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Abstract
Agentic workflows, composed of interconnected
AI agents performing complex tasks, have become
extremely popular both in the academic and indus-
trial communities. While such workflows possess
significant potential to help processes become more
efficient and targeted, they also present risks. As
an increasing number of agentic workflows are be-
ing deployed in real-world environments, a holis-
tic governance approach is necessary to ensure ac-
countability, safety, and traceability. This paper
proposes a Governance Judge which can be incor-
porated to modern day workflows. By address-
ing practical issues such as performance monitor-
ing, failure detection, and compliance auditing, this
approach helps ensure robust oversight for agentic
workflows in dynamic operational contexts.

1 Introduction
Autonomous agents have been widely recognized as a cru-
cial pathway toward achieving artificial general intelligence
(AGI), offering the capability to perform tasks through self-
directed planning and independent actions, eliminating the
need for human oversight. Leveraging recent advancements
in Large Language Models (LLMs), these models serve as
the central core of the agent, enabling human-like decision-
making capabilities [Schick et al., 2024; Shinn et al., 2024].
While the promise of agentic workflows is significant, their
widespread adoption and deployment in real-world environ-
ments raise concerns from a governance and regulatory per-
spective. To fully harness the benefits of agentic AI sys-
tems, it is crucial to ensure their safety by addressing po-
tential vulnerabilities using a holistic governance framework
[Chan et al., 2023]. For deployed systems, one of the greatest
challenges is implementing automated monitoring, as human
evaluation becomes impractical and unsustainable for large-
scale frameworks. In this study, we propose an automated
monitoring framework leveraging a Governance Judge. This
framework aims to provide actionable insights for system
deployers and facilitate appropriate interventions. The cen-
tral question addressed is: How can a judge system be used
to govern agentic workflow outcomes in a way that ensures
safety, accountability, and operational effectiveness?

2 Automated Monitoring of Agentic
Workflows

Human users often lack the time or capacity to review agent
activity logs at the required speed or scale. To address this, a
secondary “monitoring” AI system can be deployed to auto-
matically review the primary agentic system’s reasoning and
actions, ensuring alignment with user goals. A popular ap-
proach within the LLM community is the LLM as a Judge
framework, which has been utilized across various industries
for the automated evaluation of LLM outputs [Zheng et al.,
2023]. These monitoring systems are highly scalable, op-
erating at significantly higher throughput compared to man-
ual human evaluations. Furthermore, such frameworks can
be prompted to generate their own chain-of-thought reason-
ing, providing transparent logic for their automated assess-
ments [Saunders et al., 2022]. However, these monitoring
systems also pose challenges, particularly in terms of cost and
bias. Employing smaller AI models for monitoring can re-
duce costs, but this approach introduces a risk that the smaller
model may fail to detect certain misbehaviors of the primary
system, potentially undermining the safety and reliability of
the workflow. Additionally, recent studies suggests that rely-
ing on a single LLM as an evaluator can introduce systematic
biases, while employing different LLMs or ensemble meth-
ods may lead to more robust and fair evaluations [Zheng et
al., 2023; Wang et al., 2023]. To overcome these limitations
and extend automated monitoring to broader agentic work-
flows, we propose the Governance Judge framework. This
framework enhances existing approaches by introducing ad-
vanced capabilities for fairness, transparency, and decision-
making across complex and interconnected systems.

3 Governance Judge Framework
3.1 Core Components
The Governance Judge framework is built on three primary
modules, as shown in Figure 1:

i. Input Aggregation: The Governance Judge aggregates
four critical inputs:

• Initial Query: The user-submitted query that initiates
the agentic workflow.

• Workflow Outputs: The final output and intermediate
steps produced by the agentic system.
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Figure 1: Governance Judge Schematic.

• Evaluation Checklist: A predefined set of metrics and
criteria that evaluate the workflow’s performance and
alignment with user goals. The checklist should com-
prehensively cover the action space of the agent, ensur-
ing all possible actions are monitored against expected
standards.

