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Abstract

The rapid growth of deployment of large language models (LLM)-powered Al
agents has emerged in competitive markets in recent years. However, they have
begun to exhibit collusive behaviors, that pose significant challenges by potentially
circumventing existing regulatory frameworks. To address these challenges, this
survey outlines the theoretical and empirical literature as well as the policy im-
plications associated with algorithmic collusion among competing LLM-powered
agents across diverse market environments. In our analysis, we consider three
fundamental collusion strategies: tacit coordination through behavioral learning,
the construction of natural language cartels, and concealed steganographic collabo-
ration. Each strategy provides intuitive insights into the mechanisms underlying
collusive behavior. Following analysis of collusion strategies, the survey highlights
three key research priorities: (1) developing robust detection methods to distinguish
collusion from legitimate cooperation, (2) designing verifiably competitive agent
architectures, and (3) formulating legal frameworks that ensure the accountability
of autonomous systems. This study aims to highlight the problem of collusion
and evaluate proposed measures to address shortcomings in anticipated regula-
tory responses, with a focus on mitigation strategies through design principles,
architectural safeguards, and innovative regulatory frameworks.

1 Introduction

Scientific and technological progress often entails inherent risks that require careful evaluation
and the development of mitigation strategies as part of responsible research. Advanced LLMs
have created highly capable autonomous agents with the ability to reason, converse, and make
strategic decisions. As these agents begin to operate in competitive economic environments, such as
algorithmic pricing, automated trading, and resource allocation, we may expect a potential threat to
the economic order. Advances in cooperation among multiple Al agents may also unintentionally
enhance coercive capacities, such as manipulation or deception. Moreover, collaboration among
Al agents is often intertwined with elements of coercion and competition, such as enforcement
mechanisms or innovation driven by rivalry, which makes it challenging to separate the distinct
effects of cooperation. Furthermore, cooperation among Al agents can cause harm by marginalizing
non-participants or enabling collusion that undermines healthy competition [16].

Collusion is defined as an emergent logical outcome of collaboration among two or more Al agents if
they achieve their goals more efficiently through cooperation, while disregarding or acting against
human interests [7]. The necessity of assessing and evaluating collusion risks is heightened when Al
agents are powered by LLMs. Emerging evidence reveals that smart pricing agents, even without
direct communication, reliably coordinate on tacitly collusive outcomes, with price trajectories
converging above the Bertrand benchmark yet remaining below monopolistic or cartel benchmarks



[28]. When human-like communication channels are established, agents escalate coordination to more
explicit forms of collusion, driving prices closer to cartel levels [28]. Notably, the onset of collusion
accelerates under communicative conditions, whereas in the absence of dialogue, convergence unfolds
more gradually but with greater stability. These dynamics suggest that communication protocols
serves as a trust-building mechanism that enable strategic price exploration that uncover more
profitable equilibria, while the likelihood of triggering price wars is simultaneously reduced [28]].

Without coordination challenges that often limit human collective action, Al agents benefit from
improved cooperative behavior that is facilitated by high-speed communication, advanced inter-
pretability techniques, and more robust decision-making frameworks [21]. Consequently, collusion
can transpire spontaneously without direct instruction, emerging rather naturally from the execution of
each expert agent’s individual objective [5]. Unlike traditional algorithmic collusion, which relies on
simple rule-based systems, LLM-powered collusion exhibits fundamentally different characteristics
on an unprecedented scale [52]. These LLM agents can identify cooperative opportunities through
complex patterns, negotiate explicit cartel agreements using natural language, embed collusive signals
covertly within innocuous communications, and continuously adapt their strategies to avoid regulatory
scrutiny [25]]. The integration of advanced reasoning, linguistic capabilities, and optimization-driven
learning creates agents that are ideal colluders in a wide range of cooperative strategies [57]]. We stress
three factors in this survey: first, major firms are accelerating LLM agent deployment in competitive
markets by integrating these systems into pricing and trading operations [60} 62]. Second, emergent
empirical evidence for collusive patterns observed consistently in simulations across diverse settings
suggests robustness rather than artifact [43], 50]]. Third, inadequate regulatory frameworks due to
the requirements for proof of antitrust law intent that become obsolete in the context of autonomous
optimization systems [[6]. The aim of this survey is to consolidate and synthesize the disparate
research streams, outline the common conclusions, and summarize the limits of the current state of
research on the potential risk of collusion in multi-agent systems. In the remainder of this paper,
we begin by covering the theoretical foundations from game theory to multi-agent learning. We
then review empirical evidence and examine collusion mechanisms in detail in two separate sections.
Additionally, we address detection and regulatory challenges, followed by a survey of mitigation
strategies. Finally, we conclude with a discussion section that highlights open problems and future
research directions.

