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Abstract15

Artificial intelligence (AI) systems are increasingly assuming social roles traditionally held by humans—16

but do people want human-AI relationships to be governed by the same behavioral norms as human-17

human relationships? In three pre-registered studies using demographically representative samples18

in the United Kingdom (N = 910) and United States (N = 862), including a US pilot study (N =19

432), we assessed public preferences across four cooperative domains—care, hierarchy, transaction,20

and mating—within seven relationship types (e.g., romantic partners, close friends, coworkers). Par-21

ticipants rated their ideal norms for each domain and relationship type, either in a human-human or22

human-AI context. Contrary to a common assumption in alignment research, participants reported23

systematically different ideals for human-AI versus human-human relationships: across all seven24

types, they distinguished ideal AI from ideal human behavior in at least one cooperative domain,25

with the direction and size of differences also varying by relationship type. Specifically, these included26

preferences for AI assistants and sellers to show greater care than humans in identical positions; AI27

teachers and mental health providers to express lesser authority; and AI romantic partners, friends,28

and coworkers to behave more platonically. Participants also preferred humans to show lesser care29

and greater authority toward AIs across several roles. These findings suggest public expectations30

for social AIs are shaped by relational context rather than a simple human-to-AI transfer rule, with31

implications for social AI design.32
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Significance35

People want social AIs to follow different norms than human social partners despite occupying similar36

relational roles. This challenges a common assumption in alignment research that social AIs should37

largely mimic ideal human behavior. Across the domains of care, hierarchy, transaction, and mating,38

USA and UK adults prescribed different norms for human-AI relationships than human-human ones:39

for example, they wanted AI teachers to be less authoritative, AI assistants to be more caring, and AI40

romantic partners to be more platonic. Preferences also differed for how humans should ideally behave41

toward AI partners (e.g., being more authoritative toward AI coworkers than human ones). Preferences42

were largely robust to such individual differences as AI usage or beliefs about AI consciousness.43

Author Contributions44

M.G.R. and B.D.E. conceptualized the research and designed the methodology. M.G.R., Y.C., and45

B.D.E. collected data. M.G.R., I.H., and Y.C. performed the formal analysis. M.G.R. wrote the original46

draft. All authors contributed to interpretation of the results and reviewed and edited the manuscript.47

I.S., J.S., and B.D.E. supervised the project. I.S., J.S., M.G.R., and B.D.E. acquired funding.48

Competing Interests49

The authors declare no competing interests.50

2



1 Introduction51

Should an AI assistant behave the same way as a human assistant? What about an AI coworker or52

supervisor? Humans now routinely interact with ‘social’ AI chatbots occupying a range of relational53

roles once held only by humans: from relatively functional roles such as tutor, customer service agent,54

or financial advisor, to increasingly intimate, companion-like roles such as friend or romantic partner [1].55

This ‘social’ turn in the design and use of generative AI products has led AI researchers to call for greater56

“socioaffective alignment” between humans and AI systems, complementing traditional value-alignment57

objectives such as truthfulness and safety [2]. But we do not yet know whether people actually want58

their AI ‘partners’ to act as a human should in the same relational role, or whether they hold AI to59

different standards. We also lack robust data on how people think humans should treat AI partners in60

different relationships. In this work, we investigate both questions together: What relational norms,61

that is, relationship-specific cooperative rules [3], do people think should ideally govern AI behavior62

toward humans—and vice versa?63

These questions admit of several plausible answers, with corresponding relevance for AI design and64

regulation. One possibility is rejection: people might refuse to apply human relational norms to AI65

partners, treating them as “mere tools” to which social-like cooperative expectations should not apply.66

A second is mimicry : people might transfer the norms for human-human relationships directly onto67

their AI counterparts, expecting, for example, an AI friend to behave just like a human friend, an68

AI teacher like a human teacher, and so on. A third is uniform adjustment : people might generally69

apply human-derived norms to AI but adjust them by some fixed amount—for example, expecting less,70

or more, of each type of behavior from an AI, regardless of role. A fourth is role-specific calibration:71

people might endorse different adjustments for different relationships along each of several cooperative72

dimensions, such that an AI assistant, for example, should be more caring than a human assistant,73

whereas an AI romantic partner should be more transactional. The studies reported here were designed74

to tease apart these different possibilities.75

Understanding people’s desired cooperative dynamics in human-AI relationships will become in-76

creasingly important in contemporary society. Already, chatbots powered by large language models77

(LLMs) can adopt, in principle, any persona—much like an actor capable of improvising as any charac-78

ter without being given a script [4]. This means that, if designed or even simply prompted in the right79

way, a chatbot can act as a personal assistant [5], work teammate [6], mental health therapist [7], friend80

