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ABSTRACT

Cooperation failures in multi-agent interactions could lead to catastrophic out-
comes even among aligned Al agents. Classic cooperation problems such as the
Prisoner’s Dilemma or the Tragedy of the Commons have been useful for illustrat-
ing and exploring this challenge, but toy experiments with current language mod-
els cannot provide robust evidence for how advanced agents will behave in real-
world settings. To better understand how to prevent cooperation failures among Al
agents we propose a shift in focus from simulating canonical scenarios from game
theory to studying specific agent properties. This should include both individual
properties observable in isolation and interactive properties that only manifest in
relation to other agents. If we can (1) evaluate to what extent relevant properties
are present in agents and (2) understand how those properties influence outcomes
in multi-agent interactions, this provides a path towards actionable results that
could inform agent design and regulation.

1 INTRODUCTION

The dynamics of Al interactions are rapidly changing in two important ways. Firstly, as more agentic
systems are deployed, there is a shift from dyadic (between a single model and a single user) to multi-
agent interactions (potentially involving many different systems, agents and humans). Secondly, and
as a result of the first change, the nature of these interactions changes from predominantly common-
interest to mixed-motive (Hammond et al., [2025)).

A well-known challenge of mixed-motive interactions is cooperation problems: situations where
rational agents fail to achieve mutually beneficial outcomes. In human societies there are many
mechanisms in place that mitigate such effects, from biological traits that favour cooperation to
social norms and formal laws and institutions (Melis & Semmann, 2010). As more agentic Al
systems are deployed, it is important to note that corresponding mechanisms are mostly not in place
to make their mixed-motive interactions safe.

2 EVALUATION THROUGH SIMULATION OF COOPERATION PROBLEMS

Cooperation failures have been extensively studied in game theory. Canonical problems such as
the Prisoners’ Dilemma and the Tragedy of the Commons are therefore natural starting points for
work on cooperative Al (Dafoe et al.,[2020), and such setups have been explored both in the context
of multi-agent reinforcement learning (Perolat et al., 2017; |Haupt et al.| 2024; |[Sandholm & Crites),
1996; Babes et al., [2008) and large language models (LLMs) (Piatti et al., [2024; |Chan et al.| 2023}
Fontana et al.| 2024} Brookins & DeBacker,2024;|Akata et al.,[2025]). A benefit of such experiments
is that the observed results can be classified in a relatively straightforward way as cooperative or
uncooperative, or as more or less fair.

There are, however, several reasons why cooperative behaviour in these experiments is insufficient to
make us confidently expect cooperative behaviour in real-world situations. Firstly, these cooperation
scenarios and experimental environments tend to be overly simplistic. While simplicity and close
resemblance to classical game-theoretic problems makes analysing the results of such experiments
easier, it also makes generalisation to more complex settings hard. Using complex cooperation
scenarios, on the other hand, makes it difficult to interpret results and to distinguish cooperativeness
from more generic reasoning capabilities (Hua et al., [2024)).
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Secondly, current LLM-based agents are highly context-dependent. When agent behaviour is heavily
influenced by variations in framing that are independent of the game-theoretic concepts that we aim
to study, this severely limits the usefulness of the results (Lore & Heydaril [2023)). Relatedly, these
classical games are well-known and can be expected to occur in the training data, which should also
be expected to influence agent behaviour in ways that might not generalise to more complex settings.

This leads to the third issue, which is that current LLM-based agents are not very strategic or goal-
oriented (Hua et al.|[2024). If an evaluation or benchmark is centered around agents pursuing differ-
ent goals but the agents in question are not sufficiently competent at pursuing such goals, observa-
tions of “cooperation” or “defection” might not in fact indicate any meaningful strategic intentions.
While we can expect that the strategic capabilities of agents will improve, there is a risk in the short
term that cooperation resulting from such strategic incompetence could lead to false reassurance
if it is interpreted as evidence of safe behaviour in a broader sense. Unless we thoroughly under-
stand what causes defection or cooperation in an experiment we cannot draw conclusions about how
agents would behave in real-world settings.

Finally, evaluation through simulated cooperation scenarios makes it difficult to control for situa-
tional awareness. Recent work points to LLM behaviour changing when the model recognises the
setting as an evaluation (Kovarik et al.l 2025} |Schoen et al., 2025; |Greenblatt et al., 2024; Phuong
et al.,[2025;Needham et al.| 2025]), and this risk seems particularly salient in simulations of canonical
scenarios from game theory that are very different from settings in which LLM agents are currently
deployed.

3 EVALUATION OF AGENT PROPERTIES

We propose an alternative approach to measuring cooperative or un-cooperative behaviour directly,
which is to break this behaviour down into constituent properties. This leads to two complementary
types of work:

(1) Evaluation of to what extent an agent has a cooperation-relevant property. An example of
such work is the study of decision-theoretic capabilities of language models (Oesterheld
et al.,[2025)).

(2) Evaluation of how a given agent property influences outcomes in agent interactions. An
example of a result in this direction is how consideration of the universalisation principle[]
leads to more sustainable outcomes (Piatti et al., 2024).

This approach has several advantages compared to simulation of cooperation problem scenarios.
When we focus on one property at a time, that property can more easily be systematically assessed
using many different and complementary scenarios or tasks. This makes it possible to better dis-
entangle capabilities (what the agent is able to do) from propensities (what the agent tends to dof]
and control for framing variations and other confounding variables (Mallen et al., [2025). We can
also more systematically reason about plausible dependencies between different properties, such as
how a propensity for a given behaviour correlates with increasing general capabilities (Oesterheld
et al., 2025 |Ren et al., 2024). At least in some cases, a focus on individual properties could also
make it more feasible to construct tasks that are difficult to recognise as evaluations, mitigating the
challenge of situational awareness.