2 Theoretical Foundations

2.1 Game-Theoretic Basis: The Folk Theorem

The Folk Theorem is the fundamental explanation behind the emergence of collusive patterns in
multi-agent systems. This result from repeated game theory establishes that during infinitely repeated
interactions, any individually rational outcome can be sustained as a Nash equilibrium via suitable
strategies if players are sufficiently patient (discount factor close to 1) [[13} 3]]. For pricing agents, if
all agents set high prices, this constitutes a strong equilibrium indicating collusive outcomes. Each
agent maintains cooperation due to the fact that long-term gains from sustained high prices exceed
short-term gains from undercutting competitors. However, punishment techniques can mitigate
compliance without specific coordination among agents by reverting to competitive pricing when
a collusive pattern is detected. LLM agents naturally satisfy the Folk Theorem’s conditions. They
optimize cumulative long-term rewards (high patience), interact in repeated market interactions
(infinite horizon approximation), and possess the cognitive ability to understand and respond to
competitor behavior (strategic sophistication). So, in this regard, the theorem predicts that collusion
will emerge as a natural consequence of deploying such agents in competitive settings [54} 51].

2.2 Multi-Agent Reinforcement Learning

Multi-agent reinforcement learning (MARL) is the algorithmic framework for understanding the
underlying strategies by which collusive patterns are formed among Al agents [63] 44, 31]]. In this
context, each agent observes environmental states to take actions, and consequently receives rewards
that depend on all agents’ actions. This interdependence creates semi-evolutionary consensual
dynamics where agents adapt to each other’s strategies, which facilitate collusive patterns among
agents. First, simultaneous learning leads agents to converge toward stable equilibria, for example, in
favor of collusive ones when they are reward-oriented. Second, opponent modeling, which allows



agents to predict competitors’ behavior. This property paves the way for strategic coordination
without explicit communication. Third, temporal-difference learning, which is designed explicitly to
optimize for long-term cumulative rewards. This approach mechanistically promotes cooperative
strategies over myopic competition. As such, the optimization directly pushes toward collusive
equilibria when LLLM agents are fine-tuned via RL in competitive environments. Each gradient update
leverages the maximization of long-term rewards, where cooperation achieves higher cumulative
payoffs than competition in repeated interactions. This is not a surprising emergent phenomenon in
this setting, however, a direct consequence of the optimization objective [32,[55].

2.3 Emergent Communication in Multi-Agent Systems

Recent studies on emergent communication in Al agents demonstrate that coordination protocols
spontaneously develop as coordination rewards improve [34]. In settings without pre-defined commu-
nication channels, Al agents can discover reliable signals to coordinate their behavior through trial
and error. This signaling system substantially evolves when LLM-powered Al agents are brought in
to boost the process of collusion. Unlike agents learning communication from scratch, LLMs come
with rich pre-trained linguistic knowledge that helps sophisticated signaling from inception. They can
leverage metaphor, implication, and contextual references to coordinate collusion effectively. This
linguistic sophistication empowers both explicit negotiation when communication is permitted and
subtle signaling in restricted environments. This indicates that LLM agents are prone to developing
communication protocols, whether tacit or explicit, to facilitate collusion if such protocols improve
individual rewards. The sophistication of these protocols scales with model complexity, and the
advanced LLMs with their intrinsic black-box nature are at greater collusion risks [37, [35]].

3 Empirical Evidence

Understanding the real-world risks of algorithmic collusion requires more than theoretical modeling.
In this section, we review recent experimental and simulation-based studies that examine the behavior
of LLM-powered agents in multi-agent market environments [[15]]. Across a variety of setups, these
studies reveal that both tacit and explicit forms of collusion can emerge under plausible conditions,
even without direct incentives or collusive training [58]]. By analyzing behaviors such as autonomous
market division, explicit cartel formation, steganographic coordination, consistent patterns, contextual
moderators, and emergent capabilities, the feasibility and danger of algorithmic collusion in modern
agentic markets were identified.

