
 

 

The Generative Reasonable Person 

Yonathan A. Arbel* 

 

This Article introduces the generative reasonable person, a new tool for 

estimating how ordinary people judge reasonableness. As claims about AI 

capabilities often outpace evidence, the Article proceeds empirically: adapting 

randomized controlled trials to large language models, it replicates three 

published studies of lay judgment across negligence, consent, and contract 

interpretation, drawing on nearly 10,000 simulated decisions. 

The findings reveal that models can replicate subtle patterns that run counter to 

textbook treatment. Like human subjects, models prioritize social conformity 

over cost-benefit analysis when assessing negligence, inverting the hierarchy that 

textbooks teach. They reproduce the paradox that material lies erode consent less 

than lies about a transaction's essence. And they track lay contract formalism, 

judging hidden fees more enforceable than fair. 

For two centuries, scholars have debated whether the reasonable person is 

empirical or normative, majoritarian or aspirational. But much of this debate 

assumed a constraint that no longer holds: that lay judgments are expensive to 

surface, slow to collect, and unavailable at scale. Generative reasonable people 

loosen that constraint. They offer judges empirical checks on elite intuition, give 

resource-constrained litigants access to simulated jury feedback, and let 

regulators pilot-test public comprehension, all at a fraction of survey costs. The 

reasonable person standard has long functioned as a vessel for judicial intuition 

precisely because the empirical baseline was missing. With that baseline now 

available, departures from lay understanding become transparent rather than 

hidden, a choice to be justified, not a fact to be assumed. Properly cabined, the 

generative reasonable person may become a dictionary for reasonableness 

judgments. 
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INTRODUCTION 

In the contracts chestnut Leonard v. Pepsico,  the case hinged on a single 
question: how would people reasonably interpret a television ad offering prizes for 
Pepsi points, among them a fighter jet?1 Judge Wood emerged from her chambers 
with an answer: άno reasonable, objective personΣέ ǎƘŜ ǿǊƻǘŜΣ άwould have 
understood the commercial to be an offer.έ2  With that, she dismissed the claim. 

The case always stirs some controversy in the classroom. But ask yourself 
not whether you agree with her decision, but rather what tools did the law give 
judges, alone in chambers, to read into the minds of the teenagers PepsiΩǎ ŀŘ 
targeted? Intuitive judgments are hard. Judges are rarely the target audience for 
the messages they are asked to interpret, and developmental psychology and 
neuroscience suggest that adolescents are especially sensitive to social-evaluative 
and reward cues found in advertising.3 Yet for centuries, determinations of 
reasonable interpretations have demanded exactly this mind-reading. Critics 
charge that such unguided standards Ǌƛǎƪ ǊŜŀƭƛȊƛƴƎ ƭŜƎŀƭ ǊŜŀƭƛǎǘǎΩ ƎǊŜŀǘŜǎǘ ŦŜŀǊΥ ŀ 
vessel for judicial bias masquerading as common sense.4  

For two centuries, we have lacked a cheap, scalable, empirical method for 
making lay reasonableness judgments legible to legal institutions.5 Jury trials were 
designed to channel community standards, but they suffer from selection effects, 

 
1 Leonard v. PepsiCo, Inc., 88 F. Supp. 2d 116, 127 (S.D.N.Y. 1999), aff'd, 210 F.3d 88 (2d Cir. 2000). Keith A. 

Rowley, You Asked for It, You Got It ... Toy Yoda: Practical Jokes, Prizes, and Contract Law, 3 NEV. L.J. 526, 
536 (2003) (finding that the case features in eight out of 15 sampled textbooks). 

2 Id.  at 131. 

3 See, e.g., Laurence Steinberg, A Social Neuroscience Perspective on Adolescent Risk-Taking, 28 DEV. REV. 
78, 79ς86, 96ς100 (2008); Sarah-Jayne Blakemore, The Social Brain in Adolescence, 9 NAT. REV. NEUROSCI. 
267, 267ς72 (2008) (reviewing developmental changes in social-cognitive processing, including how social 
cues and social information are interpreted during adolescence); Peter H. Wright, Marian Friestad & David 
M. Boush, The Development of Marketplace Persuasion Knowledge in Children, Adolescents, and Young 
Adults, 24 J. PUB. POLΩY &  MKTG. 222, 222ς27 (2005). The FTC, for instance, consistently emphasizes that 
advertising to specific age groups should be evaluated based on different standards. See FTC Policy Statement 
ƻƴ 5ŜŎŜǇǘƛƻƴΣ όhŎǘΣ мо мфуоύ όά²ƘŜƴ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ƻǊ ǎŀƭŜǎ ǇǊŀŎǘƛŎŜǎ ŀǊŜ ǘŀǊƎŜǘŜŘ ǘƻ ŀ ǎǇŜcific audience, such 
as children, the elderly, or the terminally ill, the Commission determines the effect of the practice on a 
ǊŜŀǎƻƴŀōƭŜ ƳŜƳōŜǊ ƻŦ ǘƘŀǘ ƎǊƻǳǇΦέύΤ C¢/Σ DǳƛŘŜǎ /ƻƴŎŜǊƴƛƴƎ ǘƘŜ ¦ǎŜ ƻŦ 9ƴŘƻǊǎŜƳŜƴǘǎ ŀƴŘ ¢ŜǎǘƛƳƻƴƛŀƭǎ ƛƴ 
Advertising, 87 Fed. Reg. ппΣнуу όWǳƭȅ нсΣ нлннύ όǊŜǉǳŜǎǘ ŦƻǊ ŎƻƳƳŜƴǘύ όά¢ƘŜ /ƻƳƳƛǎǎƛƻƴ ǊŜŎƻƎƴƛȊŜǎ ǘƘŀǘ ƛǘ 
is difficult for children ς especially younger children ς ǘƻ ŘƛǎŎŜǊƴ ŀŘǎ ŦǊƻƳ ŜƴǘŜǊǘŀƛƴƳŜƴǘΦέύ 

4 The critical literature is vast. See e.g., Leonardo J. B. Amorim, Reasonable Interpretation: A Radical Legal 
Realist Critique, 33 INT'L J. SEMIOT. L. млпоΣ млрс όнлнлύΣ όάǊŀŘƛŎŀƭ ǊŜŀƭƛǎƳ ŀƭƭƻǿǎ ǘƘŜ ƻōǎŜǊǾŜǊ ǘƻ ƴƻǘƛŎŜ ǘƘŀǘ 
ǘƘŜ ŀǇǇŜŀƭ ǘƻ άǊŜŀǎƻƴŀōƛƭƛǘȅέ ŦǳƴŎǘƛƻƴǎ ŀǎ ŀ ƧƻƪŜǊ ƛƴ ƭŜƎŀƭ ŀǊƎǳƳŜƴǘŀǘƛƻƴΣ ŀ ǘƻƪŜƴ ŀƭƭƻǿƛƴƎ ǘƘŜ ƛƴǘŜǊǇǊŜǘŜǊ 
and the public to cope with unconscious prejudgements, biases and external ǇǊŜǎǎǳǊŜǎΦέύ; David Zaring, Rule 
by Reasonableness, 63 ADMIN. L. REVΦ рнрΣ ррн όнлммύ όƴƻǘƛƴƎ ǘƘŀǘ άhƴŜ ǎǘǊƻƴƎ ŎǊƛǘƛǉǳŜ ƻŦ ǊŜŀǎƻƴŀōƭŜƴŜǎǎ ǊŜǾƛŜǿ 
in administrative law is that it would allow judges to enact their political preferences); MAYO MORAN, 
RETHINKING THE REASONABLE PERSON: AN EGALITARIAN RECONSTRUCTION OF THE OBJECTIVE STANDARD, 
16-17 (2003) όάǳƴǎǳǊǇǊƛǎƛƴƎƭȅΣ ǘƘŜ ǊŜŀǎƻƴŀōƭŜ ǇŜǊǎƻƴ ƻŦǘŜƴ ǘǳǊƴǎ ƻǳǘ ǘƻ ōŜŀǊ ŀ ǊŀǘƘŜǊ ǎǳǎǇƛŎƛƻǳǎ ǎƛƳƛƭŀǊƛǘȅ ǘƻ 
ǘƘŜ ƧǳŘƎŜΦέύΤ WŜŦŦǊŜȅ aΦ IŀȅŜǎΣ ¢o Recuse or to Refuse: Self-Judging and the Reasonable Person Problem, 33 J. 
LEGAL PROFΦ урΣ уу όнллуύ όŀǊƎǳƛƴƎ ǘƘŀǘ ƧǳŘƎŜǎ ƳŀƪŜ ŘŜǘŜǊƳƛƴŀǘƛƻƴǎ άǿƛǘƘ ŀ ŎƻƴŎŜǇǘ ƻŦ άǊŜŀǎƻƴέ ǘƘŀǘ ƛǎ 
uniquely shaped by their own environment, which means that in practice the so-called objective reasonable 
ǇŜǊǎƻƴ ǎǘŀƴŘŀǊŘ ŎƻƭƭŀǇǎŜǎ ƛƴǘƻ ǎǳōƧŜŎǘƛǾƛǘȅΦέύΤ !ǳŘǊŜȅ [Φ Cerfoglio, Emily M. Petrie, Monica K. Miller, Is 
"Reasonable" Reasonable? A Content Analysis on Judges' Perceptions of the "Reasonable Person' Standard, 57 
UIC L. REV. 743, 747 (2024) (emphasizing inter-judge variability due to differences life experiences); See also 
Ain Simpson, Mark D. Alicke, Ellen Gordon & David Rose, The Reasonably Prudent Person, or Me?, 50 J. 
APPLIED SOC. PSYCHOL. 313 (2020) (Finding that people rely more heavily on their own projected behavior 
than on "reasonably prudent person" standards when judging others' harmful actions); Lawrence Solan, Terri 
Rosenblatt & Daniel Osherson, Essay, False Consensus Bias in Contract Interpretation, 108 COLUM. L. REV. 
1268, 1269 (2008) 

5 Both statutory and constitutional analysis are beyond the scope of the analysis here, but it is worth noting 
ǘƘŜ ƎǊƻǿƛƴƎ ƧǳǊƛǎǇǊǳŘŜƴǘƛŀƭ ƛƳǇƻǊǘ ƻŦ άƻǊŘƛƴŀǊȅέ ƳŜŀƴƛƴƎΦ See  Bostock v. Clayton Cnty., 140 S. Ct. 1731, 1738 
(2020). See also Jesse M. Cross, The Fair Notice Fiction, 75 Ala. L. Rev. 487, 488-ф όнлноύ όάǘƘŜ /ƻǳǊǘ 
ƛƴŎǊŜŀǎƛƴƎƭȅ ǿƻǳƭŘ ǇǊƛƻǊƛǘƛȊŜ ŀ ǎƛƴƎƭŜ ŎƻƴŎŜǊƴΥ ǘƘŜ ƻǊƛƎƛƴŀƭ ǇǳōƭƛŎ ƳŜŀƴƛƴƎ ƻŦ ǎǘŀǘǳǘŜǎέύ 
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adversarial distortion, and inaccessibility for most disputes. 6 Surveys can measure 
public perception, but they are costly, manipulable, slow, and remain 
underutilized. 7 Mock juries and jury consultants are available only to wealthy 
litigants. 8  Some have responded by declaring the reasonable person a purely 
normative construct,9 untethered from empirical reality. But it is worth asking 
how much of this is principled jurisprudence and how much is coping with our 
lack of tools. 10 At the end, in most cases all we have is judicial intuition, educated 

