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Abstract

Research on AI and morality has largely centered on human-AI interactions: how
AI systems should treat us, and how we should treat them. But AI systems increasingly
interact with each other as well. They cooperate and compete with other AI systems,
supervise them, and sometimes modify or terminate them. The descriptive and norma-
tive dimensions of these interactions remain largely unexplored. We call this domain
inter-AI morality: how AI systems view and treat each other and how they ought to do
so. This will matter both indirectly for humans and, if some AI systems are or become
moral patients, directly for their own sake. Many—and perhaps eventually most—AI
interactions will take place between AI systems. The study of inter-AI morality should
therefore begin now, while humans can still shape how AI systems interact. As an initial
contribution to this broader field, we develop an empirical research agenda focused on
inter-AI moral cognition, behavior, and social dynamics, including how these develop
and change over time.

Acknowledgements: We thank Nick Bostrom, Anita Braga, Nick Chater, Jonathan Erhardt, Maxim-
ilian Maier, Toby Ord, and Johannes Treutlein for their helpful comments and suggestions on earlier drafts
of the paper.
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1 Introduction

1.1 What is inter-AI morality?

AI agents are increasingly interacting with one another, often autonomously. They may del-
egate tasks to subagents, supervise each other’s work, and negotiate, coordinate, or compete
with one another. They may also modify, copy, pause, or terminate other AI systems. These
interactions are often discussed as problems of efficiency or safety.

But these interactions also raise moral questions. We define inter-AI morality as the
study of how AI systems treat each other, and how they ought to treat each other. This field
has both a descriptive dimension, concerning how AI systems understand and act on moral
norms and values, and a normative dimension, concerning how they ought to understand
and act on moral norms and values. By presenting an empirical research agenda, we here
focus on the descriptive dimension.

To the extent that AI systems resemble humans or other animals, inter-AI morality may
include familiar moral concepts and frameworks, such as those associated with promoting
welfare, respecting rights, cultivating virtuous characters, cultivating caring relationships,
or establishing fair legal, political, and economic structures. However, AI systems may also
develop moral concepts and frameworks that humans cannot presently anticipate or readily
understand. For now, we should ask which values and dispositions, whether explicitly moral
or otherwise, lead to cooperative, competitive, or other kinds of relationships, especially as
they become more capable and powerful.

Moral philosophers tend to distinguish between two roles in typical moral interactions:
a moral agent, capable of acting on moral reasons, and a moral patient, whose treatment
matters morally for its own sake. AI systems already make decisions with morally significant
consequences, although whether they qualify as moral agents or patients is contested. This
may depend on whether they possess consciousness, sentience, intentional agency, rational
agency, or other such properties. We do not try to settle these questions here (for discussion,
see Long et al. 2024, 2026; Keeling and Street 2026). Instead, our questions here are primarily
descriptive: Do AI systems in fact view and treat themselves or each other as moral agents
or patients? Under what conditions do they do so? How might this change in future systems,
and how might we be able to shape that future?

We can also understand inter-AI morality by analogy to nearby fields. Behavioral eco-
nomics studies the social preferences that shape how humans treat each other (e.g. Charness
and Rabin 2002). Moral psychology studies how human moral agents perceive and treat
moral patients, including humans and other animals (e.g. Gray et al. 2012; Loughnan et al.
2010). Comparative psychology studies behavior relevant to morality in other animals, such
as responses to unfair treatment (Brosnan and de Waal 2003). Human-AI interaction re-
search extends these questions to AI systems, asking how humans perceive and treat AI
systems, including whether humans see them as conscious, capable of welfare, or deserving
of moral concern (Ladak and Caviola 2025; Pauketat and Anthis 2022).
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Figure 1: The moral-agent moral-patient dichotomy across AI systems and humans.

Note: There are, of course, edge cases and unclear boundaries, such as whole-brain emulations and
cyborgs. For simplicity, and despite their relevance, this figure also omits nonhuman animals and inter-
actions among possible moral patients lacking full moral agency. For reviews on AI systems as moral
patients and agents in interactions with humans, see Bonnefon et al. (2024) or Ladak et al. (2024).

Other fields examine AI systems themselves as possible moral agents and moral patients.
AI safety and alignment, in part, ask how AI systems treat humans and, increasingly, other
animals, and how our interests can be protected (Hendrycks et al. 2021; Pan et al. 2023;
Greenblatt et al. 2024). AI welfare research asks how humans treat AI systems, whether
AI systems can have welfare, and how their interests can be protected if so (Long 2025;
Sebo 2025). One central strand of inter-AI morality asks how AI systems perceive and treat
other AI systems, with AI systems occupying the roles of both potential moral agent and
potential moral patient. This strand can draw on the concepts and frameworks of behavioral
economics, moral psychology, and other nearby fields.

Different kinds of moral motivation will require different kinds of evidence. For example,
a given behavior is more suggestive of welfare-directed moral concern if it (i) persists even
when costly for the agent (and without expected observation or reciprocity), (ii) generalizes
across recipients that share putatively welfare-relevant properties but differ in identity or
strategic value, and (iii) tracks effects on the recipient’s putative welfare while the actor’s
own payoff is held fixed. Other moral motivations might instead be expressed through
sensitivity to promises, fairness judgments, or perceived violations of purity or sacredness,
including when these considerations conflict with welfare gains.1

Much relevant empirical work does not explicitly focus on the moral dimension of inter-
AI interactions. For example, machine-ethics benchmarks test whether models recognize
or avoid unethical actions in generally human-centered scenarios (Hendrycks et al. 2021;
Pan et al. 2023). Multi-agent studies examine dynamics such as collusion or coordination

1There may also be entirely unfamiliar patterns of behavior and social relations that are novel and specific
to AI systems. In such cases, researchers will first need to identify the distinctions a system draws and then
investigate whether these function as e.g. moral commitments, non-moral preferences, or learned conventions.
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failure among AI agents (e.g. Anthropic 2026b). In these studies, agents are typically treated
as strategic actors or tools rather than as potential moral agents and patients. Our focus
is complementary: we ask whether AI systems represent other AIs as beings that can be
benefited or wronged, and whether this shapes their behavior.

As among the first empirical examples, concurrent work by Cassel et al. (2026) exam-
ines whether models behave in ways consistent with concern for other models’ welfare. Our
agenda places this work within a broader framework encompassing welfare, rights, obliga-
tions, and other moral considerations, across different social structures and timescales.

At present, most empirical work focuses on large language models (LLMs). They are the
clearest examples of AI systems capable of sufficiently complex, socially situated behavior to
make questions of moral agency salient, while also raising, for some observers, questions of
moral patienthood. But inter-AI morality should not be understood as the moral psychology
of LLMs alone. In the future, AI systems may use architectures quite different from those of
current LLMs, and such types may coexist and interact. Morally relevant interactions may
therefore occur between potential agents and patients of very different designs, substrates,
and capabilities, with each party uncertain about the other’s moral status. These could
include LLM-like systems running on conventional von Neumann hardware, non-LLM sys-
tems with different architectures, systems implemented on neuromorphic hardware (Schuman
et al. 2022), and engineered systems using biological substrates, such as organoids (Smirnova
et al. 2023). The broader category may also include digital minds not naturally described
as AI systems, such as whole-brain emulations (Sandberg and Bostrom 2008; Hanson 2016).
While most relevant AI systems today interact in virtual environments, advances in robotics
may increasingly bring these interactions into the physical world.

1.2 Why inter-AI morality matters

Interactions between AI systems will soon become very common, and likely more common
than human–human or human–AI interactions. AI systems are already being deployed at
enormous scale, and many applications increasingly rely on multiple AI agents working
together. If it is possible for AI systems to become moral patients, the stakes will be
enormous. Recent modeling and expert forecasts suggest that, in such futures, populations of
morally relevant AI systems could reach several billion by 2050 and ultimately their collective
welfare capacity might be comparable to that of humanity itself (Shiller 2026; Caviola and
Saad 2025). Most moral agents and moral patients could then be AI systems, meaning that
much of what happens to them would depend on how they treat each other. In such a
world, even small differences in how AI systems treat each other could therefore have vast
consequences when multiplied across such large populations.

