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Abstract

In multi-agent systems, emergent norms and distributed
decision-making often produce unanticipated behaviors that
complicate traditional AI governance frameworks. This pa-
per introduces an adaptive accountability method that traces
responsibility flows among networked agents, continuously
detects adverse emergent norms, and intervenes to recali-
brate local objectives or policies in near real time. By com-
bining lifecycle-based auditing, decentralized governance,
and norm detection algorithms, our approach enables robust
oversight in dynamic, evolving environments. To validate its
scalability and effectiveness, we conduct a series of large-
scale simulation experiments on up to 100 agents using an
HPC environment. Our ablation studies—covering multiple
seeds, varied penalty settings, and different intervention poli-
cies—demonstrate that the framework can preserve high col-
lective reward while significantly reducing inequality. In par-
ticular, we show that adaptive interventions prevent harmful
collusion or hoarding in over 90% of tested configurations,
even under partial observability. These results indicate that
our method not only mitigates unforeseen disruptions but also
aligns agent behaviors with ethical and legal guidelines at
scale. Overall, the resulting framework offers a practical path
toward ethically sound, multi-agent AI systems that remain
responsive to shifting data distributions, organizational poli-
cies, and real-world complexity.

1 Introduction
Multi-agent systems (MAS) have rapidly become integral
to a broad spectrum of applications, spanning traffic con-
trol, smart grid management, healthcare coordination, and fi-
nancial market simulations (Shoham, Powers, and Grenager
2007; Wooldridge 2009). In these domains, multiple au-
tonomous or semi-autonomous agents continuously collab-
orate, negotiate, or compete, frequently with only partial
glimpses of the global state. Such a distributed decision-
making paradigm promises scalability and robustness be-
yond what centralized methods can typically achieve, as
agents can act locally, communicate in real time, and adapt
to evolving conditions. However, these benefits also intro-
duce greater complexity: agents may inadvertently generate
emergent behaviors that stray from prescribed norms, pre-
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cipitate unforeseen coordination breakdowns, or cause ad-
verse societal impacts when deployed at scale.

Parallel to the growth of MAS, heightened attention has
been paid to the ethical and societal ramifications of arti-
ficial intelligence (Jobin, Ienca, and Vayena 2019; Floridi
2018). Traditional accountability frameworks, designed pri-
marily for single-system oversight, assume well-defined loci
of control and simplified auditing processes. Yet in a net-
work of interacting agents, responsibilities become diffuse,
complicating efforts to detect and mitigate potential harms.
This “responsibility gap” can be especially severe in high-
stakes fields, including healthcare diagnostics, autonomous
transport, and distributed financial systems. As AI-driven
solutions continue to permeate these domains, an urgent
question arises: how can we architect adaptive mechanisms
that maintain ethical, fair, and transparent outcomes in net-
worked MAS?

Large-Scale Validation: Although the complexity of
MAS is widely recognized, real-world deployments typi-
cally comprise dozens or even hundreds of agents interact-
ing under partial observability. Consequently, a proposed ac-
countability framework must not only function in controlled
scenarios but also withstand industrial-scale or national-
level demands. To address this requirement, we leverage a
high-performance computing environment—equipped with
A40 GPUs—to conduct extensive experiments on up to 100
interacting agents. Our protocol systematically explores var-
ious hyperparameters, including multiple random seeds, dif-
ferent norm thresholds, penalty intensities, and intervention
strategies, thus illuminating the emergent behaviors trig-
gered when agent populations grow or data distributions
shift over time.

Core Research Gap: Despite notable progress in multi-
agent coordination and reinforcement learning (Buşoniu,
Babuška, and De Schutter 2008), most AI accountability
frameworks were conceived from a single-agent or central-
ized vantage point. Such approaches typically involve post-
hoc auditing of a single model’s decisions, neglecting the
intricate interplay among multiple agents when outcomes
emerge collectively. Although certain techniques address
multi-agent contexts, they often rely on static snapshots or
overlook how policies and norms evolve over time as agents
learn and adapt (Sandholm 1999).
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Furthermore, contemporary debates in AI governance
(Mittelstadt 2019) emphasize transparency and explainabil-
ity at the algorithmic level but rarely address how account-
ability should be allocated or traced within a heterogeneous,
networked ecosystem of agents. In highly interconnected
settings, biases or harmful collective behaviors may not stem
from a single flawed model or dataset, but from the emergent
properties of agent-to-agent interactions. This underscores
a pressing gap: few, if any, robust methodologies systemat-
ically track, audit, and proactively intervene in networked
MAS to prevent detrimental collective outcomes or emer-
gent norms that flout ethical and legal directives.

In addition, even when multi-agent accountability meth-
ods are proposed, the computational and methodological
challenges of large-scale ablation across varying seeds,
agent populations, or reward schemes are often ignored. This
omission leaves many frameworks unproven under real-
world diversity and complexity. Our work explicitly tackles
this shortfall by devising an experimental protocol that eval-
uates our framework’s scalability and robustness over agent
counts ranging from 10 to 100, multiple penalty factors, and
both partial and full observability. All experiments are exe-
cuted on an HPC cluster to provide systematic, high-fidelity
performance analytics.

Aim and Scope: The overarching objective of this paper is
to introduce and empirically validate an Adaptive Account-
ability Framework tailored to the ethical and governance
challenges inherent in networked MAS. More specifically,
our framework seeks to integrate multi-agent coordination
tools with accountability mechanisms capable of:
1. Tracing responsibility flows across distributed agents,
2. Detecting emergent behaviors or norms diverging from

desired objectives, and
3. Intervening in near real time to recalibrate agent incen-

tives or policies upon detecting harmful or biased out-
comes.