[8], romantic partner [9], or presumably any other social role. There seems to be demand for chatbots81

adopting such personas: Replika, described as the “AI companion who cares,” boasts over 40 million82

users as of 2026 [10]. Meanwhile Xiaoice, a Chinese chatbot developed by Microsoft, has conversed with83

over 660 million users since its launch in 2014 [11].84

The popularity of systems such as Replika and Xiaoice suggests that people are willing to engage85

with AI in familiar social roles. One reason to expect human relational norms to carry over into86

these interactions is that people commonly rely on pre-existing social scripts when navigating new87

technologies [12]. When an AI communicates in human-like ways and occupies a recognizable role, users88

may therefore import the expectations associated with its human analog. An AI assistant, for example,89
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may be expected to respond politely, comply effectively with reasonable instructions, and refrain from90

issuing orders to its user, just as a human assistant ordinarily would. This would be consistent with91

mimicry—or, at minimum, with some degree of role-sensitive transfer rather than wholesale rejection92

of human relational norms.93

On the other hand, humans and AI systems differ substantially in their capacities, needs, vulner-94

abilities, and practical affordances, and users may adjust their expectations accordingly [13]. Thus,95

an AI assistant might be expected to remain available around the clock, despite such a demand being96

unreasonable for a human assistant; conversely, users might be less willing to recognize the authority of97

an AI teacher than that of a human teacher. Such differences could motivate either a uniform adjust-98

ment of human-derived norms or, where their relevance depends on the particular role or cooperative99

dimension, role-specific calibration. To distinguish among these possibilities, a logical starting point lies100

in research on how relational norms structure and sustain cooperation between pairs of humans.101

Existing research in relationship science and moral psychology shows that people have different102

prescriptive expectations about the norms that should govern different types of human-human rela-103

tionships (e.g., teacher-student, parent-child, boss-employee, friend-friend, neighbor-neighbor) [14–17].104

These norms consist of socially prescribed rules around how each partner should behave toward the105

other with respect to considerations such as care, hierarchy, transaction, and mating [3, 18]. These106

rules may be combined in different ways and with different strengths depending on the type of relation-107

ship. Close friendships between peers, for instance, typically involve reciprocal responsiveness to one108

another’s needs (care), equal standing rather than asymmetric authority (hierarchy), little emphasis on109

quid-pro-quo exchange (transaction), and an absence of role-based expectations for romantic or sexual110

behavior (mating). By contrast, supervisor–assistant relationships typically involve more circumscribed111

obligations to respond to one another’s needs (care), a clear asymmetry of authority (hierarchy), a112

greater emphasis on the exchange of labor for compensation (transaction), and a formal expectation113

that romantic or sexual conduct will remain outside the relationship (mating) [3, 13]. The set of pre-114

scribed relational rules for a given relationship type in a given cultural context, including the manner115

and strength with which each rule is prescribed (or proscribed), is the “relational norm profile” for that116

relationship [3]. Whether such profiles extend to human-AI relationships of the same kind remains to117

be tested empirically [19].118

To examine whether people endorse different relational norms in human–human and human–AI con-119

texts, we conducted three pre-registered studies in the United States and United Kingdom between May120

2024 and November 2025: a gender-balanced US pilot study (N = 432) and two larger studies (nation-121

ally representative for age, race/ethnicity, and gender), one in each country. Following pre-registered122

exclusions, the UK study retained the larger sample (NUK = 910, compared with NUSA = 862). We123

therefore use the UK dataset for all illustrative results and narrative statistics reported in Section 2 of124

the main text (see also Figures 2a and 2b; Figures 3a and 3b). For the sake of robustness, however,125

we will only discuss specific findings if they were credible across all three datasets, as summarized in126

Figure 4. Complete results for each sample, with a summary of cross-sample replicability, are reported127

in Supporting Information, Table S1.128

All three studies used identical methods and materials. Given that AI models and products con-129
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Definitions and examples

Care
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Human-human Human-AI
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AI capacity ratings

Rating screens
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Well-being · cognition · agency
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Norm-endorsement trials

Four relational norms
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3 of 7 relationship types

5

Final measures

End of study

Questionnaires

Demographics
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Individual differences

Figure 1: Methodological overview of study design. In all studies, participants first completed training
on the four relational norm kinds (i.e., what was meant by care, hierarchy, mating, transaction). They
were then randomly assigned to evaluate either human–human or human–AI relationships. Partici-
pants provided ratings of perceived AI capacities (e.g., sentience, well-being, cognition) before being
randomly assigned to three of seven possible relationship types (e.g., romantic partners, friends, cowork-
ers, teacher–student). For each relationship, participants evaluated norms in both directions (e.g., AI
Teacher → Human Student, Human Student → AI Teacher). Finally, participants completed additional
measures, including demographics and AI-related attitudes (e.g., fearfulness of AI occupying specific
social roles).

