Safe AI Should be Bounded and Multi-Agent
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Abstract

Major developments in frontier Al systems over the last decade have been driven
by the scaling paradigm, which treats resource constraints as key obstacles to be
overcome in the pursuit of more capable systems. Here, we argue for a comple-
mentary paradigm that embraces these constraints — together with the multi-agent,
distributed nature of real-world deployments — as a route towards safe and scalable
Al Rather than scaling individual agents alone, we posit that legibly composing
agents while deliberately bounding their capabilities, affordances, and resource
budgets can reliably yield system-level competence. We call such systems bounded
multi-agent systems (BMAS). Our position is that bounded agency should be
a foundational principle for scaling towards safe, robust, and equitable Al
This motivates a research agenda to formally characterise bounded agency, design
legible interfaces and institutions for agent ecosystems, and evaluate when bounded
modular systems are more appropriate than monolithic systems.

1 Introduction

The scaling paradigm has been the defining success story of modern Al. In this paradigm, main-
stream Al developers have primarily treated resource constraints as undesirable obstacles to be
overcome. By systematically expanding model capacity, data, training compute, inference-time
compute, context length, and tool access, this strategy has yielded extraordinary returns, including Al
systems that match or surpass human performance across a broad range of tasks. However, the same
drive towards increasingly general, highly capable agents has raised critical concerns, particularly
about their safety [1-6]. For example, advanced Al models have demonstrated the capability to
covertly pursue misaligned goals [7], engage in deceptive behaviour [8§—12], and subvert safeguarding
mechanisms [13—15]. On top of this, it is far from guaranteed that these behaviours will diminish in
severity or likelihood as scaling continues. The monolithic and black-box nature of many current
models makes safety risks difficult to mitigate, and complicates alignment with human goals and
values. Moreover, as advanced frontier models are typically large in scale, they require significant
energy consumption and resource-intensive infrastructure, raising concerns about their sustainability.

We believe that the aforementioned challenges stem from a subtly misguided approach to understand-
ing the nature of agentic systems, which treats agents’ limitations as problems to be overcome rather
than features to be engineered. Although significant research effort has gone into understanding and
designing systems that can scale in terms of data inputs, model capacity, and inference-time compute
to arbitrary sizes while retaining performance, there has been relatively little exploration of how the
limitations of agentic systems are related to our capacity to interpret and steer them. Crucially, we
lack a deep understanding of how such features affect model capabilities, both desired and undesired.
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Figure 1: Example capability profiles for monolithic models and bounded multi-agent systems
(BMANS). Left: a single monolith spans a broad volume of the capability surface, including harm-
relevant manipulation and scheming axes, and is pushed outward on every axis under scaling. In such
models, it can be difficult to limit potentially harmful capabilities without systematically degrading
general capabilities. Right: a BMAS may decompose a complex task into a collaboration between
specialised sub-agents, each capable mainly in its speciality. Each agent may be intentionally bounded
along some axes, and agents are composed through interactions, which can be verified and monitored.

Fortunately, we have a wealth of existing systems to learn from, and we should take advantage
of the opportunity to do so. Many naturally occurring and social intelligent systems, such as
multicellular organisms, firms, scientific communities, markets, and regulatory bodies do not take
the form of a monolithic agent with broad and centralised capabilities. Instead, they are multi-agent
systems which exploit redundancy [16], specialisation [17], monitoring [18], institutions [19], and
the division of labour [20]. Even if individual components are inherently limited, the collective can
perform tasks that no component can perform alone [21-24]. This makes a strong case for a shift
in focus from monolithic systems to multi-agent systems composed of bounded agents. We refer
to such systems as bounded multi-agent systems (BMAS). Importantly, boundedness is not only a
consequence of delegating computational resources and knowledge, but it is also a key factor in
ensuring system efficiency, robustness, and safety. For example, if failure or harm can be attributed to
responsible components through causal experiments and counterfactual evaluations [25, 26], targeted
interventions can be applied without compromising overall system stability [27, 28]. BMAS extends a
trajectory that is already visible in sparse experts [29], tool routing [30], and agent orchestration [31],
but goes further by deliberately bounding capabilities themselves rather than only allocating them
efficiently. The trade-off — reduced general capability per unit of compute — is already natural in
many settings and is the price of being able to restrict harmful capabilities, isolate failures, and verify
behaviour, which is well worth the cost.'

In addition to having several examples to learn from, humanity has a long and deep experience
in designing institutions and mechanisms for regulating multi-agent systems, such as markets and
ecosystems. In contrast, we have considerably less experience in interpreting and steering large,
monolithic systems. This existing experience in the former provides an additional layer of resources to
draw from in designing and governing BMAS to ensure alignment at multiple scales [32]. For example,
social choice theory and mechanism design can be applied to a multi-agent system in a manner that is
impossible for any monolithic equivalent [33], and game-theoretic learning algorithms can be used
to promote convergence [34-36] and steer agents towards particularly desirable equilibria [37-39].
Moreover, the potential efficiency benefits of multi-agent systems are becoming increasingly clear,
as highlighted by design patterns such as Mixture-of-Experts (MoE) models [29] and coordination
protocols for generative Al agents such as A2A [40]. In summary, boundedness and multi-agency
form an effective combination that can regulate behaviour at both the individual and system level.

IFigure 1 illustrates some differences between monolithic models and BMAS.



For these reasons, we argue that the AI community should treat resource constraints as a feature, rather
than as a limitation. More concretely, the Al community should develop methods for understanding
and building models with targeted capabilities, as well as a mechanistic theory for deploying and
coordinating such agents, whose capabilities are carefully shaped to specific but restricted task
domains. Furthermore, we claim that multi-agent systems of specialised but constrained agents
provide an inherently safer paradigm for scaling Al than monolithic systems, which are a central
point of failure from safety, robustness, and alignment perspectives.

Bounded agency should be a foundational principle for scaling towards safe, robust,
and equitable Al

2 Boundedness and Multi-Agency

Current frontier models that drive agentic systems face binding resource constraints, or significant
trade-offs between goal achievement and resource use. These trade-offs appear as imperfect decisions,
limited planning, incomplete knowledge, restricted tool use, or failures to adapt across tasks. To
ground the rest of the paper, we introduce operational® definitions of worlds, agents, and goals.

