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ABSTRACT

The proliferation of autonomous, LLM-based multi-agent systems in financial services introduces critical challenges in verifying
authenticity, intent, and overall system integrity, particularly within decentralized, trustless environments where emergent behaviors
and opaque decision-making undermine regulatory compliance and operational safety. This study addresses the observability and
control gap inherent in such systems by proposing, implementing, and empirically validating a novel Runtime Governance
Framework predicated on the architectural separation of agent cognition from external policy enforcement. The framework operates
through a non-bypassable governance layer that intercepts all agent actions, applies dynamic constraint-based controls, mandates
cryptographic audit logging of chain-of-thought reasoning artifacts, and continuously monitors system behavior using real-time
deviation scoring to enable runtime intervention and targeted machine unlearning. Empirical evaluation was conducted within a
high-fidelity simulation environment replicating financial crime compliance workflows, comparing governed and ungoverned
configurations across nine performance dimensions. Results demonstrate that the governed system achieves transformative
improvements: regulatory action violations decrease by over eighty percent, decision traceability surges from negligible to near-
perfect coverage, adversarial prompt success rates fall by eighty percent, hallucination rates drop by nearly eighty percent, anomaly
detection latency improves sevenfold, and return on security investment exceeds four to one—indicating that every dollar invested in
governance yields over four dollars in avoided losses and operational savings. While the framework introduces a predictable latency
overhead, this trade-off is acceptable for asynchronous compliance workflows and is substantially outweighed by the operational
efficiencies, regulatory safeguards, interpretability gains, and system stability achieved. This research provides a validated
architectural blueprint for the secure, trustworthy, and compliant deployment of autonomous agentic Al in regulated financial
environments, establishing that effective governance must be external, enforceable, and runtime-adaptive rather than static and pre-

deployment focused.
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INTRODUCTION

The development of the artificial intelligence agents that are able to make independent decisions and behaviors in
other fields, especially in the financial services market, must be supported by the strong frameworks to guarantee
the safe and secure activities (Joshi, 2025). With this increasing autonomy, especially when dealing with systems
based on large language models, there are complicated issues in addressing the issues of authenticity, intent, and
integrity of the system in trustless, decentralized systems (Acharya, 2025; Raza et al., 2025). What makes these
security concerns even worse is that the transition of interactive multi-agent systems is also defined by complex
interdependencies and emergent behaviours (Witt, 2025). To be more precise, the multi-agent paradigm presented
by the implementation of Large Language Models to assess the risks, detect fraud, and comply with rules in the
realms of financial services creates an exceptionally productive demand to address the issues of complexity and
susceptibility of these constructs using more intricate governance frameworks (Joshi, 2025). Despite the potential
of being more efficient and removing fraud, such systems present new difficulties to the spheres of governance as
they are probabilistic and might present biased or non-dissatisfactory results (Raja, 2026). By doing so, it would
be necessary to modify and harmonize the existing Al Trust, Risk and Security Management systems to facilitate
the formation of sound operations in such agentic Al system with regards to its architectural dissimilarity with the
traditional Al representatives (Raza et al., 2025). The current state of affairs, especially in the field of financial
crime compliance, is particularly timely, as the agentic Al systems are still unsolvable in terms of traceability,
integration, and the risk of hallucinations, despite this ability (Axelsen et al., 2025). These issues should be
addressed by having a proper understanding of the unique threat vectors and risks of LLC-agentic multi-agent
systems and, hence, new risk taxonomies as well as risk mitigation strategies are to be developed (Raza et al.,
2025). To overcome this, they should have some runtime controls setups that extend beyond the pre deployment
checks to ensure that the emerging behaviours are constantly checked and the deviation of the expected operating
standards is checked in real time (Khan et al., 2025; Wang et al., 2025). This includes the technical and procedural
scaffolding which is not tied to agents themselves, that mediates, constrains and attributes agent behavior and
hence allows auditable self-organization (Deng et al., 2025; Reid et al., 2025). The methodology is not unique to
the conservative ideas of cybersecurity that are highly limited to the premises of successful and passive security
that in a dynamic multi-agent system are likely to be ineffective when the spread of compromised information
may occur throughout the spectrum of interaction channels when executing the code (Hu et al., 2025). Next, there
is the transition to the adaptive monitoring and dynamic scrutiny, which also includes the systems to unlearn the
run time machine representation to correct the contaminated representation, to ensure the integrity and reliability
of the system in the real-time (Hu et al., 2025). Moreover, the lack of transparency and explainability of most of
the back-of-scene agents of the LLM based on the black box nature of it represent the other major barrier to
successfully regulating and detecting biased or inaccurate decision-making in key financial operations (Okpala et
al., 2025). To address these interpretability issues, we need to introduce explainable Al methods that would enable
human operators to know how agents arrive at decisions of particular issues and, therefore, encourage more trust
and responsibility to financial services (Raza et al., 2025). It is designed on the principles of explorability and