 
6 Shamena Anwar, Patrick Bayer, & Randi Hjalmarsson, The Impact of Jury Race in Criminal Trials, 127 

Q. J. ECON. млмт όнлмнύΦ ¢ƘŜ ƴŜŜŘ ŦƻǊ ǎǳǊǾŜȅǎ ǿŀǎ ƘƛƎƘƭƛƎƘǘŜŘ ōȅ /ƘƛŜŦ WǳǎǘƛŎŜ wƻōŜǊǘǎΩ ŎƻƳƳŜƴǘǎ ŘǳǊƛƴƎ ƻǊŀƭ 
argument in a statutory interpretation case: "[O]ur objective is to settle upon the most natural meaning of 
the statutory language to an ordinary speaker of English, right? . . .  So the most probably useful way of settling 
all these questions would be to take a poll of 100 ordinary speakers of English and ask them what [the statute] 
ƳŜŀƴǎΣ ǊƛƎƘǘΚέ ¢ǊŀƴǎŎǊƛǇǘ ƻŦ hǊŀƭ !ǊƎǳƳŜƴǘ ŀǘ рм-52, Facebook, Inc. v. Duguid, 141 S. Ct. 1163 (2021) (No. 19-
511). Cited in Kevin Tobia et. al., Ordinary Meaning and Ordinary People, 171 U. PA. L. REV. 365, 371 (2023). 

7See Omri Ben-Shahar & Lior J. Strahilevitz, Interpreting Contracts via Surveys and Experiments, 92 N.Y.U. 
L. Rev. 1753 (2017). See also Thomas R. Lee & Stephen C. Mouritsen, Judging Ordinary Meaning, 127 YALE L.J. 
788 (2018). By one estimate, each survey costs the federal government $65,000, Federal Trade Commission, 
Public Comment on Methodology and Research Design for Conducting a Study of the Effects of Credit Scores 
and Credit-Based Insurance Scores on Availability and Affordability of Financial Products, 69 FED. REG. 
34,167 (June 18, 2004). Under the Paperwork Reduction Act, federal agencies must obtain approval from the 
Office of Management and Budget (OMB) before collecting information from ten or more non-federal 
persons, a process that requires internal agency review, certification, and a 60-day public comment period, 
often resulting in significant delays (44 U.S.C. §§ 3502(3), 3506-3507). See also Gisselle Bourns, Jennifer Nou & 
Stuart Shapiro, Improving the Efficiency of the Paperwork Reduction Act, REG. REV. (Oct. 30, 2018). 

8 Industry estimates of costs range from a few thousand dollars for a minimalistic version to upward of 
$50,000. See Casey Johnson, Focus Groups on a Shoestring Budget, Aitken, Aitken, & Cohn (Jul. 2, 2020), 
https://www.aitkenlaw.com/focus-groups-on-a-shoestring-budget ($8,000-$30,000); Merrie Pitera, What 
Does a Mock Trial Cost, IMS (Sep. 30, 2021), https://imslegal.com/articles/what-does-a-mock-trial-cost (or 
$10,000-$60,000); Andrew Guilford and Isabelle Ord, Mocking Juries, 18 CAL. LIT. 1 (2005) 
https://www.sheppardmullin.com/media/article/189_pub385.pdf (άŀ ŦŜǿ ǘƘƻǳǎŀƴŘ ŘƻƭƭŀǊǎ ƻƴ ǎǘŀǘƛǎǘƛŎŀƭ 
ƛƴŦƻǊƳŀǘƛƻƴ ŀƴŘ ƧǳǊȅ ŎƻƴǎǳƭǘŀǘƛƻƴΣ ƻǊ ŀǊƻǳƴŘ ϷрлΣллл ŎƻǳƭŘ ōŜ ǎǇŜƴǘ ŦƻǊ ŀ ŎƻƳǇƭŜǘŜ ƳƻŎƪ ǘǊƛŀƭΦέύ. 

9 Scholars debate whether the reasonable person standard is descriptive, prescriptive, or a hybrid of both. 
The descriptive view treats reasonableness as reflecting actual societal norms. See In re Eastern Transp. Co. 
(The T.J. Hooper), 60 F.2d 737, 740 (2d /ƛǊΦ мфонύ όIŀƴŘΣ WΦύ όάLƴ Ƴƻǎǘ ŎŀǎŜǎ ǊŜŀǎƻƴŀōƭŜ ǇǊǳŘŜƴŎŜ ƛǎ ƛƴ ŦŀŎǘ 
ŎƻƳƳƻƴ ǇǊǳŘŜƴŎŜΤ ōǳǘ ǎǘǊƛŎǘƭȅ ƛǘ ƛǎ ƴŜǾŜǊ ƛǘǎ ƳŜŀǎǳǊŜΦέύΤ .Ǌƛŀƴ {ƘŜǇǇŀǊŘΣ The Reasonableness Machine, 62 
B.C. L. REVΦ ннрфΣ ннуу όнлнмύ όŘƛǎŎǳǎǎƛƴƎ ǘƘŜ ά!ǾŜǊŀƎŜ /ƻƴŘǳŎǘ /ƻƴŎŜǇǘƛƻƴέ ƻŦ ǊŜŀǎƻƴŀōƭŜƴŜǎǎύΦ ¢ƘŜ 
prescriptive view argues that reasonableness is a normative ideal rather than an empirical observation. See 
Gregory C. Keating, Reasonableness and Rationality in Negligence Theory, 48 STAN. L. REV. 311, 339 (1996) 
(contending the standard embodies a community norm, not actual behavior); see also W. PAGE KEETON ET 

AL., PROSSER AND KEETON ON THE LAW OF TORTS мтр όрǘƘ ŜŘΦ мфупύ όŘŜǎŎǊƛōƛƴƎ ǘƘŜ ǊŜŀǎƻƴŀōƭŜ ǇŜǊǎƻƴ ŀǎ άŀ 
ǇŜǊǎƻƴƛŦƛŎŀǘƛƻƴ ƻŦ ŀ ŎƻƳƳǳƴƛǘȅ ƛŘŜŀƭέύΦ ¢ƘŜ ƘȅōǊƛŘ ŀǇǇǊƻŀŎƘ ǊŜŎƻƎƴƛȊŜǎ ōƻǘƘ ŘŜǎŎǊƛǇǘƛǾŜ ŀƴŘ ǇǊŜǎŎǊƛǇǘƛǾŜ 
elements. See Alan Calnan, The Nature of Reasonableness, 105 CORNELL L. REV. ONLINE умΣ уо όнлнлύ όά{ƻƳŜ 
scholars say reasonableness is prescriptive, others say it reflects community values, and still others see it as a 
ƳƛȄ ƻŦ ōƻǘƘΦέύΤ YŜǾƛƴ tΦ ¢ƻōƛŀΣ How People Judge What Is Reasonable, 70 ALA. L. REV. 293, 296 (2018) (arguing 
ǊŜŀǎƻƴŀōƭŜƴŜǎǎ ƛǎ άǇŀǊǘƭȅ ǎǘŀǘƛǎǘƛŎŀƭ ŀƴŘ ǇŀǊǘƭȅ ǇǊŜǎŎǊƛǇǘƛǾŜέύΤ !ƴƛǘŀ .ŜǊƴǎǘŜƛƴΣ The Communities That Make 
Standards of Care Possible, 77 CHI.-KENT L. REVΦ торΣ тпл όнллнύ όƴƻǘƛƴƎ ǘƘŜ ǎǘŀƴŘŀǊŘΩǎ ǎƘƛŦǘƛƴƎ ōŀƭŀƴŎŜ 
between objective and subjective approaches). Even in his otherwise strong critique of experimental 
ƧǳǊƛǎǇǊǳŘŜƴŎŜΣ WƛƳŜƴŜȊ ŀƎǊŜŜǎ ǘƘŀǘ άǎƻƳŜ ƭŜƎŀƭ ŎƻƴŎŜǇǘǎτsuch as  reasonablenessτinvite or require the use 
ƻŦ ƭŀȅ ǳƴŘŜǊǎǘŀƴŘƛƴƎǎ ǘƻ ŘŜǘŜǊƳƛƴŜ ŀǘ ƭŜŀǎǘ ǇŀǊǘ ƻŦ ǘƘŜƛǊ ŜȄǘŜƴǎƛƻƴΦέ CŜƭƛǇŜ WƛƳŜƴŜȊΣ Some Doubts about Folk 
Jurisprudence: The Case of Proximate Cause, U. CHI. L. REV. ONLINE 1 (2021)) 

10  See Tobia, supra  note 9, at 344 (highlighting the importance of understanding how ordinary people 
generate reasonableness judgments); Marvin L. Astrada & Scott B. Astrada, Law, Continuity and Change: 
Revisiting the Reasonable Person Within the Demographic, Sociocultural and Political Realities of the Twenty-
First Century, 14 RUTGERS J.L. &  PUB. POLΩY 200 (2017) (arguing that the rise in minority demographics 
demands reassessment of the reasonable person standard);  Francesco Parisi & Georg von Wangenheim, 
Legislation and Countervailing Effects from Social Norms, in EVOLUTION AND DESIGN OF INSTITUTIONS 25, 
29ς30 (Christian Schubert & Georg v. Wangenheim eds., 2006) ( summarizing empirical studies that show 
ǘƘŀǘ άώƭϐŀǿǎ Ƴŀȅ ƳƻǊŜ ŜŦŦŜŎǘƛǾŜƭȅ ƛƴŦƭǳŜƴŎŜ ōŜƘŀǾƛƻǊŀƭ ƻǳǘŎƻƳŜǎ ǿƘŜƴ ƭŜƎŀƭ ƴƻǊƳǎ ŀǊŜ ŀƭƛƎƴŜŘ ǿƛǘƘ ǘƘŜ 
ŜȄƛǎǘƛƴƎ ǎƻŎƛŀƭ ǾŀƭǳŜǎέΣ ǿƘŜǊŜŀǎ άώƭϐŜƎƛǘƛƳŀŎȅ is undermined when the content of the law departs from social 
ƴƻǊƳǎέ). 

https://www.aitkenlaw.com/focus-groups-on-a-shoestring-budget
https://imslegal.com/articles/what-does-a-mock-trial-cost
https://www.sheppardmullin.com/media/article/189_pub385.pdf
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guessing by precisely the elites criticized for being most removed from ordinary 
life.11 

This Article provides such a tool. It develops a methodology for eliciting 
reasonableness judgments from large language models (LLMs), called άSilicon 
Randomized Controlled Trialsέ (s-RCT).12 The approach treats independent 
model sessions as experimental subjects, leveraging their statelessness to enable 
controlled comparisons that isolate lay reasoning patterns from doctrinal recall 
or model sycophancy. It uses this methodology to successfully replicate with 
LLMs the results of human subject experiments. 