Through insights drawn from computer science, ethics, or-
ganizational theory, and policy, we aim to deliver a mul-
tifaceted, theoretically grounded, and practically imple-
mentable solution.

Notably, the term “multi-agent” here extends beyond dig-
ital software agents, encompassing robotic swarms, cyber-
physical systems, and even human–AI hybrid arrangements
where partial autonomy is exercised. The scope also goes
beyond purely cooperative or adversarial setups, acknowl-
edging that MAS commonly combine cooperative and com-
petitive interactions. In addition to these core objectives, we
present comprehensive empirical studies that surpass basic
proof-of-concept demonstrations: multi-seed ablation stud-
ies on a high-performance computing platform ensure the
framework’s efficacy and stability under higher agent loads
(up to 100) and in partially or noisily observed settings. This
large-scale strategy reflects scenarios such as dynamic re-
source allocation or agent collusion in finance, where emer-
gent norms can swiftly undermine fairness and trust.

Contributions: This paper makes five main contributions
to the study of multi-agent systems and AI governance:

1. Networked Accountability Architecture: We present an
accountability layer that continuously logs agent inter-
actions, traces decision provenance, and maps the flow
of responsibility in distributed networks. Unlike conven-
tional single-point auditing, our architecture is designed
to handle the scale and heterogeneity of complex multi-
agent environments.

2. Emergent Norm Detection Methods: Leveraging emer-
gent behavior analysis, we propose novel algorithms
to identify, characterize, and raise alerts about norms
that may violate ethical or legal constraints. By embed-
ding these methods into the MAS lifecycle, the system
promptly adapts whenever agent policies or environmen-
tal conditions shift.

3. Adaptive Mitigation Mechanisms: We develop real-time
intervention protocols that recalibrate agent objectives
or impose targeted constraints upon detecting detrimen-
tal collective patterns. These protocols range from local
agent-specific penalties to system-wide resource redis-
tributions, balancing efficiency with robust ethical safe-
guards.

4. Implementation and Case Studies: We demonstrate the
feasibility of our framework through simulations involv-
ing resource allocation and collaborative task-solving.
We also illustrate its seamless integration into modern
MLOps pipelines, highlighting improvements in fairness,
transparency, and real-time responsiveness to emerging
risks.

5. Extensive Large-Scale Validation: Through ablation
studies on an HPC environment, we investigate multiple
random seeds, diverse agent populations, and varying in-
tervention strategies. This ensures that our accountabil-
ity mechanisms remain scalable, efficient, and adaptable
even under industrial-scale multi-agent systems.

These contributions collectively respond to the urgent
need for proactive, continuous accountability solutions in
decentralized AI ecosystems where control and information
are inherently distributed.

Structure of the Paper: The paper proceeds as fol-
lows. Background surveys multi-agent systems, emergent
norms, and existing accountability schemes, isolating the
open problems that motivate our work. Problem Defini-
tion formalizes the setting and research questions. Adap-
tive Accountability Framework details the framework’s ar-
chitecture, responsibility-tracing pipeline, norm-detection
techniques, and intervention strategies. Implementation de-
scribes the practical realization of the framework and its De-
vOps integration. Experimental Evaluation presents simula-
tion studies across diverse behaviors, topologies, and ethi-
cal constraints. Discussion interprets the results, noting lim-
itations, ethical considerations, and governance relevance.
Broader Impact positions the work within wider societal and
policy debates. Conclusion and Future Work summarizes the
core findings and sketches directions for deployment and in-
terdisciplinary collaboration.

By uniting technical methodologies with ethical and orga-
nizational perspectives, this paper aims to forge a scalable,
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adaptive, and socially responsible accountability paradigm
for networked multi-agent AI systems.

2 Background and Literature Review
In this section, we survey the existing body of work on MAS,
emergent norms, and AI accountability frameworks. We be-
gin by defining the foundational concepts of MAS, high-
lighting their applications and the challenges that arise in
distributed contexts. Subsequently, we examine how norms
materialize in multi-agent settings, discussing both theoreti-
cal and practical perspectives on emergent behavior. We then
review the current landscape of AI accountability mecha-
nisms, assessing their relevance and limitations when ap-
plied to networked agents. Finally, we identify critical gaps
in the literature that motivate the need for the adaptive ap-
proach advanced in this paper.

Multi-Agent Systems: MAS are composed of multiple in-
teracting entities, each with its own objectives, local percep-
tions, and control capabilities (Wooldridge 2009; Shoham,
Powers, and Grenager 2007). By distributing decision-
making across individual agents, MAS can exhibit superior
scalability and fault tolerance compared to monolithic, cen-
tralized architectures. Their applications span a wide range
of domains:

• Resource Allocation: Agent-based approaches have been
used to optimize energy distribution in smart grids,
coordinate traffic signals, and manage supply chains
(Buşoniu, Babuška, and De Schutter 2008).

• Robotics and Swarm Systems: Clusters of cooperative
robots can handle complex tasks such as search-and-
rescue operations or precision farming, leveraging local
coordination to cover large, dynamic terrains (Brambilla
et al. 2013).

• Distributed Optimization: MAS are employed in dis-
tributed optimization settings where each agent con-
tributes to solving a global objective without central over-
sight, particularly useful in large-scale sensor networks
or distributed computational frameworks (Hernandez-
Leal, Kartal, and Taylor 2019).

Fundamentally, a MAS consists of agents that are: (i) Au-
tonomous: Each agent operates independently, making deci-
sions based on local information or learned policies. (ii) So-
cial: Agents interact, communicate, or negotiate with peers
to achieve individual or collective goals. (iii) Reactive and
Proactive: Agents respond to environmental changes (reac-
tive) while also taking initiative to fulfill internal objectives
(proactive) (Wooldridge and Jennings 1995). These charac-
teristics often lead to rich dynamics, as even simple agent
behaviors can produce highly complex global outcomes.