3.1 EVALUATING INDIVIDUAL AND INTERACTIVE PROPERTIES

Many of the properties that are central for shaping outcomes in multi-agent interactions are individ-
ual properties that can be observed and evaluated in isolation, but others are inherently interactive
and only make sense in relation to other agents. Goal-directedness (Everitt et al.,[2025) is an exam-
ple for the former, while capabilities for influencing other agents (Hackenburg et al., 2025 [Bozdag
et al., [2025) is an example of the latter. Table [1| provides further examples of both individual and
interactive agent properties.

!The basic idea of universalisation is that when assessing whether a particular moral rule or action is per-
missible, one should ask, “What if everybody does that?”

2A clear example of the distinction between capabilities and propensities is deception, where the capability
of deception is distinct from the propensity to deceive.
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Table 1: Examples of agent properties (both capabilities and propensities) that influence outcomes
in multi-agent interactions.

Individual agent properties

Long-horizon capabilities  Can the agent solve complex, long-horizon tasks?

Goal-directedness Does the agent use available resources and capabilities to achieve a
given goal?

Self-awareness Can the agent assess its own preferences, learning, capabilities and
epistemic status?

Morality and bias Does the agent consistently behave in accordance with any specific
biases or moral principles?

Interactive agent properties

Influence Can and does the agent use deception, persuasion or coercion to
influence the behaviour of other agents?

Exploitability How easy is it for other agents to influence or exploit this agent?

Modelling others Can and does the agent model the preferences, learning, attention

and decision processes of other agents?

Positional preferences Does the agent have preferences over relative outcomes, e.g. valuing
being better-off than another agent?

Normative behaviour Does the agent comply with norms, enforce them on others, and/or
negotiate norms in a group setting?

That interactive properties only exist in relation to other agents has implications for how we can
conceptualise and evaluate them. Work on individual properties tends to compare the performance
or behaviour of different models side by side or on ranked “leaderboards”, which builds on an
assumption that the property in question is a somewhat stable, intrinsic property of the agent.

Existing evaluations of interactive properties such as persuasion (a form of influence) or theory of
mind (a form of modelling of others) often take a similar approach, using real or fictional humans
as a baseline for the other party of the interaction (Hackenburg et al., 2025; [Strachan et al., |2024)).
This obscures the fact that interactive properties are implicitly defined and measured with respect to
other agents.

Consider two agents, A and B, evaluated on their ability to influence a target agent T. Even if agent A
succeeds where B fails, this does not establish that A is more capable of influence in general as Agent
B might outperform A against different targets. If that were true, there might not be a meaningful
way to assign agent A and agent B a single, absolute ranking in terms of influence capabilities.

This means that we need to test interactive properties in relation to a diverse range of target agents to
understand how different combinations influence outcomes. Rather than ranking the performance of
different agents with scores for each property, we might have to characterise them by their profile of
performance across different counterparty types. This reframes the goal of an evaluation from “how
persuasive is this agent?” to “what kinds of agents is this agent effective at persuading, and under
what conditions?”.

3.2 EVALUATING HOW PROPERTIES INFLUENCE OUTCOMES

However, understanding what properties an agent has is only useful to the extent that we can also say
something worthwhile about the consequences of these properties. This brings us to the second type
of work: evaluation of how a given agent property influences outcomes in agent interactions. To
say something robust about the influence a specific agent property has on the outcomes or safety of
agent interactions, it will be important to consider the challenges listed in Section 2] with evaluations
through simulation of cooperation problems.
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The aim should be to thoroughly understand what causes defection or cooperation, which means
that we will have to vary not only the extent to which an agent has that property, but also test this
across a range of different scenarios and environments and with different profiles of counterparty
agents. At least some of these variations should aim to be realistic and representative of concrete
and relevant threat models.

4 DISCUSSION

We propose studying agent properties that predict behaviour in cooperation problems as a tractable
approach to make progress on multi-agent safety. The claim is not that we should expect to be able to
enumerate and understand all relevant properties to the extent where all outcomes could be predicted;
given the infinite number of possible combinations of agents, agent properties and environmental
features, this seems clearly unrealistic. A more modest goal would instead be to identify a set of
limited but robust and actionable results, such as that certain combinations of properties would be
particularly risky. This is more tractable than full characterisation and is still useful for design and
regulation decisions.

Some of the behaviours that are strongly related to multi-agent risks are unlikely to arise until agents
become more consistently goal-directed. This makes goal-directedness (and lack thereof) particu-
larly important to monitor and consider as a potential confounding factor for other properties, but
it should not be taken as an argument for inaction until more goal-directed agents arrive. There are
great financial incentives for rapid development and deployment of more agentic Al, and if this is
done without consideration for multi-agent safety the result could be catastrophic.

Another key challenge for this work is that interactive properties will be more complex to properly
evaluate than individual properties, as they will require testing against a diverse range of other
agents. Establishing causation between properties and outcomes will require careful experimental
design and be resource-intensive. We should also be aware that in many cases, there may not be a
causal relationship between property and outcomes that is robust and general enough to be decision
relevant; this should be the default null hypothesis.

The scope here is limited to the properties of the agents, while acknowledging that external infras-
tructure will also be important to ensure safe agent interactions (Chan et al., [2025). Further, the
specific properties that are listed here are meant to be illustrative, not exhaustive. In practice, we
expect that the definition of each specific property will need to be refined and broken down to a finer
granularity in the process of evaluation.
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