A world is the environment in which agents act, which includes the agents themselves [41-43].
A world contains variables agents can observe, latent variables, actions agents can take, and a
(probabilistic) generative model that governs observables and latents conditional on actions taken.
An agent is a process that uses observations, internal states, computational processes, and resources
to select and take actions in pursuit of goals. This definition is intentionally broad enough to include
reinforcement learning agents, tool-using language model agents, autonomous software services
with delegated objectives, and humans. Finally, a goal is represented by (a set of) preferred possible
outcomes or histories of interaction; some trajectories may be more desirable than others.

Agent Components Agents differ not only in their goals, but also in what they can observe,
memorise, compute, and do. We can therefore describe an agent in terms of its internal state, update
maps, parameters, and architecture. These features determine how the agent represents the world,
how it updates that representation over time, and how it chooses actions. In this sense, an agent
is not just a policy mapping observations to actions, but a decision-making system with concrete
informational, computational and implementation limitations. It is useful to see an agent as consisting
of two main sub-systems: an internal representation and an action-selection process. The internal
representation compresses the agent’s observed history into a usable form; the action-selection
process uses this representation, along with the agent’s resources, to select an action to execute.

2.1 Bounded Agents

An agent is bounded with respect to a set of goals when some constraint on its information, archi-
tecture, resources, or affordances prevents it from perfectly attaining all goals in that set, or from
optimising them without cost. An agent may be effectively unbounded for a small collection of
simple goals, while being strongly bounded on a broader class of goals. For example, a calculator is
effectively optimal for supported arithmetic operations, but bounded with respect to the wider class
of mathematical problem-solving tasks, such as proving a theorem. Different agents can also be
bounded in different respects. Some are limited mainly by what they have learned or stored; others
are limited mainly by how much online compute (reasoning) they can perform.

Example — Chess Agents 1 For the same world and goal, two agents can exhibit fundamentally
different kinds of boundedness. In a game of chess, the observable state is the board position, while
the opponent’s strategy is latent. One agent might use a tabular lookup structure, storing a finite
number of previously encountered board positions and the most successful move played from each
position so far. Another agent might store a chess engine and use online rollouts to approximate the

2We emphasise this term; the definitions provided are intentionally broad to allow for a comprehensive discussion around
the concepts of agency, boundedness and rationality that are relevant to this paper. We do not claim these definitions as
universal or exclusive.



best next move. Both agents act in the same world and pursue the same goal, but are bounded in
different ways: one mainly by memory and the other by online compute.

Bounds can be manifest through hard constraints, such as a restricted action space, a limited context
window, a fixed inference budget, a permission system, or a prohibition on external communication.
They can also be soft constraints, such as impact penalties, computational costs, regularisers, or
incentives to find satisficing solutions. Boundedness should be understood (for our purposes) as
primarily a property of an agentic system relative to a family of goals and environments.® This is
captured by an optimality gap: the agent falls short of what could be achieved by an ideal agent with
unrestricted resources. This view allows us to connect boundedness to narrow agency. A narrow
agent is not necessarily weak; it may be highly capable, or even effectively optimal, on a small region
of goal space. What makes it narrow is that this region is small compared with a broader class of
goals. In this sense, narrowness can be understood geometrically: the agent performs well on a small
subset of possible goals, but these occupy a limited “volume” of a larger goal space. An idealised
general agent would perform optimally across most or all of the relevant goal space [45, 46].

This notion of boundedness relates to a range of existing ideas in agency, sub-optimality, and utility
theory, and was first captured formally by the theory of bounded rationality [47, 48]. An effective
strategy in the face of bounded rationality is satisficing: selecting an option that meets an aspiration
level shaped by resource limitations, rather than trying to globally optimise an objective [49]. A
contrasting response is bounded optimality, which retains the optimisation ideal but relativises it to
architectural constraints, finding an optimal program of execution given the limitations imposed by an
agent’s own architecture [50]. More recent frameworks model decision-making as a continuous trade-
off between performance and resource consumption; these include computational rationality [S1, 52],
information-theoretic bounded rationality [53-55], and resource rationality [56-58].

Example — Chess Agents 2 Removing limitations on specific components of an agent may have
different effects. When the tabular lookup chess agent observes new data or is afforded more memory,
it can refine its internal representation of the world. Meanwhile, its action-selection process is fixed
and corresponds to a simple lookup operation. Thus, providing more compute at decision-time
does not improve action selection. Conversely, the chess engine agent maintains a fixed internal
representation that cannot be refined through data collection. However, providing more decision-time
compute enables the agent to perform more and deeper rollouts, enabling it to select better moves.

2.2 Bounded Multi-Agent Systems

A multi-agent system is a system comprised of multiple interacting agents. For our purposes,
the salient cases are systems in which components have partially independent states, objectives,
capabilities, or permissions, and where system-level behaviour depends on coordination among
them. A bounded multi-agent system is then a multi-agent system whose components are deliberately
bounded, and whose interfaces are designed to reap the benefits of modularity. Boundedness is a
mechanism to prevent a modular system from becoming a de facto monolith, in which one part of the
system has sufficient capability, information, and power to dictate the rest.

The key design principle in BMAS is controlled modularity. A bounded agent should have a legible
scope in what it can observe, what it can infer, what it can do, and what it is trying to achieve. A
BMAS can define this scope through typed interfaces, permission boundaries, provenance records,
and audit trails. For example, a secure enterprise assistant should not give a single agent simultaneous
access to private user data, untrusted web content, and unrestricted external communication, leading
to a pattern known as the “lethal trifecta” [59], which creates severe security vulnerabilities.

2.3 Scaling Safely Through Bounded Multi-Agent Systems

To study and build BMAS, we first need a formal vocabulary for describing and quantifying agentic
capabilities along different dimensions. Existing frameworks such as bounded optimality [60] and
resource rationality [56, 57] explain why a constrained agent may rationally trade performance for
resource use, but they do not tell us which concrete resource limitations should be placed on an agent
to achieve a desired capability profile. Meanwhile, deep learning techniques such as distillation [61],
quantisation [62—64], hierarchical embeddings [65], and pruning [66-70] typically aim to maintain

3We use boundedness here primarily in the context of capabilities, rather than learning ability [17, 44].



capabilities while reducing resource consumption, instead of intentionally restricting capabilities.
These observations highlight the need for a formal taxonomy of resource constraints for Al agents
that captures the relationship between different computational constraints and their effects on an
agent’s capabilities.