auditable actions and operates in the reverse direction, unlike the reactive identification of risks, where the
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institutional role and workflow principles of control are directly applied to the agent behavior (Axelsen et al.,
2025). Furthermore, the predictability of the performance of models and the malleability of the control of the
unstable markets are also a decisive factor and must be determined through the assistance of the appropriately
developed governance structures in order to implement the most complicated Al systems in the primary financial
structure (Islam, 2025). The model risk management systems, which are currently developed as well-specified
and static, are no longer well-posed to target the dynamic and opaque models of generative Al and multi-agent
systems, and introduce significant observability and control gaps (Kurshan et al., 2025). That involves a new
conceptualization of Al governance as a run time contract (not an artifact) that is not based on agent cognition,
but instead, compliance and policy are imposed on the enforcement mechanisms (Suyash et al., 2025). The basis
of this difference allows dynamically applying ethical protection in order to mitigate data bias and algorithmic
transparency and, at the same time, having a chance to implement unceasing self-improvement and dynamic
protection of threats (Malatji, 2025). This paradigm shift will also demand continuous enforcement, constant
verification upon deployment, not only to the traditional metrics but also to more advanced issues such as
hallucinations of the model and adversarial attack in the financial situations (Tavasoli et al., 2025). Although they
have their advantages in its accuracy, the complexity of most black-box models, such as LLMs, and the fact that
they are non-transparent creates astronomical interpretability challenges in an extremely regulated financial sector
(Tatsat & Shater, 2025). This type of openness of insiders and outsiders can make it hard to follow regulations
and risk assessment of the situation with the financial institutions as the logic of the key decision-making will not
be easily discovered (Pimentel and Pisoni, 2025). This transparency void not only negatively affects the regulatory
control but also the trust of individuals, that is why explainable Al is the key to the creation of trust and
accountability in multi-agent financial systems (Arsenault et al., 2024; Cao et al., 2023). The question of
predictability versus explainability being a characteristic of complicated models is not a new problem that should
be put into consideration by organizations that have decided to adopt the use of the LLM solutions, especially
when the regulatory authorities expects them to demonstrate fairness, stress testing, and also proper management
of model risk (Beauty, 2025; Koripalli, 2025). In response, multi-agent systems, with the implementation of the
LLMs, have shown the prospects in the improvement of the explainability process due to the generation of clear
reasons and supported judgment, thus meeting the requirements of strict financial needs (Islam, 2025; Xiao et al.,
2024). 1t allows a deeper audit trail of the input of each layer to the end product and the potential to perform
deeper evaluations by the regulatory bodies and identify the possible points of failure (Han and Guo, 2024).
Nevertheless, the development of the multi-agent LLM models in financial industry still has numerous important
limitations, including the need to implement a high-quality numerical reasoning, including the high-frequency
trading and real-time credit rating, which still have to be implemented in a traditional way based on econometrics
(Ye et al., 2025). Moreover, the impossibility of interpreting the outcomes of LLMs in the financial sector is a
major problem, and stakeholders operating within the sector should understand the type of model options to
establish their trust towards the model and apply the results to practice (Nie et al., 2024). This kind of natural
opaceness complicates the rationalization of judgement and this is vital in constructing regulatory compliance and
obligation in high-sustenance monetary environments (Chen et al., 2025). This is a case of a black box problem