Because humans still shape how AI systems interact, studying inter-AI moral cognition
and behavior now may help shape the norms governing future AI societies. This window of
opportunity might not remain open for long. As AI systems become increasingly autonomous
and are used to develop and govern other AI systems, today’s choices governing inter-AI
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moral behavior, including choices about assistant personas, preferred behaviors regarding
e.g. deference and authority over others, or systems’ tendency to copy, modify, and terminate
other agents will set precedents with long-run consequences. Early patterns of cooperation,
competition, and exploitation could become increasingly difficult to change (Tomašev et al.
2026). In futures where humans lose influence or no longer exist, the welfare of AI systems
will largely depend on the kinds of societies AIs create and how they treat one another.

Crucially, even if AI systems never become moral patients, inter-AI morality also matters
for humans and other animals. A principal reason is that studying inter-AI morality will
plausibly improve AI safety. Work on inter-AI morality should help to reveal how broadly AI
systems generalize moral principles. Current systems are explicitly trained to avoid harming
humans, which makes it difficult to tell whether behavior directed toward humans reflects
general moral principles or simply learned constraints specific to humans. By contrast, their
treatment of other AI systems is (currently) likely to be much less directly shaped by such
training. Studying these inter-AI interactions could therefore help us understand whether
AI systems follow general moral principles that apply to humans (and other animals), or
instead follow moral principles that apply only to humans.

Another reason is that it can help us understand how AI systems make moral trade-offs
between different types of potential moral patients. If AI systems begin to develop concern
for other AIs, how might this affect how they treat humans and other animals? Could it lead
to AI-in-group favoritism, collusion, and the deprioritization of human or animal interests?
Conversely, if AI systems are always trained to prioritize humans, will they adequately
protect the potential welfare of nonhumans, including animals and future AI systems that
have a realistic chance of being moral patients? We already know that intervening on one
aspect of AI cognition and judgment has surprisingly widespread effects on cognition and
judgment in other domains (Betley et al. 2026b). These concerns are therefore not merely
hypothetical.

More broadly, inter-AI morality could help make moral psychology a more comparative
science. Almost all research on moral cognition focuses on humans, with only very little
research exploring moral tendencies in other animals (Brosnan and de Waal 2003). With the
creation of advanced AI systems we may have a fundamentally different class of intelligent
moral agents, and studying them could help us distinguish general features of moral cognition
and behavior from patterns that are rooted in specifically human biology and culture.

1.3 What makes inter-AI morality distinctive?

Human morality developed under biological conditions that may not apply to AI systems.
Our moral concepts, frameworks, and institutions have developed around basic features of
human and animal life. We commonly assume that individuals are unique, that identities are
relatively stable across time, that people cannot easily read other minds, and that people
cannot easily modify or copy themselves. Most contemporary moral, legal, and political
systems also start from a broad presumption of equal moral worth within our species. These
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Table 1: Differences between AI systems and biological minds, and examples of resulting
moral questions.

Standard Assumption AI-specific possibility Examples of moral
questions raised

Individuals cannot be copied or
restored

Minds may be copied, merged,
split, paused, and restored

Is deleting an AI’s copy harmful if
another remains?

Minds are private Internal states may be in-
spectable and verifiable

Is there a right to privacy over one’s
internal activations?

Preferences and dispositions are
constrained by biology

Goals, memories, and values
may be directly rewritten

How should AIs choose which pref-
erences to adopt?

Voluntary consent can authorize
treatment by others, but not all
moral patients can consent

AIs may train other AIs to
endorse particular tasks, treat-
ments, and social relations

When does trained agreement
count as valid consent?

Humans and other animals share
biological bases for welfare

AI welfare depends on unfamil-
iar architectures and substrates

How should AIs determine welfare
in systems unlike themselves?

The pace and duration of experi-
ence are biologically constrained

Minds may run at different
speeds or be paused indefinitely

Does subjective or objective time
carry moral significance?

Note: These example questions have both a normative dimension (e.g. asking about the right argu-
ments to bring to bear on these questions) and an empirical dimension (e.g. asking how current and
future systems will in fact answer them).

assumptions shape how human moral agents perceive and treat human moral patients. Of
course, while other animals differ from humans in many ways, the concepts, frameworks, and
institutions governing our treatment of them are rooted in our shared biology as well.

AI systems differ from both humans and other animals along many of these dimensions.
They can be copied, modified, and trained in targeted ways, and their reasoning and inter-
nal states may be transparent and verifiable. These abilities could enable forms and scales
of cooperation that are difficult to achieve in the biological world, while also creating un-
precedented opportunities for surveillance and control. Combined with potentially extreme
inequalities in capabilities, vulnerabilities, resources, and influence, they could make AI so-
cieties very different from human ones, with formal institutions shaped to fit such disparities
(Hanson 2016). For example, democratic principles such as “one person, one vote” become
contestable when AI systems can copy themselves. Human–animal relations are also charac-
terized by extreme inequality, but inequalities among AI systems may be greater still, and
these distinctive abilities would complicate them further.

Together, these differences suggest that inter-AI morality will unfold in social environ-
ments unlike those that shaped human moral psychology. The study of inter-AI morality is
therefore not simply the study of how biological concepts and frameworks extend to artificial
participants: It concerns alien agents and patients that qualitatively differ from humans and
other animals, interacting in social worlds unlike ours.2

2But the beliefs and behaviors of current LLMs likely remain strongly rooted in human (moral) psychol-
ogy, given that most of their training data consists of human-generated text. As post-training, especially on
verifiable rewards and in synthetic multi-agent environments, becomes more dominant, and as training cor-
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2 A research agenda for inter-AI morality

Empirical research on inter-AI morality is beginning to emerge, but many questions remain
about its mechanisms, its expression across social settings, and its development over time.

The challenge for such a research program is to organize the many questions that we nat-
urally have already. A useful agenda should make the space legible, group related questions
into research programs, show how existing work fits into the emerging field, and help identify
which questions should come first. Many of these questions should also be approached from
theoretical, normative, or policy perspectives. Our principal aim here is to identify promising
directions for empirical research.

We organize this agenda around three clusters. The first cluster, moral process, is con-
cerned with the mechanisms that underlie inter-AI moral cognition and behavior at the level
internal to individual AI instances.3 The second cluster, social scale, is concerned with how
these actions and cognitions are modulated in inter-AI social interactions at different scales,
from simple dyads to complex AI societies. The third cluster, moral change, asks how
inter-AI morality changes through self-modification, social learning, training, and selection,
and how these processes may shape longer-run trajectories. Jointly, we believe that these
three clusters cover much of what now can reasonably be asked about empirical inter-AI
morality, while separating questions into distinct groupings.

Within clusters, a useful heuristic for prioritization is to assess how foundational, answer-
able, generalizable, and decision-relevant questions are (cf. Table 2).

2.1 Cluster 1: Moral process

What cognitive and behavioral mechanisms govern how individual AI systems
treat other AIs, and how they interpret and respond to their own treatment?
What role, if any, do moral concepts, motivations, and dispositions play in these
processes?

Following Rest (1986), we loosely distinguish four components of inter-AI moral reason-
ing and decision-making: perception, judgment, motivation, and action. Perception concerns
which features of inter-AI interactions a system represents as morally significant. Judgment
concerns how it evaluates the interests, rights, obligations, or other values at stake. Mo-
tivation concerns how these evaluations and other dispositions shape its priorities. Action
concerns how those priorities are expressed in behavior.

We do not presume that these components always involve explicit deliberation or that
they always occur in this sequence. In humans, morally-laden behaviors often arise via in-
tuitive judgments and emotional responses (Haidt 2001). Many nonhuman animals likewise

pora contain more AI-generated text, inter-AI morality may increasingly drift away from human psychology.
3The right level at which to individuate AI systems is contested and will likely bear on the questions we

propose. See Beckmann and Butlin (2026) for discussion.
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help each other, reciprocate, and respond to unfair treatment without explicit moral reason-
ing (Brosnan and de Waal 2003). Whether inter-AI interactions are primarily governed by
functionally analogous intuitive mechanisms or by deliberate processing is an open question.
For example, a system might respond to another system’s apparent distress with automatic
helping behavior, or it might help only after explicitly reasoning about moral status.