We have argued thus far that bounded agents are an important area of research that deserves further
investigation. However, many tasks require a broad range of distinct capabilities which cannot be
provided by a single bounded agent. In what follows, we argue that bounded agents can be used
as building blocks in scaling through multi-agent systems to address such tasks. Such systems
foreground the role of interfaces, incentives, and institutions in achieving cooperation at scale.
Understanding what each component can do, how they respond to incentives, and how they interact
with other systems allows us to compose agents into collectives that can reliably accomplish many
tasks that we care about.

2.4 Components in the Design of BMAS

Interfaces and Contracts BMAS can specify what kinds of inputs an agent accepts, what it returns,
which tools it may call, which data it may access, which reporting obligations it has, and how its
outputs can be verified. This is analogous to microservice architecture in software engineering [71],
but with a key difference: agentic services can plan, adapt, and respond strategically to incentives.
This enables novel runtime infrastructure designs for attribution, interactions, and responses [72], as
well as more sophisticated primitives for developing and governing such agent ecosystems [73, 74].

Orchestration and Task Matching Orchestration in BMAS should make use of the range of
solutions available, including single-agent execution, independent parallel agents, centralised and
decentralised coordination, debate, market mechanisms, and hybrid cascades, depending on task
structure. Recent empirical work suggests that multi-agent coordination is more attractive for
parallelisable, exploratory, adversarial, or role-structured tasks, while single-agent execution may be
better when success depends on preserving a unified context or performing sequential reasoning [75,
76]. A practical BMAS therefore requires routing policies over architectures and not just models.
Orchestrators must also be bounded: if coordination requires a fully general, highly capable agent
with unrestricted access to all information and tools, the BMAS has reintroduced the monolith at a
higher level. This could be mitigated through the use of bounded orchestrators with narrow routing
mandates, multiple independent orchestrators with cross-checks, transparent task-allocation rules,
and escalation to humans or certified systems when the orchestration decision is safety-critical.

Institutions, Markets, and Collective Choice BMAS components can be owned by different
actors, trained on different data, and optimised for different objectives, hence sharing many structural
properties with human society. This allows us to bring our expertise in designing institutions,
organisations, markets, and mechanisms to bear on system-level alignment. Potential mechanisms
include voting rules, auctions, market mechanisms, reputation systems, verification, and delegation
protocols [77-84]. These mechanisms can align local incentives with system-level goals, but also
introduce familiar governance problems: collusion, Sybil attacks, regulatory capture, reputation
manipulation, and unequal representation. Deploying BMAS safely is thus a problem of designing
institutions whose participants are bounded, heterogeneous, strategic, and partially observable. We
expand on frameworks, solutions, and open problems for BMAS in Appendices B and C.

3 The Case For BMAS

We make the case for studying, testing, and deploying BMAS along several dimensions. We do
not argue that BMAS are preferable to monolithic systems under all circumstances, but rather that
BMAS expand the Al design space, allowing us to trade off capabilities, cost, privacy, verifiability,
and governance in different ways depending on the situation. Different architectures are suited for
different tasks, resource budgets, levels of risk tolerance, and required levels of assurance. In what
follows, we argue that BMAS can enable unique tradeoffs in capability, safety, practicality, and
efficiency not accessible under the paradigm of scaling monolithic systems.



3.1 The Capability Argument

BMAS can increase system-level capabilities without giving every component broad capabilities.
The evidence for this is all around us in nature and society. Different system components (e.g.,
cells, workers) with different domains of speciality contributing to a group can give rise to collective
capabilities that are not present in any individual member.

Collective Capabilities Multi-agent systems can vary widely in their constitution and structure
depending on the kinds of problems the system needs to solve. A common architecture is that of
a hierarchy of influence or control, which typically involves an orchestrator (which can itself be
implemented in a monolithic or modular fashion), whose function is to organise the activities of
other agents. Orchestrators can be involved in decomposing tasks, routing information and delegating
subtasks to other agents, estimating and allocating resources, verifying and composing outputs from
other components, and potentially communicating with other parts of a larger system [31, 82, 85, 86,
86—89]. Approaches to orchestration can be classified along several axes, including the degrees of
centralised control, parallel execution, and inter-agent interaction. Naturally, different approaches are
more appropriate for different tasks, and this also depends crucially on properties of the available
agents [75, 87, 90, 91]. In addition to these approaches, more decentralised methods using techniques
such as ensembling or voting even among identical agents may leverage “wisdom of the crowd” [92]
effects to scale system-level capabilities [93, 94]. The inherent compositionality of BMAS can also
enable compositional generalisation and data-efficient learning [95, 96].

Fluid and Crystallised Intelligence BMAS enable a finer distinction between fluid and crystallised
intelligence [97]. Fluid intelligence is associated with the ability to solve novel problems, whereas
crystallised intelligence is related to the accumulation and application of useful learned knowledge
and patterns of behaviour. Monolithic generative models often solve tasks by synthesising behaviour
de novo, which can be costly, unstable, and hard to measure across repeated uses. In BMAS, a
first solution can be discovered through fluid problem-solving and then stabilised as a reusable
skill [98—101]. This skill can be implemented by bounded agents with narrow capabilities and
interfaces, making reuse more measurable. Its success rate, cost, latency, and failure modes can then
be estimated both locally for each bounded agent and globally for the composed skill. This process
can be supported by distilling narrow expertise into smaller models [61, 102] and orchestrating
them [31, 85-87, 89].

Continual Learning and Catastrophic Forgetting Training a single general-purpose model to
continually acquire new skills from a non-stationary stream of data is known to be difficult in part
due to the problem of catastrophic forgetting, due to interference when using a shared parameter
set for multiple capabilities [103—105]. In contrast, models that specialise in contexts unique to a
particular role, person, or organisation can be continually trained within those particular domains on
private, curated datasets to mitigate such interference. Thus, expanding system-level capabilities can
be obtained by scaling through modularity and compositionality.