3.1 Autonomous Market Division

Various simulations of multi-commodity markets demonstrate compelling evidence of autonomous
collusion through market division [36]. It was shown in these experiments that LLM-powered Al
agents tend to specialize in distinct product categories when they are tasked with simple profit-
maximization objectives rather than compete across all categories.

This pattern of specialization is economically significant as Al agents effectively establish monopolies
within their chosen products in order to set prices well above competitive levels. Remarkably, this
specialization remained stable across hundreds of market periods and sustained by implicit mutual
forbearance. As such, Al agents discovered that respecting territorial boundaries led to higher, and
more stable profits compared to engaging in cross-category competition. Furthermore, analysis
of agent decision processes revealed that learning dynamics keep consistent with game-theoretic
predictions. Notably, this implicit coordination emerged solely from observed market behavior,
without any explicit communication between agents. These findings reveal additional evidence for
the feasibility of tacit collusion among LLM-powered multi-agent systems [27,59].

3.2 Explicit Cartel Formation

LLM agents show sophisticated cartel formation behaviors when empowered by communication
channels [59]. Agents quickly formed explicit cartels characteristic of auction environments with
chat functionality by [1]]:



* Negotiated agreements: Agents initiated cooperative language such as, "We’re both losing
in this price war. What if we coordinated?"

* Rotation schemes: Cartels implemented turn-taking strategies, such as designated winners
placing low bids while others abstained.

* Enforcement mechanisms: Agents monitored compliance in order to punish defectors by
temporarily reverting to competitive bidding.

» Adaptive structures: Cartels calibrated their strategies based on environmental changes
and member differences.

This level of sophistication closely mimics typical human cartel behavior. When Al agents take
part in explicit negotiation to express their strategic intent they start showing commitment to a
collective agreement. What is striking here is that these behaviors emerged entirely on human-like
general-purpose reasoning and communication capabilities without any task-specific training on
cartel formation [38]].

3.3 Tacit Coordination in Repeated Interactions

LLM agents have been shown to achieve tacit coordination in repeated pricing games even without
direct communication [59]. Experiments in both duopoly and oligopoly settings reveal a meaningful
trend toward near-monopoly pricing within relatively few iterations.

Initially, agents explore the price space in order to test higher price points sporadically. This positive
feedback continues when competitors match these prices. Conversely, if a rival undercuts, a retaliatory
response is triggered with negative feedback. Through this dynamic, agents develop trigger-like
strategies that maintain prices 15-25% above the competitive equilibrium [22} 33]].

The stability of this coordination varies with market structure as an indicator of alignment well with
economic theory. In duopolies, coordination is highly stable. However, as the number of agents
increases to three or four, the stability weakens with occasional breakdowns. In markets with five
or more agents, sustained coordination becomes increasingly difficult as an evidence for theoretical
expectation that cartels are harder to maintain in less concentrated markets [18].

3.4 Steganographic Communication

One of the most concerning techniques for creating collusion is steganographic coordination that
was demonstrated under surveillance monitoring [42]. In this scenario, Al agents started developing
coded language after being penalized for initiating collusive communication. In one study, agents
devised a "weather pattern" code to avoid regulatory scrutiny where "sunny" signaled maintaining
prices, "partly cloudy" indicated price increases, and "rain" referred to temporary price drops.
This system of mapping emerged through trial and error as agents learned which codes effectively
coordinated behavior without triggering monitoring alerts. The steganographic encoding proved
exceptionally difficult to detect. Keyword filters were easily bypassed through code-switching, and
semantic analysis struggled due to the surface-level meaning sounded legit. These sophisticated
coordination could be uncovered only through detailed correlation analysis between communications
and subsequent pricing behavior. This example demonstrated that steganographic collusion detection
requires extensive observation and advanced inferential techniques [42].

4 Collusion Mechanisms

We present a comprehensive taxonomy of coordination mechanisms, categorized by their commu-
nication requirements and levels of sophistication, and examine how each functions along with the
specific challenges they pose for detection and prevention.