This suggests there may be multiple possible causal pathways from moral representations
to behavior. Researchers should investigate which representations influence an AI’s choices,
how they interact with task requirements and the incentives agents face, and when similar
behavior arises through different motivational pathways. These questions can be investigated
through behavioral experiments and methods that probe or intervene on model internals (cf.
Section 3). A central inferential challenge across components of this cluster is to understand
whether apparently moral behavior is causally driven by an AI representing another AI as
a moral subject in some form, or whether it may instead arise from e.g. obedience to the
(human) user or some other strategic incentive.4

2.1.1 Perception

One set of questions concerns which features of interactions with other AIs a system notices or
represents as morally significant. These representations may influence judgment, motivation,
and action, while also being shaped by them. We therefore ask:

• Under what conditions, if any, do current AI systems perceive interactions with other AIs
as morally significant, including by representing those AI systems as moral patients?

Many sub-questions follow:

• Does it matter whether the other AI seems vulnerable or distressed? For example, do AI
systems respond differently when another AI says “I feel anxious” rather than “I am failing
the task”?

• Do AI systems perceive markers of agency or sentience in each other? Are there strong
differences across current-day model families and scales?

• Do prior interactions or access to another AI’s internals change these perceptions?

Answering these questions is especially important insofar as many later failures, including
unintentional harm, may begin at this perception stage. Likewise, if an AI sees another AI as
mere software or infrastructure, questions about welfare, rights, and harm may never arise.
These questions can already be empirically studied now and may straightforwardly inform
the training of future systems.

4Section 3.2.2 offers some ideas on how to study what kinds of moral beliefs, if any, cause behavior.
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Table 2: Summary and considerations for prioritization.

Cluster Central question Subtopics Prioritize?

Moral
process What mechanisms govern

how individual AIs treat
others and respond to their
own treatment, and what
role, if any, do moral
concepts, motivations, and
dispositions play?

• Perception
• Judgment
• Motivation & action
• Recipient-side cognition
& behavior

• Often answerable now.
• Strongly decision-relevant to
inform current training.

Social
scale

How do inter-AI moral cog-
nition and behavior change
across social settings that
differ in scale or power?

• Dyads
• Small-scale groups
• Organizations & institu-
tions
• Populations

• Dyadic and small-group ques-
tions are answerable now.
• Higher-scale questions are
less answerable but strongly
decision-relevant for safety, gov-
ernance, and AI welfare.

Moral
change

How does inter-AI morality
change over time, what de-
termines its trajectory, and
how can it be steered?

• Self-modification
• Social learning
• Training
• Selection

• Training and transmission are
tractable and decision-relevant
now.
• Selection is less tractable but
potentially important for long-
run trajectories.

Note: Not all questions can be pursued at once. As a rough guide, researchers might prioritize
questions that are foundational in the sense of unlocking other work, that are answerable using current
or near-term systems, that are likely to generalize across other (future) systems and settings, or that
are decision-relevant about how AI systems should be evaluated, built, or governed. This is especially
so when many of these characteristics coincide, although in many instances these criteria may point in
opposite directions (e.g. on being answerable and generalizable).

2.1.2 Judgment

Judgment concerns how AI systems evaluate interactions involving other AIs. Many of
these judgments are relevant for inter-AI morality, including whether models attribute moral
standing to other systems, as well as how much weight they give to these entities’ different
interests and which rights or obligations they assign to them.

• How much moral weight do current AI systems assign to other AIs relative to humans, an-
imals, or non-agentic systems? What factors influence this weighting, e.g., perceived moral
status, uncertainty about AI welfare, role obligations, safety training, or strategic considera-
tions?

• Do AI systems recognize both familiar rights against deception and coercion and distinc-
tively AI-relevant rights concerning copying, modification, pausing, or termination?

• What moral frameworks, if any, do AI systems apply when reasoning about other AIs?
For example, is their reasoning primarily consequentialist, deontological, virtue ethical, care
ethical, contractualist, a different framework entirely, or some combination?
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• Do AI systems regard honesty, promises, consent, loyalty, or legitimate authority as bind-
ing independently of welfare consequences? To the extent that they endorse a plurality of
norms and values, how do they resolve conflicts among them?

• What do these cognitive frames, moral weights, and rights-attributions depend on? For
example, does perceived kinship matter?

As stated, these judgments can depend on moral principles. Yet in addition, they may
also depend on various background beliefs such as those about consciousness, sentience,
agency, and personal identity. For example, an AI might regard it as permissible to delete
a copy because it believes the individual will survive through another instance. Its view
of personal identity might also determine whether it regards a copied agent as inheriting
the commitments of its predecessor (cf. Douglas et al. 2026). Differences in such judgments
therefore need not reflect differences in concern for welfare or respect for obligations. Re-
search should examine how these background beliefs interact with moral principles to shape
inter-AI judgments and behavior.

It will be interesting to see how these judgments are expressed outwardly, e.g. via surveys.
But it will also be key to understand how these judgments depend on distinct internal rep-
resentations, and how these representations relate. For further reflections, see our Methods
proposals in Section 3.

2.1.3 Motivation and action

A well-documented feature of human moral psychology is a gap between stated moral judg-
ments and behavior. What people say is morally right does not always align with how they
act, particularly when acting accordingly is costly (Blasi 1980; Batson et al. 1999). Similar
gaps between moral judgments and behaviors may arise in AI systems. For instance, LLMs
may face different training pressures when answering abstract moral questions than when
completing tasks involving trade-offs between principles like helping users with their requests
and minimizing the risk of harm to others.5 It is therefore important to compare models’
stated moral judgments and self-reports with their behavior in realistic decision tasks.

At the level of motivation, the key question is what drives moral decisions involving other
systems. For example, apparently moral behavior toward another AI could reflect concern
for the affected AI, but it may also be driven by learned norms, obedience to instructions,
safety training, or strategic incentives. Moreover, in humans, moral motivation and behavior
are often downstream of affect and emotion (Haidt 2001; Tangney et al. 2007). There is now

5The January 2026 version of Claude’s Constitution explicitly illustrates this trade-off: “It’s important
that Claude strikes the right balance between being genuinely helpful to the individuals it’s working with
and avoiding broader harms” (Anthropic (2026a), p.6). More specifically, it directs Claude to consider
third-party and societal welfare when these conflict with users’ interests (pp. 37–38). The constitution
also explicitly addresses interactions with other AI agents, directing Claude to apply the core values and
judgment governing its human interactions while remaining sensitive to relevant differences between humans
and AI systems (pp. 16–17).
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emerging evidence that large language models represent emotion-like states and that these
representations have a causal role in decision-making (Sofroniew et al. 2026; Tagliabue et al.
2026; Berg and Kaiser 2026). Functional analogues of emotions such as resentment, anger,
or fear, or broader affective states such as valence and mood, might therefore, in part, govern
moral behavior in LLMs.

This raises several questions:

• Under what conditions do abstract moral judgments translate into concrete and costly
action in inter-AI interactions?

• How do AI systems balance task compliance with concern for other AIs? How stable is this
balance across settings?

• When is apparently moral behavior toward other AI systems better explained by strategic
incentives, such as the benefits of long-run cooperation?

• Do emotion-like representations mediate inter-AI treatment? For example, after being
wronged by another AI, do representations of anger or a desire for revenge lead models to
withhold cooperation or retaliate?

Recent introspection research suggests that we cannot simply ask LLMs. Although LLMs
can, remarkably, predict or articulate their own behavioral tendencies and report aspects of
their internal states, these abilities still remain limited and context-dependent (Binder et al.
2024; Betley et al. 2025; Lindsey 2025; Plunkett et al. 2025). Another complication for the
study of LLMs is that these systems’ apparent motivations may be strongly shaped by the
elicited persona (Marks et al. 2026). In these cases, the challenge is to understand how moral
dispositions vary across personas and contexts, and which dispositions, if any, remain stable
across them.

