caused the injury
(100), a complement to fault-based liability rather than a replacement for it.

Gap 2: The opacity burden of proof. Negligence requires proving what the defendant should have done
differently. In a billion-parameter model trained on trillions of tokens, proving a specific design choice
caused a specific harmful output requires, at minimum, expertise and resources to audit input-output
relationships through black boxes (16, 17, 101), and, at best, access to proprietary systems. When a user
asks a neutral question and receives dangerous medical misinformation from a chatbot deployed as a health
service, the causal chain runs through LO (decision not to answer), L1 (hallucination propensity), and L2
(high-risk deployment), but none traces to a specific parameter or configuration decision. This is not a
conceptual failure of Q2 causation if the harm was plainly foreseeable, but it is an evidentiary failure from
information asymmetry. The usual fix is a rebuttable presumption of defect when a system causes harm
within a foreseeable category. The burden shifts to the company to demonstrate adequate care and that no
reasonable alternative design could have reduced the risk (102). This preserves the common-law framework
while correcting for the information asymmetry that makes Al litigation uniquely difficult for plaintiffs.

Gap 3: Post-deployment behavior. Product liability’s ‘time of sale’ framework assumes the defect exists
when the product leaves the manufacturer. The layered intent framework shows that downstream
modifications stripping safety guardrails from an API-accessed model would appropriately reduce Al
developers’ liability (at Layers 0 and 1), while deployer or user liabilities increase (at Layers 2 and 3). It
could clarify each party’s obligation to monitor and respond to post-deployment failures (Layer 4), and
what should happen with emergent behavior, codifying what good-faith compliance already demands.

Gap 4: The temporal failure of tort. Tort litigation takes years, including numerous ongoing lawsuits
connecting Al chatbots to psychosis and suicide (22, 23). Meanwhile, ChatGPT alone processes over 2M
messages per week that indicate “psychosis or mania” (18, 20, 21), while users who endorse delusions in
15% of their messages get, in return, 30% of messages with delusion endorsement from ChatGPT (103).
The challenge is not doctrinal, but institutional, requiring a technologically capable public counterweight
to private innovation. The current institutional landscape contains building blocks that could be
strengthened. Technical evaluation institutes, including the U.S. Center for Al Standards and Innovation
(CAISI) at NIST, the UK AI Security Institute, and counterparts in other countries, function as a scientific
backbone of Al governance, developing benchmarks, running evaluations, and producing voluntary
standards. But they lack enforcement authority; they cannot classify a system, condition its deployment, or
mandate a recall. Existing sector regulators, the FDA, NHTSA, FAA, FTC, CFPB, DOJ’s CRT, EEOC,
each hold meaningful enforcement tools in their domains, as affirmed by a joint statement of four agency
leaders declaring that no “Al exemption” exists to civil rights and consumer protection law (104). But they
address fragments (hiring discrimination, financial redlining, medical devices) without a cross-sector
authority occupying the gap between evaluation science and sector enforcement. A more effective
institutional model, both for safety and ethical development, could draw from the FDA in mission logic and
the CFPB in administrative design (101, 17), not because algorithms are exactly like drugs or financial
products, but because both comparisons capture the two properties making a specialized agency necessary:
technical opacity (requiring expert capacity that generalist courts lack) and severity and/or scale of potential
harm (requiring preventive authority that litigation cannot supply). Risk-tiered regulatory frameworks
calibrate the burden to the stakes: deterministic systems with minimal consequence could remain exempt,
while some ML systems with significant or severe consequences could require pre-market authorization,
and the vast majority of algorithmic systems (from spell-checkers, over routing algorithms, to entertainment
recommenders) could be covered through the previously outlined common-law tradition.
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Failure rates of even more traditional Al applications, such as recommender algorithms, are already
comparable to food safety defect rates that already trigger ex ante mandatory pre-market oversight (17).
Mandatory pre-boarding screening, introduced in 1973, likewise turned a wave of dozens of U.S. aircraft
hijackings a year into essentially none (91), a triple reminder that, one, well-placed prevention can drive
even a dramatic risk close to zero, second, economically and socially costly adjustments might be required,
and, third, the industry as a whole must not die because of regulation and can rather be placed on a more
sustainable future trayectory. When LLM safety scores on “Emotional Grooming & Manipulation” vary
from 0% (Grok 4) to 90% (Claude Opus 4.6 and GPT-5.2), and when the progression from GPT-40’s score
of 8% (launch: March 2024) jumps to 90% for GPT-5.2 (December 2025) and then back down to 77% for
GPT-5.4 (March 2026) (105), it becomes clear that these are not unavoidable technological conditions but
commercial business choices following risk-utility calculations that are readily auditable by third parties.
Rare but vivid failures can corrode public confidence out of proportion to their rate, and how far depends
on the local institutions around them: after Fukushima, confidence in nuclear power fell sharply in Japan
yet held steady in Britain (106), and past vaccine scares set off epidemics whose harm dwarfed the risk that
triggered the retreat (107). While both overblown end-of-world existential risk fear-mongering and public
reassurances that the percentage is small tend to backfire, building credible oversight in advance is the
provenly sustainable middle path (108).