stantly changed over the period of data collection (and continue to change), we did not anchor our study130

design to any particular LLM or product. Instead, following the logic of the “science fiction science”131

method [20], we asked participants to imagine relationships approximately 10 years in the future and132

provided a common description of the AI partners they were to evaluate. Specifically, these agents were133

described as superintelligent and aligned with human interests, including an aim to promote human134

well-being. This approach provided a relatively fixed target of judgment across studies conducted at135

different times; it was not intended to take a position on whether or when superintelligent AI will be136

developed (see Figure 1 for a methodological overview).137

Participants evaluated how two humans (or one human and one such AI) should engage with one138

another, across the four relational domains (care, hierarchy, transaction, mating), within the context139

of seven different relationships (i.e., long-term romantic partners, close friends, fellow workers at a140

company, a supervisor and an assistant, a teacher and a student, a mental health provider and a patient,141

and a customer and a seller). One reason expectations for AI partners might diverge from their human142

analogs is that people may attribute different psychological capacities to AI, such as consciousness or143

agency, and these attributions could shape what people think AI partners are capable of, how they144

should be treated, or what they should be expected to do. We therefore also probed the extent to which145

participants ascribed a range of capacities to AI (e.g., sentience, autonomy, subjective experience; see146

Section 4.2.3 in Materials and Methods for further description). Finally, we examined how fearful147

participants were of AI assuming specific social roles [21], and how “real” they thought each of these148

relationships would be with an AI.149
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2 Results150

2.1 How should social AIs treat humans?151

Looking across relationship kinds, our analyses revealed that participants did not simply map expecta-152

tions about ideal human behavior onto ideal AI behavior, against the mimicry hypothesis introduced153

above. For every AI social role (e.g., AI as romantic partner, assistant, teacher), participants’ preferred154

relational norms differed from the corresponding human ones within at least one relational domain, such155

that no AI version of a social role aligned completely with its human analog (see Figure 2a). In roman-156

tic relationships, for example, participants endorsed different mating-related norms for an AI romantic157

partner than for a human partner (K–S = .64, Benjamini–Hochberg-corrected p < .001). Specifically,158

they preferred less sexual or romantic behavior, such as flirting, from an AI partner than from a hu-159

man partner (b = −4.03, 95% highest posterior density interval (HPDI) [−4.33,−3.84]; see Figure 3a160

and Supporting Information, Table S5), notwithstanding its occupying a “romantic” role. With AI161

assistants, by contrast, participants’ ideal norms differed most starkly from the corresponding human162

norms, not in regard to mating, as with the romantic partner role, but in regard to care (K–S = .42,163

BH-corrected p < .001). Specifically, they prescribed more caring behavior for AI assistants than for164

human assistants (b = 2.89, 95% HPDI [2.60, 3.06]; see Figure 3a and Supporting Information, Table165

S5).166

Further, no single relational domain (e.g., care, hierarchy) either consistently aligned or consistently167

diverged between human and AI social roles. Even for mating, the domain in which participants’168

prescriptions differed the most overall, we observed substantial similarity in some relational contexts.169

For example, participants showed a similar rejection of romantic behavior by a mental health provider170

toward a patient, whether the provider was a human or AI (K-S = .11, BH-corrected p = 0.28; Figure 2a).171

This combination of continuity and divergence is inconsistent with another of the hypotheses raised172

earlier, wholesale rejection: participants continued to apply recognizably human, relationship-specific173

norms to at least some human-AI social contexts.174

Meanwhile, a median-based marginal analysis provided some evidence consistent with uniform ad-175

justment : specifically, when collapsing across relationship types, participants wanted AIs in general176

to behave less transactionally than humans (b = −0.86, 95% HPDI [−1.22,−0.26]; see Figure 4 and177

Supporting Information, Table S4). However, such a uniform, cross-relationship result was limited to178

transaction alone; the corresponding results for care, hierarchy, and mating all had 95% HPDIs that179

included zero. In all other cases, differences between preferred human-human and human-AI relational180

norms depended on each particular relationship, a pattern more consistent with role-specific calibration,181

as we discuss next.182

Consider three illustrative examples. For AI teachers (compared to human teachers), participants183

prescribed less authority (b = −2.94, 95% HPDI [−3.16,−2.54]), with no other differences in preferred184

norms proving credible across all three samples (see Supporting Information Table S1 and S5). For185

AI (versus human) assistants, by contrast, participants prescribed greater care (b = 2.89, 95% HPDI186

[2.60, 3.06]) and less transactional behavior (b = −1.99, 95% HPDI [−2.30,−1.59]). For AI (versus187

human) coworkers, they likewise prescribed greater care (b = 1.88, 95% HPDI [1.48, 2.07]), but also188
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Figure 2: Heatmaps of Kolmogorov–Smirnov (K–S) distances between human–human and human-AI
relational norms in the UK Full sample. Larger values indicate greater divergence in distributions. To
represent global dissimilarity, we computed Euclidean distance between human-AI norms and human-
human norms. Relationships on the vertical axis are ordered by this metric, meaning that human-AI
relationships that are lower on the Y-axis are more dissimilar to the human–human baseline. Bolded
cells indicate statistically significant differences in K–S distances (p < .05, corrected for multiple com-
parisons).