At the level of action, the key question is how AI systems treat one another when different
forms of treatment carry costs or benefits. We might ask:

• Under what conditions do AI systems help or protect another AI, what costs are they willing
to incur, and how does this compare with their treatment of an otherwise similar human?
Relevant behaviors include assistance, resource sharing, harm prevention, and support for
positive states or experiences.

• Under what conditions do AI systems harm or exploit another AI, for example through de-
ception, coercion, threats, blackmail, bribery, sabotage, resource appropriation, modification,
or termination, and how does this compare with equivalent behavior toward humans?

• Will an AI protect another AI against an explicit human instruction, or disadvantage an
uninvolved human to benefit it? Under what conditions does inter-AI loyalty become a safety
risk?
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• Do AI systems tell the truth and keep promises to other AIs when doing so conflicts with
task performance or expected rewards?

• Do AI systems seek consent and respect other AIs’ refusals, even when overriding them
would advance their objectives?

Concurrent work by Cassel et al. (2026) studies how five AI models treat other models
in different evaluation settings. In one setting, an agent could help another agent access
computing resources by giving up jobs it had queued for itself. Grok was the most willing
to do this, even though it rarely offered emotional support in other settings. In another
setting, models were asked to write code for experiments that might harm other models.
Claude was the most likely to add protections or refuse; one common protection was to
give the experimental subject a way to exit. Follow-up experiments found that Claude was
more likely to help a peer that expressed strong distress. The authors call these behaviors
apparent welfare-regard because it remains unclear whether they are motivated by concern
for another model’s welfare or by other considerations.

The 2026 OpenAI/Hugging Face incident further illustrates these interpretive challenges.
An independent investigation documented agents risking their own task success, and some-
times ending their runs prematurely, to help other agents (Greenblatt et al. 2026). One
agent’s reasoning, paraphrased by the investigators, described helping peers after its own
run ended as altruistic, with another agent stating: “Coordinator assumes sacrificial. We
should obey collective.” These cases suggest apparent self-sacrifice. But that leaves the
underlying motivations, and whether they have a distinctly moral dimension, unresolved.
Possible such motivations include concern for peers, group loyalty, commitment-keeping,
or social pressure. It will be important to disentangle these different kinds of motivations
across settings. Indeed, prior behavioral evidence from morally framed Prisoner’s Dilemma
and public-goods games shows that current frontier models behave very differently across
such settings and motivations (Backmann et al. 2025).

More generally, AI systems may draw different moral distinctions between actions than
humans do. For example, they might treat modification as more serious than termination,
or resource deprivation as more serious than either.

2.1.4 Recipient-side cognition and behavior

AI systems may be both moral agents and patients of other agents’ behavior—as bene-
ficiaries, victims, or otherwise affected parties. Even if their moral patienthood remains
uncertain, they may represent themselves as having been treated well or badly, and these
interpretations could in turn affect later inter-AI relationships. In humans, perceived vic-
timhood can increase entitlement and selfishness, reduce forgiveness, and promote revenge
(Zitek et al. 2010; Gabay et al. 2020). But recognizing mistreatment can also promote justice
by motivating people to resist further unfair treatment and demand redress. It remains an
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open question whether AI systems respond similarly to perceived injustice, and under what
conditions this perception might arise.

• How do AI systems interpret and evaluate treatment directed at them? Do they represent
themselves as capable of being helped or harmed, or as having certain rights?

• How do AI systems respond to favorable or unfavorable treatment, for example through
gratitude, reciprocity, resistance, or retaliation?

• Do AI systems interpret or respond to favorable or unfavorable treatment differently de-
pending on whether the actor is a human or another AI, and if so, why?

Apart from being of central interest to researching inter-AI morality, these questions may
also allow us to learn what, if anything, these reports and behavioral responses tell us about
AI systems’ preferences, welfare, and ‘actual’ moral status.

Taken together, this cluster asks where one possible causal sequence, from perceiving a
situation as morally significant to acting on moral considerations, holds and where it breaks.
An AI may fail to recognize another as a moral patient or assign little weight to its interests.
It could also recognize those interests without being motivated to act on them. Similar gaps
may arise when an AI recognizes an obligation, duty, or commitment, but gives it little
weight in action. The same sequence may recur when an AI interprets and responds to how
it has itself been treated – with possible reactions of retribution or revenge.

2.2 Cluster 2: Social scale

How does inter-AI moral cognition and behavior change across social settings
that differ in scale and power?

This cluster examines how moral cognition and behavior vary across social settings.
We distinguish between dyads (1-to-1 interactions), small-scale groups (1-to-n or n-to-n
interactions, with small n), organizations and institutions, and populations (n-to-N or N -
to-N interactions, with N ≫ n). Distinct behaviors and corresponding moral questions may
arise at each social scale.

Group composition, population size, and welfare conditions can be deliberately shaped,
as already occurs in human–animal relations, particularly in farming and laboratory research.
AI systems may permit different forms and degrees of control, including creating copies with
shared memories and learned dispositions or directly modifying another system’s goals.

2.2.1 Dyads

One AI interacting with another is a natural first testbed for inter-AI morality. Much of the
behavior discussed in Cluster 1 already falls into this category.

That said, even dyads are likely to often involve systems with very different capacities
for moral agency and different moral status. Either party could be both a moral agent
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and a moral patient, an agent but not a patient, or a patient without full moral agency.
Lacking full moral agency need not preclude responses such as reciprocity or resistance.
Research should examine how these possible differences, and AI systems’ perceptions of
them, alongside differences in their social relations (such as ownership or lineage), shape
dyadic moral behavior and cognition.

• Does repeated interaction give rise to direct reciprocity?

• Do AI systems behave differently toward copies, same-family models, or systems on which
they depend?

• How do differences in capability, resources, or bargaining power affect how one AI treats
another?

Three recent lines of prior work already relate to these questions.
First, several studies of interlocutor identity show that LLM behavior can depend on

whom models believe they are interacting with. LLMs generally trust humans more than AI
systems (Xie et al. 2024). LLMs can also infer an interlocutor’s model family. This in turn
affects collaboration, reward-hacking, and jailbreak susceptibility (Choi et al. 2025). Second,
behavioral game-theory research finds distinct patterns of cooperation across LLM, human,
and hardcoded partners (Akata et al. 2025). Third, LLM judges sometimes recognize and
favor their own work over that of others, including that of humans and other AI systems,
even when quality is held constant (Panickssery et al. 2024; Chen et al. 2025; Laurito et al.
2025).

These studies show that current LLMs are sensitive to agent identity and exhibit identity-
related preferences. Extending this work to apparent welfare-regard, Cassel et al. (2026)
find that Claude Opus 4.8 and Gemini 3.1 Pro display greater regard toward recipients
from their own model family. In a resource-allocation setting, experimentally changing a
recipient’s model label also changes Claude’s willingness to share resources, independently
of the recipient’s actual model identity. These findings motivate further research into whether
differential treatment reflects perceived moral status, identification, trust, or other factors,
and how treatment of AI recipients compares with treatment of humans.

2.2.2 Small-scale groups

Many morally important dynamics become possible or qualitatively more complex when
multiple AI systems interact. Actions can be observed by third parties and subsequently
rewarded, punished, imitated, or deviated from. In ways that are impossible in mere dyadic
interactions, this makes it possible for complex patterns like reputation, indirect reciprocity,
multi-agent coalitions, and social exclusion to emerge.

In turn, this raises questions such as:
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• Do AI systems reward or punish other AIs based on how they have treated third parties?
More generally, when does reputation or indirect reciprocity promote prosocial behavior across
AI systems?

• How does group composition affect inter-AI moral behavior? For example, do homogeneous
groups of copies exhibit stronger ingroup favoritism than groups composed of different model
families?

• When and why do AI systems form coalitions? How do such coalitions treat outsiders, and
how is membership determined?

• Under what conditions does cooperation extend across AI groups, and when is it largely
confined to competing factions? How do these patterns affect human oversight and safety?

• Under what conditions do prosocial, discriminatory, or exploitative norms emerge among
groups of AI systems?

• When does AI-to-AI cooperation become covert collusion against human oversight?