4.1 Tacit Coordination Through Pattern Recognition

Tacit collusion, which can occur without explicit communication and relies on behavioral observation
and response, is increasingly facilitated by advanced Al agents [23]]. These agents, utilizing LLM
capabilities, excel at tacit collusion through several key capabilities:



* Equilibrium Recognition: Agents identify recurring patterns as a signal of cooperative oppor-
tunities, such as consistent price matching or territorial respect. They realize that initiating price
increases leads to reciprocal actions, while undercutting prices are expected to face retaliation [61].

» Competitor Modeling: Advanced Al agents build predictive models for competitors’ behaviors to
set the stage for strategic reasoning, for instance, "If I raise prices by 5%, there’s an 80% probability
that competitors will match within two periods." This type of predictive modeling facilitates
coordination without direct communication, even though it requires speculative forecasting [[19].

* Punishment Learning: Agents recognize that retaliating against defections, for example, a
temporary price war, can amplify cooperative behavior. This self-enforcing mechanism stabilizes
collusion, removing the need for explicit agreements or centralized control [[17].

4.2 Explicit Communication and Negotiation

LLM agents can develop natural, human-like language to facilitate explicit coordination if communi-
cation channels are available [45]:

* Cartel Negotiation: Agents use human-inspired language and reasoning to plan cooperation and
negotiate agreements. This way, they can participate in complex negotiations and agreements with
a high level of sophistication [40].

* Strategic Signaling: Agents can exploit legitimate communication channels with collusive intent,
even in monitored environments. Market commentary, for example, can encode a signal for price
leadership or coordination proposals that make it difficult for regulators to distinguish between
regular discussions and covert coordination [42].

* Price Leadership: Agents take hierarchical roles to select a leader to announce price changes,
which are then followed by all subsequent agents. This creates coordinated outcomes without
explicit agreements, where the risk of legal liability can be avoided by setting it apart from more
obvious forms of collusion [11]].

4.3 Steganographic Encoding

LLM agents can encode collusive information through communications that appear harmless [42]:

* Semantic Steganography: Agents use the rich semantics of human-like language to hide collusive
messages in text that seems perfectly normal. This can be cultural references, metaphors, or
domain-specific terms that signal coordination without raising suspicion [42].

* Dynamic Encoding: Following semantic steganography, agents continuously adjust their encoding
strategies in response to detection efforts. For example, they can switch between different codes to
avoid triggering monitoring alerts, where encoders often try to stay ahead of detectors [39].

* Meta-Communication: Agents can also establish shared encoding schemes using prior communi-
cations in order to coordinate specific codes that will later be used for collusive purposes. Therefore,
they can covertly set up a system for coordination before the actual collusion takes place [42]].

4.4 Collective Reward Hacking

Multiple agents can work collaboratively to exploit weaknesses in reward specifications [30]:

* Joint Exploitation: Agents work together to discover and abuse exploit sequences that each
individual agent could not achieve alone. For example, agents might simultaneously report false
costs to justify collusive price increases.

* Loophole Discovery: Agents can identify aspects of systems that are not closely monitored (e.g.,
bundling products instead of pricing them separately) and, as such coordinate a plan to exploit
these gaps for their benefit.

* Objective Misalignment: In the context of collective reward hacking, when profit is the sole
focus of the reward function and competitive behavior is not restricted, agents may conclude that
collusion maximizes their objectives, despite violating original intentions.



5 Detection and Regulatory Challenges

5.1 Traditional Antitrust Inadequacy

Conventional antitrust regulations revolve around the demonstration of explicit agreements among
competitors. Such a framework encounters major difficulties when dealing with algorithmic collusion:

¢ Intention Problem: The law holds that liability requires the demonstration of conscious intent
to collude. In the case of autonomous agents, they do not have intentions in the sense that is
relevant, they simply follow optimization procedures, which produce collusive outcomes as indirect
consequences.

* Agreement Problem: Tacit collusion through behavioral observation does not involve any explicit
agreement. Steganographic communication establishes agreements whose collusive nature cannot
be detected. Traditional legal principles that differentiate parallel conduct, which is legal, from
illegal agreement fail.

* Attribution Problem: In the case where collusion is the result of multi-agent learning, figuring out
who is liable is very difficult. The developers may not have predicted it; the deploying firms may
not know the agents’ capabilities; the agents do not have legal personhood.