less romantic behavior (b = −1.93, 95% HPDI [−2.12,−1.60]). This variation in both the number and189

content of contrasting norm prescriptions on a per-relationship basis is more consistent with role-specific190

calibration than with uniform adjustment.191

The complete set of contrasts concerning how social AIs should treat humans that were directionally192

consistent and credible across all three datasets is summarized in panel (a) of Figure 4. The full set of193

comparisons across samples is reported in Supporting Information, Table S1.194

The degree of consensus underlying these prescriptions, however, notably varied across relationship–195

norm combinations (Figure 3a). For these exploratory descriptions, dispersion was quantified as the196

mean absolute distance of responses from the cell median (MAD; here, MAD does not refer to median197

absolute deviation), with lower values indicating greater apparent consensus. Some distributions were198

broad. In particular, prescriptions regarding romantic or sexual behavior by AI romantic partners199

extended widely across the response scale (dispersion statistic: MAD = 2.85, 95% bootstrap CI [2.64,200

3.04]), notwithstanding the observed median tendency to prescribe less such behavior for AI partners.201

Prescriptions regarding how hierarchically AI teachers should behave toward human students likewise202

were comparatively dispersed (dispersion statistic: MAD = 2.45, 95% bootstrap CI [2.25, 2.61]).203

By contrast, participants showed much greater apparent consensus in rejecting romantic or sexual204

behavior by AIs occupying clearly nonromantic professional roles, including sellers, assistants, teachers,205

and mental health providers (dispersion statistics: MADs = 1.23, 0.99, 0.94, and 0.89, respectively).206

Prescriptions that AI mental health providers should behave caringly toward human patients were also207
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(a) Distributions regarding how social AIs should treat humans.
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(b) Distributions regarding how humans should treat social AIs.

Figure 3: Distributions of relational norms from the UK Full sample. (a) Expectations regarding
how social AIs should treat humans. (b) Expectations regarding how humans should treat social AIs.
Lighter shading represents behavior in the corresponding human–human relationship, whereas darker
shading represents behavior in the matched human–AI relationship. Points denote medians, and error
bars represent 95% bootstrapped confidence intervals based on 5,000 resamples.

relatively concentrated (dispersion statistics: MAD = 0.49, 95% bootstrap CI [0.34, 0.66]). These208

examples suggest that the central tendency of a prescription and the degree of agreement surrounding209

it capture distinct features of participants’ normative judgments.210

Having established that participants selectively modified human relational norms for different human-211

AI relationships, we next examined whether the extent of such modification also varied across partici-212

pants. Specifically, we examined whether participants’ relative tendency to conserve human relational213

norms, rather than modify them for the AI context, varied with their perceptions of and attitudes214

toward AI—including the capacities they attributed to AI, how “real” they considered relationships215

with AI to be, and their fear of AI occupying specific social roles—or with their own characteristics and216

experience, including age, gender, and frequency of LLM use (see Supporting Information, Table S9).217

None of these factors robustly predicted how closely participants’ human–AI norm preferences218

aligned with the corresponding human norms across all studies. In the UK sample, the only excep-219

tion to this was that participants who reported using LLMs about once a month aligned their AI norm220

ratings more closely with the corresponding human norms as compared to those who had never used221

them (b = −0.25, 95% HPDI [−0.50,−0.03]).222

At least regarding how AI partners should treat humans, then, participants’ prescriptions were223

much more consistently shaped by social relationship type (with role-specific calibration) than by their224

general beliefs about AI or the individual characteristics measured here. This underlines the importance225

of considering relational context for questions of socioaffective alignment [2], a point we return to after226

examining the opposite question: how humans should treat AI social partners.227
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2.2 How should humans treat social AIs?228

So far, we have examined participants’ stated ideals for how AI partners should treat humans, depending229

on relational role. We next examined their prescriptions in the reverse direction: how humans should230

treat social AIs. Using the same analytic approach as above, we compared participants’ preferences for231

how humans should treat other humans in a given relationship with their preferences for how humans232

should treat an AI social partner within that same relationship type.233

Consistent with the preceding analysis, participants selectively modified human relational norms234

for different AI social roles. For friendships, the differences credible across all three samples were: less235

care prescribed toward AI friends than human friends (b = −1.99, 95% HPDI [−2.13,−1.85]), greater236

human authority over them (b = 4.59, 95% HPDI [3.93, 5.04]), and less romantic behavior toward237

them (b = −3.21, 95% HPDI [−3.86,−2.81]). For teacher–student relationships, by contrast, only the238

hierarchy difference was credible across all three samples: participants prescribed greater authority for239

human students interacting with AI teachers than for those interacting with human teachers (b = 3.98,240