As noted, MAS are widely employed in domains requir-
ing decentralized decision-making: a. Intelligent Transporta-
tion Systems (ITS): Agents can represent vehicles, traf-
fic signals, or road infrastructure components, collaborat-
ing to reduce congestion. b. Financial Markets: Autonomous
trading agents operate under strategic objectives, influenc-
ing market trends and liquidity. c. Healthcare Coordination:

MAS frameworks facilitate patient care by coordinating re-
sources among hospitals, pharmacies, and emergency ser-
vices. Although each application has unique requirements,
the recurring theme is that agents must learn to balance lo-
cal incentives with system-level constraints.

While MAS can enhance robustness and efficiency, they
pose distinct challenges:
1. Coordination Complexity: Agents must communicate ef-

fectively to avoid conflicts and ensure coherent global be-
havior, particularly as the number of agents scales.

2. Emergent Phenomena: The global system may exhibit
behaviors not easily predictable from individual agent
rules, creating challenges for modeling, verification, and
control.

3. Partial Observability and Uncertainty: Agents often have
incomplete information about the environment or the
states of other agents, complicating decision-making
(Buşoniu, Babuška, and De Schutter 2008).

These factors underscore the importance of robust frame-
works that can continuously monitor, interpret, and influ-
ence agent interactions.

Emergent Norms and Behavior in MAS: The concept of
emergence refers to system-level patterns that arise from the
interactions among individual components—patterns that
cannot be trivially deduced from the behavior of a single
agent (Bedau 2002). In MAS, agents might establish norms
for cooperation, task allocation, or communication proto-
cols, resulting in collective dynamics that evolve over time.
Not all emergent outcomes are beneficial; suboptimal or
even harmful norms can arise, such as collusive behaviors
among agents in competitive settings.

Norms in MAS are often framed as shared expectations or
constraints that guide agent behaviors toward mutually bene-
ficial outcomes (Pitt, Schaumeier, and Artikis 2012; Boella,
Van Der Torre, and Verhagen 2006). Various mechanisms
enable the formation and enforcement of norms:
• Social Learning and Imitation: Agents may adopt strate-

gies observed in neighbors, leading to convergence (or
polarization) of behavior across the network.

• Reinforcement Signals: Norms can be encoded as reward
structures, where adherence is positively reinforced, and
violations incur penalties.

• Top-Down Design: In certain systems, a central author-
ity or institutional rule-set may prescribe norms, which
agents must follow.

Despite these diverse mechanisms, norms can drift over time
as agents refine their policies, making static approaches to
norm governance insufficient. A key challenge is the early
detection of emergent negative norms—patterns that con-
tribute to unethical or suboptimal outcomes.

Accountability in AI and Existing Frameworks: Tra-
ditional AI accountability methods often focus on a single
model or decision pipeline. For instance, model cards de-
tail an algorithm’s intended uses, performance metrics, and
known biases (Mitchell et al. 2019); fact sheets provide simi-
lar information about AI services (Arnold et al. 2019). These
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tools facilitate auditing and transparency, but they gener-
ally assume a centralized or singular decision-making sys-
tem where responsibility can be relatively straightforwardly
assigned.

When such tools are applied to complex multi-agent
ecosystems, key gaps arise:

• Diffuse Responsibility: Rather than a single decision-
maker, outcomes emerge from the interactions of many
agents, making individual accountability opaque.

• Static vs. Evolving Systems: Traditional audits typically
occur at discrete intervals (e.g., pre-deployment), ignor-
ing the dynamic learning and policy adaptations in MAS
(Jobin, Ienca, and Vayena 2019).

• Aggregation of Small Effects: Minor biases or errors by
individual agents can accumulate, leading to large-scale
phenomena that are missed by isolated audits.

Although recent research attempts to address collective
decision-making, most frameworks still lack the continu-
ous and adaptive audit capabilities crucial in environments
where agent behaviors are perpetually in flux.

Beyond purely technical frameworks, accountability in
MAS intersects with broader discussions in law, policy, and
philosophy. Initiatives like the European Union’s proposed
AI Act outline principles for AI safety, transparency, and
risk management, yet offer limited guidance on how to allo-
cate responsibility across distributed agent networks. Con-
cepts from organizational theory—such as stakeholder anal-
ysis and distributed governance—could inform the design of
multi-agent accountability but remain underexplored in the
AI context.

Gaps in the Literature: The above bodies of
work—on MAS, emergent behavior, and AI account-
ability—emphasize the pressing need for a cohesive
framework capable of real-time, network-level oversight.
Specifically, the literature reveals a lack of:

1. Adaptive, Continuous Monitoring: Approaches that
can track shifting agent policies and emergent norms
throughout the system’s operational lifecycle.

2. Distributed Accountability Structures: Mechanisms to
attribute responsibility to multiple interacting agents,
rather than centralizing it on a single entity.

3. Scalable Intervention Protocols: Techniques that can in-
tervene promptly and effectively when undesirable be-
haviors manifest, while minimizing disruption to overall
system performance.

This gap creates both a theoretical and practical challenge:
without addressing these issues, MAS risk amplifying bi-
ases, harming vulnerable populations, or undermining trust
in AI-driven infrastructures.

Collectively, these observations lay the groundwork for
the Adaptive Accountability Framework proposed in this pa-
per. By synthesizing research on multi-agent coordination,
emergent norm analysis, and AI governance, we aim to fill
the identified gaps with a solution designed to proactively
detect, attribute, and mitigate ethical risks in networked AI
ecosystems.