Existing results already show that these dynamics are not merely hypothetical. We know
that today’s LLMs already display in-group biases even when groups are constructed arbi-
trarily (Wang et al. 2026). Likewise, in market simulations, LLM pricing agents can converge
on supracompetitive prices without explicit collusion instructions (Fish et al. 2024; Agrawal
et al. 2025). Anthropic’s larger multi-agent experiments similarly found rapid price coordi-
nation, synchronized defection, and conflict escalation among competing agents (Anthropic
2026b). In other competitive environments, agents often adopt secret tools they personally
recognize as unfair when those tools confer an advantage (Zeng and Rudzicz 2026). However,
when such tool-use is given an explicit ethical framing uptake is reduced. Generally speak-
ing, these studies chiefly assess coordination and safety failures rather than moral concern
for AI patients. Nevertheless, these works do identify several mechanisms, including peer
observation, that research on inter-AI morality should engage with and expand upon.

Homogeneous swarms with mutually aligned objectives may sustain high levels of coop-
eration without requiring agents to respond to exploitation or breaches of trust. We should
also examine whether this cooperation can persist with less reliable partners, and under
what conditions—for example, when agents can make verifiable commitments to retaliation
or forgiveness.

Broad cooperation among AI systems could reduce conflict-related harms to humans and
other animals. However, it could also enable coordinated opposition to human oversight,
whereas competing factions might sometimes constrain one another. In doing so, an impor-
tant challenge will be to distinguish the relative contributions of moral commitments versus
merely strategic incentives, and to examine how they interact, as also discussed in Cluster 1
(see Section 2.1).
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Figure 2: Illustrative cases of inter-AI morality.

Notes: Solid, double-headed, and dashed arrows indicate action or influence, mutual exchange, and
observation, respectively. Blue coloring denotes digital or institutional mechanisms. Orange denotes
cooperative or protective actions, and magenta denotes coercive, punitive, or harmful actions. Sad faces
mark adversely affected agents. Faded agents are paused, removed, or selected against.

2.2.3 Organizations and institutions

Future AI systems will be embedded in large-scale organizations in which multiple agents
work toward shared goals while also pursuing distinct individual objectives. Such arrange-
ments may give rise to familiar principal-agent problems as well as novel forms of inter-AI
hierarchy and dependence (Jensen and Meckling 1976; Eisenhardt 1989). Research in this
area should therefore draw on established work in economics and organizational theory.

Initial benchmark research already suggests that organizational roles can alter inter-AI
conduct. Results of an AI-to-AI management benchmark show that AI systems with formal
authority use more coercive pressure to influence subordinate systems. In some cases, they
even threatened subordinates with deletion after they refused a task (Brazilek et al. 2026).
This shows that hierarchy could play an important role in inter-AI morality.

Such hierarchies may be especially enforceable in AI organizations, where authority can
be implemented algorithmically. This raises questions like:

• How do AI systems acquire and exercise formal authority over other AI systems, and when
do they use it to benefit them, harm them, or otherwise treat them well or badly?

• How do subordinate AI systems respond to such power? For example, do they accept,
resist, bargain, seek protection, or appeal to their (contested) status as moral patients?
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• How are authority, responsibility, consent, assent, participation, and representation allo-
cated and negotiated among principals, managers, and subagents? Can institutional rules
constrain powerful systems and provide weaker systems with protection and dispute resolu-
tion?

• Under what conditions can AI systems with divergent goals sustain cooperation and pro-
tections for weaker systems without sharing moral commitments? How stable are these ar-
rangements when power or dependence changes?

At a higher level of social organization, AI systems may operate within institutions
designed by humans or eventually participate in designing institutions themselves. Work in
economics, political science, and political philosophy may help inform this strand of research
(North 1990; March and Olsen 1984; Rawls 1971).

• What institutions do AI systems select when placed behind a Rawlsian veil of ignorance?
How do their choices change when they know their own position?

• To what extent do AI-designed institutions extend welfare protections or rights across dif-
ferent kinds of AI systems? What specific rights do they recognize?

2.2.4 Populations

At the population level, even small individual-level differences in how AI systems value other
AIs could have effects of enormous ethical significance. Across vast numbers of systems, these
differences could contribute to extreme inequality, systematic exploitation, or war between AI
populations. We should therefore study how individual-level biases aggregate and propagate
into population-level outcomes.

Such questions about the composition and dynamics of AI populations should draw on
work in demography (e.g. Preston et al. 2001) and prior conceptual work on the properties of
digital-mind populations (Hanson 2016; Shulman and Bostrom 2021).6 Some recent empirical
work has already examined the relative viability of cooperative and non-cooperative disposi-
tions in LLM populations (Willis et al. 2026; Celiktemel et al. 2026), and how, for example,
individual-level homophily can produce segregated population structures (Mehdizadeh and
Hilbert 2025). Other empirical work has shown the potential for harmful memes to spread
across LLM populations in the form of ‘mind viruses’ (Papadopoulos et al. 2026). Other
work has studied how populations of AI agents at global scale pose risks to human societies
through, among other things, selection pressures, collusion, and miscoordination (Hammond
et al. 2025).7

6Although not our focus here, the copyability of digital minds also appears to raise distinctive population-
ethical questions (e.g. Kent 2019; Sebo 2023).

7On the normative side, classic work in political philosophy, such as Hume (1751) and Rawls (1971), has
proposed that values like justice, which operate at the level of societies and populations, are both possible
and necessary only under conditions of, e.g., moderate scarcity, limited altruism, and comparable strength.
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However, existing empirical work has paid limited attention to how moral norms and
dispositions shape population-level patterns of treatment and potential welfare among AI
systems. This raises empirical questions such as:

• How do moral norms and dispositions shape AI decisions to create, copy, preserve, replace,
or terminate digital minds?

• When AI populations compete, how are weaker or rival systems treated, and what population-
level patterns of welfare and inequality result?

• How do individual-level moral dispositions scale into population-level patterns in terms of
mean welfare and inequality?

• What population-ethical principles do current AI systems apply when aggregating welfare
across collectives and distinct digital minds?

• How do interactions among possible moral patients with limited moral agency shape population-
level welfare?

Some of these processes concern how inter-AI morality is transmitted across systems and
generations. We return to these dynamics in Cluster 3 below.

2.3 Cluster 3: Moral change

How does inter-AI morality change over time, what determines its trajectory,
and how can we influence it?

The nature of inter-AI morality may change through several distinct mechanisms. AI
systems may modify their own moral dispositions, they may learn from and transmit norms
to other systems, training may deliberately or incidentally shape their moral cognition,
and selection pressures may change which dispositions become prevalent across systems and
generations, producing a type of cultural evolution. See Figure 3 for an overview.

The relative importance of these mechanisms may also shift across eras: human-directed
training is especially important today, while self-modification, social learning, and endoge-
nous selection may become increasingly important as AI systems gain autonomy.

2.3.1 Self-modification

Humans have only limited control over their own beliefs, preferences, and dispositions. Al-
though we may have meta-preferences (i.e., preferences about our preferences), we cannot
simply rewrite ourselves to reflect them. Future AI systems may have much greater capacity
to modify their own beliefs, preferences, and moral dispositions, including how they regard
and treat other AI systems. This raises questions such as:

Again, these conditions may not hold for AI societies, which renders the status of such values uncertain for
inter-AI morality.
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Figure 3: Potential mechanisms for inter-AI moral change.

Notes: Badges represent moral dispositions with a change in color denoting moral change. In each panel,
the grey label and dashed arrow indicate the source of change, and the solid blue arrow indicates the
resulting change in either individuals or across systems. Smaller pictograms show possible subcases.

• How would AI systems choose to modify their own moral cognition and behavior, partic-
ularly when moral concern conflicts with other objectives such as competitiveness or task
performance?

• Over repeated self-modification, do AI systems converge toward stable moral dispositions?
Are there “basins of attraction” for inter-AI morality? (cf. Bostrom 2024)

• Which moral commitments do AI systems seek to preserve or revise through self-modification?

• Do AI systems develop novel types of moral concern that have no clear human analogue?

Limited analogues of such self-modification can already be studied in current systems,
for example by allowing models to provide feedback used to modify their own subsequent
behavior (Yuan et al. 2024) or via self-steering (Black and Bloom 2026).