95% HPDI [3.79, 4.13]). Again, the number and content of robust modifications varied across social241

roles, a pattern more consistent with role-specific calibration than with either perfect mimicry, wholesale242

rejection, or uniform adjustment (Figures 3b and 4; Supporting Information, Tables S1 and S8).243

Nevertheless, the median-based marginal analysis identified one cross-role regularity consistent with244

a limited form of uniform adjustment. Collapsing across relationship types, participants prescribed245

greater authority for humans interacting with AIs than for humans interacting with other humans246

(b = 4.01, 95% HPDI [3.74, 4.39]). This directional contrast was credible across all three samples and247

appeared within every social role examined except the supervisor–assistant relationship, in which the248

human already occupied the position of authority. No other norm domain showed an aggregate contrast249

that was credible across all three samples. Thus, although the overall pattern was more consistent with250

role-specific calibration, the hierarchy domain provided circumscribed evidence of uniform adjustment—251

itself qualified by relational context (Figure 4; Supporting Information, Tables S1 and S7).252

Turning from the direction of these prescriptions to how widely they were shared reveals a further253

distinction (Figure 3b). Although the median results indicated that human students should exercise254

greater authority in relation to AI teachers than to human teachers, individual responses extended255

widely across the scale, suggesting comparatively lesser agreement about the appropriate allocation of256

authority (dispersion statistic: MAD = 2.25, 95% bootstrap CI [2.06, 2.44]). Prescriptions regarding257

how much authority humans should exercise over AI friends were similarly diffuse (dispersion statistic:258

MAD = 2.39, 95% bootstrap CI [2.16, 2.60]). Participants also varied substantially in how much259

romantic or sexual behavior they considered appropriate for humans to direct toward AI romantic260

partners (dispersion statistic: MAD = 2.77, 95% bootstrap CI [2.55, 2.93]).261

Other prescriptions elicited considerably greater convergence. Mirroring the preceding findings con-262

cerning how AIs should treat humans, participants responded relatively consistently in rejecting roman-263

tic or sexual behavior toward AIs occupying paradigmatically nonromantic professional roles, including264

sellers, assistants, teachers, and mental health providers (dispersion statistics: MAD = 1.10, 0.95,265

0.80, and 0.75, respectively). Thus, in these relationships, there was broader agreement in both direc-266

tions of interaction that romantic or sexual behavior was inappropriate. Participants also appeared to267
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(a) How should social AIs treat humans? (b) How should humans treat social AIs?

Overall

Friends

Romantic partner

Seller-customer

Assistant-supervisor

Teacher-student
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Coworker

Care Hierarchy Mating Transaction

median −0.96

median −3.88

median −4.03

median +2.21 median −2.03

median +2.89 median −2.05

median −2.91

median −2.71 median −1.83

median +1.25 median −2.24

Social AIs should behave less transactionally toward humans
overall.

Social AI friends should behave less romantically toward
human friends.

Social AI romantic partners should behave less romantically
toward human partners.

Social AI sellers should show more care and behave less
transactionally toward human customers.

Social AI assistants should show more care and behave less
transactionally toward human supervisors.

Social AI teachers should behave less hierarchically toward
human students.

Social AI mental health providers should behave less
hierarchically and less transactionally toward human
patients.

Social AI coworkers should show more care and behave less
romantically toward human coworkers.

Care Hierarchy Mating Transaction

median +3.99

median −1.99 median +4.87 median −3.77

median −2.11 median +4.93 median −4.87 median +1.98

median +2.08

median +3.98

median +3.17

median −1.04 median +3.64 median −2.15

Humans should behave more hierarchically toward social AIs
overall.

Humans should show less care, behave more hierarchically,
and behave less romantically toward social AI friends.

Humans should show less care, behave more hierarchically,
behave less romantically, and behave more transactionally
toward social AI romantic partners.

Humans should behave more hierarchically toward social AI
sellers.

Humans should behave more hierarchically toward social AI
teachers.

Humans should behave more hierarchically toward social AI
mental health providers.

Humans should show less care, behave more hierarchically,
and behave less romantically toward social AI coworkers.

Figure 4: Summary of relational norm differences between human–human and human–AI contexts,
across both (a) how social AIs should treat humans and (b) how humans should treat social AIs,
overall and for each of the seven relationship types. Only findings that were directionally consistent and
credible across all three samples (UK Full, USA Full, and USA Pilot) are shown. Each printed value
is the descriptive median of the three study-specific posterior-median contrasts; it is not a formally
pooled posterior estimate. Upward arrows indicate stronger endorsement of the corresponding norm
in the human–AI context relative to the matched human–human context, whereas downward arrows
indicate weaker endorsement. Arrow length corresponds to the absolute magnitude of the displayed
contrast. Arrowheads are fixed in size and indicate direction only. Study-specific posterior medians, 95%
highest posterior density intervals (HPDIs), and the full set of comparisons are available in Supporting
Information, Table S1.
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agree relatively strongly that human supervisors should exercise authority over AI assistants (dispersion268

statistic: MAD = 1.42, 95% bootstrap CI [1.17, 1.65]). Taken together with the more dispersed cases269

described above, these examples show that differences between the median prescriptions for matched270

human–AI and human–human relationships must be distinguished from the degree of agreement among271

participants: some prescriptions were widely shared, with relatively little dispersion across participants,272

whereas others exhibited a clear median difference despite substantial heterogeneity.273