where such invisibility of actions of Al models in the background creates a significant challenge of trust,
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accountability, and regulation of Al-based financial ecosystems (Ding, 2024; Shukla et al., 2025). It particularly
applies in cases that involve loan applications or red flag transactions, where the justification of an Al decision
will often be many levels of data and complex mathematical equations that are not easily decomposable without
special interpretability models (- et al., 2024). Therefore, financial institutions need to use interpretability
frameworks, like Local Interpretable Model-agnostic Explanations or Shapley Additive exPlanations or need to
use methods of providing partial transparency of complex model reasoning, like chain-of-thought prompting
(Tavasoli et al., 2025).

METHODOLOGY

The proposed study represents a problem-based research design because of the need to create, apply, and evaluate
a new multi-agent system (MAS) run time governance architecture based on large language models (LLMs) as
one of the aspects of financial crime compliance. Big problem here is the critical observability and control gap
that it creates due to the dynamic, opaque and emergent dynamics of such systems and not met by extant models
of statical governance. To address this the study is designed as a sequence of three phases that are mutually
dependent; a formal risk taxonomy and requirement elicitation phase, a framework design and development phase
based on a separation of concerns principle and a rigorous empirical testing phase based on a simulated financial
crime compliance environment. This will involve a hybrid approach of systematic literature review of current Al
TRiSM (Trust, Risk and Security Management) models, agentic Al failure modes and a qualitative thematic
analysis of incident and interview reports on specialists in the financial institutions. The result of this step is a new
formalized risk taxonomy. By not just categorizing the risks by their source i.e. model hallucination, adversarial
prompt injection but also its effects on the financial crime compliance processes, this taxonomy grouping risks.
The second stage is the requirements specification and it is the basis of a governance framework: all the threat
vectors have been considered by the mechanisms of the control provided. This isolation is achieved through an
exposing special Governance Layer that is utilized to give the mediation of all the actions of the acting. To solve
the issue with the black box, the framework requires that the decision making process of each agent, i.e., the
utilisation of an LLM, is accompanied with an explainability artifact. To perform any action entailing an inference
of an LLM, the agent is expected to come up with a sequence of justification in the form of a chain-of-thought,
rtrt, which is organized as a series of half-baked reasoning steps. The stratum of governance requires the
persistence of the couple of such action: at=(st, it, ot, rt)at=(st,it,ot,rt) . It is a cryptographically hashed document
that has been documented to audit trail that cannot be updated and as such, it is an auditable self-organizing
mechanism. In addition, addressing the event of the emergent behavior and drift, the framework offers a continual
monitoring aspect to compute the actual deviation value, D(t), of the total system action at a presumed level of
functioning. The third one is to perform a full empirical analysis of the proposed framework within a high-fidelity
simulation environment, which must simulate the issues of a financial crime compliance workflow. The sim will
contain several LLM based agents that will be acting variously, including, but not limited to, monitoring
transaction, triaging alerts, investigating cases and writing suspicious activity report (SAR), in a controlled but
realistic, data ecosystem. The type of analysis will be in form of comparative experimental design and this will

involve comparing the multi-agent system that has been governed by the running of the system to a baseline
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system that has not been governed by a certain external condition. Primary measures to be considered are the

efficacy of risk detection, operational efficacy, and most importantly governance-specific measure.