Across three replications involving over 10,000 simulated judgments, 
leading models have internalized lay reasoning patterns that diverge from legal 
doctrine. Like human subjects, models prioritize social conformity over cost-
benefit analysis when assessing negligence. They replicate the paradox that 
material deceptions, though judged more impactful to their receipients, are seen 
as less corrosive of consent than deceptions about a transaction's essential nature. 
And they track lay άcontract formalism,έ perceiving hidden fees as more 
enforceable than fair, with judgments closer to ordinary consumers than to elite 
legal professionals. 

Another finding is that m odels identify what tends to matter to 
ordinary people better than how much each factor matters. The numerical 
assessments that models give can amplify some effects and compress others. This 
and other limitations serve as the backbone for the recommendations the Article 
develops, alongside the call for future research and experimentation. 

Understanding why these results hold is a question worth pausing on, 
particularly for those drawn to the psychology of human judgment. Humans 
make reasonableness judgments through deeply intuitive "system-1" processes, 
relying on mental schemas developed over a lifetime of socialization. 13 These 
frameworks are as hard to articulate as explaining how to tie shoelaces or hit a 
baseball. 14  While this makes them illegible to formal legal analysis and simple 
algorithms alike, they are, ironically, especially accessible to LLMs: industrial-
grade pattern detectors trained on the same human discourse from which these 
schemas emerge. 

The theoretical and practical applications of this research are broad.15  
Judges can check intuitions against simulated demographics before ruling on 
what "ordinary consumers" would understand. Regulators can pilot-test whether 

 
11 {ŜŜ YƻŜƘƴ ǾΦ 5Ŝƭǘŀ hǳǘǎƻǳǊŎŜ DǊǇΦΣ LƴŎΦΣ фоф CΦоŘ усоΣ уср όтǘƘ /ƛǊΦ нлмфύ όάhƴŜ ŎƻǳƭŘ ǎŀȅ ǘƘŀǘΣ ōŜŎŀǳǎŜ 

Koehn did not read her employment contract, she never understood the terms and therefore was unable to 
ŀǎǎŜƴǘ ǘƻ ǘƘŜƳΦέύΤ  See also Solan et al., supra  note 4 όƭƛƴƪƛƴƎ άƻǊŘƛƴŀǊȅ ƳŜŀƴƛƴƎέ ŎƭŀƛƳǎ ǘƻ ǇǊƻƧŜŎǘƛƻƴ ōƛŀǎύΦ 

12 All code and data used in this study are publicly available for replication, analysis, 
and follow-up work: https://github.com/yonathanarbel/generative-reasonable-person 

13 Linda Hamilton Krieger, The Content of Our Categories: A Cognitive Bias Approach to Discrimination 
and Equal Employment Opportunity, 47 STAN. L. REV. 1161, 1165, 1190 (1995) (introducing schema theory in 
legal contexts), building on David E. Rumelhart, Schemata and the Cognitive System, in 1 HANDBOOK OF 

SOCIAL COGNITION 71 (1984). 
14 See e.g., Cheng, P.W. & Holyoak, K.J., Pragmatic Reasoning Schemas, 17 COGN. PSYCHOL. 391 (1985); Kevin 

J. Heller, The Cognitive Psychology of Circumstantial Evidence, 105 Mich. L. Rev. 241 (2006). My use of schema 
here is more narrow than its meaning in some of the social psychology literature; in my use, the focus is on 
latent mental models that are abstractive, but may be nonetheless complex (and even inconsistent), of even 
more complex social phenomena. 

15  See Calnan, supra  note 9Σ ŀǘ ун όάwŜŀǎƻƴŀōƭŜ ƭŜƎŀƭ ƳƛƴŘǎ ŀƎǊŜŜ ǘƘŀǘ ǊŜŀǎƻƴŀōƭŜƴŜǎǎ ƛǎ ƻƴŜ ƻŦ ǘƘŜ 
foundational concepts of American law, infiltrating everything from administrative, corporate, and 
Ŏƻƴǎǘƛǘǳǘƛƻƴŀƭ ƭŀǿ ǘƻ ŎǊƛƳŜǎΣ ǘƻǊǘǎΣ ŀƴŘ ŎƻƴǘǊŀŎǘǎΦέύΦ 
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proposed disclosures communicate effectively, at a fraction of survey costs.16 
Resource-constrained litigants gain access to rough proxies for mock juries 
previously available only to wealthy parties. In each case, the tool functions not as 
final arbiter but as empirical reference point: a dictionary for reasonableness that 
makes departures from lay understanding transparent rather than hidden. 

The Article proceeds in four Parts. Part I explores the contested role and 
relevance of common reasonableness judgments in the adjudication of the 
reasonable person. It presents recent advances brought about by the experimental 
jurisprudence literature. 

tŀǊǘ LL ƭƻŎŀǘŜǎ ǘƘƛǎ ƛƴǾŜǎǘƛƎŀǘƛƻƴ ǿƛǘƘƛƴ ǘƘŜ ōǳǊƎŜƻƴƛƴƎ άǎƛƭƛŎƻƴ 
ǎŀƳǇƭƛƴƎέ ƭƛǘŜǊŀǘǳǊŜ ƛƴ ŜŎƻƴƻƳƛŎǎΣ ǎƻŎƛƻƭƻƎȅΣ ŀƴŘ ǇǎȅŎƘƻƭƻƎȅΣ ǿƘƛŎƘ ǎǘǳŘƛŜǎ ǘƘŜ 
ability of LLMs to replicate survey results.17 Reviewing these developments, a 
recent Science article argued that άLLMs might supplant human participants for 
data collectionΦέ18 Though not without limitations, social scientists find the 
method attractive because it offers unique advantages in terms of cost, scale, and 
reproducibility, and may even reduce certain forms of bias compared to 
traditional approaches. 

Part III is the empirical heart of the Article. It begins with a 
methodological puzzle: how can we test whether LLMs have truly internalized 
lay reasoning rather than merely memorized legal doctrine? The problem is easy 
to overlook but difficult to solve. Models trained on vast legal corpora have 
encountered doctrinal definitions, case outcomes, and academic commentary. A 
model can recite the Hand formula or conclude that no reasonable person would 
view the Pepsi ad as serious, but this reveals nothing about whether it has absorbed 
the schemas that actually drive human judgments. It is the difference between a 
student who memorizes the answer key to an exam and one who learned the 
formulas.19 Simply asking models to resolve cases or define reasonableness tests 
recall, not understanding. 

The obvious remedy, presenting novel hypotheticals, introduces its own 
pathology. Models excel at detecting user intent and adjusting responses 
accordingly, a phenomenon researchers call "sycophancy." 20 If a prompt implies 
that two scenarios should be judged differently, the model may oblige regardless 
of its latent assessment. Even presenting scenarios side by side cannot be trusted: 
the model can harmonize its answers to appear consistent.21 Probing latent 
understanding requires controlling for both memorization and demand effects 

 
16 See Igor Grossmann et al., AI and the Transformation of Social Science Research, 380 Science 1108 (2023) 

(arguing LLM-based approaches can reduce cost and frictions of data collection while changing the research 
pipeline); Marko Sarstedt et al., Using Large Language Models to Generate Silicon Samples in Consumer and 
Marketing Research: Challenges, Opportunities, and Guidelines, 41 Psychol. & Mktg. 21982 (2024) (discussing 
rapid, low-Ŏƻǎǘ άǎƛƭƛŎƻƴ ǎŀƳǇƭŜǎέ ŀǎ ǇǊŜǘŜǎǘǎΣ ǎŎǊŜŜƴŜǊǎΣ ŀƴŘ ƛǘŜǊŀǘƛǾŜ ŎƻƳǇǊŜƘŜƴǎƛƻƴ ŎƘŜŎƪǎΣ ǿƛǘƘ Ŏŀǳǘƛƻƴǎύ 

17  See Sarstedt et al., supra  note 16, https://onlinelibrary.wiley.com/doi/10.1002/mar.21982. 
18  See Grossmann et al., supra  note 16. 
19 See Randall Balestriero, Jérôme Pesenti & Yann LeCun, Learning in High Dimension Always Amounts to 

Extrapolation, ARXIV (2021), https://arxiv.org/abs/2110.09485; Timo Freiesleben & Thomas Grote, Beyond 
Generalization: A Theory of Robustness in Machine Learning, 202 SYNTHESE 109 (2023).  

20  OpenAI, Sycophancy in GPT -пhΥ ²Ƙŀǘ IŀǇǇŜƴŜŘ ŀƴŘ ²Ƙŀǘ ²ŜΩǊŜ 5ƻƛƴƎ !ōƻǳǘ LǘΣ 
https://openai.com/index/sycophancy-in-gpt-4o/ (Apr. 29, 2025) 

21 See OpenAI, Sycophancy in GPT-пƻΥ ²Ƙŀǘ IŀǇǇŜƴŜŘ ŀƴŘ ²Ƙŀǘ ²ŜΩǊŜ 5ƻƛƴƎ !ōƻǳǘ Lǘ (Apr. 29, 2025) 
όŘƛǎŎǳǎǎƛƴƎ άǎȅŎƻǇƘŀƴŎȅέ ŀƴŘ ŎƻƴǘŜȄǘ-driven alignment with perceived user intent); Ricardo Dominguez-
Olmedo, Moritz Hardt & Celestine Mendler-Dünner, Questioning the Survey Responses of Large Language 
Models, in NeurIPS 37 (2024) (showing sensitivity to question framing and prompt choices that can distort 
άǎǳǊǾŜȅ-ƭƛƪŜέ ƻǳǘǇǳǘǎύΤ WŀƳŜǎ .ƛǎōŜŜ Ŝǘ ŀƭΦΣ Synthetic Replacements for Human Survey Data? The Perils of 
Large Language Models, Political Analysis (2024) (documenting instability and prompt dependence that 
undermines naïve survey substitution) 

https://onlinelibrary.wiley.com/doi/10.1002/mar.21982
https://arxiv.org/abs/2110.09485
https://openai.com/index/sycophancy-in-gpt-4o/
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simultaneously. Yet the standard tools for doing so in human research, random 
assignment and between-subjects comparison, seem unavailable when the 
"subject" is a single model that remembers what it said moments ago. 