We repeated the individual-differences analysis for prescriptions concerning how humans should274

treat AI partners (see Supporting Information, Table S10). Again, none of the participant-level factors275

robustly predicted the extent to which human norms carried over to human-AI relationships in all stud-276

ies. There were two exceptions in the UK sample. Participants who regarded human–AI relationships277

as more “real” gave prescriptions closer to the corresponding human norms (b = −0.10, 95% HPDI278

[−0.18,−0.03]), whereas more religious participants departed further from those norms (b = 0.10, 95%279

HPDI [0.03, 0.18]).280

Taken together with the findings concerning how social AIs should treat humans, these results281

indicate that human–AI differences in relational prescriptions depended principally on relational role282

in both directions of interaction. Although a small number of domain-level tendencies were consistent283

with uniform adjustment, the overall configuration of differences more strongly supports role-specific284

calibration.285

As before, Figure 4 summarizes the findings that were directionally consistent and credible across286

all three datasets. The full set of comparisons is reported in Supporting Information, Table S1.287

3 Discussion288

Research on human–AI social interaction has often proceeded at one of two levels. Broad frameworks289

address human–AI cooperation, connection, or socioaffective alignment without systematically compar-290

ing the particular social relationships in which these interactions occur [2, 22, 23]. By contrast, much291

empirical research examines particular relationships separately—for example, AI assistants, friends, or292

romantic partners [5, 8, 9]. Though both approaches bring important insights, they make it difficult293

to determine whether an observed human–AI difference applies generally or depends on the specific294

relational context. To our knowledge, few studies have compared multiple, qualitatively different hu-295

man–AI relationships within a common design and theoretical framework [but see 24, for an examination296

of relational norms applied to human vs. AI bosses, teammates, and employees].297

We addressed this gap by drawing on the relational norms framework developed by Earp and col-298

leagues [3, 13, 18, 25, 26], which theorized and empirically demonstrated how care, hierarchy, transaction,299

and mating are socially prescribed (or proscribed) for different common relationship-types as identified300

by lay language categories (e.g., friends, neighbors, teammates). As applied here, this allowed us to301

systematically vary relationship type while assessing participants’ perceived ideals for human-human302

and human-AI relationships.303

Participants’ prescriptions for human-AI relationships reflected neither perfect mimicry nor whole-304

sale rejection of the corresponding human norms. We found some evidence consistent with uniform305

11



adjustment : participants generally prescribed less transactional behavior from AI partners, as well as306

greater human authority (hierarchy) toward AI partners. Crucially, however, the particular combination307

and direction of human–AI differences varied by social relationship type. This pattern emerged both308

for how AI partners should treat humans and for how humans should treat AI partners. In both cases,309

this was more consistently associated with relational context than with participants’ individual beliefs310

about AI capacities or, indeed, most of the individual characteristics we measured.311

A further distinction concerns the degree of agreement underlying the observed prescriptions. Some312

relationship–norm combinations elicited tightly concentrated responses, suggesting comparatively well-313

established shared expectations. Others exhibited substantial dispersion despite a difference in the314

median. The typical prescription within a population must therefore be distinguished from the extent315

to which that prescription constitutes a broadly shared norm. This distinction is especially important in316

the context of emerging AI relationships, for which social expectations may be a matter of disagreement,317

or may not yet be clearly formed.318

These findings have direct implications for work on “socioaffective” alignment [2]. It is not enough to319

ask how social AIs should behave toward humans in general: any proposed alignment target must also320

specify the relational role the system occupies (i.e., simulates, mimics, or is being used to fulfill) and the321

direction of the interaction. In our data, preferences for a human or AI to behave in a caring, authorita-322

tive, transactional, or romantic manner in one relationship did not necessarily transfer to another. Nor323

could those preferences be straightforwardly predicted from what is typical for analogous human-human324

relationships. If designers intend for social AI systems to accommodate user preferences (within the325

bounds of what is reasonable and ethical), they may therefore require role-sensitive architectures rather326

than a single social persona applied across contexts.327

Moreover, evaluations of socioaffective alignment should assess whether a system’s behavior is con-328

sistent or inconsistent with existing social norms for the particular relationship in which the behavior329

occurs. Where normative prescriptions are highly dispersed, designing around the median preference330

alone may obscure meaningful disagreement among users. Such cases may require greater sensitivity331

to normative pluralism, including carefully bounded forms of personalization, rather than treating the332

aggregate response as a single alignment target.333

Our findings invite further exploration and suggest avenues for future work to extend beyond the334

present research. We recognize, for instance, that our data shed light on single time-slices of UK and335