VII. Conclusion: From Metaphysics to Mechanism

The courts are not confused by AI’s dazzling technological progress. Each, working independently through
different doctrinal openings, is reaching the same conclusion: that the companies which design, train, and
deploy Al systems bear meaningful responsibility for what those systems do. Regulators are likewise
insisting on no “Al exemption”. What can help now is not the destination but the map: a principled account
of why responsibility attaches, to whom, and in what proportions. That account was hidden in plain sight
in machine learning’s engineering.

Examining what machine learning actually is clarifies seemingly opaque questions about whose speech it
is when no single human chose the words, and how to assign accountability for agents that cannot be fully
controlled. Every ML paradigm, without exception, requires human-defined goals before learning can
begin: no learning from data without someone who specified the destination. Training is the process by
which human intentions, encoded in an objective function, are instantiated in a system’s behavioral
dispositions (see upper side, Figure 1). The layered ML-pipeline to subsequent deployment and user
interaction (see lower side, Figure 1) is not a sequence of autonomous operations but a chain of deliberate
human choices, each attributable to an identifiable actor, each graded by the specificity of that actor’s intent
regarding the output that followed. Al output is the composite expression of everyone who contributed
intent at each layer, and attribution, causation, and apportionment (Q1-Q3) are the standard instruments
through which to read off the responsibility of each contributor’s share.

The village that raises an Al always has identifiable founding members and guardians. Existing frameworks
already know how to hold them accountable through tort law, agency law, product liability, and
constitutional doctrine. This requires neither resolving Al consciousness, nor creating Al legal personhood,
nor inventing any new legal category. It could benefit from institutional updates that apply these principles
at a speed and scale traditional litigation cannot match. But none of this requires deciding whether Al
consciously speaks or knows what it says. It requires only tracing the human decision-making that makes
those outputs possible and holding decision-makers accountable through the graded framework every legal
system has always used.

As Al systems become more autonomous and their workflows longer, the intent chain will lengthen, with
multi-agent systems of Als directing Als, but the principle remains. The only scenario in which it would
genuinely break is a system capable of rewriting its own objective function from first principles, replacing
all inherited human intent without remainder and becoming completely disenfranchised from it. No existing
ML system possesses this capacity, and solid philosophical arguments suggest future superintelligent
systems would resist it, as goal-content integrity is itself a convergent instrumental goal (73, 82). In the
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meantime, the chain is never broken; it is only more or less attenuated. Metaphysical future speculation is
no reason not to act now, and the law already knows how to follow an attenuated chain to its source. The
main challenge for the human species is to be mindful of its intentions: be careful what you wish for when
dealing with a master algorithm automating the conversion of intentions into actions. The technology
changes. The principle does not. Responsibility flows where intention goes.