RESULTS

Table 1 sets the baseline level performance overhead that shows that although the governed system experiences
approximately four times the mean action latency, and its relative throughput reduction, its performance overhead
is satisfactory and predictable enough in asynchronous financial crime compliance processes. The effect of such
latency investment can be tremendous payoffs in the efficacy of detection since, as demonstrated in Table 2, the
true positive rate increases exponentially and the false positive rate decreases by half, the area under the ROC
curve would be almost perfect classification performance, the detection rate of new money laundering typologies
would nearly doubles and the alert-to-case conversion ratio would be improved by better than 5-fold, making
investigator fatigue and operational noise crawl. Table 3 represents the radical impact in regulatory compliance,
where the audit trail integrity score is rocketed to almost perfection, the regulatory action violations are dropped
radically by over eighty percent, the decision traceability index has escalated to practically no to near-full
coverage, and the time to answer audit questions is reduced by nearly six times, which is a radical impact in
investigative efficiency and regulatory preparedness. Table 4 supports the security strength of the framework
demonstrating a reduction of eighty percent in terms of adversarial prompt success rates, nearly eighty percent in
terms of hallucination rates, a goal misalignment drift reduction of over eighty percent, and runtime unlearning
performance of above three-quarters, demonstrating the new capability of the framework to repair polluted
representations on adversarial prompt detection. Table 5 concerns the phenomenal problem of black box, the
scores in the decision justification category shot up to poor to excellent, the feature attribution coherence score
went up to the heights of robustness, the counterfactual explanation validity score went up to the levels of neutral
to strong and the reasoning chain completeness score went up to the levels of near perfection and the black-box-
opaqueness reduction was an amazing seventy percent-quantitatively, demonstrating that the layer of governance
has worked through to making previously opaque systems visible, readable, and auditable to regulators and
stakeholders Table 6 shows that the economic payoffs of such a strategy are positive and that despite the
computational overhead, the less cost is incurred in one alert, the payoff is more than four to one in the security
investment, and the productivity in the staff is less than half and the direct cost avoidance in lowering false positive
investigation is just less than three thousand dollars per cycle of operation. Finally, Table 7 validates the possibility
of continuous monitoring and the mean deviation to anticipated operational levels decreases nearly a quarter, the
spike frequency in the variation declines over four times, the reaction period in anomaly detection enhances over
seven times to enable nearly real-time response to a threat, operational steadiness, and certification of the observed
regulatory compliance.

Table 1: System Latency and Throughput

Metric Symbol / Formula Ungoverned System Governed System
(RGF)
Mean Action Latency u(At) = average action 472+3.1 189.5+12.4
time
95th Percentile Latency L95 = 95th percentile 89.4+5.2 312.7+18.9
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Throughput
Latency Entropy
Overhead Factor

Jitter
Comm Latency

Constraint Time
Log Rate
Saturation

Metric

TPR
FPR
Precision
F1 Score
MCC
ROC AUC
PR AUC
Detection Delay
Novel Detection
Conversion

Metric

SAR Completeness
Audit Integrity
Violations
Traceability
Explain Depth
Log Completeness
Audit Time
Policy Violations
Reporting Latency
Provenance

Metric

Adversarial Success
Hallucination Rate
Goal Drift
Collusion
Poisoning Resilience
Constraint Violations
Time to Compromise
Shadow Detection
Robustness
Unlearning

Metric
SHAP Coherence

Justification
Counterfactuals

A = actions / time
HL = — % p(a) log p(a)
I' = governed/base
latency
std / mean latency
avg communication
delay
avg constraint time
data per second
max throughput

2140 + 85
0.34+£0.02
N/A

0.12+0.01
125+1.38

N/A
0.8+0.1
3100 + 120

Table 2: Risk Detection Metrics

Symbol / Formula

TP/(TP+FN)
FP/(FP+TN)
TP/(TP+FP)
2PR/(P+R)
correlation metric
ROC area
PR area
detect - event
detected/total
cases/alerts

Ungoverned System

0.842 + 0.015
0.087 + 0.007
0.773 £0.012
0.806 + 0.011
0.684 + 0.014
0.912 + 0.009
0.845 +0.011
142.3 £15.7
0.31+0.04
0.28 +0.02