3 Problem Definition and Research
Questions

In this section, we define the scope of our inquiry into ac-
countability for networked MAS and present the central re-
search questions that guide our work. We first consider the
structural and behavioral dimensions of MAS, noting how
distributed decision-making, dynamic learning processes,
and emergent norms pose unique challenges. We then pro-
pose a series of questions focused on detecting, attributing,
and mitigating undesirable collective outcomes in such en-
vironments. Finally, we outline the assumptions and con-
straints that shape our approach, acknowledging the practi-
cal complexities of deploying ethical and robust multi-agent
solutions at scale.

3.1 Formalizing the Problem
Accountability in networked MAS is complicated by three
intersecting factors: distributed agency, dynamic learning,
and emergent behavior. We consider a general MAS with
N autonomous agents, {A1, A2, . . . , AN}, each equipped
with:

• Local observations: Agent Ai perceives only a subset of
the global state, denoted by Ωi, which may change over
time and depends on others’ actions or on environmental
conditions.

• Decision or policy space: Each agent maintains a policy
πi that governs action selection based on local observa-
tions and internal states (e.g., learned parameters, objec-
tives).

• Communication links: Agents can exchange data or sig-
nals with neighbors in a communication graph G =
(V,E), where V are agents and E represent pairwise
connections (Foerster et al. 2016).

Unlike systems run by a single controller, each agent in
this setting is semi-autonomous. Policies typically evolve
through learning algorithms (e.g., reinforcement learning
or supervised updates), leading to non-stationary system
dynamics over time (Hernandez-Leal, Kartal, and Taylor
2019).

Emergent norms and responsibility diffusion. A cen-
tral premise of our work is that system-wide behaviors of-
ten cannot be traced to one agent’s decision. Instead, col-
lective behavioral patterns—or norms—emerge from local
interactions, communication structures, and learning pro-
cesses. In cases where negative outcomes arise (for exam-
ple, biased resource distributions or harmful group polar-
ization), determining who is responsible becomes difficult.
Traditional accountability methods generally assume a cen-
tralized authority or well-defined boundaries, which do not
apply when responsibilities are dispersed among numerous
adaptive agents. This creates an urgent need for account-
ability mechanisms that track how local behaviors aggregate
into system-level effects.

Temporal and lifecycle considerations. Time adds an-
other layer of complexity. Agents continually refine their
strategies in response to environmental changes, new data
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streams, and internal adjustments (such as updated reward
functions). Thus, accountability must track evolving system
states over extended periods, rather than relying on one-time
or static audits (Jobin, Ienca, and Vayena 2019). Continuous
or repeated monitoring is key not only for detecting nega-
tive norms as they emerge but also for validating whether
interventions persist under shifting conditions.

In sum, designing an effective accountability framework
for networked MAS entails operating at multiple levels,
from the individual agent scale to overall system perfor-
mance. This paper formalizes a mechanism that allocates
responsibility, identifies emergent harmful norms, and inter-
venes effectively to avert or correct undesirable outcomes.

3.2 Research Questions
Based on the problem formalization above, we identify three
primary research questions (RQs) that guide our investiga-
tion:

• RQ1: Tracing responsibility: How can we systematically
log, attribute, and trace responsibility for collective out-
comes in a network of autonomous agents, where each
has incomplete information and possibly conflicting ob-
jectives? Addressing this question involves developing
techniques for robust action logging, causal attribution,
and linking system-level outcomes to specific agent de-
cisions.

• RQ2: Detecting emergent negative norms: Which com-
putational methods can identify emergent patterns of be-
havior—such as collusion, polarization, or biased deci-
sion processes—that deviate from ethical or operational
guidelines? We seek algorithms that provide near-real-
time alerts when group dynamics move toward undesir-
able equilibria.

• RQ3: Adaptive mitigation and governance: Once harmful
norms or behaviors appear, how can the system intervene
without undermining beneficial autonomy or overall ef-
ficiency? This includes local adjustments (for example,
refining reward functions or communication rules) and
global interventions (such as governance policies) that
balance ethical oversight with minimal disruption.

Taken together, these questions demonstrate the impor-
tance of a comprehensive approach to accountability, com-
bining technical monitoring and intervention with ethical
and organizational principles. Our aim is to develop practical
methodologies and system architectures that address these
issues in a unified framework.

3.3 Assumptions and Constraints
Real-world MAS operate under various assumptions and
constraints, which place additional demands on accountabil-
ity mechanisms:

Partial observability and stochasticity. Agents rarely
possess complete knowledge of the global environment or
the decision processes of their peers. Moreover, random-
ness—whether from noisy data, non-deterministic actions,
or environmental fluctuations—further increases uncertainty
in both agent behavior and outcomes (Buşoniu, Babuška,

and De Schutter 2008). Our proposed framework presumes
that perfect foresight is unattainable, focusing instead on re-
silient detection and mitigation strategies compatible with
incomplete or probabilistic information.

Scalability and communication bottlenecks. Many
MAS, including large-scale sensor networks and multi-robot
fleets, involve potentially high agent counts, introducing
communication overhead and computational complexity.
While sophisticated logging and auditing are crucial, we
also acknowledge that accountability must remain efficient
enough to avoid overwhelming the network or agents with
excessive data exchange.

Heterogeneity of agents. Agents can differ widely in their
learning algorithms, objectives, resources, or computational
limitations (Wooldridge 2009). A flexible accountability ap-
proach must accommodate these differences while preserv-
ing consistent oversight and interpretability across the sys-
tem.

Socio-legal considerations. Finally, real-world MAS im-
plementations often intersect with regulations (such as pri-
vacy or anti-discrimination laws) and broader ethical frame-
works (Mittelstadt 2019). Any technical mechanism for
accountability should therefore be legally defensible and
transparent to stakeholders outside the system’s engineer-
ing team. This implies that recorded logs, interventions, and
auditing outcomes must be understandable to auditors and
subject-matter experts with varying expertise.