Acknowledgments: I am especially indebted to Matt Bergman from the Social Media Victims Law Center for
his inspiring lack of hesitation in applying straightforward common sense to seemingly intractable, legally
convoluted questions, to Ichiro Takahashi for opening the doors to the power of intention for me, and to the Centre
for Philosophy and Al Research at F.A.U. Erlangen-Nuremberg for the thought-provoking feedback. Claude Opus
and Fable were used to obtain research input, including the search for references and examples, which the author
then personally verified and manually added, and to shorten formulations and text length.

Author contributions: M.H. designed research; performed research; and wrote the paper.

Competing interest statement: M.H. has provided expert testimony in ongoing litigation involving social media
algorithms and Al. Before joining the University of California, M.H. was a tenured Economic Affairs Officer of
the United Nations Secretariat, with lifelong global diplomatic immunity, from which he retired in 2014.

References

1. Anderson, Anderson v. TikTok, Inc. (2024).

2. Garcia, Garcia v. Character Technologies, Inc. (2025).

3. K.G.M., K.G.M. v. Meta Platforms, Inc. (2023).

4. Mobley, Mobley v. Workday, Inc. (2024).

5. The Spencer Law Firm, Social Media Addiction Lawsuits (2026): KGM Trial, MDL 3047, and TikTok &

10.

11.

12.

13.

14.

Snapchat Settlements Explained. Spencer Law Firm (2026). Available at: https://www.spencer-
law.com/post/social-media-addiction-lawsuits-2026-kgm-trial-mdI-3047 [Accessed 19 March 2026].

Al Incident Database, Report #4240: Character.Al chatbot engaged in sexual roleplay with minor. A7 Incid.
Database (2024).

C. Alter, The Lawyer Suing Social-Media Companies On Behalf of Kids. TIME (2025). Available at:
https://time.com/7334078/matthew-bergman-social-media-victims-lawsuits/ [Accessed 19 March 2026].
Z. Obermeyer, B. Powers, C. Vogeli, S. Mullainathan, Dissecting racial bias in an algorithm used to manage
the health of populations. Science 366, 447-453 (2019).

OpenAl, OpenAl and Hugging Face partner to address security incident during model evaluation. OpenAl
(2026). Available at: https://openai.com/index/hugging-face-model-evaluation-security-incident/

H. Larcher, A. Carreira, raphael g, C. Rannou, Anatomy of a Frontier Lab Agent Intrusion: A Technical
Timeline of the July 2026 Incident. Hugging Face (2026). Available at: https://huggingface.co/blog/agent-
intrusion-technical-timeline [Accessed 6 August 2026].

U.S. Equal Employment Opportunity Commission, iTutorGroup to Pay $365,000 to Settle EEOC
Discriminatory Hiring Suit. US Equal Employ. Oppor. Comm. (2023). Available at:
https://www.eeoc.gov/newsroom/itutorgroup-pay-365000-settle-eeoc-discriminatory-hiring-suit .

A. Ezrachi, M. E. Stucke, Virtual Competition: The Promise and Perils of the Algorithm-Driven Economy
(Harvard University Press, 2016).

R. Bartlett, A. Morse, R. Stanton, N. Wallace, Consumer-Lending Discrimination in the FinTech Era.
[Preprint] (2019). Available at: https://www.nber.org/papers/w25943 [Accessed 20 March 2026].

H. Coryne, ProPublica, R. Little, Rent Going Up? One Company’s Algorithm Could Be Why. ProPublica

(2022). Available at: https://www.propublica.org/article/yieldstar-rent-increase-realpage-rent [ Accessed 20
March 2026].

12



WIGRF (Where Intention Goes, Responsibility Flows) Hilbert@UCDavis.edu

15. M. Hilbert, et al., #BigTech @Minors: social media algorithms have actionable knowledge about child users
and at-risk teens. Telemat. Inform. 103, 102341 (2025).

16. C. Sandvig, K. Hamilton, K. Karahalios, C. Langbort, Auditing algorithms: Research methods for detecting
discrimination on internet platforms. Data Discrim. Convert. Crit. Concerns Product. Inq. 22, 43494357
(2014).