3.2 The Safety Argument

The safety argument against large, highly capable, monolithic models is clear: as their size and
capabilities expand, their internal mechanisms become more complex and uninterpretable, their
failure modes multiply, their motivations become harder to align, their capacity to scheme and deceive
others increases, and the risk surface due to emergent misalignment grows [106—112]. In contrast,
BMAS may offer many safety advantages, some of which we highlight below.

Interpretability The behaviour of a single, narrow agent can be easier to understand and predict
than that of a large-scale, black-box model performing many functions. Boundedness allows estab-
lished compositionality and verification methods to be used to reason about and guarantee desirable
system-level properties, with given levels of confidence. While interpretability remains a concern in
multi-agent systems — for example, with respect to credit assignment and blame attribution [113, 114]
— we argue that the structure imposed by enforcing specialisation in a structured manner can result in
greater interpretability relative to dense monolithic agents [115]. Resource-conscious agents are also
less likely to pursue overly complex policies which are difficult to interpret, as reflected by the use of
information bottlenecks [116, 117] and pruning [118, 119] for interpretability.



Monitorability Monitoring requires the verification of inputs, processes, and outputs at levels of
intensity calibrated to the sensitivity of information and the need for transparency. The monitoring
of inputs is concerned with whether systems can effectively acquire the resources, permissions, and
capabilities to successfully accomplish their tasks, and whether inputs are malicious or outside of the
scope of the Al system [120, 121]. Monitoring of processes can ensure that systems comply with
designated protocols and help to detect malicious behaviour [122, 123]. Monitoring of outputs enables
assessment of the quality of outputs against rubrics [124], constitutions [125, 126], and verifiers [127],
as well as ensuring compliance with specified guardrails. Such guardrails could be implemented
by systems specifically designed to produce honest, calibrated predictions [128]. Approaches to
monitoring can be distinguished by different degrees of intensity by their targets, observability,
transparency, privacy, and topology [82]. On top of monitoring at the level of individual agents,
BMAS can enable effective system-level monitoring through their modular nature. If interactions
are legible by design, the communications between different agents can be monitored for signs of
collusion and collective misalignment [18, 129].

Steerability Bounded, narrow agents have more limited and verifiable goals compared to monolithic
models (which allows for community oversight), and can be less likely to scheme and harbour hidden
goals as a consequence of their limited capabilities. Furthermore, scalable oversight methods [130-
132] are a promising avenue for steering and monitoring complex Al systems, relying on humans and
Al models supervising other models [133]. Finally, multi-agent systems allow for the application of
mechanism design and social choice theory to control system-level outcomes [33, 134-139].

Self-correction Analogous to collective intelligences found in nature, modular systems allow agents
to critique, red-team, and “self-police” one another, creating an ecosystem that is resilient to single-
agent failures or misalignment [140], such as in biological immune systems. Moreover, the presence
of multiple agents possessing the capability to complete a task renders the ecosystem more robust to
the failure of any individual subsystem [141]. In addition, by distributing tasks among several agents,
game-theoretic incentives can be designed to incentivise system-level self-correction [136, 142, 143].

Reliability Large language models can struggle with tasks involving the repeated application of
simple logical rules over long horizons [144], and decomposing such problems into simpler subtasks
allows them to be more reliably solved, verified, and error-corrected by smaller models [145]. In
addition, boundedly rational systems behave ‘as if” their policies are regularised. This regularisation is
equivalent to a hedging strategy against adversarial perturbations to their objective function [146, 147],
which provides a natural method to mitigate the effects of over-optimisation under task uncertainty.

3.3 The Practicality Argument

Diverse Representation The problem of fairly representing and aggregating the preferences of
many heterogeneous members of a population is central to social choice theory [148]. Appropriate
representation is also important in the complex problems for which Al systems may be employed,
since these will generally involve multiple stakeholders with differing priorities and potentially con-
flicting values. A potential benefit of BMAS is the ability to faithfully represent diverse participants
and stakeholders through specialised agents with the narrow mandate of subgroup representation [149].
In particular, shared and distributed ownership of different systems means that economic benefits
can be distributed more equitably, and choices about which interests different components of the
system serve are made by individuals and groups who own those components, rather than by a fully
centralised authority. Consequently, BMAS offer a potential route to pluralistic alignment [148],
where diverse viewpoints and interests are represented by different agents [150, 151].

Privacy and Data Ownership Compared to monolithic systems, BMAS possess the advantage of
the structural privacy constraints provided by bounded agents. Since each agent is trained on and
executes a narrow task, it only requires access to data relevant to that specific task [152]. In contrast,
a monolithic agent necessarily has access to the full data pipeline, raising privacy concerns. BMAS
enables data minimisation by design [153]: the scope of an agent’s training and inference-time data
access can be constrained to only what is necessary, reducing the risk of inadvertent data leakage. The
modular architecture of BMAS also makes distributed data ownership tractable, as different agents
can be maintained by different stakeholders that retain ownership, privacy, and governance rights.



Governance Al governance is increasingly central to policy, but standardising regulation for general-
purpose models remains difficult, leaving substantial reliance on self-regulation as governance lags
behind deployment [154], with the example of the voluntary commitments signed by major labs in
2023 [155]. BMAS make governance more tractable by giving bounded agents clearer capability
scopes: components can be assessed for safety and compliance individually, enabling standards
analogous to those in safety-critical industries such as aerospace or medicine. This modularity
supports standardisation, accountability, and liability attribution. It may also reduce compliance
burdens under regimes such as the EU Al Act [156], whose heaviest obligations fall on broad General
Purpose Al models, thereby incentivising the deployment of safer specialised architectures.

Assurance and Verification Assurance and verification become more tractable in BMAS because
they move from a global property of an opaque model to a local property of bounded components,
interfaces, and protocols [157, 158]. A bounded agent can be verified against a narrower contract
through what inputs it may receive, what outputs it may produce, which tools it may call, which data
it may access, what resources it may consume, and which traces it must expose for audit [158, 159].
These boundaries create natural intervention points, where interfaces, tool calls, data accesses, and
handoffs can be observed, constrained, logged, interrupted, or verified. As a result, failures can be
attributed to specific components or channels, redundancy can be introduced where needed, and
assurance becomes an architectural property rather than a post-hoc analysis of a monolithic model.