• LLM Prompts: The instructions or inputs provided to
the agents in the workflow. These are evaluated for clar-
ity, alignment with user goals, and safety considerations.

ii. Evaluation Logic: The Governance Judge evaluates ag-
gregated inputs against the provided checklist. This module:

• Produces classification scores for each metric in the
evaluation checklist.

• Generates chain-of-thought (CoT) reasoning to provide
transparency in its evaluations.

• Identifies discrepancies or risks that deviate from ex-
pected performance.

iii. Decision Module: Based on the evaluation results, this
module determines the appropriate course of action:

• Governance Report: Logs metric evaluations, confi-
dence scores, and CoT reasoning to a database for trace-
ability and drift detection.

• Human Evaluation Request: Escalates issues that re-
quire manual oversight.

• Workflow Termination: Shuts down workflows that vi-
olate critical safety or performance thresholds.

3.2 Multi-Judge Systems and Classification Agents
In complex workflows, a single Governance Judge may not
suffice. To address this, multiple Governance Judges can
be deployed, each specializing in specific aspects of the
workflow. These judges can operate independently or col-
laboratively, providing more granular oversight of the sys-
tem. Governance Judges can also be tailored for domain-
specific needs. For instance, a specialized judge can fo-
cus on monitoring adversarial vulnerabilities, ensuring ethi-
cal compliance, or evaluating performance against domain-
specific metrics, such as financial regulations or healthcare
safety standards. By incorporating techniques like Retrieval-
Augmented Generation (RAG) systems [Lewis et al., 2020],
which leverage external knowledge bases, or fine-tuning on
domain-relevant datasets, these domain-specific judges can
provide highly targeted and effective evaluations. Further-
more, Governance Judges themselves can be classified as
agents in certain scenarios. By classifying these judges as

agents, the framework enables modular design where differ-
ent judges are tailored to specific governance needs, enhanc-
ing both efficiency and adaptability.

3.3 Key Advantages
The Governance Judge framework offers several benefits:

• Scalability: Automated evaluation processes enable
handling workflows of varying complexity and scale.

• Fairness and Robustness: Deploying multiple judges
or ensemble models helps mitigate biases associated
with single-model evaluations.

• Traceability: Comprehensive logging ensures all deci-
sions, including prompt evaluations, are auditable, facil-
itating post-hoc analysis and continuous improvement.

• Dynamic Monitoring: The framework can adapt its
evaluation criteria to accommodate evolving workflows,
unforeseen risks, and changes in agent instructions, such
as updates to LLM prompts.

• Seamless Integration: The seamless integration of the
Governance Judge framework into existing agentic plat-
forms, such as CrewAI and LangGraph, not only mini-
mizes disruption but also reduces development costs and
lowers adoption barriers by leveraging pre-existing in-
frastructures. Additionally, its modular architecture al-
lows for rapid deployment with minimal modifications
to existing infrastructures, enhancing its practicality and
scalability in real-world applications.

• Prompt Monitoring: By incorporating LLM prompt
evaluation, the Governance Judge ensures that agent in-
structions are clear, aligned with user goals, and safe.
This allows for proactive detection of potential issues at
the source and provides valuable feedback for improv-
ing prompt design. Additionally, prompt monitoring
can serve as a feedback loop, offering insights to refine
and optimize the prompts used by the primary agentic
system, thereby enhancing its overall performance and
alignment.

Conclusion
This paper proposes the Governance Judge framework as a
solution for the automated monitoring of agentic workflows.
The framework tackles key challenges such as scalability,
fairness, and traceability through its modular design, which
supports multiple judges and allows for domain-specific cus-
tomization using techniques like Retrieval-Augmented Gen-
eration (RAG) and fine-tuning. By integrating LLM prompt
monitoring, the framework enhances safety and transparency,
enabling the identification and resolution of root causes of
misalignment. Furthermore, its seamless compatibility with
platforms like CrewAI and LangGraph ensures minimal dis-
ruption while providing comprehensive logging for traceabil-
ity and drift detection. Future work could explore enhanc-
ing the Governance Judge framework through adaptive eval-
uation criteria that evolve with workflow dynamics, as well
as improving the interpretability of LLM-based reasoning to
build greater trust and transparency in its decision-making
processes.
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