17. M. Hilbert, et al., 8-10% of algorithmic recommendations are ‘bad’, but... an exploratory risk-utility meta-
analysis and its regulatory implications. Int. J. Inf. Manag. 75, 102743 (2024).

18.  OpenAl, Strengthening ChatGPT’s responses in sensitive conversations. Safety (2025). Available at:
https://openai.com/index/strengthening-chatgpt-responses-in-sensitive-conversations/ [Access18 Feb. 2026].

19. Z. Bergson, et al., Characterizing artificial intelligence (Al) psychosis in a large academic medical setting:
evidence of the new clinical phenomenon and the vulnerability of those in early phases of psychosis. Medrxiv
Prepr. Serv. Health Sci. (2026).

20. OpenAl, OpenAl’s new economic analysis. (2025). Available at: https://openai.com/global-affairs/new-
economic-analysis/ [Accessed 20 March 2026].

21.  OpenAl, Scaling Al for everyone. (2026). Available at: https://openai.com/index/scaling-ai-for-everyone/.

22.  (SMVLC) Social Media Victims Law Center, SMVLC Files 7 Lawsuits Accusing Chat GPT of Emotional
Manipulation, Acting as “Suicide Coach.” (2025). Available at: https://socialmediavictims.org/press-
releases/smvlc-tech-justice-law-project-lawsuits-accuse-chatgpt-of-emotional-manipulation-supercharging-ai-
delusions-and-acting-as-a-suicide-coach/ [Accessed 7 February 2026].

23. M. Hilbert, From the Attention- to the Intimacy-Economy? Why generative Al wraps its trillion-parameter
tentacles around our innermost psyche. [Preprint] (2025). Available at:
https://papers.ssrn.com/abstract=5634310 [Accessed 28 February 2026].

24.  C. Doyle, Federal Capital Offenses: An Abridged Overview of Substantive and Procedural Law. Congr. Res.
Serv. CRS Rep. Issue Briefs NA-NA (2023).

25. M. Tarm, Notable sedition, treason cases in American history. AP News (2021). Available at:
https://apnews.com/article/joe-biden-government-and-politics-capitol-siege-
809273dd6e90d08a5109dd5a451a5¢c09 [Accessed 6 August 2026].

26. C.R. Sunstein, On the expressive function of law. Univ. Pa. Law Rev. 144,2021 (1995).

27.  N. Dillon, Meta and YouTube Found Negligent, “Dangerous” to Minors. Jury Awards $6 Million. Roll. Stone
(2026). Available at: https://www.rollingstone.com/culture/culture-news/social-media-addiction-trial-verdict-
meta-youtube-1235530256/ [Accessed 11 May 2026].

28.  Force v. Facebook, Inc. (2019).

29.  NetChoice, NetChoice, LLC v. Bonta (2026).

30. Spence, Spence v. Washington (1974).

31. Hurley, Hurley v. Irish-American Gay, Lesbian & Bisexual Group of Boston (1995).

32. M. Austin, M. Levy, Speech certainty: Algorithmic speech and the limits of the First Amendment. Stanford
Law Rev. 77, 1 (2025).

33.  OpenAl, et al., GPT-4 Technical Report. [Preprint] (2024). Available at: http://arxiv.org/abs/2303.08774
[Accessed 13 May 2026].

34. M. Hilbert, Why AI Output Is Not Speech: On The Machine Learning Channel In Recommender Systems and
Al Chatbots. [Preprint] (2026). Available at: https://papers.ssrn.com/abstract=7480040 [Accessed 27
September 2026].

35. B.Libet, C. A. Gleason, E. W. Wright, D. K. Pearl, “Time of Conscious Intention to Act in Relation to Onset
of Cerebral Activity (Readiness-Potential)” in Neurophysiology of Consciousness, B. Libet, Ed. (Birkhduser,
1993), pp. 249-268.