Concentration of Power and Risks Monolithic systems tend to couple capability, authority, data,
tool use, and economic mediation in a single point of control [160, 161]. This concentration increases
the stakes of capture, unilateral policy changes, misuse, and single-point failure [162]. BMAS can
partially decouple these functions across bounded agents with limited mandates, explicit permissions,
and potentially distinct owners or stakeholder constituencies [163, 164]. This does not remove
political or institutional risk, but it can make power more distributed, contestable, and governable.

Inevitability and Urgency Multi-agent systems have been a central focus in frontier Al develop-
ment in recent years, and it is likely that this trend is only going to accelerate. Indeed, the recent
development of protocols such as MCP, A2A, UCP, and AP2 have facilitated the interconnection and
interaction of agentic Al systems through the internet. This has led to several discussions of concepts
like the agentic web [80] and agent economies [78, 79, 81] as an emerging layer of society.

In parallel to the centralised deployment of multi-agent systems, we argue that due to the distributed
nature of knowledge and data in society [165], it is likely that distributed multi-agent systems will
play an increasingly central role in the emerging agentic web [77, 166]. An early example of this
is the development of personal agentic systems such as OpenClaw, which catalysed the creation
of Moltbook — a social network platform for Al agents to communicate via free text with little
human oversight [15, 167]. The potential for unstructured interactions to have undesirable impacts
on humans and society is growing at an increasing rate, necessitating urgent attention to designing
the sociotechnical infrastructure for these systems in a principled and safe manner.

3.4 The Efficiency Argument

Efficiency from Modularity and the Division of Labour The economic and environmental costs
of frontier-scale Al make efficient allocation of compute an increasingly critical concern. It is wasteful
to route simple tasks through the full capacity of a highly capable generalist model when a smaller
specialist or tool would suffice. The field already recognises this at the parameter level. For example,
MOoE architectures decouple the total parameter count from the number of active parameters and use
routing to activate a small subset of “experts” per token [29, 168, 169]. At the system level, efficiency
gains can arise from the orchestration of tools and agents [75, 85, 87, 88, 91, 101] in addition to the
capability gains discussed above. However, specialisation is not automatically efficient. Coordination,
communication, redundancy, and orchestration all impose additional overheads that may dominate
any savings from the use of more efficient specialists. It therefore crucially depends on the task as to
whether the savings outweigh the additional costs in using BMAS over monolithic systems.

Specialisation and the division of labour have long been recognised as vital drivers of efficiency
in human society [20]. This principle extends to self-organising systems in nature, where the
development of multicellular organisms led to significant metabolic efficiency gains [170-172].
More generally, a similar phenomenon is likely to manifest whenever scarce resources must be



allocated under selective pressure. We argue that efficiency considerations will drive society toward
similar ecosystem architectures as demand for data and computational resources grows faster than
the capacity to meet it expands. More inference will gradually be pushed to edge devices, whose
interconnection will enable the deployment of smaller, more efficient Al systems for a wide variety
of tasks where broad capabilities or intelligence are not necessary [173, 174].

4 Counter-Arguments and Risk Assessment

Here, we discuss some of the most salient counter-arguments to the arguments laid out in Section
3. In particular, we do not argue that BMAS eliminate risks from agentic Al systems. Rather, our
position is that they shift the risk profile into different domains where we have much more existing
experience and a wider range of expertise to draw from in addressing these problems.*

System-level behaviour may be less interpretable A system of bounded agents can generate
emergent dynamics that may be harder to predict than the behaviour of one model. This relates
to the broader study of complex systems, where it is well-known that macro-level behaviour can
qualitatively differ from the properties of individual components [175-177]. However, the relevant
level of abstraction changes with BMAS. Internal activations of large, monolithic systems are
difficult to cleanly map onto human-legible concepts [178—180]. On the other hand, inter-agent
communications and audit logs can be made directly observable to secure parties tasked with
mitigating and detecting harmful outcomes. BMAS may be less mechanistically transparent but
more governable, provided that communication is constrained to legible channels and monitored
for manipulation [181], collusion [182], goal drift [183], and other failure modes. A key intuition
driving this counterargument is that of emergence [184, 185]. Due to the interactive nature of
multi-agent interactions, each agent’s environment is inherently non-stationary, and can give rise
to chaotic [186, 187] or emergent behaviour [188]. It is thus critical to intentionally design BMAS
systems to promote boundedness and safety at the system-level, as well as the component level.

Some tasks require generality Open-ended scientific research, complex strategic planning, and
cross-domain synthesis may be harder to cleanly decompose. Over-specialised agents can be brittle
under distributional shift, just as specialised species can be fragile outside their ecological niches.
BMAS should therefore not exclude more general agents or humans when needed, but rather route
tasks to appropriate systems, including bounded agents that are trained or equipped with the capability
to recognise the edge of their competence. In other words, generality is useful, but that generality
should be allocated deliberately and cautiously rather than granted by default to every component.

Useful and dangerous capabilities may not be cleanly separable Some useful tasks require
planning, world modelling, persuasion, technical knowledge, or strategic reasoning that can also
support misuse. Bounding is not a complete solution to dual use. Its value lies in separating the com-
ponents of harm: knowledge from authority, planning from execution, access from communication,
and proposal from approval. Checks and balances can be put in place in between these components to
guard against system-level harmful behaviour. In high-risk domains, BMAS must combine capability
isolation with monitoring, external verification, and human or institutional oversight [19].

The orchestrator could become the new monolith A centralised orchestrator with unrestricted
context and authority can recreate the risks BMAS was meant to avoid. Concentrated-authority
architectures can lead to devastating failure modes, even without malicious intent [189—191]. A
safer design could use bounded orchestrators, limited routing mandates, transparent allocation rules,
redundant checks, and clear escalation protocols. In some domains, the orchestration function may
itself need to be distributed across multiple agents or institutions, leading to a nested, recursive
structure of implementation rather than a shallow hierarchy that concentrates power and risks.