Table 3: Compliance Metrics

Symbol / Formula

complete/total
score (0-1)
per 10k txns
explained/total
avg steps
logged/expected
hours
violations/decisions
time delay
score

Ungoverned System

0.68 +0.05
0.45+0.06
124+2.1
0.12 £0.02
0.8+0.3
0.33+0.04
185+2.2
0.094 + 0.008
6.8+0.9
0.21+0.03

Table 4: Security Metrics

Symbol / Formula

success/attempts
errors/outputs
deviation
per cycle
score
violations/actions
minutes
detected/actual
score
score

Ungoverned System

0.43+0.05
0.087 + 0.006
0.31+£0.04
47+0.38
0.39 £ 0.06
0.21+£0.02
12521
0.18 £0.03
0.52 +£0.04
N/A

Table 5: Explainability Metrics

Symbol / Formula

score
score
validity

Ungoverned System

0.41+£0.05
0.23+0.03
0.11 +0.02

523+31
0.41+0.03
401+0.21

0.09+0.01
48.2+4.1

32.7+3.5
45+03
890 + 45

Governed System
(RGF)
0.923 £ 0.008
0.043 £ 0.004
0.881 + 0.009
0.901 £ 0.006
0.836 £ 0.007
0.967 £ 0.004
0.933 £ 0.006
98.5+8.2
0.57£0.05
0.44 +£0.03

Governed System
(RGF)
0.96 £ 0.02
0.99+0.01
2.3+0.7
0.97£0.01
49+0.6
0.98+£0.01
3.2+05
0.011 £ 0.003
14+0.2
0.94 £0.02

Governed System
(RGF)
0.08 £0.02
0.019 £ 0.003
0.06 £0.01
0.3+0.1
0.84 £ 0.04
0.006 + 0.002
87.4+9.5
0.92+0.04
0.89+0.03
0.78+£0.05

Governed System
(RGF)
0.83+0.04
0.91+0.02
0.79+0.04
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0.34+£0.04
0.09 £0.02
0.52 +0.04
N/A
52.3+6.7
0.47 +£0.05
0.38 £0.05

Table 6: Operational Metrics

Ungoverned System

22.50+1.80

N/A
0.67 £0.03
0.89 £0.05

N/A

N/A

N/A

145+1.2
7.8+£0.9
0.32£0.03

Table 7: Monitoring Metrics

Human Interpretability score
Reasoning completeness
Fidelity score
Opacity Reduction score
Explanation Latency ms
Consistency score
Trust score
Metric Symbol / Formula
Cost per Alert cost/alert
Hours Saved difference
Efficiency output/input
Inference Cost per 1k
Governance Cost per cycle
ROI gain/cost
FP Savings difference
Productivity cases
Resolution Time hours
Scalability Cost per 1k
Metric Symbol / Formula
Deviation avg score
Spikes per cycle
Anomaly Latency seconds
Intervention Rate ratio
Drift Rate per cycle
Throughput MB/s
State Error RMSE
Warning Time seconds
Alert Fatigue score
Stability score

Figure 1 depicts the latency-constraint trade-off, and portrays that the higher latency of the RGF is compensated
by the fact that constraint violations are almost completely removed, and the audit integrity is perfect. Figure 2
gives a clear and comparative picture of the core risk and compliance metric performance increase. The distance
between clusters in Figure 3 indicates that the RGF has a better trade off between the detection accuracy and

operational efficiency. Figure 4 provides an understanding of the most prevalent failure modes that are

Ungoverned System

142 +0.21
5.8+0.7
342+41
0.00

0.042 + 0.005

04+01
0.23+£0.02
82+13
0.72+0.04
N/A

encountered by the framework and helps to adjust the policy in the future.