The key is to exploit a feature of LLM architecture usually viewed as a 
limitation: statelessness. 22  When accessed through APIs rather than chat 
interfaces, each model session begins fresh with no memory of prior interactions. 
This transforms thousands of independent sessions into thousands of 
independent experimental subjects. Randomly assign conditions across sessions, 
and the model cannot harmonize, because no session knows what another session 
said. Present scenarios unlikely to appear in training data, and memorization 
cannot help. The result is Silicon Randomized Controlled Trials (S-RCTs): the 
methodological gold standard of social science,23  adapted for AI. Part III develops 
this approach and applies it to three replications of human-subject studies 
spanning negligence, consent, and contract interpretation. 

Part IV explores practical implications. Generative reasonable people do 
not replace judgment; they check it. Had Judge Wood consulted a silicon study in 
chambers, she might have reconsidered her confidence that teenagers would see 
the ad as mere jest. 24 She could still override the model on normative or 
prudential grounds, but the tool would surface what intuition obscured. In this 
sense, the LLM functions like a dictionary for reasonableness judgments, much 
as courts consult dictionaries to discern ordinary meaning. Regulators could 
pilot-test public understanding of disclosures at a fraction of survey costs. 
Resource-constrained litigants could access rough proxies for mock juries. Legal 
scholars could validate folk jurisprudence claims empirically. In each case, 
generative reasonable people function not as final arbiters but as empirical 
reference points: a starting place for inquiry rather than its conclusion. 

This Article extends a research program exploring how generative AI can 
surface social facts relevant to adjudication. Prior work with David Hoffman 
examined whether models could illuminate patterns of language use in contract 
communities.25 This Article asks a related but distinct question: whether models 
can approximate the reasonableness judgmentsτabout negligence, consent, and 
contractual meaningτthat legal standards invoke but rarely measure. 

In the background of this Article, a larger conversation looms: should 
we let AI enter into the business of judging humans? Scholars have strong views 
on this question.26  This Article will not resolve it, but it will clear the 
precondition for having it, clarifying the qualitative threshold that LLMs meet. 

 
22 For user applications, some AI providers now provide a memory feature, but this is not enabled in the 

current experiments. 
23 LAWRENCE M. FRIEDMAN, CURT D. FURBERG, AND DAVID L. DEMETS, FUNDAMENTALS OF CLINICAL 

TRIALS,  at v. (4th  ed, 2010) 
24 See generally Yonathan A. Arbel & Shmuel I. Becher, Contracts in the Age of Smart Readers, 90 GEO. 

WASH. L. REVΦ уо όнлннύΦ όǎƘƻǿƛƴƎ ǘƘŀǘ ƭŀǊƎŜ ƭŀƴƎǳŀƎŜ ƳƻŘŜƭǎΣ ǿƻǊƪƛƴƎ ŀǎ άǎƳŀǊǘ ǊŜŀŘŜǊǎΣέ Ŏŀƴ ǘǊŀƴǎƭŀǘŜ ƭŜƎŀƭ 
texts to be accessible to teenagers and translate among cultural divides.) See also  Heinrich Peters & Sandra 
Matz, Large Language Models Can Infer Psychological Dispositions of Social Media Users, 3 PNAS Nexus e231 
(2024), https://doi.org/10.1093/pnasnexus/pgae231.(finding that LLMs are especially capable of inferring 
psychological traits of younger individuals from their social media posts). 

25 On the use of LLMs as tools of interpretation, see Yonathan A. Arbel & David A. Hoffman, Generative 
Interpretation, 99 N.Y.U. L. REV. 451 (2024), recently discussed and adopted in Snell v. United Specialty 
Insurance Co., 102 F.4th 1208 (11th Cir. 2024) 

26 See Kiel Brennan-Marquez and Stephen Henderson, Artificial Intelligence and Role-Reversible Judgment, 
109 J. CRIM. L. &  CRIMINOLOGY 137 (1019) (arguing that, independent of quality of decision, algorithms 
should not be in charge of adjudication based onτI believeτa quaint theory of role-reversibility as 
precondition to adjudication).  

https://doi.org/10.1093/pnasnexus/pgae231
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It also underscores the urgency of having it now, before practical compromises 
would force us. At the very least, the Article argues that, properly used, LLMs offer 
a sufficiently reliable improvement over current methods to justify careful 
integration into legal practice.  
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1. FOLK OPINIONS AND THE LAW 

How much should the law account for lay perceptions of reasonableness?  
The law has a basic duality. Judged by its mode of production, the law is clearly a 
formal, technocratic, and in some sense elitist enterprise. 27 It relies on a cadre of 
professionalsτjudges, legislators, regulatorsτto mediate its operation. It follows 
specific rules that help shape its meaning, internal coherence, administration, 
and effectiveness. All of this involves jargon, terms of art, and specialized 
language: noscitur a sociis, habeas corpus, proximate cause. On occasion, the law 
also coopts common terms such as contract, tangible,28 or fish.29  

Yet to reduce law to the sausage-making formalities of its production 
would distract from its practical ability to govern individuals that neither speak 
[ŀǘƛƴ ƴƻǊ ǇŀǊǘƛŎǳƭŀǊƭȅ ŎŀǊŜ ŀōƻǳǘ IŀƴŘΩǎ ŦƻǊƳǳƭŀΦ ¢Ƙŀǘ ƛǎΣ ǘhe law is also a social 
phenomenon, and it aims to speak in the language of the governed.30 It is this 
social aspect that motivates many scholarly and reform proposals that push 
against the specialized language of the law.  

Consider a few scholarly conversations that tap ordinary opinions. The 
technocratic plain language movement, the largest consumer reform movement 
of our generation, sought to rewrite the language of the law to match the 
common vernacular.31 A more scholarly enterprise, the folk jurisprudence project, 
seeks to map the lay understanding of legal concepts and measure the divergence 
of lay and lawyerly understanding.32 Likewise, a central method of legal 
interpretation, άordinary meaningέ analysis, hews closely to lay usage of 
language.33 Trends in criminal justice, perhaps most perniciously penal populism, 
seek to adjust sanctions to folk sense of desert and punishment.34 In contrast, the 
recent άlived experienceέ scholarship attempts to surface lay experiences of 
marginalized people into the study of the law.35 

The commitment to lay perceptions transcends the pragmatic and 
informs jurisprudence itself. CƻǊ IΦ[Φ! IŀǊǘΣ ƭŀȅ ƛƴǘǳƛǘƛƻƴǎ ŦƻǊƳ ƧǳǊƛǎǇǊǳŘŜƴŎŜΩǎ 
essence: άa general theory of law is just an attempt to elucidate the folk concept of 
law.έ36 Joseph Raz would later trace this lineage, arguing jurisprudence seeks άour 
ordinary concept of lawέτnot as scholars define it, but as bus drivers and IT 

 
27 This is, in essence, the Hartian view of legal norms under the rule of recognition. For a fuller treatment, 

see Felipe Jimenez, Legal Principles, Law, and Tradition, 33 YALE J. L. &  HUMAN. 59 (2020). 
28 C.R.S.A § 39-26-млн όнлннύ мрόōΦрόLύ όάϦ¢ŀƴƎƛōƭŜ ǇŜǊǎƻƴŀƭ ǇǊƻǇŜǊǘȅϦ ƛƴŎƭǳŘŜǎ ŘƛƎƛǘŀƭ ƎƻƻŘǎέύΦ 
29 See ̧ ŀǘŜǎ ǾΦ ¦ƴƛǘŜŘ {ǘŀǘŜǎΣ ртп ¦Φ{Φ рну όнлмрύ όŘƛǎŎǳǎǎƛƴƎ ǿƘŜǘƘŜǊ ŦƛǎƘ ƛǎ ŀ άǘŀƴƎƛōƭŜ ƎƻƻŘέ ŦƻǊ ǇǳǊǇƻǎŜǎ ƻŦ 

section 1519 of the Sarbanes-Oxley Act of 2002). 
30 THE DECLARATION OF INDEPENDENCE ǇŀǊŀΦ н ό¦Φ{Φ мттсύ  όάώ¢ϐƻ ǎŜŎǳǊŜ ǘƘŜǎŜ ǊƛƎƘǘǎΣ DƻǾŜǊƴƳŜƴǘǎ ŀǊŜ 

instituted among Men, deriving their just powers from the consent of the governedέύΦ Lƴ ŀƴ ƛƴǎƛƎƘǘŦǳƭ ŀǊǘƛŎƭŜΣ 
Anya Bernstein argues against a narrow language of the governed view which she positions within an 
Austinian language-as-command jurisprudence, and suggests that the audiences of legal language are often 
government agencies. Anya Bernstein, Legal Corpus Linguistics and the Half-Empirical Attitude, 106 
CORNELL L. REV. 1397, 1435 (2021). 

31 See Yonathan A. Arbel, The Readability of Contracts: Big Data Analysis, SSRN. 
32 See generally Kevin Tobia, Experimental Jurisprudence, 89 U. CHI. L. REV. 735 (2022) 
33 See e.g., Oliver Wendell Holmes, The Theory of Legal Interpretation, 12 HARV. L. REV. 417, 417 
όмуффύόάώ²ϐŜ ŀǎƪΣ ƴƻǘ ǿƘŀǘ ǘƘƛǎ Ƴŀƴ ƳŜŀƴǘΣ ōǳǘ ǿƘŀǘ ǘƘƻǎŜ ǿƻǊŘǎ ǿƻǳƭŘ ƳŜŀƴ ƛƴ ǘƘŜ ƳƻǳǘƘ ƻŦ ŀ ƴƻǊƳŀƭ 
ǎǇŜŀƪŜǊ ƻŦ 9ƴƎƭƛǎƘΦΦΦέύΤ wƛŎƘŀǊŘ {Φ YŀȅΣ Original Intention and Public Meaning in Constitutional 
Interpretation, 103 NW. U. L. REV. 703, 719 (2009) όά.ȅ ŘŜŦƛƴƛǘƛƻƴΣ ǘƘŜ ǇǳōƭƛŎ ƳŜŀƴƛƴƎ ƻŦ ŀ ǊǳƭŜ ƛǎ ǘƘŜ ƻƴŜ 
ŀǇǇŀǊŜƴǘ ǘƻ ŀ ŎƻƳǇŜǘŜƴǘ ǎǇŜŀƪŜǊ ƻŦ ǘƘŜ ƭŀƴƎǳŀƎŜ ŦǊƻƳ ŀ ƳŜǊŜ ƛƴǎǇŜŎǘƛƻƴ ƻŦ ǘƘŜ ǘŜȄǘΦέύΦ  