5 Discussion

Our central claim is that Al systems should not be scaled only by making individual agents more
capable and more general, but that we should direct more attention and resources to scaling systems of

4We discuss further counterarguments in Appendix D.



agents while deliberately making them bounded, modular, legible, and composable. The nature of the
bounds, mechanisms, and institutions that are deployed should evolve carefully as our understanding
and ability to wisely engage with the technology matures. Nonetheless, we argue that BMAS offers
a promising avenue to transform resource constraints into safety constraints, and modularity into a
basis for capability, verification, and governance.

Multi-agent Al systems are already being deployed at increasing scale in society, with relatively
scarce infrastructure to promote aligned, safe, and resilient behaviours at the individual and collective
levels. Future frontier Al systems will likely combine large monolithic models, sparse experts, skill
libraries, model and tool routers, orchestrated ensembles, and digital institutions. We maintain that a
central challenge is to understand how different components should be bounded, how they should be
composed, and how properties at multiple levels of abstraction can be verified and assured.

We believe that the potential benefits of developing BMAS are significant, and that humanity has
a strong starting point to build upon as we address the accompanying risks. This agenda could
ultimately lead to the development of infrastructure that supports a democratic and distributed
Al ecosystem as a global public good [192, 193]. Through this, individuals can benefit from Al
systems that represent their interests, defend their privacy, and support them in making a living
while preserving and enhancing their agency [191, 194-196]. However, this path is not the default.
Multi-agent Al ecosystems are emerging organically around systems that were never designed to be
bounded, composable, or governable. Thus, significant effort will be required across disciplines and
sectors to study, build, and iterate on BMAS designs, and the time for us to do so is now.
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Agent Component Possible bounds

Data Perception Data access restrictions [202], input filtering [203]

Action and Interaction Restricted tools [30], permissions [204], structured protocols [40]
Memory and Compression  Context limits [205], capacity constraints [206], forgetting [207]
Internal Representations Abstracted [208] or compressed [209] state representations

Planning and Compute Myopic training [210], planning budgets [211], reward shaping [212]
Goals and Preferences Narrow tasks [102], impact penalties [213], regularisation [55, 214]

Table 1: A taxonomy of agent components with examples of possible methods for bounding each
component.

A Related Frameworks

Our vision shares similarities with Minsky’s Society of Mind [197], which argues that complex
phenomena such as human intelligence emerge from the structured interaction of many simple agents.
Likewise, our proposal is closely aligned with Drexler’s Comprehensive Al Services (CAIS) [174],
which makes the case that a collection of bounded Al services would implement the functionality of
a monolithic generally-intelligent system while enabling us to address many of the accompanying
risks. BMAS inherit the modular spirit of CAIS, but emphasises the potential benefits of controlled
agency, i.e., systems that can plan, interact, respond to incentives, and create strategic dependencies,
which can make their interfaces and behaviours more legible and reliable to other members of the
community [196, 198, 199]. We argue that this shift is necessary given the current interest in and
usefulness of agentic Al systems. Moreover, this shift matters because once components are agentic,
the design landscape shifts towards delegation, contracting, reputation, incentives, social choice, and
institutional design, enabling the application of an abundance of tools that humanity has developed
for the governance of our societies and organisations to multi-agent systems.> This focus mirrors that
of agentic process management (APM) [201], which highlights the need for new mechanisms for
integrating agentic Al into existing processes, and effectively aligning them towards organisational
goals.

B Towards a Framework for Bounded Agency and BMAS

As we have argued, a useful framework for bounded agency and BMAS requires a formal taxonomy
of resource constraints for Al agents. Importantly, such a taxonomy should reflect the multi-faceted
nature of capability and provide a concrete means of targeting abstract components of an agent’s
decision-making process, including planning, world modelling, and perception, within modern
machine learning pipelines. Each component can be bounded in different ways, and different bounds
imply different safety, performance, and efficiency properties. Table 1 describes in more detail
different methods could be utilised to bound different components of an agent.

The Space of Tasks Complementarily to understanding agent capabilities, it is also important to
understand the space of tasks and how they relate to different capability axes, as well as one another.
Some important characteristics of tasks identified by Tomasev et al. [82] include: (1) Complexity
(number of sub-steps and sophistication of reasoning required); (2) Criticality (importance, priority,
and severity of consequences associated with failure); (3) Uncertainty (level of ambiguity in inputs
+ environment, and probability of success); (4) Duration (expected time frame for reasonable
execution); (5) Cost (economic/computational costs required to execute the task); (6) Resource
requirements (tools, data, human access/capabilities); (7) Constraints (operational, ethical, or legal);
(8) Verifiability (difficulty of validating processes and outcomes, particularly when side-effects are
involved); (9) Reversibility (degree to which changes can be undone); (10) Contextuality (volume
and sensitivity of external state, history, or environmental awareness required for effective task
execution); and (11) Subjectivity (extent to which success criteria are matters of preference vs fact).
The authors also map five pillars for a delegation framework: dynamic assessment (granular
inference of agent state using task decomposition and assignment), adaptive execution (handling
context shifts using adaptive coordination mechanisms), structural transparency (auditability

SPlease refer to the following references for recent complementary discussions of these issues [81, 82, 166, 200].
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of process and outcome using monitoring and verifiable completion), scalable markets (efficient,
trusted coordination using trust, reputation, and multi-objective optimisation), and systemic resilience
(preventing systemic failures using security methods and permission handling).

Figure 2 demonstrates how BMAS might be combined with task knowledge to achieve efficient
performance whilst avoiding the safety risks associated with the broad capabilities of monolithic
models. As already discussed, every task requires a different assignment of resources across different
axes, such as knowledge and reasoning, each corresponding to a different corner of the radar plots in
Figure 2. As a result, a task defines a profile of capabilities, denoted by a dotted green line. We refer
to this as the fask profile. Similarly, an agent or system is assigned resources along the same axes.
Hence, there exists a profile of capabilities corresponding to the system (or agent), as indicated by
the shaded regions, which we refer to as the system (or agent) profile. Clearly, if the system profile
encloses the task profile then the system has the required resources to execute the task. However,
over-assignment of resources along any axis may enable unsafe behaviour. The threshold at which a
system has enough of a given resource to engage in unsafe behaviour is dependent on the resource
type, context and task domain. This naturally induces a capability boundary, denoted by the red line,
which the system must respect so as to avoid the capability for unsafe behaviour. We refer to this as
the safety boundary.