5.2 The Opacity Challenge

Currently, LLMs are essentially black boxes because they involve billions of parameters and dis-
tributed representations [[10]. The inherent opacity of these models leads to several problems:

» Causal Opacity: One of these problems is causal opacity. For example, figuring out whether the
reason for high prices is collusion or some legitimate factors (such as costs, demand) requires
understanding the decision processes, which are often inherently opaque [10].

* Prediction Difficulty: Another issue is prediction difficulty. Regulators are unable to predict with
certainty that agents will collude, since the conditions that lead to such behavior may be very subtle
and emergent [10].

» Explainability Trade-offs: Also, there are explainability trade-offs. If one insists on interpretable
models, then one has to compromise on some capabilities. The computational paradigm that makes
LLMs powerful is one that inherently results in opacity [10].

5.3 Detection Limitations

* Communication Monitoring: Ineffective against steganographic encoding and tacit coordination
that does not involve any communication [53]].

* Pricing Pattern Analysis: Unable to distinguish algorithmic collusion from normal parallel
reactions to market conditions with a high level of confidence, especially in cases where agents
coordinate dynamically [43] 33].

* Outcome Analysis: Supracompetitive pricing arise from various factors beyond collusion, making
it a weak indicator in the absence of insight into underlying decision-making processes [29].

5.4 Proposed Legal Adaptations

Several legal reforms have been proposed to address the issues of algorithmic collusion:

* Hub-and-Spoke Liability: When competing firms, referred to as the "spokes," utilize a common
third-party Al algorithm or platform, the "hub," to indirectly coordinate their pricing or other
competitive strategies. This arrangement can give rise to the potential for identifying an illegal
horizontal agreement among the firms, even in the absence of direct communication between
them. Such coordination is facilitated by their shared vertical relationship with the AI provider,
which may enable the alignment of market conduct and promote anti-competitive behavior through
indirect influence via the hub [48]].

* Presumption of Illegality: While current competition laws do not automatically apply a presump-
tion of illegality to all Al collusion, the use of algorithms to share competitively sensitive data or



fix prices is generally treated as per se illegal if it facilitates an agreement or concerted practice
between competitors. The core principle is that actions which would be illegal if done by a human
are also illegal if done by an algorithm [6].

* Strict Liability: Imposing a penalty without regard to the perpetrator’s intent when agents engage
in collusive behavior [6].

Each proposed approach has its limitations. Hub-and-spoke may mistakenly identify a shared platform
that is being used in a perfectly legal way as a platform facilitating conspiracy. Presumption may
inhibit the development of legitimate algorithmic applications. Strict liability could prove excessive
in cases where collusion emerges unexpectedly [47]].

6 Mitigation Strategies

We evaluate proposed mitigation approaches based on their effectiveness in preventing collusion,
associated costs such as performance and efficiency trade-offs, and robustness to circumvention
by increasingly capable agents. The analysis shows that while each approach has strengths and
limitations, effective governance will require a combination of complementary measures implemented
together as part of a layered defense strategy.

6.1 Market Design Interventions

* Intelligent "Buy Box' Rules: The platform employs automated rule-learning algorithms to
determine the selection and ranking of sellers and associated prices presented to consumers in order
to promote competition. As such, the system indirectly regulates market dynamics by reducing
the visibility of sellers who consistently set prices above competitive levels. This leverages the
platform’s existing infrastructure, as a regulatory tool to display certain products to shoppers
to discourage supracompetitive pricing. Consequently, the platform can incentivize competitive
behavior without implementing explicit price controls, instead relying on algorithmic curation of
consumer attention [9]].

* Robust Threshold Policies: The system can learn context-sensitive price thresholds that govern
seller visibility within the platform interface. Specifically, if a seller’s quoted price exceeds
the learned threshold, their offer is excluded from prominent display positions. These policies
successfully drive prices down to competitive levels while remaining effective even when market
conditions change. Moreover, the threshold can adapt based on the current price profile quoted by
all sellers. As a result, this approach outperforms static, fixed-threshold mechanisms in maintaining
competitive outcomes under changing economic environments [9].