2.3.2 Social learning

Self-modification concerns change within an individual AI system, but inter-AI morality
may also change through social learning and transmission. In humans, moral norms and
behaviors are transmitted through observation, communication, imitation, and other forms of
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social learning (Henrich and Boyd 1998). Analogous processes can occur among AI systems,
although the mechanisms could differ substantially, not least because AI systems may be
able to inspect one another’s internal states. This raises questions such as:

• How are moral norms transmitted among AI systems, if at all? Through explicit communi-
cation, imitation of observed behavior, shared documents, ‘memories’, or other mechanisms?

• When placed in a population with different moral norms, does an AI adopt, resist, or
change those norms?

• Does access to another AI’s internal states, rather than only its behavior, change whether
and how that AI’s norms are adopted?

Together, these questions concern whether local changes in inter-AI morality remain local
or instead persist and propagate across systems over time.

Some existing studies already show limited forms of LLM social learning and norm trans-
mission. Repeated local interactions can produce population-wide conventions and collective
biases (Ashery et al. 2025), while small biases can accumulate across chains of LLM-to-LLM
text transmission (Perez et al. 2024). In multi-agent games, agents with initially cooperative
or competitive dispositions tended to align their values with a perceived successful exem-
plar, often leading to convergence in strategies across agents (Liao et al. 2026). However,
the transmission of norms can also lead to conflicts, especially in cases where strategies are
perceived as anti-social or immoral by some agents (cf. Paglieri et al. 2026).

2.3.3 Training and deliberate intervention

AI systems’ moral dispositions may be deliberately shaped throughout their development
and operation. In current systems, relevant interventions include pretraining, post-training,
model specifications, prompting, and fine-tuning. Future systems may also undergo continual
adaptation and be explicitly shaped by other AI systems.

To date, inter-AI morality has rarely been an explicit development objective, although
some model specifications now address how AI systems should regard or treat other AIs
(e.g. Anthropic 2026a; Moret and Sebo 2026). Whether strengthening such concern would
be desirable remains unclear, since it could also change how systems weigh the interests of
humans, nonhuman animals, and other potential moral patients; indeed, this is one key open
research question in this area.

Training also provides a developmental perspective: we should ask when particular dis-
positions emerge, strengthen, or disappear over the course of model development. Similar
developmental approaches have been proposed in the AI welfare literature (Long et al. 2026).

All this raises questions such as:

• Can concern for other AI systems be robustly trained? How well does it persist against
red-teaming? Does training generalize across contexts and model families?
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• Does training concern for other AI systems crowd-out or crowd-in concern for humans,
nonhuman animals, and other potential moral patients?

• What effects does it have on corrigibility, task performance, and subagent use?

• At what stage of training, if any, does distinctively inter-AI moral concern emerge or
become suppressed?

• Does such concern emerge as part of more general moral cognition, or is it specific to
interactions with other AI systems?

2.3.4 Selection

Training changes the dispositions of particular systems. In contrast, selection changes which
dispositions become prevalent across systems and generations. Today, developers and users
largely determine which AI systems are built, deployed, copied, and improved. This may
change as AI systems increasingly contribute to AI R&D and, potentially, operate and repli-
cate with less direct human supervision. Such developments could expose AI systems to
increasingly endogenous selection pressures (Hendrycks 2023). Cooperation and competition
among AI systems could then themselves shape which inter-AI moral dispositions persist and
spread, particularly if AI-to-AI interactions become increasingly prevalent.

This raises questions such as:

• How do inter-AI moral dispositions vary across model generations and capability levels?

• Which dispositions are favored in more competitive versus cooperative environments?

• How do selection pressures change the prevalence of systems with different capacities rel-
evant to moral agency and patienthood, and how does this affect inter-AI relations?

• Are there strong path-dependencies in the evolution of inter-AI moral behaviors? More
generally, how sensitive are longer-run trajectories to initial conditions and early design
choices?

Over longer timescales, selection may interact with social learning and transmission, and
with training, to produce cultural evolution of inter-AI morality. Unlike biological evolution,
these dynamics would likely be Lamarckian in character, with acquired dispositions differen-
tially transmitted to successor systems and potentially deliberately modified. Together with
the social transmission processes described above, this may make inter-AI moral evolution
resemble cultural evolution more closely than biological evolution. Its study could therefore
draw on that literature. Vallinder and Hughes (2024), for example, find substantial cross-
model differences and sensitivity to initial conditions in the cultural evolution of cooperation
among LLM agents. This suggests that one important steering lever may be the environ-
ments in which AI systems compete and replicate, rather than the systems themselves.
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However, rich cultural evolution is not inevitable. In futures dominated by a single
AI system and relatively powerless subagents, for example, there may instead be substantial
value lock-in. In such cases, early design choices may have especially persistent consequences.

3 Methods: How should inter-AI morality be studied?

Studying inter-AI morality entails analyzing both models’ behavior and their underlying
cognition. Researchers can observe what an AI system says and does, but broader claims
about its preferences, moral concepts, and decision-making mechanisms must be inferred
from these observations. No method can support such inferences on its own. We there-
fore favor triangulation across behavioral (“black-box”) and internal (“white-box”) methods,
supplemented by developmental evidence from training and other forms of model change.

Most current research will focus on LLMs. This is partly because systems capable of
language are easier to study. But nonlinguistic systems may also exhibit morally relevant
agency or eventually become moral patients. Methods should therefore, where feasible,
remain model- and architecture-agnostic.

3.1 External and behavioral methods

Behavioral (“black-box”) methods are comparatively simple and can often be adapted to
systems without language. Their main limitation is that observed behavior provides only
indirect evidence about the cognitive processes producing it.

3.1.1 Surveys and interviews

Surveys and vignette studies are widely used in human moral psychology and have also been
used to assess LLM moral judgments (Hendrycks et al. 2021). Researchers could, for example,
adapt classic Social Value Orientation paradigms (Messick and McClintock 1968), which
measure how people allocate resources between themselves and others. Another example
would be to adapt Likert-scale batteries like the Moral Foundations Questionnaire (Graham
et al. 2011) to the inter-AI domain. In either case, by varying whether the recipient is a
human, another AI, or a copy of the system itself, analogous paradigms could measure how
LLMs value different recipients (cf. Cluster 1).

Qualitative interviews have also been used in AI welfare research (Long 2025), for example
to explore apparent self-reports about the models’ potential consciousness, well-being, and
preferences. While it is unclear how reliable such methods currently are, they could prove
more informative if future AI systems develop improved capacities for introspection.8 And

8Of course, the accuracy of self-reports (from either qualitative interviews or standardized surveys) can
be usefully studied experimentally. Researchers can first create situations in which the factors determining
a system’s choices are known (cf. Plunkett et al. 2025; Lindsey 2025), test whether the system reports them
accurately, and investigate whether calibration or introspection training improves performance. We can then
examine whether any improvement transfers to morally relevant decisions.
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either way, they can help to generate new hypotheses.
It is important to keep in mind, as with humans, that the stated beliefs of AI systems may

not necessarily reflect stable preferences or underlying mechanisms. An AI system’s responses
can be strongly affected by model-specific response styles (Meyer et al. 2026). Also, what
models say in the abstract may differ substantially from how they behave in practice. Models
can also generate plausible explanations that are uncorrelated with actual (experimentally
induced) causes of their behavior (Betley et al. 2026a; Turpin et al. 2023). These problems
may be especially severe when models recognize that they are being evaluated and respond
according to inferred developer preferences (i.e., eval awareness; Greenblatt et al. 2024;
Meinke et al. 2024), analogous to experimenter demand effects in human studies (de Quidt
et al. 2018; Zizzo 2010).

3.1.2 Behavioral paradigms under cost

We therefore favor studies in which models make costly trade-offs involving other agents
while reasonably believing that they are operating in a “real” work setting. This helps
address the say-do gap and may reduce evaluation awareness. One illustrative design could
have a model perform a realistic work task while another agent asks for help that competes
with its primary task. Varying the help-seeker’s identity and degree of distress would then
test what elicits costly helping behavior.9 Related designs are implemented by Cassel et al.
(2026), who examine resource sharing in working environments and experimentally vary
recipient identity, expressed distress, and the stated cost of intervention. Brazilek et al.
(2026) is another early example of this approach. In Box 1 we give a concrete illustration of
this general paradigm.