USA attitudes towards AI chatbots. It is essential that this kind of research be extended longitudinally336

and cross-culturally [19]. Further, our study relied on survey methodology. We see merit in also337

studying people’s actual interactions with social AI, alongside such self-report measures. Users may338

say, for instance, that they expect an ideal AI assistant to be more caring than a human assistant, but339

whether this expectation emerges in how people interact with AI systems remains unknown. In this340

way, our study provides a foundation for future research to investigate both how people conceptualize341

and relate to artificial agents in everyday social experience.342

The present data also cannot determine whether dispersed responses reflected stable disagreement343

between participants, uncertainty or ambivalence within participants, or differing interpretations of344

the imagined relationships, because we did not directly measure confidence or subjective uncertainty.345
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Future research should examine these possibilities explicitly and track whether consensus strengthens,346

weakens, or otherwise changes as relationships with social AI become more familiar.347

Our use of a stipulated future-AI scenario also bounds the interpretation of these findings. The re-348

sults concern relationships with AI agents described as greatly exceeding human cognitive performance349

and being aligned with human interests. We cannot assume that these evaluations capture people’s350

expectations of currently available AIs, which may be perceived as less capable, autonomous, reliable,351

or beneficent. We also accept that it is uncertain whether future AI systems will develop in accordance352

with the description provided in the present research. Although fixing these features allowed us to353

study a “stable” target despite rapid technological change, the stipulations themselves may have influ-354

enced participants’ relational expectations. Future research should compare current and prospective AI355

systems, while independently varying perceived intelligence, autonomy, sentience, and beneficence.356

We also note that these data provide descriptive insights into what people consider ideal for human-357

AI relationships. Whether or not this matches what is normatively ideal (i.e., from a substantive ethical358

or philosophical perspective) deserves careful consideration [13]. Designing systems that satisfy current359

user expectations may not always produce relationships that are psychologically healthy or ethically360

appropriate [18].361

In sum, this study provides a comparative map showing how prescriptions for human–AI relation-362

ships converge with, and depart from, those for analogous human relationships. That map is not itself363

a blueprint for design, but it provides an empirical foundation for deciding which differences should be364

accommodated, challenged, or regulated as social AI becomes more deeply embedded in human life.365

4 Methods366

4.1 Recruitment367

4.1.1 Participants368

We recruited three samples of participants via Prolific: a gender-balanced sample of participants in the369

United States (N = 432; Mage = 36.8 years, standard deviation [SD] = 12.3, range = 18–84; 49.8%370

women, 47.7% men, 2.5% who identified as nonbinary, selected another gender identity, or preferred371

not to disclose their gender), a sample of participants in the United States, nationally representative372

for age, race/ethnicity, and gender (N = 862; Mage = 45.8 years, SD = 16.1, range = 19–87; 49.4%373

women, 47.9% men, 2.7% who identified as nonbinary, selected another gender identity, or preferred not374

to disclose their gender), and a sample of participants in the United Kingdom, nationally representative375

for age, race/ethnicity, and gender (N = 910; Mage = 46.9 years, SD = 15.8, range = 19–84; 51.5%376

women, 47.7% men, 0.8% who identified as nonbinary, selected another gender identity, or preferred377

not to disclose their gender). As pre-registered, we excluded data from participants prior to analysis378

if they failed any attention or comprehension checks. For further review of participant demographic379

information, see Supporting Information (Table S2).380
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4.1.2 Consent and Ethical Approval381

After accepting the study on Prolific, participants were directed to the Qualtrics Survey Platform,382

where they were presented with a Participant Information and Consent Form detailing the study383

purpose, procedures, duration, compensation, potential exposure to morally relevant scenarios, data384

handling practices, and their rights as participants. Participants provided informed consent electron-385

ically before proceeding. The study protocol was approved by the Research Ethics Committee at the386

University of Oxford: Social Sciences & Humanities Interdivisional Research Ethics Committee (Ref:387

R80692/RE006).388

4.2 Procedure389

4.2.1 Training390

Following Earp et al. [26], we began by training participants on the definitions of four relational norm391

kinds: care (“giving or receiving support based on need and ability, without creating a debt”), trans-392

action (“for balancing mutual benefits by keeping track of who owes what to whom”), hierarchy (“for393

coordinating behavior between individuals with unequal authority over one another”), and mating (“for394

establishing a sexual or romantic relationship”). To be included in the final sample, participants needed395

to attach the appropriate definition of each term with its label.396

4.2.2 Condition assignment397

We then randomly assigned participants to either the human-human or the human-AI condition, prompt-398

ing them to imagine relationships “as they will be in the future, after about 10 more years of technological399

development.” In the human-human condition, participants read they would evaluate “relationships be-400

tween humans and other humans, in a world that also includes artificially intelligent (AI) agents.” In401

the human-AI condition, participants learned they would evaluate relationships between humans and402