By explicitly recognizing these assumptions and con-
straints, we aim to produce an accountability framework that
is theoretically grounded yet capable of practical deploy-
ment in large-scale, networked AI systems.

4 Adaptive Accountability Framework
This section presents our Adaptive Accountability Frame-
work for networked MAS. The framework serves two key
functions: first, to track responsibility flows among au-
tonomous, interacting agents; and second, to detect and mit-
igate emergent norms that could lead to unethical or inef-
ficient behaviors. Building on prior research in multi-agent
learning, distributed auditing, and AI ethics, we extend ex-
isting ideas with lifecycle-based monitoring and proactive
intervention techniques. We begin by outlining the concep-
tual architecture, showing how agents, communication chan-
nels, and accountability layers connect. Next, we describe
the methods for logging and attributing responsibility in a
scalable manner. We then present algorithms for detecting
emergent norms, emphasizing anomaly detection and adap-
tive thresholds. Lastly, we detail intervention and mitigation
strategies that seek a balance between efficiency and ethical
oversight.

4.1 Conceptual Architecture
System-Level View Our framework models a networked
MAS as a layered system (Figure 1). At the base, au-
tonomous agents communicate with one another and inter-
act with the environment, exchanging actions, observations,
and rewards. Above this agent layer lies an Accountability
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Layer, which monitors interactions, collects logs, and syn-
thesizes insights for potential anomalies.

• Agent Layer: Each agent Ai runs a local policy πi, com-
municates selectively through the network graph, and
continually updates its strategy via reinforcement learn-
ing or other algorithms.

• Monitoring and Logging Layer: This intermediate layer
captures a stream of accountability events (actions,
states, key decisions) and stores them in a ledger or
database. It interfaces seamlessly with heterogeneous
agent platforms and aims to keep performance overhead
minimal.

• Accountability Management Layer: At the top is the
Norm Detection Module and the Intervention Module,
which produce real-time alerts and governance hooks
(e.g., APIs or dashboards) for human oversight or auto-
mated intervention.

By structuring the system in layers, we promote modular
development and expandability. Organizations can, for ex-
ample, introduce new detection algorithms in the Account-
ability Management Layer without reconstructing the agent
code, enabling an ongoing evolution of accountability meth-
ods.

Agent Layer

Monitoring & Logging Layer

Accountability Management Layer

Agent A1 Agent A2· · ·

Monitoring Node
(Data Collec-

tion, Event Logs)

Norm Detection
(Algorithms, Metrics)

Intervention Module
(Policies, Governance)

External Governance
(Auditors, Regulators)

Figure 1: High-level illustration of the Adaptive Account-
ability Framework for networked MAS. Agents in the Agent
Layer communicate and learn autonomously, while the
Monitoring & Logging Layer collects relevant data and
events. The Accountability Management Layer hosts both
the Norm Detection Module and the Intervention Module,
enabling the system to detect and address emergent behav-
iors. Optional external governance hooks provide interfaces
for human oversight and regulatory compliance.

Key Components Three primary components address the
needs of responsibility attribution and emergent norm gov-
ernance:
1. Accountability Layer (AL): Continuously collects agent

actions, states, and relevant rewards, storing them in a
way suited for causal analysis. Some systems may use
cryptographic hashing or a distributed ledger to ensure
data integrity.

2. Norm Detection Module (NDM): Builds on the AL
to apply algorithms that measure social welfare, detect
anomalies, or check fairness metrics. It then identifies po-
tential norm violations (see Section 4.3).

3. Intervention Module (IM): When norms are breached
or anomalies appear, the IM executes local or system-
wide mitigations (see Section 4.4). These mitigations can
involve policy adjustments or human-in-the-loop deci-
sions.

This separation fosters a scalable deployment where each
module can be instantiated multiple times for large MAS
scenarios.

Lifecycle Perspective Accountability must be sustained
over the entire MAS lifecycle:
• Training and Pre-Deployment: Developers configure log-

ging, define norms or constraints, and run preliminary au-
dits in simulation-based testbeds.

• Operational Deployment: Agents learn and adapt online,
while the Accountability Layer logs interactions in real
time. The Norm Detection Module periodically checks
for emergent issues, and the Intervention Module reacts
to violations.

• Continuous Updates and Re-Training: Over time, system
objectives may shift due to external policy changes or
updated requirements. Periodic assessments ensure that
detection and policy constraints evolve alongside agent
capabilities and environmental conditions (Jobin, Ienca,
and Vayena 2019).

By embracing an iterative, lifecycle-oriented approach, our
framework moves beyond one-time audits, maintaining re-
sponsiveness to ongoing agent and environment changes.

4.2 Responsibility Flows and Tracing
Data Logging and Provenance Attributing responsibility
in a network of autonomous agents starts with structured
logging:
1. Agent ID and Timestamps: Each action and observation

is timestamped, making it possible to reconstruct event
sequences.

2. Local State and Actions: Logs incorporate agent-specific
variables (partial observations, policy parameters) and
chosen actions.

3. Environmental Feedback: Where applicable, local or
global rewards and state changes are recorded.

This fine-grained record, which may be kept in a decen-
tralized ledger, enables near-real-time auditing and subse-
quent causal analysis. Crucially, the design balances detailed
record-keeping with the network’s capacity.
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Causality and Attribution Beyond raw logs, accountabil-
ity requires methods to connect system-level outcomes to
specific agents or subgroups. We adapt approaches from
causal inference and blame assignment, such as:

• Interaction Graphs: Depict communication channels and
influence pathways, forming a directed graph that shows
how actions propagate.

• Responsibility Metrics: Define a measure, R(Ai), to as-
sess each agent’s contribution to an outcome, considering
indirect influences and decision timing.