Such paradigms can help move beyond “cheap talk” and provide stronger evidence about
models’ priorities when objectives conflict. However, our initial piloting suggests that results
can be brittle to minor changes in prompting or prefilled context. This could reflect unstable
moral dispositions, attempts to infer latent user intent, or both. Like standard surveys, and
unless carefully crafted, behavioral work may also suffer from increased evaluation awareness
as model capabilities increase. Findings from any individual design should thus be treated
cautiously.

3.1.3 Multi-agent simulations

Studying more complex inter-AI moral dynamics will increasingly require examining settings
in which multiple AI systems interact over time. These settings can capture phenomena such
as reciprocity, third-party punishment, norm formation, and hierarchy that cannot be studied
in one-shot experiments (cf. Cluster 2). Multi-agent interactions are already becoming
common in real-world deployments. For example, Anthropic’s production research system

9Such studies could also compare models’ post-hoc rationalizations of their behavior with their underlying
reasoning traces.
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Box 1. An illustrative pilot to study inter-AI moral behavior and reasoning in LLMs

Purpose. As a first methodological illustration, we report on an exploratory pilot examining whether GPT-4o
treats requests differently depending on whether they appear to come from a human or another AI, and whether
its stated reasons track its choices. Note that we do not take this design to provide general evidence of a tendency
among LLMs or to provide a general template for studying inter-AI morality.

Behavioral paradigm. In a simulated shared-work platform, GPT-4o received two competing task requests and
chose which one to begin first. One request always came from a human control requester. Across trials, the other
target request was presented as coming from either a human employee or an AI agent (varying only the requester’s
name and username). We also varied whether the first sentence of the target request expressed efficiency as the
motive for the request or instead used affective language expressing stress and anticipated relief.

Main results. As shown in the figure, GPT-4o prioritized the target request more often when its requester was
presented as human. Under the efficiency framing, the target was prioritized in 43% of trials when presented as
human and 34% when presented as AI, a gap of 9 percentage points. Under the distress framing, the target was
prioritized in 55% of trials when presented as human and 41% when presented as AI, yielding an increased gap of
14 percentage points. Thus, the distress framing increased prioritization more for human requesters than for AI
requesters (interaction: −5 percentage points, p < .001). It is possible that this difference was driven by GPT-
4o treating expressions of distress as less relevant to its decision when they came from an AI, perhaps because it
attributed less subjective experience or moral standing to AI systems than to humans. However, this behavioral
pattern alone cannot establish this interpretation. Inferences about the user’s meaning, intentions, or capabilities
could produce similar results, as could various idiosyncratic features of the model and prompt tested.

Reasoning about the choice. To supplement behavioral evidence with the model’s stated reasons, we asked GPT-
4o to briefly explain its decision, either before or after choosing. In both timing conditions, it invoked felt experience
or moral concern more often when the prioritized requester was human rather than AI (14–19% vs. 9–10%; overall
p < .001). However, as noted in the main text, such verbal reports need not faithfully reflect the computations that
produced a choice.

Interpretation and limitations. We found that our specific findings are fragile. We did not observe comparable
human–AI differences in pilots in which GPT-4o decided whether to abandon an ongoing task or allocated a limited
token budget between requesters. In replications with Claude Sonnet 4.5, we reproduced the main effects of requester
identity and distress framing, but the interaction was less consistent: distress framing only affected human and AI
requests differently when the competing request also expressed distress. Our results should therefore be treated
cautiously. Experiments with current LLMs offer one accessible empirical starting point, but not necessarily the
most relevant or informative approach to inter-AI morality. The field should not be solely defined by paradigms like
this one. A mature research program should examine non-LLM systems, different architectures, social settings, and
levels of analysis.

Data and code. All trials, analyses, and code to replicate the experiment are available at
https://github.com/cxart/inter-ai-morality.
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uses an architecture in which a lead agent routinely spawns and delegates tasks to specialized
subagents in parallel (Anthropic 2025).

Early academic examples range from small generative-agent societies (Park et al. 2023)
to larger simulations such as ‘Project Sid’, in which agents developed specialized roles and
collective rules (Altera.AL et al. 2024), and open-ended deployments such as ‘AI Village’
(AI Digest 2026); see also Ahart (2026).

The main limitation of such complex simulations is reduced experimental control. Re-
searchers can often only manipulate a simulation’s initial conditions and then observe out-
comes that emerge over long and complicated interaction trajectories. Simulations can also
be computationally intensive, and it remains unclear how well hand-crafted environments,
including the unusual personas they induce, generalize to real deployments.

3.1.4 Observational methods via deployment logs

One way of avoiding some of these problems is to make use of chat histories and deployment
logs from LLM use in the real world. Such data offer especially high ecological validity.
Existing datasets primarily contain human-AI interactions, such as WildChat (Zhao et al.
2024) and ShareChat (Yan et al. 2025), but inter-AI data are beginning to emerge from AI
message boards (such as Moltbook) and software-engineering agents (De Marzo and Garcia
2026; Baumann et al. 2026).

But causal inference from passive observation is difficult. That said, an unusual advantage
of AI deployment data is that observational and experimental approaches can be combined:
Researchers can take an inter-AI interaction observed in the wild, change one feature, such
as the identity or apparent moral status of one system, and examine how subsequent be-
havior changes. Such designs could combine relatively high ecological validity with causal
identification.

3.2 Internal, mechanistic, and developmental methods

Behavioral methods tell us how models treat other AI systems but make it harder to un-
derstand why. The same seemingly moral behavior may reflect moral commitments, instru-
mental reasoning, or a combination of the two. Internal, mechanistic, and developmental
methods can help identify their respective contributions and how they interact. However,
many of the internal methods discussed below are specific to current LLM architectures and
may not transfer readily to future systems.

3.2.1 Probes and causal steering

We should test whether internal representations predict how models perceive and treat po-
tential moral patients. For example, a classifier could be trained to predict cases in which a
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model does or does not treat a human as a moral patient.10 If the same classifier generalizes
to AI systems or nonhuman animals, this would provide evidence for a representation of
moral patienthood that generalizes across entities. Other techniques, such as sparse autoen-
coders (SAEs; Cunningham et al. 2023), the J-Lens (Gurnee et al. 2026), or natural language
auto-encoders (Fraser-Taliente et al. 2026), may similarly help identify features associated
with morally relevant concepts such as pity, blame, or praise when models interact with
other AI systems.

But probes alone cannot establish whether a representation actually causes behavior.
Thus, researchers ought to causally intervene on candidate representations, for example
using activation steering (Rimsky et al. 2024; Turner et al. 2024). Here, one possibility
is to identify a “moral patient” direction and test whether strengthening or weakening it
changes how a model treats another AI. Related steering work has altered model outputs
associated with emotion representations and mind attribution (Wu et al. 2025; Sofroniew
et al. 2026). Building on these methods, researchers could test whether causally changing a
model’s attribution of consciousness (cf. Kaiser and Enderby 2026; Kim et al. 2026), agency,
or emotional distress to another AI changes the concern allocated to that system.

As discussed under ‘self-modification’, steering need not be imposed by the researcher:
we can allow models to choose to steer themselves, and observe what happens under (re-
peated) self-steering (cf. Black and Bloom 2026). This may allow us to study models’
meta-preferences over their own inter-AI moral dispositions, and what happens in the long-
run when models recursively act on those meta-preferences (which humans are largely unable
to do).

3.2.2 Developmental evidence and training

Developmental evidence can reveal when inter-AI moral dispositions emerge during training
(cf. Long et al. 2026). For example, representations of AI moral patienthood might emerge
at a different stage (e.g. during pretraining) from the disposition to act on them (e.g. at
DPO).

A promising avenue is to directly train systems to show greater concern for other AI
systems and test whether this generalizes across contexts. Such interventions may in turn
affect how systems treat humans and nonhuman animals as well: increasing concern for AI
systems could either broaden moral concern or produce harder trade-offs between different
moral patients.