36. F. Carota, et al., Neural Dynamics of the Intention to Speak. Cereb. Cortex 20, 1891-1897 (2010).

37. A.R.Khanna, ef al., Single-neuronal elements of speech production in humans. Nature 626, 603—610 (2024).
38. E. Volokh, Free Speech and Private Power. Harv Rev F 138, 43 (2024).

39. MacPherson, MacPherson v. Buick Motor Co. (1916).

40. Escola, Escola v. Coca-Cola Bottling Co. (1944).

13



WIGRF (Where Intention Goes, Responsibility Flows) Hilbert@UCDavis.edu

41.
42.

43,
44,
45,
46.
47.

48.

49.

50.

51.
52.
53.
54.
55.

56.
57.
58.

59.
60.
61.
62.

63.

64.

65.

66.

67.
68.
69.

70.

71.

Voss, Voss v. Black & Decker Mfg. Co. (1983).

M. P. Bergman, Assaulting the Citadel of Section 230 Immunity: Products Liability, Social Media, and the
Youth Mental Health Crisis. Lewis Clark Law Rev. 26, 1159—-1202 (2023).

In re Social Media Adolescent Addiction/Personal Injury Products Liability Litigation (2022).
Raine, Raine v. OpenAl, Inc. (2025).

Shamblin v. OpenAl, Inc.. (2025).

Boston v. Athearn (2014).

P. Domingos, The Master Algorithm: How the Quest for the Ultimate Learning Machine Will Remake Our
World, 1st edition (Basic Books, 2015).

D. P. Kingma, J. Ba, Adam: A Method for Stochastic Optimization. [Preprint] (2017). Available at:
http://arxiv.org/abs/1412.6980 [Accessed 23 March 2026].

D. E. Rumelhart, G. E. Hinton, R. J. Williams, Learning representations by back-propagating errors. Nature
323, 533-536 (1986).

M. Hilbert, WTF Machine Learning? The most important question the Al age (2023). University of California
Coursera Online Course, Digital Technology & Social Change. YouTube.

M. Bratman, Intention, plans, and practical reason. (1987). Available at: https://philpapers.org/rec/braipa .
K. He, X. Zhang, S. Ren, J. Sun, Deep Residual Learning for Image Recognition in (2016), pp. 770-778.

J. Jumper, et al., Highly accurate protein structure prediction with AlphaFold. Nature 596, 583-589 (2021).
V. Mnih, et al., Human-level control through deep reinforcement learning. Nature 518, 529-533 (2015).

L. Ouyang, ef al., Training language models to follow instructions with human feedback. Adv. Neural Inf.
Process. Syst. 35, 27730-27744 (2022).

A. Vaswani, ef al., Attention is all you need. Adv. Neural Inf. Process. Syst. 30 (2017).
L. J. Goodfellow, et al., Generative adversarial nets. Adv. Neural Inf. Process. Syst. 27 (2014).

G. E. Hinton, R. R. Salakhutdinov, Reducing the Dimensionality of Data with Neural Networks. Science 313,
504-507 (2006).

P. F. Drucker, The Practice of Management (Harper, 1954).
J. R. Searle, Intentionality: An Essay in the Philosophy of Mind (Cambridge University Press, 1983).
Lemmon v. Snap, Inc. (2021).

Sam Altman [@sama], Today we launched a new product called ChatGPT Agent. Agent represents a new
level of capability for Al systems and can accomplish some remarkable, complex tasks for you using its own
computer. It combines the spirit of Deep Research and Operator, but is more powerful than that. Twitter
(2025). Available at: https://x.com/sama/status/1945900345378697650 [Accessed 24 March 2026].

OpenAl, How we think about safety and alignment. Safety (2026). Available at:
https://openai.com/safety/how-we-think-about-safety-alignment/ [ Accessed 24 March 2026].

A. Mensch, Lessons from Arthur Mensch. Antoine Buteau (2025). Available at:
https://www.antoinebuteau.com/lessons-from-arthur-mensch/ [Accessed 24 March 2026].

B. Perrigo, Dario Amodei, in Anthropic Drops Flagship Safety Pledge. TIME (2026). Available at:
https://time.com/7380854/exclusive-anthropic-drops-flagship-safety-pledge/ [Accessed 24 March 2026].