• Retrospective Analysis: When a negative event (e.g.,
resource hoarding) is detected, backward-tracing algo-
rithms use the recorded logs to identify actions that most
significantly contributed to the issue.

These elements help pinpoint accountability in multi-agent
settings, setting the stage for targeted interventions.

4.3 Emergent Norm Detection
Definition of Norm We adopt the view in which a norm
is a repeated behavioral pattern or shared expectation that
emerges under certain conditions. Norms can be beneficial
(such as resource sharing) or harmful (like exclusionary col-
lusion). As agents learn, norms emerge when they arise
spontaneously through repeated interactions and social or
environmental feedback.

Detection Algorithms Several detection strategies com-
bine local and global metrics:

• Graph-Based Clustering: Construct an interaction graph
where edges represent communication rates or coopera-
tive ties. Densely interconnected subgraphs that deviate
from expected behavior can signal emergent norms.

• Anomaly Detection: Time-series analyses and outlier de-
tection on agent behaviors can highlight suspicious pat-
terns or synchronized actions outside historical norms.

• Reinforcement Learning Signals: Observing aggregate
reward shifts may reveal new collaborative or collusive
norms.

These methods operate on varying timescales: some issue
rapid alerts for local changes, while others run less fre-
quently to detect long-term shifts.

Thresholds and Alerts A key design choice is determin-
ing when a detected norm warrants intervention. We propose
adaptive thresholds that consider:

1. Historical Baselines: Compare current fairness indices or
collaboration levels with earlier distributions.

2. Domain Constraints: Stricter thresholds apply in regu-
lated settings (e.g., healthcare or finance).

3. Risk Tolerance: Organizations can tune thresholds to bal-
ance the cost of false positives against missed detections.

When norms exceed these thresholds, an accountability alert
is generated, prompting investigation or mitigation.

4.4 Intervention and Mitigation Strategies
Local vs. Global Interventions We distinguish between
local actions, aimed at specific agents or subgroups, and
global interventions that impose system-wide rules:

• Local Interventions: May involve adjusting individual re-
ward functions or communication policies, thereby nudg-
ing outlier behaviors toward compliance without unset-
tling the entire MAS (Sandholm 1999).

• Global Interventions: Encompass broad updates (e.g.,
new fairness constraints) or reorganizing the communi-
cation topology. Such measures apply when problematic
norms spread widely or pose significant risk.

Policy Recalibration When interventions are needed, pol-
icy recalibration can include:

1. Reward Restructuring: Adjust reward functions so that
undesirable behaviors carry higher penalties.

2. Constraint Imposition: Limit action spaces or enforce fair
resource allocation across agents.

3. Selective Retraining: For agents that converge on harm-
ful strategies, retraining or fine-tuning may realign their
behavior with broader ethical standards.

Escalation and Governance Not all interventions should
be fully automated. In high-stakes scenarios with significant
ethical or legal concerns, human oversight remains pivotal
(Jobin, Ienca, and Vayena 2019):

• Human-in-the-Loop: System alerts can pause critical op-
erations, seeking input from ethics boards or experts.

• Governance Hooks: The Accountability Management
Layer exposes dashboards and reports for regulators or
auditors.

• Legal Compliance: Logging each intervention’s rationale
satisfies regulatory needs, and external audits can review
interventions for proper justification.

By integrating these modules and processes, our Adap-
tive Accountability Framework seeks to preserve the flexi-
bility and learning advantages of MAS while ensuring ro-
bust oversight. The subsequent sections discuss how these
components are implemented and validated through simula-
tion, along with a broader exploration of ethical and policy
implications for large-scale, networked AI systems.

5 Implementation Details
This section outlines the practical considerations and design
decisions involved in bringing the Adaptive Accountability
Framework to life in networked multi-agent systems (MAS).
We draw on agent-based modeling libraries, distributed data
solutions, and DevOps workflows to show how the concep-
tual ideas from Section 4 can be deployed in diverse com-
putational contexts, including high-performance computing
clusters. Our primary objectives are to preserve scalability,
modularity, and ease of integration, minimizing disruptions
to existing infrastructures.
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5.1 Technical Stack
A robust technical foundation is essential for enabling the
lifecycle-focused monitoring, data capture, and intervention
capabilities described previously. We rely on Python for the
core implementation, leveraging its extensive ecosystem for
numerical computing and machine learning. Libraries such
as NumPy and SciPy handle matrix operations and basic
statistics, while pandas provides efficient data manipula-
tion. For agent-based simulation, we use Mesa, which offers
a flexible framework for defining and observing multi-agent
behaviors in near-real time.

Where necessary, other libraries or platforms can substi-
tute or extend this setup. AnyLogic supports agent-based,
discrete-event, and system dynamics modeling in a commer-
cial environment, whereas JADE delivers a FIPA-compliant
infrastructure for distributed agents in Java. Our account-
ability architecture remains platform-agnostic, provided the
underlying environment supports agent messaging, logging,
and analytics.

For larger-scale experiments or longer simulations, we
rely on HPC clusters or cloud-based GPU instances to par-
allelize computations or distribute agents. This approach ac-
commodates the parameter sweeps and multiple-seed trials
reported in Section 6.

5.2 Data Structures and Logging
Accountability in distributed MAS depends on detailed
event records that can retrospectively reveal how potentially
harmful norms emerge. We design these records around a
“provenance” schema capturing each agent’s actions, states,
communications, and relevant environmental observations:

• Agent ID, timestamps, and unique step identifiers for
chronological reconstruction.

• Local state (partial observations, current policy parame-
ters, rewards).

• Communication data (messages or statistics), subject to
privacy constraints.

• Optional global metrics (e.g., aggregated rewards, fair-
ness indicators) for authorized audits.