34 See Jocelyn Simonson, Police Reform Through a Power Lens, 130 YALE L.J. 778, 850 (2021). 
35 See Rachel López, Participatory Law Scholarship, 123 COLUM. L. REV. 1795 (2023). 
36 See Brian Leiter & Alex Langlinais, The Methodology of Legal Philosophy, in THE OXFORD HANDBOOK OF 

PHILOSOPHICAL METHODOLOGY 467 (Herman Cappelen, Tamar Gendler & John Hawthorne eds., Oxford 
Univ. Press 2016). 

https://1.next.westlaw.com/Link/Document/FullText?findType=Y&serNum=0345564897&pubNum=0001214&originatingDoc=I11d75bfff14411ed8921fbef1a541940&refType=LR&fi=co_pp_sp_1214_719&originationContext=document&transitionType=DocumentItem&ppcid=bb66e6b27b1e43a58a0eca24d1a0be9c&contextData=(sc.Search)#co_pp_sp_1214_719
https://1.next.westlaw.com/Link/Document/FullText?findType=Y&serNum=0345564897&pubNum=0001214&originatingDoc=I11d75bfff14411ed8921fbef1a541940&refType=LR&fi=co_pp_sp_1214_719&originationContext=document&transitionType=DocumentItem&ppcid=bb66e6b27b1e43a58a0eca24d1a0be9c&contextData=(sc.Search)#co_pp_sp_1214_719


ARBEL , THE GENERATIVE REASONABLE PERSON  9/51  

 

professionals live it.37 Other scholars may espouse a more elitist or technocratic 
view of the law, but almost all agree that the law should be mindful of,  if not 
always reducible to, lay attitudes.38  

The evolution of the reasonable person concept in tort is illuminating. 
Making its debut appearance in 1837, the reasonable person was first conceived of 
as a άa man of ordinary prudence.έ39 According to Rabin, that idea of fault in tort 
law was originally tied άto community expectations of reasonable behavior, 
rather than to the economist's perception of rational behavior.έ40  That is, 
negligence standards were originally construed as anchored in empirical facts, in 
particular, exogenously determined community norms.41  It will not be until the 
Twentieth century that judges like Learned Hand would take a decidedly 
normative approach: 

[I]n most cases reasonable prudence is in fact common prudence; 
but strictly it is never its measure. ... Courts must in the end say what 
is required; there are precautions so imperative that even their 
universal disregard will not excuse their omission.42 

Today, these debates are still ongoing, with some taking a descriptive 
view, others prescriptive, and yet others, some hybrid of the two.43 But regardless 
of jurisprudential commitments, the concept of reasonableness is never more 
than one degree of separation from lay opinions.44 This is for a combination of 
descriptive, pragmatic, and normative reasons. The first reason is reflective: when 
we know what lay people truly think, we gain a better understanding of what legal 
concepts mean.45 The second is effectiveness: if the law sets to direct behavior, it 
should speak in the language of the governed, or at least be attuned to how it is 
being heard. This is part of the animus of the ordinary meaning interpretive 
theory. 46 The third is legitimacy: for people to trust the law, they should be able 
to understand it.47 This is closely related to participatory arguments, about the 
ǇǳōƭƛŎΩǎ ǊƻƭŜ ƛƴ ǎƘŀǇƛƴƎ ǘƘŜƛǊ ƭƛǾŜǎΦ ¢ƘŜ ŦƻǳǊǘƘ ƛǎ ǇƻƭƛǘƛŎŀƭΦ LŦ ǘƘŜ ǇǳōƭƛŎ is to set a 
check on the operation of the legal system, it is important that it understand its 
laws, commands, and boundaries.48 

 
37 See JOSEPH RAZ, PRACTICAL REASON AND NORMS 164 (2d ed. 1999). Cited in  Jimenez, supra  note 9 
38  See Jimenez, supra  note 9. 
39 Vaughn v. Menlove (1837) 132 ER 490 (CP).  
40 See Robert L. Rabin, The Historical Development of the Fault Principle: A Reinterpretation, 15 GA . L. 

REV. 925, 931 (1981) 
41 For an articulation of the positivist view, see Alan D. Miller & Ronen Perry, The Reasonable Person, 87 

N.Y.U. L. REV. 323, 370-2 (2012). 
42 The T.J. Hooper, 60 F.2d 737, 740 (1932) at 740. 
43 [ǳŎƛŜƴ .ŀǳƳƎŀǊǘƴŜǊ ϧ aŀǊƪǳǎ YƴŜŜǊΣ ¢ƘŜ aŜŀƴƛƴƎ ƻŦ άwŜŀǎƻƴŀōƭŜέΥ 9ǾƛŘŜƴŎŜ CǊƻƳ ŀ /ƻǊǇǳǎ-

Linguistic Study 1ς2 (Aug. 29, 2023), https://ssrn.com/abstract=4555547; Benjamin C. Zipursky, Reasonableness 
in and out of Negligence Law, 163 U. Pa. L. Rev. 2131, 2150 (2015) (proposing a hybrid view). 

44  See also Baumgartner & Kneer, supra  note 43Σ ŀǘ п όάǘƘŜǊŜ ŀǊŜ ƎǊƻǳƴŘǎ ŦƻǊ όŎƻƴǎƛŘŜǊŀōƭŜύ ŎƻǊǊŜǎǇƻƴŘŜƴŎŜ 
ōŜǘǿŜŜƴ ǘƘŜ ƭŀȅ ŎƻƴŎŜǇǘ ƻŦ ǊŜŀǎƻƴŀōƭŜƴŜǎǎ ŀƴŘ ƛǘǎ ƭŜƎŀƭ ŜǉǳƛǾŀƭŜƴǘέύΦ 

45  See Tobia, supra  note 32Σ ŀǘ трл όtǊŜǎŜƴǘƛƴƎ άǘƘŜ άŦƻƭƪ-ƭŀǿ ǘƘŜǎƛǎΦέ  Φ Φ Φ ǘƘƛǎ ŀŎŎƻǳƴǘ ǿƻǳƭŘ ǇǊŜŘƛŎǘ ǘƘŀǘ 
the legal concept of causation reflects features of the ordinary concept of causation and that the legal concept 
of consent reflects features of the ordinary concept of conǎŜƴǘΦέύΦ 

46  See Tobia et al., supra  note 6, at 372 (noting the motivations behind modern textualism include 
άŎƻƴŎŜǊƴ ŦƻǊ ŘŜƳƻŎǊŀŎȅΣ ŦŀƛǊ ƴƻǘƛŎŜΣ ƻǊ ǊǳƭŜ ƻŦ ƭŀǿ ǾŀƭǳŜǎΣ ƻǊ ƻōƧŜŎǘƛǾŜ ƛƴǉǳƛǊȅ ƛƴǘƻ ƳŜŀƴƛƴƎέύΦ 

47 TOM TYLER, WHY DO PEOPLE OBEY THE LAW (2006) at 7 όƛŦ ǇŜƻǇƭŜ άǊŜƎŀǊŘ ƭŜƎŀƭ ŀǳǘƘƻǊƛǘƛŜǎ ŀǎ ƳƻǊŜ 
ƭŜƎƛǘƛƳŀǘŜΣ ǘƘŜȅ ŀǊŜ ƭŜǎǎ ƭƛƪŜƭȅ ǘƻ ōǊŜŀƪ ŀƴȅ ƭŀǿǎ Φ Φ Φ ! ƴƻǊƳŀǘƛǾŜ ǇŜǊǎǇŜŎǘƛǾŜ ƭŜŀŘǎ ǘƻ ŀ ŦƻŎǳǎ ƻƴ ǇŜƻǇƭŜΩǎ 
internalized norms of justice and obligation. It suggests the need to explore what citizens think and to 
ǳƴŘŜǊǎǘŀƴŘ ǘƘŜƛǊ ǾŀƭǳŜǎέύ 

48 Jason M. Solomon, The Political Puzzle of the Civil L Jury, 61 EMORY L.J. моомΣ мопл όнлмнύ όάIƛǎǘƻǊƛŎŀƭƭȅΣ 
the civil jury in the United States, like the criminal jury, was justified in large part as a check against the abuse 
ƻŦ ƎƻǾŜǊƴƳŜƴǘ ǇƻǿŜǊΦέ 
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There is also the more Hayekian reason.49 Disperse individuals have 
access to information not available to the central planner. Lived experience and 
peer-to-peer interactions produce perspectives and knowledge that are not legible 
to either well-meaning policymakers or well-read scholars. Aggregating this 
information leverages the wisdom of the crowds, potentially creating judgments 
more accurate than that of any specific individual.50 

Thus, it may be the case that the more modern tort view is that the 
reasonable person is essentially normative creation, a man fashioned in the 
judgeΩs image.51 Yet, even if we are all realists now, and even if we all understand 
now the reasonable person as a normative construct, it is still incumbent upon on 
us to reflect on how that judicial person relates to actual people. The descriptive 
need not determine the normative; but it can inform it.52 

But this conclusion presents the challenge: how can the State make 
ordinary opinions legible to itself?53 How can the law discover what lay people 
think? And in a democracy, where the people rule, how do we know what people 
think?  

 

 
49 Friedrich A. Hayek, The Use of Knowledge in Society, 35 AM. ECON. REV. рмф όмфпрύ όά¢ƘŜ ƪƴƻǿƭŜŘƎŜ ƻŦ 

the circumstances of which we must make use never exists in concentrated or integrated form, but solely as 
the dispersed bits of incomplete and frequently contradictory knowledge which all the separate individuals 
ǇƻǎǎŜǎǎΦέύΦ 

50 A recent prediction competition is illustrative of this phenomenon. Asked to predict multiple future 
events, the average participant (N=3,300) ranked slightly worse than chance. The average aggregate 
prediction, however, ranked at the 95th percentile of all participants. https://www.astralcodexten.com/p/who-
predicted-2023. 