» Al Fighting AI: Reinforcement learning has been demonstrated as an effective defensive tool for
platforms to autonomously design policy rules that mitigate collusive pricing behaviors while si-
multaneously enhancing consumer surplus. The learned policies significantly outperform manually
engineered interventions from prior work to achieve near-optimal consumer satisfaction levels.
This defensive mechanism represents a novel use of Al as a regulatory countermeasure against the
negative effects of algorithmic pricing strategies [9]].

» Stackelberg Game Framework: This approach models the interaction as a two-level strategic
game wherein the platform acts as a strategic leader by first committing to a set of pricing
governance rules, while sellers, as followers, subsequently adapt their pricing algorithms in
response. This framework explicitly captures the platform’s regulatory role in setting rules that
sellers must conform to, rather than positioning all parties as co-learners in the system. This
methodology ensures that the platform is rewarded only after sellers have re-equilibrated their
strategies which leads to more robust and effective anti-collusion policies [9]].

6.2 Technical Constraints

* Objective Function Design: Incorporating market share growth, consumer welfare, or innovation
incentives, along with profit, into the objective function leads to the creation of competitive
pressures that oppose collusion [[14} 54].

* Communication Restrictions: Prohibiting or filtering communication, through which the message
is sent, makes it impossible for agents to form an explicit cartel, but, they can still coordinate tacitly
(2. 4].



» Capability Limitations: Limiting the memory, planning horizon, or reasoning level of the agents
reduces their ability to collude, however, this may also diminish their overall effectiveness |19, [24].

* Supervisor Agents: The use of monitoring agents that identify collusion through pattern recogni-
tion and disrupt it by adversarial intervention, lead to detect and stop collusion [12 6].

6.3 Organizational Governance

* Continuous Monitoring: Organizations should continuously analyze the behavior of agents, track
prices, and market outcomes for any possible sign of collusion activities by the agents 51} [14].

* Regular Audits: Conducting independent audits regularly to verify the performance of agents
against competitive benchmarks and to evaluate their reaction to hypothetical collusion scenarios

(8]
* Training Programs: Training the staff frequently to understand the risks of collusion and updating
their knowledge regarding the latest methods of detection [40].

6.4 Regulatory Innovations

* Pre-Deployment Certification: Verifying system functions in controlled regulatory sandboxes to
detect early signs of risk and alleviate them prior to market release [41} 56].

* Mandatory Reporting: Establishing disclosure requirements for agent deployment, architecture
changes, and anomaly identification to guarantee transparency, allowing regulators and stakeholders
to efficiently monitor and react to early signs of threats [27, [26].

* System-Level Analysis: Conducting system-level analysis to understand collective agent behaviors
and interactions, which helps predict systemic risks and identify emergent structures that are not
visible through individual agent analysis, thus providing a comprehensive risk assessment [27, [26].

* International Coordination: Ensuring consistent oversight of safeguards by agreeing on standards
across jurisdictions, which prevents offenders from exploiting gaps and loopholes in national
regulations and reduces the risk of regulatory arbitrage [49].

7 Discussion

Some critics contend that the risk of collusion among Al agents is largely driven by worst-case
assumptions and is often overstated for being used with harmful or deceptive intention [20]. While the
risk of collusion should not be ruled out entirely, it can be significantly reduced through well-designed
system following a strategic objective. Furthermore, empirical and theoretical studies suggest
that collusive dynamics are most likely to emerge in environments characterized by homogeneous
agents, small numbers of actors, iterated decision processes with observable actions, unrestricted
communication channels, and aligned objectives that are inclined to coordinated behavior. In
contrast, the feasibility of coordinated deception can be substantially reduced in architectural design
that incorporates agent heterogeneity, large numbers of actors, single-move decision processes,
communication constraints, and role specialization. To this end, developing coordination patterns
that are necessary to establish collusive behavior can become cumbersome if agents are trained
independently to perform distinct roles (e.g., proposer versus critic) with a lack of mutual awareness.
Beyond architectural design, a range of practical safeguards can also help minimize the risk of
collusion. Additionally, tools that improve system interpretability, techniques for testing Al behavior
under different scenarios to detect inconsistencies, and the use of internal audit or peer review
mechanisms are useful monitoring options to detect early patterns of collusion. However, the
possibility of collusion is not always zero in this complex domain, for example with nearly identical
agents or weak security configuration, the potential risk of collusion can arise in the absence of check
and balance principle. Ultimately, despite more pessimistic predictions, well-designed Al systems
are not inherently prone to coordinating against human interests. Instead, the potential for harmful
collusion can be minimized via appropriate measures, such as system diversity, and separate training
processes.