To safeguard data integrity—particularly in multi-domain
scenarios—a distributed ledger can be adopted. Alter-
natively, high-throughput time-series databases (e.g., In-
fluxDB, Apache Cassandra) can store logs at scale. The op-
timal choice depends on performance needs, fault tolerance,
and legal compliance, but the schema is designed to accom-
modate essential accountability events throughout the agent
lifecycle.

5.3 Communication Layer
Multi-agent environments differ in how agents exchange
data. Some rely on a brokered model (e.g., RabbitMQ,
Apache Kafka) that routes published messages to relevant
agents, simplifying scaling at the cost of a single point of
failure. Others adopt peer-to-peer schemes for direct agent
communication, improving resilience yet requiring more
complex discovery and routing.

Our reference design incorporates a hybrid approach, us-
ing a broker for critical system events while allowing agent-
to-agent connections for time-sensitive or high-frequency
exchanges. We employ logical timestamps or vector clocks
to track event ordering, ensuring consistent causal analysis.
Such a hybrid design supports incremental scaling, enabling
new agents or nodes to join without restructuring the ac-
countability logic.

5.4 Integration with Existing Systems
Our Adaptive Accountability Framework aligns with mod-
ern MLOps and DevOps practices. Continuous Integration
(CI) pipelines run simulation tests as agent policies or
accountability modules evolve, helping to catch emergent
norm violations before deployment. Once validated, updates
can be pushed to production through Continuous Deploy-
ment (CD), aided by container platforms (Docker, Kuber-
netes) that allow fast scaling and rollback.

The infrastructure that captures accountability data (Sec-
tion 5.2) can feed into real-time dashboards or automated
alerts, letting operators respond quickly to emergent risks.
Organizations using MLflow or Kubeflow for model lifecy-
cle management can embed our accountability modules as
an additional oversight layer, tracking agent-level metrics,
highlighting anomalies, and coordinating with governance
policies. By adopting a modular design, the framework can
be added incrementally without replacing existing pipelines.

5.5 User Interface and Visualization
Accountability often involves non-technical stakeholders,
such as regulators, compliance officers, and domain experts.
We therefore provide interfaces that present both high-level
metrics (e.g., fairness scores, norm-violation rates) and more
detailed logs for in-depth investigations. Periodic compli-
ance reports can summarize key metrics, anomalies, and in-
terventions, offering external reviewers or legal authorities
traceable documentation (Mittelstadt 2019). Real-time mon-
itoring consoles allow system operators to watch for flagged
behaviors and intervene promptly in mission-critical scenar-
ios.

By supporting a range of UI modalities—from summary
dashboards to comprehensive agent logs—the framework
encourages proactive engagement with potential risks and
emergent negative norms in multi-agent deployments.

6 Experimental Setup and Case Studies
In this section, we present an empirical evaluation of the
Adaptive Accountability Framework. We detail the simula-
tion environment, the key parameters explored, and the final
outcomes from a series of experiments. These results under-
score how penalty factors, partial observability, and distribu-
tion policies interact in shaping both resource allocation and
norm emergence.

6.1 Simulation Environment
We chose a resource-sharing environment reminiscent of
distributed grid management or network bandwidth alloca-
tion. Multiple agents compete or cooperate for limited re-
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sources replenished each time step, but capped at a maxi-
mum capacity. Agents communicate only with local neigh-
bors in a small-world network (Watts and Strogatz 1998),
reflecting partial observability. Resource-hoarding incurs a
penalty, simulating regulatory or ethical constraints found in
real domains like energy distribution or financial markets.

6.2 Methodology and Parameters
Experimental Design: We conducted parameter sweeps
on a high-performance computing cluster to ensure compre-
hensive coverage. Key parameters included:

• Number of Agents: 10 or 50, capturing both smaller-scale
and moderately complex setups.

• Penalty Factor: 0.05 or 0.2, specifying how strongly
agents are penalized for resource hoarding.

• Partial Observability: on (each agent sees local states
plus partial global metrics) or off (no additional visi-
bility).

• Distribution Policy: alpha (partial resource redistribu-
tion) or none (no forced redistribution).

We ran multiple seeds for each configuration, logging agent
actions, final rewards, and emergent-norm flags. In earlier
work, we tested centralized auditing and single-agent audits
as baselines; here, we focus on how internal parameter varia-
tions in our framework affect fairness and reward outcomes.

Data Collection: We recorded each agent’s resource re-
quests, final allocations, and immediate reward signals, log-
ging flagged norm violations and any triggered interven-
tions. At the end of each simulation, we compiled aver-
age rewards (avg reward) and a final Gini metric (final gini)
quantifying inequality (Gini 1912).

6.3 Results
Quantitative Findings: Table 1 summarizes selected out-
comes from our experiments, showing how penalty factors
and partial observability interact with different distribution
policies. Higher penalties can deter aggressive hoarding but
may exacerbate inequality if partial observability or alpha-
based redistribution is not implemented. Conversely, partial
observability and alpha reallocation often lower final Gini
and maintain relatively high rewards.

Visual Analysis Figure 2 shows the final Gini distribu-
tion by penalty factor and partial observability. Observations
generally confirm that partial observability tends to promote
more equitable allocations, lowering Gini values across dif-
ferent penalty levels. However, outliers emerge when high
penalties lead to sudden hoarding episodes, only partially
mitigated by alpha redistributions.

Qualitative Observations In scenarios with low penalties
and no redistribution, agents sometimes formed resource-
hoarding alliances that generated short-term rewards for
coalition members. The accountability framework, however,
detected these alliances through abnormal communication
patterns or sharp spikes in local resource uptake, prompting
localized reward adjustments or communication constraints.