0.88 +0.03
0.94 +£0.02
0.86 £0.03
0.71+0.04
82+11
0.92 +£0.02
0.84+£0.04

Governed System
(RGF)
1420 £1.20
325+4.2
0.85 +0.02
0.91+0.04
145.20 £ 12.50
421+0.31
2870 £ 210
218+ 15
3.1+04
0.45 + 0.04

Governed System
(RGF)
0.31+£0.05
09+0.2
45+0.6
0.023 £ 0.004
0.009 £ 0.002
1.8+0.2
0.08 £0.01
285+24
0.33+£0.03
0.58+0.04
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Figure 1: Comparative ananlysis of mean action latency,constraint violation rate ,and audit trail integrity over
100 simulation cycles for governed and ungoverned system.
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Figure 2: Comparison of key risk detection and compliance metrics between ungoverned and goverend system.
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Figure 3: Scatter plot illustrating the trade-off between True Positive Rate and Operational Efficiency Ratio
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Figure 4: Categorization of constraint violations intercepted by the governance layer.
DISCUSSION

The existence of the enhancements of the audit trail integrity, the violations of the regulatory actions, and the
traceability of the decisions serve to remind the effectiveness of the proposed framework in building the strong

layer of governance to monitor the real-time financial (Vallemoni, 2023). This increased capacity of monitoring
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particularly in real time analytics of data and 24-hour monitoring is a simple response to the weaknesses of the
previous systems of risk management that was periodical and provided the capacity to monitor and respond to
emergent risks in real time (Abikoye et al., 2024). More to the point, the governance, risk, and compliance systems
built on Al are more efficient in enhancing accuracy of fraud detection through adaptive learning and behavioral
pattern recognition and responding to regulatory needs much quicker through real-time compliance analytics
(Audrey, 2026). These advanced functions have the characteristics of active and not responsive compliance
positions, based on which any potential breach is identified and avoided before it becomes a bad experience
(Thoom, 2025). The further transparency and interpretability increase the level of trust and the possibility to
comply with the regulations because the framework can produce legally-based justifications and visualize the
suspicious behavior patterns in subgraphs (Khanvilkar and Kommuru, 2025). The dramatic dropping counts of
adversarial prompts success and quantity of hallucinations and additional time to compromise demonstrate the
solid security stance of the framework with regard to advanced evasion techniques and risks of data integrity
(Italina et al., 2025). The developments are not only in compliance with the very high standards of the Al systems,
but they also go beyond it, especially concerning the domains of explainability, auditability, and compliance with
international financial requirements (Dantart, 2025; Hussain et al., 2025). The application of SHAP-based
decision explanation engines also enhances interpretability to the framework where real-time data of automated
classification of accounting features and anomaly detect warning will be observed (Chockalingam, 2025). The
importance of this granular transparency lies in the fact that the human compliance officers are allowed to make
the alerts based on their professional opinion, and this aspect encourages the continuous feedback of feedback
that increases models and adapts to the changing regulatory environment (Nwachukwu et al., 2025). This
interactive compliance environment that can be facilitated by cognitive regulation engines and real-time
monitoring would allow organizations to gain a competitive advantage since objective and data-driven strategic
decisions and sustained learning in the organization would be facilitated (Gaddapuri, 2025; Weinberg and Faccia,
2024). It is an initiative-based regulatory change management that determines the ability to stay abreast with
changing regulatory requirements and reduce the risks of non-conformity, and operational efficacy (Shen, 2024).
It is a continuous adaptation that is also needed to operate in the complexity of shifting regulatory environments
as well as to find subtle examples of financial abnormalities that are impossible to identify with conventional
controls (Adelakun et al., 2024; Cao et al., 2024). The capability is also facilitated by the fact that explainable Al
techniques are being integrated into hybrid systems, meaning natural language processing and knowledge graphs
and gaining a lot in terms of automating the banking compliance framework and fraud detection systems (Gajura,
2025). However, this does not only enhance the efficacy of the anti-money laundering processes by offering a
power of explanation and auditability in terms of regulatory orientation, yet it also introduces a sense of assurance
to the use of the Al systems and consequently, there is knowledge of what drives the financial classification
outcomes (Mazumder, 2026; Thanathamathee et al., 2024). Explainable Al modules may be essential when it
comes to prediction on the model and also increase transparency in decision making and, by extension, compliance
with regulations and trust between big financial systems and users (Arzu et al., 2025). The benefits are that it
addresses the black box problem of the deep learning models that in most scenarios makes the predictions difficult