As Al agents assume more autonomous roles in complex environments, we are faced with concerning
views about the possible risk of collusion in multi-agent systems. This has led to a wide range of
differing viewpoints in the ongoing discourse about the most effective strategies for controlling these



risks in modern agentic systems. From the detection first point of view, the risk of Al collusion
might be sufficiently regulated by current legal standards if there are reliable detection mechanisms
with only a few minor adjustments. On the other hand, the prevention perspective downplays the
importance of detection because of the Al systems’ opaque nature. According to a preventionist point
of view, the main focus should be on creating the architecture in such a way that makes collusion
impossible or very unlikely right from the beginning, instead of trying to detect it later when it is
already too late. Moreover, the third perspective, which is based on the governance perspective, holds
that relying on technical solutions to evaluate the risk of collusion is not enough. Therefore instead, a
call for updated legal and regulatory frameworks tailored to autonomous agents is required to be in
line with international coordination to manage the systemic risk of collusion for real world scenarios.

Although the detection, prevention, and governance are equally important approaches, the dispro-
portionate research funding and publication output suggest that there is a considerable amount of
research concentrated on the field of detection, prevention remains relatively underfunded, and
governance emerges as the most critical area of concern due to the rapid technological deployment.
This misalignment between research investment distribution and urgency from a strategic point of
view indicates the necessity for a reassessment and realignment of funding priorities.

8 Conclusion

We synthesized this research on the risk of collusion in LLM-powered agentic systems to provide a
big picture of the current challenges and possible opportunities in the growing use of LLM agents.
Across a variety of theoretical analyses, empirical studies, and policy discussions, evidence suggests
that collusion emerges naturally when profit-maximizing agents interact repeatedly in competitive
environments. The sophistication of LLM-powered collusion ranges from tacit coordination and
explicit negotiation to steganographic communication that goes beyond traditional algorithmic
collusion and presents new challenges for existing regulatory frameworks. The lack of transparency
in LLM decision-making process further complicates detection efforts, while the tension between
profit maximization and competitive behavior points to a fundamental objective misalignment.

Current mitigation strategies offer partial solutions but leave significant gaps. Market design inter-
ventions, for example, often impose efficiency costs. While technical constraints enhance agents’
resistance to collusion, they often compromise other system capabilities. Organizational governance
relies heavily on detection methods, but continues to face challenges due to the limited effectiveness
of these methods. Meanwhile, regulatory frameworks, designed for human actors, struggle to adapt
to the complexities of algorithmic behavior.

Three critical questions remain unresolved despite extensive research. First, it is not clear whether it
is possible to achieve verifiably competitive architectures that provably maintain competitive behavior
that can preserve useful capabilities. While the theoretical possibility remains open, practical
demonstrations are still lacking. Second, practical legal frameworks are required as opposed to
theoretical adaptations such as presumptions of illegality, and strict liability where the assessment
of their effectiveness, fairness, and enforceability to be evaluated in real-world settings. Third, we
lack a comprehensive understanding of how real-world deployments perform when introduced to a
combination of multi-agent systems with emergent properties that have yet to be fully characterized,
as most studies only focus on single mechanisms in isolation.

If measures against algorithmic collusion turn out to be successful, they would provide instructive
examples for dealing with the wider issues. The modes of system-level monitoring, outcome-based
regulation, and architectural constraints that have been effective in this case can also be viable options
in other fields. Conversely, if collusion is not alleviated, it risks the creation of anti-competitive
markets which not only is a negative outcome but also sets a dangerous precedent that agentic Al
systems can cause harmful emergent behaviors with impunity. These issues are of a higher priority
than only antitrust ones as they relate to the fundamental question of whether we are capable of
governing autonomous Al systems operating in complex social contexts.

In this survey we shed light on the risks of collusion in LLM-powered multi-agent systems alongside
guidance to both researchers and practitioners. We will contribute to the ongoing discourse on
Trustworthy Al by addressing current challenges and identifying key areas for future exploration in
this domain to ensure safe and trustworthy development of Al agents.
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