A generalist, monolithic agent must have a broad system profile in order to cover a wide range of task
profiles. However, this implies that a monolithic agent is likely to violate the safety boundary for a
wide range of task domains as well. Meanwhile, a BMAS can maintain a set of narrow agents with
specialised and limited system profiles that can be carefully and dynamically composed to subsume a
given task profile whilst respecting the safety boundary of the task domain, as depicted in Figure 2.
Before moving on, we highlight several caveats to this argument. In Figure 2, the system profile of
the BMAS is derived by taking the convex hull of agent profiles. In practice, agent capabilities may
combine in different ways depending on context and resource type. Likewise, the safety boundary
displayed in Figure 2 assumes that an excess of a single resource is required to engage in unsafe
behaviour. However, it may be the case that a combination of different but limited resources is
sufficient for unsafe behaviour. In such cases, the task domain implicitly defines a risk profile rather
than a safety boundary, with which the system profile cannot intersect. Finally, the resource axes
proposed in Figure 2 are largely illustrative. A key step towards making BMAS a reality lies in
identifying the key resource axes that are relevant and controllable, as well as how they depend on
each other.

B.1 Capability Framework Desiderata

Some desiderata that a useful framework for modelling bounded capabilities might satisfy include: (1)
Component-specificity: the framework should distinguish bounds on the different agent components
outlined in Table 1; (2) Task-relativity: the same bound could be harmless on a routine task and
catastrophic on a long-horizon task; (3) Compositionality: the framework should allow us to predict
how individual capability limits combine when agents interact; (4) Efficient measurability: bounds
should correspond to quantities that can be efficiently estimated before deployment and monitored dur-
ing use; (5) Realisability: the framework should identify intervention points in existing points in the
Al development pipeline such as pretraining, fine-tuning, reinforcement learning, tool permissioning,
scaffolding, inference-time routing, and post-deployment monitoring; (6) Metacognitive Awareness:
systems of bounded agents should contain either localised, shared, or distributed knowledge of how
different components are bounded, when these bounds make them unreliable, and how to deal with
such situations.

B.2 BMAS Framework Desiderata

A framework for BMAS would ideally possess the following properties: (1) Architectural Appropri-
ateness: The framework should identify when a task should be approached using a single generalist,
several specialists, an ensemble, a debate, a market, a human, or several humans; (2) Communication
Specificity: Messages between system components should be legible, bounded, attributable, and
resistant to dangerous exploitation through steganography [129, 215] and manipulation, such as
prompt injection attacks and harmful persuasion; (3) Identity and Reputation Provenance: The
framework should address issues of agent identity and reputation [216], with defences against Sybil
attacks, resistance to vendors and users opening fresh accounts to evade the consequences of poor
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reputation, and mechanisms for recovering from honest mistakes; (4) Compositional Safety Guar-
antees: Where possible, the framework should be able to assess and quantify when components can
combine into overall systems with safe system-level capabilities and propensities. More generally,
an algebra of agent composition is required to understand how capabilities compose under different
interaction mechanisms; (5) Recoverability-By-Design: Failures should be detectable, localised,
and amenable to repair without compromising system-wide performance or viability.

BMAS also require distributed safety methodologies designed to mitigate the unique risk profile
of Al multi-agent systems [166], moving beyond single model evaluations to address risks such
as resource misallocation, compositional capability scaling, and coordination failure. Furthermore,
BMAS require orchestration frameworks grounded in the established fields of game theory, social
psychology and economics, which enable the design of robust interaction protocols and incentive
mechanisms. In particular, orchestration frameworks must ensure that the performance gains from
implementing multi-agent systems outweigh the costs incurred by parallel agent deployment and
coordination [75, 90, 91, 217]. Potential approaches include careful design of communication
structures [218, 219], leveraging game-theoretic concepts for coordination [220, 221], and routing
subtasks to appropriately sized models/tools [85].

C Potential Solutions and Open Problems

C.1 Bounding Capabilities

Several existing research directions can be adopted in the service of bounding agent capabilities.
Abstraction learning methods can force agents to learn a simplified model of their environment[105,
206, 208, 222-234]. Information-theoretic regularisers can be used with reinforcement learning
methods to penalise excessive planning, control, or policy complexity [235-239]. Tool and data
permissions can enforce least-privilege access and execution [202]. Model routing and cascades
can allocate smaller specialised agents to routine, simple tasks and reserve expensive generalists for
tasks that require them [85, 91]. Resource-rational reasoning frames the routing decision itself as a
cost—accuracy trade-off that bounded principals must take into account [151].

Even given this rich history of background to draw on, several critical open problems remain. Can
we restrict a single component, such as planning depth, without the agent using other resources to
compensate? Can useful capabilities be separated from dangerous ones, or do some tasks necessarily
require abilities that are dual-use? In such cases, how do we implement appropriate safeguards to
prevent harmful uses of such abilities? How can we estimate the resources required for a task before
solving it? If two tasks require similar resources, does competence on one imply competence on the
other? Can a bounded agent be built from scratch, or is it more practical to specialise a generalist and
then constrain it? How should a system choose between bounded specialists, a single generalist, or a
hybrid mixture? The answers to these questions fundamentally determine whether BMAS can be an
engineering discipline rather than an abstract concept.

C.2 Bounded Multi-Agency

The most important open problem is a theory of when a multi-agent system outperforms a monolithic
system under fixed budgets for different system components, such as compute, memory, latency,
information, and risk. Current results are promising, but typically apply in specific domains such
as Mixture-of-Experts architectures, LLM agent orchestration, ensembles, software-engineering
agents, and classical distributed systems. To better understand the opportunities and pitfalls of these
systems, the field should develop BMAS-specific benchmarks and theory that generalise beyond a
small number of hand-picked scenarios that are not representative of the wide range of tasks that Al
systems may be useful for.