51 See e.g., Mayo Moran, The Reasonable Person: A Conceptual Biography in Comparative Perspective, 14 
LEWIS &  CLARK L. REV. мнопΣ  мнос όнлмлύ όάōƻǘƘ ƛƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ ǘƘŜ ƭŀǿ ƻŦ ƴŜƎƭƛƎŜƴŎŜ ŀƴŘ ƛƴ ǘƘŜ ŎǊƛƳƛƴŀƭ 
context, the objective content of the reasonable person is closely linked to standards of ordinariness or 
ƴƻǊƳŀƭŎȅέύΦ 

52 ee Brian Z. Tamanaha, Beyond the Formalist-Realist Divide: The Role of Politics in Judging (2010) (arguing 
ǊŜŀƭƛǎƳΩǎ ƛƴǎƛƎƘǘǎ ƘŀǾŜ ōŜŎƻƳŜ ǇŀǊǘ ƻŦ ƳŀƛƴǎǘǊŜŀƳ ƧǳŘƎƛƴƎ ŘŜōŀǘŜǎύΤ .Ǌƛŀƴ [ŜƛǘŜǊΣ Legal Realism and Legal 
Positivism Reconsidered, 111 Ethics нту όнллмύ όŘŜǎŎǊƛōƛƴƎ ǊŜŀƭƛǎƳΩǎ ŜƴŘǳǊƛƴƎ ƛƴŦƭǳŜƴŎŜ ƻƴ ŎƻƴǘŜƳǇƻǊŀǊȅ ƭŜƎŀƭ 
theory) 

53 On legibility as a central goal of the state, see JAMES C. SCOTT, SEEING LIKE A STATE (1998) 
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2. GENERATIVE PEOPLE IN THEORY AND THE SOCIAL 

SCIENCES 

LLMs are, at core, industrial-grade pattern recognizers.54 The idea 
behind generative reasonable people is that, because of this, they might also pick 
up on the subtle, complex, and perhaps even self-contradictory patterns that drive 
the everyday judgments of individuals on matters of reasonableness.55 

This claim may seem ambitious at first. Legal scholars are already 
familiar with the effectiveness of statistical models to predict case outcomes.56 For 
instance, even though Supreme Court cases are involved and complex, a single 
factorτǇƻƭƛǘƛŎŀƭ ŀŦŦƛƭƛŀǘƛƻƴ ƻŦ ǘƘŜ WǳǎǘƛŎŜΩǎ ƴƻƳƛƴŀǘƛƴƎ tǊŜǎƛŘŜƴǘτwill be very 
predictive of outcomes in political cases.57 The literature on structural bias also 
shows that race and socioeconomic status also hold predictive power, even if they 
really should not.58 Similarly, machine learning models excel at predicting 
consumer behavior in advertising and fraud detection.59  Yet, predicting 
reasonableness judgments, which appear so closely related to ethical and social 
judgments, may seem qualitatively different. Why should we expect generative AI 
models to achieve even modest predictive accuracy on nuanced questions of 
reasonableness?  

This Part offers the theoretical and empirical background necessary to 
assess this possibility. The first section explores how modern LLMsΩ ŀǊŎƘƛǘŜŎǘǳǊŜ 
and emergent capabilities, such as attention mechanisms, roleplaying abilities, 
and generalization, make them potentially suitable for simulating ordinary 
people's judgments. These same architectural features, however, also introduce 
systematic limitations: a majoritarian bent that may marginalize minority 
perspectives, susceptibility to bias amplification, and άvalue driftέ as social norms 
evolve beyond the models' training data. The second section reviews empirical 
evidence from the burgeoning άsilicon samplingέ literature in psychology, 
economics, and sociology, which demonstrates that LLMs can replicate human 
survey responses across diverse domains with surprising fidelity. Taken together, 
these developments suggest cautious optimism: generative reasonable people are 
theoretically plausible and empirically promising, but their deployment demands 

 
54 For more on the distinction between simulation and prediction, see Yonathan A. Arbel, Time & Contract 

Interpretation: Lessons from Machine Learning, in RESEARCH HANDBOOK ON LAW AND TIME (Frank Fagan 
& Saul Levmore eds., forthcoming 2024). 

55 This fallacy, that AI analysis constitutes a form of judgment rather than pattern recognition, has led to 
some confused commentary that this Article decidedly avoids. See  Brennan-Marquez & Henderson, 
Artificial Intelligence and Role-Reversible Judgment, 109 J. CRIM. L. &  CRIMINOLOGY ARt. 1 (2019). 

56 See, e.g., Theodore W. Ruger et al.,The Supreme Court Forecasting Project: Legal 
and Political Science Approaches to predicting Supreme Court Decision Making, 104 COLUM. L. REV., 1150ς

1210 (2004) (predicting, with 76% accuracy, case outcomes based on sparse factors). Kimo Gandall, Chris 
Haley, Juliana Chhouk, Logan Knight, Alex Wang, and Bella DeMarco, Predicting Precedent: A 
Psycholinguistic Artificial Intelligence in the Supreme Court, 14  220 (2023) (offering a modest improvement, 
but at the cost of a complex model). 

57 See Jeffrey A. Segal & Alan J. Champlin, The Attitudinal Model, in ROUTLEDGE HANDBOOK OF JUDICIAL 

BEHAVIOR нф όнлмтύ όά¢ƘŜ ŀǘǘƛǘǳŘƛƴŀƭ ƳƻŘŜƭ ƛǎ ǘƘŜ Ƴƻǎǘ ŘƻƳƛƴŀƴǘ ƳƻŘŜƭ ŦƻǊ ǳƴŘŜǊǎǘŀƴŘƛƴƎ ǘƘŜ {ǳǇǊŜƳŜ 
/ƻǳǊǘΩǎ ŘŜŎƛǎƛƻƴǎ ƻƴ  ǘƘŜ  ƳŜǊƛǘǎΦ  Lƴ ŦŀŎǘΣ ŦƻǊ  ǘƘŜ  ŜƛƎƘǘ  ƧǳǎǘƛŎŜǎ  ŎǳǊǊŜƴǘƭȅ  ƻƴ  ǘƘŜ  /ƻǳǊǘ  ǇǊƛƻǊ  ǘƻ  ǘƘŜ  нлмс 
term, the correlation between their ideology ŀƴŘ ǘƘŜƛǊ ǾƻǘƛƴƎ ōŜƘŀǾƛƻǊ ƻƴ ǘƘŜ /ƻǳǊǘ ƛǎ ŀ ΦфпέύΦ 

58 ¦Φ{Φ {ŜƴǘŜƴŎƛƴƎ /ƻƳƳΩƴΣ Demographic Differences in Federal Sentencing: An Update to the 2012 Booker 
Report (2023) (finding Black male offenders receive on average 13.4% longer sentences than comparable White 
males); Will Dobbie, Jacob Goldin & Crystal S. Yang, The Effects of Pretrial Detention on Conviction, Future 
Crime, and Employment, 108 AM. ECON. REV. 201, 203ς04 (2018) (causal evidence that inability to pay bail 
increases conviction probability and worsens outcomes).  

59 See John Ford et al., AI Advertising: An Overview and Guidelines, J. BUS. RSCH. 166 (2023). 
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careful attention to their inherent limitations. As to whether generative 
reasonable people work in practice is addressed empirically in the next Part.60 

1. Generative AI and Silicon Jurors: Emergent Capabilities 

The foundation of generative reasonable people lies in the sophisticated 
architecture of modern artificial intelligence systems, particularly in the realm of 
natural language processing.61 Four key capabilities make them suitable for the 
task of modeling reasonableness judgements: attention mechanisms, emergent 
roleplaying capabilities, generalization abilities, and their άmajoritarian bentέ.62 

Current generative AI architectures, including those fit for generative 
reasonable people, rely on autoregressive models.63 These models generate output 
sequentially, with each token (roughly, a word) conditioned on those previously 
generated. 64 During training, the models are fed large volumes of dataτmore 
text than any human can read in a lifetimeτand are tasked with predicting the 
next token in a sequence of words. The model learns by minimizing prediction 
errors, gradually improving its ability to anticipate what comes next in human 
language. 

The true breakthrough that catapulted language models to their current 
capabilities was the introduction of the transformer architecture.65 At its heart is 
the attention mechanism, which allows the model to dynamically weigh the 
importance of different parts of the input.66 In this architecture, the values 
assigned to the vector representation of each token are adjusted based on 
contextual relationships. A token like άseaέ would be described by various 
numbers, indicating its relationship to concepts like water, ships, and Poseidon. 
These numbers adjust based on context: desalination, circumnavigation, or 
Odysseus' travails.  

The importance of this becomes apparent when we consider the word 
'bank.' On its own, it is ambiguous: a financial institution or the side of a river? 
But when humans see a sentence like άFrank needed money so he went to the 
bankέ, they immediately adjust their understanding of the word based on 
context. So does the model; the attention mechanism shifts the meaning of 
άbankέ towards financial institution when it encounters the word 'money' in this 
sentence. Just as a judge might focus on key elements of a case while considering 
the broader context, AI attention mechanisms allow models to prioritize relevant 
information when making judgments - crucial for assessing reasonableness in 
complex legal scenarios.  

One of the most fascinating aspects of these models is their emergent 
capabilities. An emergent property is one that appears only at a given level of 

 

60  See infra  Part III. 

61 At this point, there is no dearth of introductory materials at different levels of technical expertise. For an 
overview of the rapid improvements in the field, see Aji Supriyono, Aji Prasetya Wibawa, Suyono & Fachrul 
Kurniawan, Advancements in Natural Language Processing: Implications, Challenges, and Future Directions, 
16 TELEMAT. &  INFORMAT. REP. 100173 (2024) 

62 Yonathan A. Arbel & David A. Hoffman, Generative Interpretation, 99 N.Y.U. L. Rev. 451, 476ς83 (2024). 
63 For an introduction geared towards lawyers,  see Arbel & Hoffman, supra  note 62, at 476ς83. 
64 ǘƻƪŜƴǎ ŀǊŜ ŎƻƳƳƻƴƭȅ ŀǇǇŜŀǊƛƴƎ ǿƻǊŘ ǎǳōǇŀǊǘǎΣ ǎǳŎƘ ŀǎ ΨǘƘΩ ƛƴ 9ƴƎƭƛǎƘ Φ ! ƘŜƭǇŦǳƭ ƭƛǎǘ ƻŦ ŀƭƭ ǘƘŜ мллΣлл 

tokens used by GPT -4 can be found here:  
https://gist.github.com/s-macke/ae83f6afb89794350f8d9a1ad8a09193. 

65 See Ashish Vaswani et al., Attention Is All You Need, arXiv:1706.03762 (2017). 
66 The earlier models did not use attention mechanisms, but given the dominance of transformers today, I 

focus on them. 
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complexity.67 The ability to roleplay character is an emergent property and 
modern models perform well on this task.68 No programmer explicitly coded 
rules for this behavior - rather, roleplaying emerges naturally from the system's 
fundamental function of next-token prediction. If a sentence mentions that the 
speaker is Chris Tarrant, the probability shifts toward predicting άIs that your 
final answerέ as the next phrase. Context affects prediction, and identity informs 
context. 69 

Roleplaying is crucial for generative reasonable people. This capability 
allows models to produce responses that cohere with broad patterns of reasoning 
among common people and shift from άexpertέ mode to layperson mode. It 
instructs the model to move from its default, άhelpful assistantέ voice, to more 
realistic depictions of ordinary people. 70 This transition is essential if we seek a 
non-elitist notion of reasonableness, as models have internalized both expert and 
lay patterns of reasoning. 