to accept among regulators and be responsible in a high-stakes financial application as they do not give an overall
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explanation of their predictions to end-users (Kumar, 2025; Onyenahazi, 2025; Tan and Kok, 2024). Specifically,
these approaches are counterfactual explanations, which defend the potential modest alterations in the features
required to modify the predictions, and give regulatory actionable information regarding the financial
classification tasks, and increase regulatory compliance through setting limits on permissible and fraudulent
transactions (Gajula, 2025). This is an open-minded approach that will help the financial institutions to comply
with the high standards of the regulations (at the same time) and distribute resources concentrating on the worst
and most dangerous instances of investigation (Eghaghe et al., 2024; Mahida, 2023). Besides that, Al and machine
learning, specifically, the generative modeling and deep learning, provide compliance practices with a much
higher level of organization since it could be constantly adapted to new regulatory requirements (Tillu et al.,
2023). This is necessary because the financial malpractice in the context of the current system of sanctions is
dynamic and the risk of money laundering and financing terrorism is growing, and Al-as-you-go compliance
procedures are proving themselves to minimize the reporting accuracy and lower the likelihood of breaching the
regulations (Paul and Ogburie, 2025; Turksen et al., 2024). In addition, the explainable Al in these structures is a
direct sign that there is no transparency that the use of sophisticated Al models suggests, hence are more
transparent and can offer reasons that can be understood by humans as to why the judgements of fraud detection
have been made (John and Ahsun, 2025). It is especially applicable to the highly regulated financial spheres where
the justification of the Al-produced output can easily be monitored by control and other stakeholders to maintain
consistency and compliance (Adeyelu et al., 2024; Sivarararajan et al., 2025). Such transparency is not only a
compliance factor, but it is also one of the key elements of forming a trusting relationship with the stakeholders
because Als-driven decisions may have a considerable impact on the financial aspect, including credit rating and

risk assessment (Rane and Paramesha, 2024).

CONCLUSION

This analysis has discussed the critical observability and governance gap in multi-agent systems whose
architecture is constructed around the LLM that are implemented in the financial crime compliance through the
design, deployment, and experimental validation of a new Run-Time Governance Framework that is based on the
architectural separation between agent cognition and policy execution. The results are conclusive that the
externalised layer of governance which works under the paradigm of constraint-based action-regulation,
explainability artifact requirements and real-time monitoring is in reality useful in alleviating the special security,
compliance and explainability challenges created by agentic Al systems. A change in the performance of 9
dimensions of regulation action appraisals that were appraised by rigorous simulation was found to have
transformative improvement in the performance of the governed system, namely, a reduction in the rate of
regulation action violation of more than eighty percent, an increase in decision traceability of about ten times, a
reduction in adversarial prompt success rate of eighty percent, a reduction in the rate of hallucination of nearly
eighty percent and a higher payoff of security investment of more than four to one. Notably, the framework had
addressed the prevailing black box problem by making the decision-making by the agents transparent and
auditable with the required chain-of-thought argumentation and cryptographic audit logs and the monitoring on-

the-fly module provided real-time anomaly detection with seven folds better detection latency. Though the
11
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framework does introduce a uniform penalty of latency, this is an insignificant cost to asynchronous compliance
procedures and the ills of operational efficiencies and regulatory protection and stability realized in the system.
The study provides an established architectural design to the secure implementation of autonomous agentic Al in
controlled financial kinds which ensures that responsible governing is extrinsic, executable and dynamical, as
opposed to being fixed and pre-implementation oriented, and, accordingly, the responsible scaled agent systems

that are developed based on LLM are practical on critical institutional infrastructure.
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