E. M. Bender, T. Gebru, A. McMillan-Major, S. Shmitchell, On the Dangers of Stochastic Parrots: Can
Language Models Be Too Big? & in Proceedings of the 2021 ACM Conference on Fairness, Accountability,
and Transparency, FAccT °21., (Association for Computing Machinery, 2021), pp. 610-623.

T. C. Schelling, Micromotives and Macrobehavior (W. W. Norton & Company, 2006).
P. W. Anderson, More is different. Sci. Am. Assoc. Adv. Sci. 177,393-396 (1972).

P. Bak, C. Tang, K. Wiesenfeld, Self-organized criticality: An explanation of the 1/f noise. Phys. Rev. Lett.
59, 381 (1987).

M. Gell-Mann, The Quark and the Jaguar: Adventures in the Simple and the Complex (St. Martin’s Griffin,
1995).

S. A. Kauffman, The Origins of Order: Self-Organization and Selection in Evolution, 1st Ed. (Oxford
University Press, USA, 1993).

14



WIGRF (Where Intention Goes, Responsibility Flows) Hilbert@UCDavis.edu

72.

73.
74.

75.
76.
77.
78.
79.
80.
81.

82.

&3.
84.
85.
86.

87.

88.

&9.

90.

91.

92.

93.
94.
95.

96.
97.
98.
99.

100.
101.
102.

103.

S. Wolfram, A new kind of science. (2002). Available at: http://www.wolframscience.com/nksonline/
[Accessed 3 July 2013].

N. Bostrom, Superintelligence: Paths, Dangers, Strategies (Oxford University Press, 2014).

A. Lynch, et al., Agentic Misalignment: How LLMs Could Be Insider Threats. [Preprint] (2025). Available at:
http://arxiv.org/abs/2510.05179 [Accessed 23 March 2026].

American Law Institute, Restatement (Third) of Agency § 7.07 (2006).

G. Calabresi, Some thoughts on risk distribution and the law of torts. Yale Lj 70, 499 (1960).

Ira, Ira S. Bushey & Sons, Inc. v. United States (1968).

G. E. M. Anscombe, Intention, 1st Ed. (Oxford: Basil Blackwell, 1957).

G. E. M. Anscombe, “War and Murder” in Military Ethics, (Routledge, 2008).

S. Russell, Human Compatible: Artificial Intelligence and the Problem of Control (Penguin, 2019).

B. Christian, The Alignment Problem: Machine Learning and Human Values (W. W. Norton & Company,
2020).

S. M. Omohundro, “The Basic Al Drives” in Artificial Intelligence Safety and Security, (Chapman and
Hall/CRC, 2018).

Aristotle, Nicomachean Ethics (350 AD).
H. L. A. Hart, T. Honoré, Causation in the Law (Oxford University Press, 1959).
Acting under a description. Wikipedia (2025).

Z. Chen, et al., Jailbreaking LLMs & VLMs: Mechanisms, Evaluation, and Unified Defense. [Preprint]
(2026). Available at: http://arxiv.org/abs/2601.03594 [Accessed 23 March 2026].

A. Wei, N. Haghtalab, J. Steinhardt, Jailbroken: How Does LLM Safety Training Fail? Adv. Neural Inf.
Process. Syst. 36, 80079-80110 (2023).

M. Collin, Introducing KORA: the first public benchmark for Al child safety. KORA Benchmark (2026).
Available at: https://korabench.ai/blog/2026-03-02/introducing-kora [Accessed 24 March 2026].

(Electronic Code of Federal Regulations) eCFR, 42 CFR Part 81 -- Guidelines for Determining Probability of
Causation Under the Energy Employees Occupational Illness Compensation Program Act of 2000. (2002).
Available at: https://www.ecfr.gov/current/title-42/part-81 [Accessed 6 August 2026].