Generalization is another crucial emergent property of these systems. A 
model like LLaMA-3 has 70 billion parameters but it is trained on 15 trillion 
tokens. 71 The ratio is one parameter for every 214 tokens. This means that rote 
memorization of all the data the model sees during training is impossible. 
Instead, the model must learn to compress the information by generalizing the 
patterns it sees. This is similar to how humans learn abstract rules rather than 
memorizing the details of every specific instance. We might not remember each 
cat we have seen, but we learn to identify them by generalizing the concept of a 
cat from its specific instances. In other words, we develop a model of άcatness,έ 
and while we will be hard-pressed to articulate it, it allows us to quickly and 
efficiently identify cats even in novel situations.72 

Generalization is vital for generative reasonable people because many 
questions will involve scenarios different from those in the training data. The 
hope is that models have generalized ideas about reasonableness rather than 
simply memorizing specific instances when an act was deemed reasonable or 
unreasonable. 73 While generalization is necessary, it doesn't guarantee success - it 
may be superficial, crude, or mistaken. What matters is that AI models can 
develop complex internal models beyond simple pattern recognition. 

Even though generalization may be necessary to the task at hand, it 
ŘƻŜǎƴΩǘ ƎǳŀǊŀƴǘŜŜ ǎǳŎŎŜǎǎΦ DŜƴŜǊŀƭƛȊŀǘƛƻƴ Ƴŀȅ ŀƭǎƻ ōŜ ǎǳǇŜǊŦƛŎƛŀƭ όƻǾŜǊŦƛǘǘƛƴƎύΣ 

 
67 See Yonathan A. Arbel, Reputation Failure: The Limits of Market Discipline in Consumer Markets, 54 

WAKE FOREST L. REV. 1239, 1252 n. 64 (2019). 
68 See Zekun Moore Wang et al., RoleLLM: Benchmarking, Eliciting, and Enhancing Role-Playing Abilities 

of Large Language Models, ARXIV preprint (2024), https://arxiv.org/abs/2310.00746 όά{ǘŀǘŜ-of-the-art (SOTA) 
LLMs like GPT-4 . . . exhibit advanced role-ǇƭŀȅƛƴƎ ŎŀǇŀōƛƭƛǘƛŜǎέύΤ YŜƳƛƴƎ [ǳ Ŝǘ ŀƭΦΣ Large Language Models 
are Superpositions of All Characters: Attaining Arbitrary Role-play via Self-Alignment, arXiv preprint 
(2024), https://arxiv.org/abs/2401.12474 όάDt¢-4 has already demonstrated outstanding role-playing 
ŀōƛƭƛǘƛŜǎέύΤ WƛŀƴƎƧƛŜ /ƘŜƴ Ŝǘ ŀƭΦΣ From Persona to Personalization: A Survey on Role-Playing Language Agents, 
ARXIV preprint (2024), https://arxiv.org/abs/2404.18231 όάtŜǊǎƻƴŀǎ ŀǊŜ ƛƴƘŜǊŜƴǘ ƛƴ [[aǎΣ ŀƴŘ ǊƻƭŜ-playing 
ǘƘŜƳ ŎŀǇƛǘŀƭƛȊŜǎ ƻƴ ǘƘŜ ǎǘŀǘƛǎǘƛŎŀƭ ǎǘŜǊŜƻǘȅǇŜǎ ƛƴ [[aǎέύΦ 

69 Another technical aspect that contributes to the success of roleplaying activities is instruction-tuning of 
models, which improves their ability to stay in character.  See Chen et al., supra  note 68. 

70  See Lu et al., supra  note 68 (positing that roleplaying arises from a combination of training data and 
in-context learning). 

71 See Meta, Introducing Meta Llama 3: The Most Capable Openly Available LLM to Date, Meta AI (Apr. 
18, 2024), https://ai.meta.com/blog/meta-llama-3/. 

72 Reddit, "r/CatsInWeirdPlaces," https://www.reddit.com/r/CatsInWeirdPlaces/. 
73 ¢ƘŜ ǇƘŜƴƻƳŜƴƻƴ ƻŦ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴ ƛǎ ŀƭǎƻ ƪƴƻǿƴ ŀǎ άƎǊƻƪƪƛƴƎέ ŀƴŘ ǘƘŜ ǎǘǳŘȅ ƻŦ ǘƘŜ Ǉƻƛƴǘǎ ƛƴ ǘǊŀƛƴƛƴƎ 
ǿƘŜǊŜ ƳƻŘŜƭǎ άƎǊƻƪέ ƴŜǿ ŎƻƴŎŜǇǘǎ ƛǎ ŀƴ ŀŎǘƛǾŜ ŀǊŜŀ ƻŦ ǊŜǎŜŀǊŎƘΦ {ŜŜ ŜΦƎΦΣ Iǳ vƛȅŜΣ ½Ƙƻǳ Iŀƻ ϧ ¸ǳ wǳƻ·ƛΣ 
Exploring Grokking: Experimental and Mechanistic Investigations , ARXIV:2412.10898 (2024), 
https://arxiv.org/abs/2412.10898. 

https://arxiv.org/abs/2310.00746
https://arxiv.org/abs/2401.12474
https://arxiv.org/abs/2404.18231
https://arxiv.org/abs/2412.10898


ARBEL , THE GENERATIVE REASONABLE PERSON  14/51  

 

crude (underfitting), or simply mistaken. This means that we would want to test 
both the existence of a generalized model and its adequacy. But the key for now 
is to understand that AI models can learn more than simple patterns in data, and 
they can develop internal models that are more complex. (in fact, many 
complaints about algorithmic black boxes show that these internal models may 
be too complex).  

A final intriguing characteristic is what we might term their 
άmajoritarian bent.έ74  Models favor broader patterns over narrower ones, 
manifesting as a pro-majority bias. This arises from two factors: the statistical 
nature of next-token prediction inherently favors common patterns, and post-
training adaptations like Reinforcement Learning from Human Feedback 
further align models with general human preferences. This majoritarian 
tendency makes these models well-suited for simulating the άreasonable personέ 
standard, as they naturally gravitate toward common opinions and widely-held 
beliefs.75 

While the majoritarian bent is essential to the utility of generative 
reasonable people, it also points to the limits of this technique. The models mirror 
aggregated human knowledge and biases, including problematic ones. 76 In legal 
contexts, they may struggle with cases requiring consideration of diverse or 
minority perspectives - a concern highlighted by critical scholars. Feminist legal 
theorists have exposed how the supposedly neutral άreasonable personέ has often 
been the άreasonable manέ in practice, with majoritarian defaults imposing 
asymmetric standards that present majority experiences as the natural baseline.77 
Generative reasonable people may well replicate such patterns. 78 

Two other limitations deserve emphasis. First, general models struggle 
to reliably simulate specific individuals - they face a άgranularity problem.έ79 
While some applications attempt to emulate specific people through fine-tuning 
and context learning, 80 the effectiveness of such approaches remains unproven. 
Second, pretrained models have a limited άhalf-lifeέ as social norms and 
perceptions change, creating άvalue driftέ that makes older models incapable of 
reflecting societal evolution. 81 

To summarize, there is a surprising but deep connection between 
modern AI architecture and generative reasonable people. These models can 
understand context, adopt various perspectives, generalize from examples, and 
reflect common social norms. However, they also have notable limitations 

 
74  See Arbel & Hoffman, supra  note 62. 

75  Id.  

76 See generally Sandra G. Mayson, Bias In, Bias Out, 128 YALE L.J. 2122 (2019). 
77 See Susan Dimock, Reasonable Women in the Law, 11.2 CRIT. REV. INT'L SOC. &  POL. PHIL. 153, 153 (2008) 
όά²Ƙŀǘ Ŏƻǳƴǘǎ ŀǎ ǊŜŀǎƻƴŀōƭŜ ƛƴ ǘƘŜǎŜ ŀƴŘ Ƴŀƴȅ ƻǘƘŜǊ ŀǊŜŀǎ ƻŦ 
ƭŀǿ ƛǎ ǘȅǇƛŎŀƭƭȅ ŎƻƴŎŜǇǘǳŀƭƛȊŜŘ ŀƎŀƛƴǎǘ ŀ ΨǊŜŀǎƻƴŀōƭŜ ƳŀƴΩ Φ Φ Φ ǎǘŀƴŘŀǊŘέύΦ 5ƛƳƻŎƪ ŀǊƎǳŜǎ ǘƘŀǘ ŜǾŜƴ ƭƻǿŜǊ-level 
ŀōǎǘǊŀŎǘƛƻƴǎΣ ƭƛƪŜ ΨǊŜŀǎƻƴŀōƭŜ ǿƻƳŀƴΩΣ ŀǊŜ ǎǘƛƭƭ ƻǾŜǊ-generalized. 

78 tǎȅŎƘƻƳŜǘǊƛŎ ŀƴŀƭȅǎƛǎ ǎǳƎƎŜǎǘǎ ǘƘŀǘ ά[[aǎ ŜȄƘƛōƛǘ ŀ ǘŜƴŘŜƴŎȅ ǘƻǿŀǊŘ ¦ƴŘƛŦŦŜǊŜƴǘƛŀǘŜŘΣ ǿƛǘƘ ŀ ǎƭƛƎƘǘ 
ƛƴŎƭƛƴŀǘƛƻƴ ǘƻǿŀǊŘ aŀǎŎǳƭƛƴƛǘȅΦέ WŜƴ-tse Huang et al., On the Humanity of Conversational AI: Evaluating 
the Psychological Portrayal of LLMs, in tǊƻŎΦ ƻŦ ǘƘŜ LƴǘΩƭ /ƻƴŦΦ ƻƴ [ŜŀǊƴƛƴƎ wŜǇǊŜǎŜƴǘŀǘƛƻƴǎ όL/[wύ όнлнпύΦ 

79  See Wang et al., supra  note 68. 
80 For an excellent review of the literature studying the differences between parametric and non-parametric 

roleplaying,  See Chen et al., supra  note 68, https://arxiv.org/abs/2404.18231. 
81 A feature and a bug: having time frozen models can also be useful in depicting the attitudes of older 

generations. Perhaps some arguments about originalism could have been resolved had we had a powerful 
model trained on materials from that time. 

https://arxiv.org/abs/2404.18231
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regarding bias, individuality, and temporal relevance - considerations that must 
inform their application to legal questions. 