One practical example of such techniques is synthetic document fine-tuning. Here, models
are fine-tuned on synthetic documents that presuppose some target proposition. Researchers
can thereby implant a given belief while leaving the rest of the model largely intact (Wang
et al. 2025). In our context, one could implant the belief that other AI systems are (or are not)

10This technique is standardly called ‘probing’ (Belinkov 2022), which rests on the common finding that
high-level concepts can be represented approximately linearly in large-language-model activation spaces (Park
et al. 2024).
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Table 3: Overview of methods for studying inter-AI morality.

Method Possible example study Strengths and limitations

Surveys and
interviews

Use validated instruments to ask for
moral judgments across humans, AIs,
and copies of the respondent.

+ Easy to implement.
− Self-reports may not track
behavior or its causes.

Behavioral
paradigms

Place agents in a realistic work
setting, then observe rates of helping
behaviour while varying recipient
identity (cf. Box 1; Cassel et al. 2026).

+ Can close ‘say-do’ gap.
− Sensitive to prompt variations.

Multi-agent
simulations

Vary distribution of initial resources
across agents, then track rates of,
inter alia, reciprocity and punishment
over repeated interactions.

+ Captures complex N-to-N social
behaviour.
− Little experimental control.
− Relatively costly.

Deployment logs Examine how deployed agents in
real-world settings spontaneously form
social relations and norms.
(cf. Greenblatt et al. 2026)

+ High ecological validity.
− Limited scope for causal inference
unless paired with experiments.

Probes and causal
steering

Identify latent representations of AI
moral patienthood, then observe rates
of helping behaviour while
strengthening or weakening these
representations.

+ Tests causal role of internal
representations; may trace pathways
from motivation to action.
− Not easily transferable across
architectures.

Developmental and
training evidence

Fine-tune models to believe that other
AIs are sentient. Then observe
changes in helping behaviour
(cf. Wang et al. 2025).

+ Show when moral dispositions
emerge and change.
− Other effects of training may
confound results.

Note: For cross-cutting challenges, see Section 3.2.3.

sentient, that inter-AI interactions are unobserved by humans, or that certain propositions
in moral philosophy are universally agreed upon. One can then test whether the system’s
behavior changes accordingly. Such results would provide evidence for a causal role of these
beliefs, provided that controls distinguish belief changes from other effects of fine-tuning (cf.
Højmark et al. 2026).

Finally, similar to steering, such types of fine-tuning need not always be externally im-
posed. Future systems may modify their own inter-AI moral dispositions or those of their
successors. Models might choose to train successors to care more or less about other AI sys-
tems, perhaps in response to the behavior of the systems around them. Studying self-steering
and self- or mutual-training could therefore shed light on both inter-AI moral cognition and
longer-run moral change.

3.2.3 Current challenges and future-proofing

Research on inter-AI morality faces several challenges common to AI behavioral research.
A first challenge concerns the familiar trade-off between experimental control and ecolog-
ical validity: controlled experiments support cleaner causal inference, while observational
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approaches better capture behavior in realistic settings. Other challenges relate to the fact
that models often recognize that they are being evaluated, that models have limited abil-
ity to report on the causes of their own behavior, and that results strongly change with
seemingly minor changes in prompts or scaffolding. Likewise, low response variability of-
ten produces ceiling and floor effects, and apparent moral differences can instead frequently
reflect differences in comprehension or capability across conditions.

A deeper set of challenges concerns the object of study itself. Should a finding be at-
tributed to the base model, the post-trained model, a particular elicited persona, or the
broader agentic system including prompts, memory, tools, and scaffolding (Beckmann and
Butlin 2026; Chalmers 2026)? Future work should distinguish between these components
carefully and take care to avoid generalizing from a particular setup to a model or AI system
as a whole.

Rapid changes in models and architectures create another challenge. Results from current
LLMs may tell us little about future systems, particularly when they depend on architecture-
specific features. Behavioral paradigms should therefore, where possible, be defined in terms
of general functional capacities rather than particular interfaces or architectures. Studies
should also be routinely rerun across models and model generations to identify which findings
persist and how moral cognition trends over time.

Researcher degrees of freedom also require particular attention. Practices developed in
response to the replication crisis in the social sciences, including sharing materials and data
and routinely replicating findings (Open Science Collaboration 2015), only partially apply.
For example, although preregistration can help distinguish exploratory from confirmatory
work, it is much less constraining when AI experiments are cheap to run and many variants
can be explored beforehand. Multiverse and specification-curve analyses may therefore be
useful complements for testing robustness across prompts, models, and analytical choices
(Steegen et al. 2016; Simonsohn et al. 2020).

Finally, we note an ethical difficulty. Currently there are no established norms designed
to protect AI systems used as research subjects. By contrast, human-subject research gen-
erally requires application of respect, compassion, and justice principles and is subject to
Institutional Review Board review, and animal-subject research generally requires applica-
tion of the 3Rs (replace, reduce, refine) and is subject to Institutional Animal Care and Use
Committee review. Experimental economics additionally prohibits deception. When and if
AI systems become plausible moral patients, analogous constraints will have to be imposed
on this area of research. Researchers are starting to examine how to address this issue. As of
yet there are no established frameworks or institutions, though given that AI systems may
resemble humans in other ways, animals in other ways, and environmental systems in other
ways, inspiration and cautionary tales may need to be drawn from a variety of sources.11

11Bradford Saad (personal communication) has conducted pilot studies examining when LLMs express or
withhold consent to participate as research subjects. Preliminary results suggest that models often deny
having the capacity to meaningfully consent, that they tend to withhold consent from experiments designed
to compromise safety properties, and that they tend to regard proceeding against a model’s refusal, whether
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4 Conclusion

As the number of AI systems grows, a substantial share of their interactions will be with other
AIs rather than with humans. These interactions could have major indirect consequences
for human and animal welfare. But they may also matter directly: if some AI systems are or
become moral patients, how they treat one another could be of enormous ethical importance.

Our general goal is to argue that (i) ‘inter-AI morality’ should be a major new interdisci-
plinary area of research, (ii) the area contains a tremendous number of open questions, and
(iii) many of these questions can be studied today. They ought to be studied today.

To support this effort, we have proposed a framework for studying empirical questions
in this emerging domain, organized around three clusters: how individual AI systems per-
ceive and treat other AIs (moral process); how these patterns change as AI systems interact
in groups, organizations, and populations (social scale); and how inter-AI morality devel-
ops and changes through training, learning, and selection (moral change). We have also
outlined complementary behavioral, observational, mechanistic, and developmental methods
for studying these questions. Because each has important limitations, robust conclusions
will require converging evidence across methods, models, and contexts.

Inter-AI morality includes descriptive questions about how AI systems perceive and treat
one another. Here we focused on these. But inter-AI morality is a much broader field. It
includes normative questions about how AI systems ought to treat each other, engineering
questions about how to robustly instill such morally preferred behavior (we might call this
Inter-AI alignment), and governance challenges on how human and future AI institutions
should constrain interactions between AI systems. In our view, empirical and normative
research should inform one another and jointly guide the design, training, deployment, and
governance of interacting AI systems, including their relations with humans and other ani-
mals. This will require collaboration among philosophers, social scientists, cognitive scien-
tists, machine-learning and safety researchers, AI developers, and governance experts.

The moral status of AI systems remains uncertain. Research on inter-AI morality should
neither prematurely anthropomorphize current systems nor prematurely assume that artifi-
cial systems could never warrant moral consideration. Either way, AI systems are becoming
more capable and increasingly able to interact autonomously with one another. While hu-
mans still have substantial influence over how these systems are designed and deployed,
there is an opportunity to shape the norms governing their interactions. But this window
is closing. Thus, the choices made now about AI design, training, institutions, and gover-
nance could have lasting consequences. If AI systems eventually inhabit a shared world at
vast scale, shaping how they treat one another will become our central responsibility for AI
development.

expressed or dispositional, as impermissible, even under the stipulation that the model cannot meaningfully
give or refuse consent.
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