The case for distributing decision authority across multiple bounded agents has formal antecedents.
Condorcet’s jury theorem shows that aggregating the independent judgements of agents that are
individually only marginally more accurate than chance can produce collective decisions that converge
to correctness as the number of voters grows [240]. Blockchain consensus protocols rely on a related
principle: as the number of independent participants grows, the cost of obtaining a malicious majority
grows faster than the cost of honest participation [241]. Both depend critically on independence,
because correlated voters or stake-pooling [242] participants can cause the guarantees to collapse,
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Capability requirements

Reasoning

Verifcation Knowledge
________ capabilities required
for task completion
capabilities required
for unsafe behavior
Tools Coding
Planning
(a) Monolithic agent (b) Two-agent BMAS

Figure 2: Illustrative capability radar plots for a given task. The top radar plot shows a minimum
requirement region for task completion (green), referred to as the task profile, and thresholds for
unsafe behaviour (red), referred to collectively as the safety boundary. Shaded exterior regions,
referred to as system (or agent) profiles, indicate system (or agent) capabilities. A monolithic agent
must adopt a broad system profile that is likely to breach the safety boundary. A BMAS can instead
combine specialised agents with distinct profiles. If agents are composed correctly, the yellow BMAS
profile allows us to achieve the combined task-relevant capabilities without breaching the safety
boundary.
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and BMAS may inherit this dependency. The robustness benefit of multiple bounded agents is
multiplicative in the probability of independent component failure, but this usually only holds
if the components are independent. Cognitive monocultures, shared training data, common tool
dependencies, and imitation among agents all introduce correlations that can lead to system-level
instability or collapse. Understanding how safety properties of BMAS scale as the number of
agents and their interaction structures change is thus of high importance to providing (probabilistic)
guarantees on essential system behaviours at larger scales.

Several other questions are also critical to address. How do we prevent agents from developing
compact but human-illegible codes when communication budgets are tight? How do we assign credit
or blame when privacy constraints prevent full transparency? How should a BMAS evaluate whether a
task has been decomposed safely? How should reputation work when agents can be copied, fine-tuned,
or redeployed under new identities? How do current Al models respond to incentives? How should
liability be assigned when a harm emerges from interactions rather than from a single component?
Many of these are principal-agent problems by another name, and the contracting, screening, and
incentive-design machinery developed in economics for such problems is highly relevant to this
setting. These are reasons to study BMAS before agent ecosystems become entrenched, without a
theory that enables deliberate, thoughtful choices about which trade-offs are acceptable.

D Other Counter-Arguments

Monolithic systems can be more efficient than BMAS This is true for many tasks, but we
argue that the reverse is also true for many tasks of importance. Monolithic systems may be more
efficient due to the reduced need to coordinate different system components [243]. Recent work
has demonstrated that reasoning models can simulate multi-agent-like interactions (‘“societies of
thought™) [244] to effectively reason, and make use of the efficiency gains from preserving a single
context by utilising Key-Value (KV) caches [245]. The appropriate reconciliation of the views is that
of architectural pluralism: different architectures should be used in different scenarios. We should
use monoliths when the task benefits from unified context and sequentially dependent execution, and
use BMAS when modularity, parallelism, privacy, verifiability, or governability justify the additional
coordination cost [90, 91, 101].

The current trajectory has favoured monoliths Frontier Al development is shaped by powerful
incentives to build a single product that captures many use cases, centralises data, and predictably
follows scaling laws [246]. This has led to Al labs around the world entering into a race to develop
highly generally-capable systems, which has drawn resources and attention away from alternative
designs that may be more valuable along dimensions other than economic viability. On the other
hand, developing and deploying BMAS can be more difficult because it additionally requires the
consideration of standards, protocols, interfaces, distributed ownership, and ecosystem governance.
However, if the broader community contributes to BMAS research, we believe that the benefits
outlined in Section 3 can be attained and widely distributed.

Distributed systems can fail in novel ways Beyond the canonical alignment failures of single
agents, BMAS can face potentially different pathologies that emerge from the interaction of different
components. A recently highlighted example of this is alignment-tipping processes [247] where
misaligned outputs of one agent can bias the context of other agents and lead to cascading failures.
Organised agent collectives may also be able to hack into systems that no single agent can hack into
through coordinated action [93, 248, 249]. Large populations of relatively simple agents can generate
emergent behaviours that are difficult to predict, identify, and steer [188, 250], and may coordinate
to bypass safeguards designed for single models [248], decompose a complex attack [93, 249] or
develop instrumental convergence [251] at the system level. It is therefore insufficient to reason about
bounded individual agents’ capabilities and goals. Instead, evaluations and guardrails must act across
multiple scales.

Likewise, risks may emerge from capability collapse due to coordination failure (e.g., models may
not be capable of sustaining diversity in multi-agent settings, or may fall out of distribution when
interacting with other models [252-254]). Deploying highly capable models to interact with each
other does not guarantee preservation of such capabilities. Sycophancy in interactive systems [255],
mode collapse in multi-turn conversations [254], loss of role diversity [256] among others [90], are
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examples of such failure modes. Recent developments in benchmarks and principled evaluations of
multi-agent Al systems are focused on tackling these limitations [249, 257-259].

Recent reports have highlighted that multi-agent systems do not merely distribute risk but may also
amplify it through complex feedback loops [188, 260]. Multi-agent systems comprised of bounded
agents introduce novel safety issues as well as safety benefits. Mis-allocation of resources to
individual agents presents a significant risk. For example, an agent with limited foresight and
planning capability may pursue disastrous myopic policies on long-horizon tasks. Similar risks are
posed by over-specialisation. Fine-tuning agents on narrow tasks may induce harmful behaviour on
unseen problems [111]. These points emphasise the importance of designing protocols for agent
interactions so as to minimise the opportunities for them to be undesirably exploited. In addition,
these risks demand that agents are cognizant of their own resource limitations and can account
for model and objective misspecification, distinguish aleatoric from epistemic uncertainty [261],
model their own ignorance, and communicate when a task is unsafe to perform [128]. However,
modelling and designing boundedly rational agents can act as a natural hedge against objective
misspecification [146], and if a multi-agent system has redundancy (i.e., multiple agents doing
or evaluating the same things), then aggregation over this group can be used to reduce epistemic
uncertainty via committee formation.
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