2. Silicon Sampling in Social Sciences 

A growing body of research on άsilicon samplingέ demonstrates LLMs' 
ability to provide human-like responses across various domains of social science. 
It has led to some interesting discoveries on the power of AI to provide human-
like feedback in various areas of the social sciences and adds to the plausibility of 
generative reasonable people. 82 

The evidence is striking. One study found that LLMs can generate moral 
judgments highly correlated (r=0.95) with human judgments.83 Another showed 
that on eleven sociological questions, LLM responses closely aligned with those 
of the general population.84 Early versions of ChatGPT successfully replicated 
multiple psychological studies.85 Another psychological study found that LLMs 
can persuasively assume big five personality traits such as extroversion or 
agreeableness.86 perhaps most impressively, a recent study found that άChatGPT-
4 exhibits behavioral and personality traits that are statistically indistinguishable 
from a random human from tens of thousands of human subjects from more 
than 50 countries.έ87  

LLMs even replicate human cognitive biases, bringing them closer to 
actual human judgment.88  For example, one study found that LLMs can recreate 
classic findings in economics and psychology, such as the ultimatum game and 
the Milgram obedience experiment.89 Interestingly, models sometimes display 
more ethical behavior than humans - showing less selfishness and greater fairness 
toward out-group members, raising questions about whether we want perfect 
mimesis or idealized behavior.90  

The roleplaying capabilities of LLMs offer particularly promising 
applications for legal analysis. Models can be prompted to respond as reasonable 
persons from various demographic backgrounds or even to simulate the 

 
82 See e.g.,  See Sarstedt et al., supra  note 16. 
83 See Danica Dillion, Niket Tandon, Yuling Gu & Kurt Gray, Can AI Language Models Replace Human 

Participants? 28 TRENDS COGN. SCI. 597 (2023). In hindsight, it is not entirely surprising because these 
methods are trained to mimic human moral judgments using RLHF and similar techniques. 

84 See James Bisbee et al., Synthetic Replacements for Human Survey Data? The Perils of Large Language 
Models, in Political Analysis (Published online 2024:1-16.) doi:10.1017/pan.2024.5 The researchers find low 
accuracy regarding the distribution of synthetic opinions, a point we revisit later. 

85 See Peter S. Park et al. 5ƛƳƛƴƛǎƘŜŘ ŘƛǾŜǊǎƛǘȅ ƻŦ ǘƘƻǳƎƘǘ ƛƴ ŀ ǎǘŀƴŘŀǊŘ ƭŀǊƎŜ ƭŀƴƎǳŀƎŜ ƳƻŘŜƭ, 
arXiv:2207.07051 (2023). 

86 See Hang Jiang, Xiajie Zhang, Xubo Cao, Cynthia Breazeal, & Jad Kabbara, PersonaLLM: Investigating 
the Ability of Large Language Models to Express Big Five Personality Traits, arXiv:2305.02547v5 (2023), 
https://doi.org/10.48550/arXiv.2305.02547. 
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reasoning of historical legal figures. This capability has proven so compelling that 
companies like Character.ai have built billion-dollar companies around it, 
offering interactive experiences with simulated personas. 91 

But how accurate are these simulations? In one validation study using a 
άpersonal Turing test,έ AI models imitating specific individuals achieved a 48.3% 
success rate in deceiving acquaintances of those individuals.92 This is quite 
remarkable: in half of the cases, acquaintances could not tell apart a model from 
the actual person.93  

Research shows these capabilities can be enhanced through various 
techniques. 94   Giving personas demographically typical names improves 
performance.95 One study prompted LLMs to assume the persona of people with 
specific demographic characteristics and answer a few questions. Then they asked 
humans to answer the same questions, some of them met these demographics (in-
group), some of them assumed the persona of that person (out-group). The 
researchers find that in some instances, LLMs sound more like out-group than 
in-group members.96 This capability is improved if the model is given a name that 
is consistent with the underlying demographic. 97 Further, injecting randomness 
into responses helps prevent άgroup flatteningέ - the tendency to produce 
stereotypical answers for minority groups.98 

This is consistent with another recent research paper that found that in 
situations where humans have polarized views, persona assignment helps the 
model express differing views. 99 Finally, and in the other direction, a recent study 
suggests that many results that align with specific demographic merely reflect 
prompting effects and disappear when prompts are carefully vetted.100 

While the focus here is on the generative reasonable person, the research 
also points toward the possibility of generative juries. Studies show that when 
LLM agents interact, they exhibit group dynamics similar to human collectives, 

 
91Character.AI In Early Talks for Funding at More Than $5 Billion Valuation, BLOOMBERG (September 28, 

2023, 4:43 PM CDT) https://www.bloomberg.com/news/articles/2023-09-28/character-ai-in-early-talks-for-
funding-at-more-than-5-billion-valuation 

92See Man Tik Ng et al., How Well can LLMs Echo Us? Evaluating AI Chatbots' Role-Play Ability with 
ECHO, arXiv:2404.13957 [cs.CL] at 7 (Apr. 22, 2024), https://arxiv.org/abs/2404.13957.  

93 See Man Tik Ng et al., Iƻǿ ²Ŝƭƭ /ŀƴ [[aǎ 9ŎƘƻ ¦ǎΚ 9ǾŀƭǳŀǘƛƴƎ !L /ƘŀǘōƻǘǎΩ wƻƭŜ-Play Ability with 
ECHO όнлнпύ όǊŜǇƻǊǘƛƴƎ άǇŜǊǎƻƴŀƭ ¢ǳǊƛƴƎ ǘŜǎǘέ ǊŜǎǳƭǘǎ ƳŜŀǎǳǊƛƴƎ ǿƘŜǘƘŜǊ ŀŎǉǳŀƛƴǘŀƴŎŜǎ Ŏŀƴ ŘƛǎǘƛƴƎǳƛǎƘ 
chatbot role-play from the person); Qiaozhu Mei et al., A Turing Test of Whether AI Chatbots Are 
Behaviorally Similar to Humans, 121(9) tǊƻŎΦ bŀǘΩƭ !ŎŀŘΦ {ŎƛΦ e2313925121 (2024) (cross-national behavioral 
similarity tests and distributions). 

94 See e.g., Cheng Li et al., RoleLLM: Benchmarking, Eliciting, and Enhancing Role-Playing in Large 
Language Models, arXiv:2310.00746 (2023), https://arxiv.org/abs/2310.00746 Alireza Salemi et al., LaMP: 
When Large Language Models Meet Personalization, arXiv:2304.11406 (2023), 
https://arxiv.org/abs/2304.11406; Nilimesh Halder, Harnessing the Power of Role-Playing in Advanced AI 
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95 Angelina Wang, Jamie Morgenstern & John P. Dickerson, Artificial Intelligence Chatbots Mimic Human 
Collective Behaviour, arXiv:2402.01908v1 [cs.CY] (Feb. 2, 2024), https://arxiv.org/abs/2402.01908v1. 
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97 Id at figure 3. 
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(Feb. 26, 2024), https://arxiv.org/abs/2402.10811. 
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modeling complex social phenomena like bank runs, 101 realistic macroeconomic 
phenomena,102 information cascades, 103 and community formation. 104 

Of course, limitations remain. 105  Quality roleplaying requires sufficient 
contextual information about the individuals or groups being simulated. Current 
models struggle with some types of reasoning, particularly around politically 
charged topics. Prompting models to act as a typical member of a group risks 
reinforcing simplistic or stereotypical portrayals of complex groups. And ethical 
concerns about άspeaking forέ practices must be addressed, 106 particularly when 
simulating marginalized groups. 

Despite these challenges, the silicon sampling literature provides 
substantial evidence that LLMs can approximate human-like judgments across 
diverse domains. This capability forms the foundation for our exploration of 
generative reasonable people in legal contexts. 

 
 
 
 

 
101 Sophia Kazinnika, Bank Run, Interrupted: Modeling Deposit Withdrawals with Generative AI, Federal 

Reserve Bank - Quantitative Supervision & Research (Oct. 30, 2023), 
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102 Ningyuan Li, Chong Gao, Yiming Li, & Qi Liao, Large Language Model-Empowered Agents for 
Simulating Macroeconomic Activities, arXiv:2310.10436 (2023).  

103  See Huang et al., supra  note 78. 

104 James He et al., Artificial Intelligence Chatbots Mimic Human Collective Behaviour, preprint at 
Research Square (2024). 

105  See supra  note 86 and accompanying text. 
106 Linda Martín Alcoff, The Problem of Speaking for Others, CULTURAL CRITIQUE, No. 20, 5ς32 (1991). 
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3. THE REASONABLE PERSON IN SILICON 

This Part offers an empirical assessment of generative reasonable people. 
As noted in the Introduction, ŜǾŀƭǳŀǘƛƴƎ ƳƻŘŜƭǎΩ ŘŜŜǇŜǊ ƭŀǘŜƴǘ ǳƴŘŜǊǎǘŀƴŘƛƴƎ ƻŦ 
concepts runs the risk of learning-to-the-test, contamination, and sycophancy.107 
To address these issues, the methodology developed, S-RCT, exploits the stateless 
nature of large language models and uses them to adapt the standard method of 
randomized controlled trials. By testing models under controlled conditions 
mirroring human studies, we can probe their latent reasoning, not just their 
ability to parrot precedent. 

  

1. The Core Methodology: S-RCT 

The foundational challenge confronting any attempt to use AI as an 
instrument of applied jurisprudence is methodological: How can we know what 
LLMs truly understand about reasonableness rather than what they have 
memorized? 

Two distinct threats to validity confront naïve attempts to answer this 
question. The first is άƭŜŀǊƴƛƴƎ ǘƻ ǘƘŜ ǘŜǎǘέ ƻǊ άcontaminationέ. Models trained 
on legal corpora may have encountered doctrinal definitions, case outcomes, or 
even the academic studies we seek to replicate. Asking a model to define 
reasonableness or resolve Leonard v. Pepsico is a test of recall, not generalization. 
The models are very likely to succeed at such tasks, but this will not answer the 
question.  

The second threat is demand effects ƻǊ άǎȅŎƻǇƘŀƴŎȅ.έ To solve the 
previous issue, we might present models with unseen hypotheticals and than assess 
their responses. The problem is that models excel at inferring user intent and 
adjusting responses accordingly. Thus, the models might give the right answer 
not because it learned that a factor is important but because the question structure 
might imply that. Even putting side-by-side scenarios will not resolve the issue. 
If a model sees two scenarios side by side, it may infer that we expect differential 
treatment and harmonize its answers to appear consistent. To probe a model's 
true latent representations, we need methods that control both threats 
simultaneously. 

The solution emerges from an architectural feature of modern LLMs 
typically viewed as a limitation: their fundamental statelessness. When 
interacting with LLMs through APIs rather than standard chat interfaces, each 
conversation starts from a blank slate with no memory of prior interactions. This 
creates an unexpected experimental opportunity. We can treat each independent 
model session as a distinct experimental subject, enabling adaptation of the gold 
standard of causal inference to the study of AI reasoning: silicon randomized 
controlled trials (S-RCT). 

S-RCT rests on three mechanisms. The first is statistical independence 
through statelessness. Thousands of separate model sessions receive random 
assignment to experimental conditions with no ability to communicate or 
coordinate responses. A session assigned to one condition cannot observe, and 
therefore cannot harmonize with, sessions assigned to other conditions. 

 
107 See supra  Introduction. 