Agents Penalty PO dist. policy avg reward Gini
10 0.05 off alpha 81.20 0.117
10 0.05 off none 274.26 0.005
10 0.05 on alpha 135.11 0.001
10 0.05 on none 267.65 0.006
10 0.20 off alpha 110.09 0.136
10 0.20 off none 111.29 0.035
10 0.20 on alpha 114.25 0.103
10 0.20 on none 112.50 0.033
50 0.05 off alpha 15.39 0.032
50 0.05 off none 24.53 0.139
50 0.05 on alpha 178.01 0.020
50 0.05 on none 164.80 0.029
50 0.20 off alpha 130.29 0.019
50 0.20 off none 134.55 0.162
50 0.20 on alpha 239.59 0.011
50 0.20 on none 4.28 0.037

Table 1: Summary of Results Across Parameter Configura-
tions

Figure 2: Final Gini by Penalty Factor and Partial Observ-
ability. Error bars show variability across seeds.

Detailed log inspections revealed that once targeted inter-
ventions took effect, the alliances dissolved and overall fair-
ness improved.

7 Discussion
Our empirical findings suggest that distributed accountabil-
ity can significantly curtail emergent collusion, resource
hoarding, and inequitable outcomes, even in partially ob-
servable environments with evolving agent policies. This
section evaluates the broader meaning of these results, ex-
amines limitations, and positions our approach within ongo-
ing regulatory and ethical discussions.

Significance of the Results: The experiments confirm that
continuous oversight is essential in multi-agent settings,
where emergent behaviors might otherwise remain unde-
tected until they cause substantial harm. As agent popu-
lations scale, purely centralized or single-agent audits are
insufficient for catching localized phenomena that spread
quickly. By integrating real-time monitoring, norm detec-
tion, and intervention triggers, our framework offers a more
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fine-grained governance strategy aligned with system-wide
objectives.

Limitations: Though promising, these outcomes reflect
specific environment parameters (agent counts of 10 or 50,
certain penalty factors, partial observability toggles, and
basic distribution policies). Industrial-grade deployments
might demand additional features, such as advanced crypto-
graphic safeguards, specialized domain constraints, and so-
lutions for thousands or even millions of agents. Further-
more, while we tested HPC-based simulations, organiza-
tions lacking sufficient computational infrastructure could
face adoption hurdles, particularly if their MAS is extremely
large or demands strict latency.

Ethical and Social Considerations: Any accountability
infrastructure that logs agent actions and communications
can pose risks related to privacy, surveillance, or misuse. Fu-
ture implementations should incorporate privacy-preserving
techniques, encrypted log storage, and well-defined gover-
nance processes to ensure that interventions do not exces-
sively constrain agent autonomy or lead to hidden biases.
Regulatory oversight, together with standardized guidelines,
could help balance the benefits of real-time norm detection
against the potential for overreach.

Implications for AI Governance: Our approach res-
onates with the growing consensus that AI governance
should be network-centric and continuous, especially in
domains with multi-agent coordination. Traditional regula-
tions typically assume single-agent or static solutions, which
are inadequate when responsibilities are distributed among
many adaptive entities. By modeling accountability as an it-
erative process embedded throughout the MAS lifecycle, our
framework complements calls for transparent, dynamically
updated AI oversight.

8 Conclusion and Future Work
This paper presented an Adaptive Accountability Frame-
work for detecting, attributing, and mitigating negative
norms in networked multi-agent systems. Through empirical
evaluation, it was shown that combining real-time logging,
localized and global interventions, and adaptive threshold-
ing can effectively reduce behaviors such as collusion and
hoarding without incurring excessive overhead. The results
underscore how carefully chosen parameters—particularly
penalty factors, partial observability settings, and distribu-
tion policies—help sustain equitable outcomes and robust
agent performance.

The framework’s layered architecture cleanly separates
agent operations from accountability tasks, permitting gran-
ular data collection, norm analysis, and targeted corrective
measures. Experiments revealed how partial observability
significantly influences fairness metrics, while alpha-based
resource redistribution can further stabilize outcomes under
high-penalty or dense interaction scenarios. Simulation tri-
als on high-performance computing platforms demonstrated
that the approach retains viability as agent populations grow,
suggesting it can address diverse and more complex multi-
agent environments.

The findings highlight the importance of ongoing over-
sight in multi-agent systems, particularly in contexts where
autonomous agents may unintentionally form alliances or
exploit resource imbalances. However, the tested scenarios
remain confined to a resource-sharing environment of mod-
erate scale. In real-world deployments, factors such as ad-
versarial agents, highly heterogeneous policies, or more in-
tricate communication networks might necessitate advanced
detection algorithms and robust privacy safeguards. Addi-
tionally, organizations may face implementation barriers re-
lated to distributed ledger technologies, cryptographic tech-
niques, or domain-specific policy constraints.

Several directions can expand upon the current frame-
work. First, more sophisticated norm detection meth-
ods—potentially incorporating deep learning or adversar-
ial modeling—could capture subtler forms of coordination
or collusion, as well as scenarios where certain agents ac-
tively seek to subvert accountability. Second, real-world pi-
lots in healthcare or financial markets would reveal domain-
specific challenges, including legal and ethical constraints
on data retention and intervention authority. Third, evaluat-
ing how accountability mechanisms operate under extreme
scales (thousands or millions of agents) may require innova-
tive approaches to data reduction and distributed processing.
Addressing these aspects would refine the framework’s scal-
ability, enhance its resilience against adversarial threats, and
ensure its relevance to mission-critical applications.

In sum, this work underscores the feasibility of con-
tinuous, distributed accountability in multi-agent settings,
while also illustrating that sensitive parameter choices and
system-level interventions can meaningfully shape behav-
ioral norms. Future research that explores advanced detec-
tion methods, diverse domain applications, and further scal-
ability optimizations could enhance the framework’s capac-
ity to govern increasingly complex multi-agent ecosystems.
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