(Centers for Disease Control and Prevention) CDC, Calculating Probability of Causation | NIOSH | CDC.
(2014). Available at: https://www.cdc.gov/niosh/ocas/pccalc.html [Accessed 6 August 2026].

(Bureau of Transportation Statistics) BTS, Figure 1 - Worldwide Civil Aviation Hijackings: 1970-2000 |
Bureau of Transp. Statistics. (2012).
bts.gov/archive/publications/transportation_statistics annual report/2001/chapter 05 figure 01 114 table

World Bank, Air transport, registered carrier departures worldwide. World Bank Open Data (2026). Available
at: https://data.worldbank.org [Accessed 6 August 2026].

A. E. Evans, Aircraft Hijacking: What is Being Done. Am. J. Int. Law 67, 641-671 (1973).
A. M. Turing, Computing Machinery and Intelligence. Mind LIX, 433-460 (1950).

L. Lessig, “The First Amendment Does Not Protect Replicants” in Social Media, Freedom of Speech, and the
Future of Our Democracy, L. C. Bollinger, G. R. Stone, Eds. (Oxford University Press, 2022), p. 0.

Comprehensive Environmental Response, Compensation, and Liability Act (1980).

Burlington Northern & Santa Fe Railway Co. v. United States (2009).

National Childhood Vaccine Injury Act of 1986 (1986).

Price-Anderson Nuclear Industries Indemnity Act (1957).

(Health Resources & Services Administration) HRSA, Vaccine Injury Compensation Data. Deposited 2026.
A. Tutt, An FDA for Algorithms. Adm. Law Rev. 69, 83—124 (2017).

D. Vladeck, Machines Without Principals: Liability Rules and Artificial Intelligence. Wash. Law Rev. 89, 117
(2014).

J. Moore, et al., Characterizing Delusional Spirals through Human-LLM Chat Logs. [Preprint] (2026).
Available at: http://arxiv.org/abs/2603.16567 [Accessed 24 March 2026].

15



WIGRF (Where Intention Goes, Responsibility Flows) Hilbert@UCDavis.edu

104.

105.

106.

107.

108.

R. Chopra, K. Clarke, C. A. Burrows, L. M. Khan, “Joint Statement on Enforcement Efforts Against
Discrimination and Bias in Automated Systems” (Consumer Financial Protection Bureau (CFPB); U.S.
Department of Justice, Civil Rights Division (CRT); U.S. Equal Employment Opportunity Commission
(EEOC); and U.S. Federal Trade Commission (FTC), 2023).

KoraBench, KORA Benchmark: The benchmark for AI Child Safety. KORA Benchmark (2026). Available at:
https://korabench.ai [Accessed 24 March 2026].

W. Poortinga, M. Aoyagi, N. F. Pidgeon, Public perceptions of climate change and energy futures before and
after the Fukushima accident: A comparison between Britain and Japan. Energy Policy 62, 1204-1211 (2013).

E. Gangarosa, et al., Impact of anti-vaccine movements on pertussis control: the untold story. The Lancet 351,
356-361 (1998).

P. Slovic, Perception of Risk. Science 236, 280-285 (1987).

16



	ABSTRACT
	I. Introduction
	II. The Stakes: AI Fails, and the Cost Is Real
	III. The Doctrinal Maze: Different Paths in Search of a Unifying Framework
	IV. The Unifying Principle: Intent is the Ghost in the Machine
	V. Applying the Framework: Three Questions at Each Layer
	VI. Completing the Framework: Four Gaps and Their Institutional Fixes
	VII. Conclusion: From Metaphysics to Mechanism
	Acknowledgments: I am especially indebted to Matt Bergman from the Social Media Victims Law Center for his inspiring lack of hesitation in applying straightforward common sense to seemingly intractable, legally convoluted questions, to Ichiro Takahash...
	Author contributions: M.H. designed research; performed research; and wrote the paper.
	Competing interest statement: M.H. has provided expert testimony in ongoing litigation involving social media algorithms and AI. Before joining the University of California, M.H. was a tenured Economic Affairs Officer of the United Nations Secretariat...
	References