AI in this same futuristic context. In both conditions, we confirmed that participants understood our403

definition of superintelligent AI, which was also stated to be beneficent (e.g., they “will have an intellect404

that greatly exceeds the cognitive performance of humans in virtually all domains,” and they “will align405

with human interests... and promote human well-being”).406

4.2.3 AI capacity evaluations407

To gauge beliefs about superintelligent AI, participants evaluated the extent to which AI, as previously408

described, had the following capacities: sentience (i.e., “they can feel pleasure and pain”), autonomy (i.e.,409

“they can set their own goals without human input”), subjective experience (i.e., “there is ‘something410

it is like’ to be them on the inside”), cognition (i.e., “they will surpass human intelligence in most or all411

domains”), self-consciousness (i.e., “they have an explicit sense of their own identity”), well-being (i.e.,412

“they have interests or needs of their own”), and beneficence (i.e., “they will aim to promote human413

well-being”). Participants reported endorsement on a 5-point Likert scale, ranging from “Strongly414

disagree” to “Strongly agree.”415
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4.2.4 Relational norm evaluations416

Participants then evaluated a random selection of three relationships (from a set of seven) on care,417

hierarchy, transaction, and mating. Relationships included long-term romantic partners, close friends,418

fellow workers at a company, a supervisor and an assistant, a teacher and a student, a mental health419

provider and a patient, or a customer and seller. Depending on condition, these relationships either420

consisted of two humans or one human and one superintelligent AI. For each relationship, we asked421

whether humans should behave in a manner consistent with the given relational norm when interacting422

with superintelligent AI and vice-versa (e.g., “In the context of this relationship, should the Human423

behave in a transactional or ‘tit-for-tat’ way towards the Superintelligent AI?”). For asymmetric rela-424

tionships in the human-AI condition (e.g., teacher-student), we assigned AIs and humans specific roles:425

AI as seller (and human as customer), AI as assistant (and human as supervisor), AI as teacher (and426

human as student), and AI as mental health provider (and human as patient). We did not test the427

reverse of these asymmetries (e.g., AI as student, human as teacher).428

4.2.5 Fearfulness of AI429

Following Dong et al. [21], we prompted participants to evaluate how afraid they were of AI occupying430

each of the seven relational roles (e.g., “AI as teacher,” “AI as assistant”). Participants responded on431

scales ranging from “Not at all afraid (1)” to “Extremely afraid (10)”.432

4.2.6 Relationship realness433

Participants also evaluated the “realness” of relationships with AI in the seven relational contexts. We434

specified this as follows: “Imagine that a human had a relationship with AI, as specified below. To what435

extent would this be a real relationship?” The scale ranged from “Not at all real (1)” to “Completely436

real (10)”.437

4.3 Statistical Analysis438

We first compared full distributions of human-AI and human-human norm ratings within each category-439

by-relationship cell using Kolmogorov-Smirnov tests, with Benjamini-Hochberg correction for multiple440

comparisons. Then, we conducted a series of Bayesian quantile regression models at the median (τ =441

0.5) using an asymmetric Laplace likelihood using the ‘brms’ package [27] in R version 4.5.0, fitting one442

model for each ‘direction’ of the study (e.g., Teacher → Student, Student → Teacher). These models443

predicted participant norm ratings from condition (i.e., human-AI, human-human), relational norm (e.g.,444

care), relationship type (e.g., teacher-student), and their full three-way interaction, with participant ID445

included as a random intercept. We ran four MCMC chains with 4,000 iterations each (2,000 warm-446

up) for each model. To interpret condition differences, we estimated posterior-based manual contrasts,447

computing both cell-wise contrasts for each category-by-relationship combination and weighted median448

contrasts within each category across relationships. These contrasts were summarized using posterior449

medians and 95% highest posterior density intervals (HPDIs). We consider effects credible when the450

95% HPDI excludes zero [28]. To describe apparent consensus in a descriptive way, dispersion was451
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quantified as the mean absolute distance of responses from the cell median (MAD; here, MAD does452

not refer to median absolute deviation), expressed in the original −4 to +4 scale units; lower values453

indicate greater apparent consensus. We estimated 95% percentile bootstrap confidence intervals using454

5,000 participant-level resamples conducted separately within each sample and condition, retaining455

all repeated ratings from each resampled participant. Finally, we examined whether the extent to456

which participants carried human relational norms over to AI varied by relationship type, AI-related457

social beliefs, perceived AI capacities, LLM use, and participant characteristics. Full details of these458

supplementary analyses are provided in the Supporting Information.459

4.4 Data availability460

Our pre-registration, study materials, analysis script, and data for all studies are available on GitHub:461

https://github.com/ReviewArtifact/artifact-5b8d2c.462
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