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ABSTRACT: With the advent of artificial intelligence, repetitive jobs and standard processes are being automated, and
one of the roles impacted is product management. Daily tasks of a product manager, such as creating user stories, sprint
planning, or backlog grooming, are now performed by Al agents in many organizations. As these agents increasingly
participate in autonomous decision-making and task execution, the responsibilities of a Product Manager are expanding
beyond the traditional roadmap planning and more towards training, supervision, and ethical oversight of the autonomous
systems. This paper explores how product managers need to adapt to the new role and provides a framework for how
PMs can engage with Al agents to improve the accuracy of the outcomes and maintain ethical standards. This is done
across four stages: goal definition, training supervision, output evaluation, and continuous feedback iteration. Using
principles from Human-in-the-Loop systems and general improvements in agent-based systems, this paper demonstrates
how PM feedback can directly influence the accuracy of outputs, agent maturity, alignment with company vision, and
responsible outcomes.

KEYWORDS: Product Management (PM), Artificial Intelligence (AI), Al Agents, Human-in-the-Loop (HITL) Systems,
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L. INTRODUCTION

Artificial intelligence refers to the capability of computational systems to perform complex tasks that are usually
associated with human intelligence and are done by human reasoning, logic, and decision-making [1]. Taking a step
further, Al agents are entities or intelligent systems that can perform many tasks without human intervention. It perceives
the environment, takes actions, and can autonomously achieve goals while learning and improving itself using new data
and machine learning [2]. The role of product management requires decision-making through human reasoning and data
analysis, both of which are apt for takeover by artificial intelligence. Still, Al agents are transforming the responsibilities
of Product Managers instead of obliterating them. The primary changes triggered by Al agents are the automation of
repetitive and manual processes like data analysis or roadmap planning so product managers can focus more on high-
value activities [3], increase in focus on strategic thinking and visionary work because Al handles the operational
workload, opportunity to be more data-oriented with Al results relying on high-quality and domain-specific data as well
as the development of new skills and competencies such as systems thinking, Al concepts, and even ethical governance.
This is becoming increasingly important because of how quickly Al agents such as Copilot, Devin, or AutoGPT are being
developed and deployed, bringing a paradigm shift in how software is being ideated, designed, built, and iterated. These
agents are not passive anymore; they actively make decisions, take actions, and generate reports. With organizations
integrating such agents into their development pipelines, there is an increased need for human guidance, added guardrails,
ethical oversight, and contextual grounding. Product Managers, because of their deep understanding of customer needs,
domain knowledge, business priorities, and software development workflows, are the perfect candidates and are uniquely
positioned to train, prompt, and provide oversight to Al agents. The involvement of product managers ensures the outputs
are aligned with customer expectations, market, and overall industry needs, as well as with the company's vision. This is
a significant turning point after which product managers are no longer just decision-makers but also active collaborators
in shaping artificial intelligence and the future of product creation.

This paper focuses on the shift in responsibilities of product management with the advent of Al agents and how critical
it is for product managers to participate actively in the training and governance of such agents. The paper also aims to
propose a conceptual framework that product managers can use to identify the touchpoints for intervention and add value
in agent development cycles.
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II. RELATED WORK

Over the past few years, Al agents have rapidly progressed from simple and narrow tasks like code autocompletion or
bug detection to human-independent systems capable of reasoning and task execution. Scholars have extensively
researched innovation and Al, such as the paper on Al for stock prediction. “It examines how sentimental analysis,
decision trees, moving average algorithm, and data mining are applied in various stock prediction scenarios.” [4] They
can operate autonomously by integrating with APIs, various tools, and codebases, and accomplishing complex tasks
without oversight.

2.1 AT Agents in SDLC

Organizations apply Al agents to generate and debug code, automate testing and documentation, and even do routine
tasks like sprint planning or backlog grooming. With enough historical data, the agents can easily plan sprints and evaluate
priorities to groom the backlog. However, this autonomy introduces challenges in maintaining the quality of the generated
outputs, aligning with team goals, and ensuring user-centric design principles, areas outside the technical boundaries,
typically needing human intervention.

2.2 Human-in-the-loop Systems

HITL is a hybrid system where artificial intelligence and machine learning are guided, corrected, and improved by human
input, providing oversight into the development, deployment, and operation of the machine intelligence. It ensures
humans are actively involved in the process instead of solely relying on intelligent systems [5] to ensure accuracy and
maintain ethical standards. This is particularly useful in a few areas such as data annotation [6] where humans can label
training data for systems to learn more accurately, in training and testing the machine learning model which is the core
of the outputs produced as well as content moderation because Al with its guardrails can flag potentially problematic
content. Still, humans can make the final decisions [7].

2.3 Al in Product Management

Product management is one of the areas that is still in its early stages of Al integration, but is quickly gaining traction as
different analytics platforms, A/B testing engines, and generative Al systems become more sophisticated. It is starting to
help PMs in behavior analysis and user personas, backlog grooming, and feature prioritization using predictive algorithms
on user engagement data and documentation tasks like user stories and PRDs (product requirement documents).
Additionally, it is slowly delving into hyper-personalization, where PMs can now provide tailored experiences at scale
using vast amounts of usage and engagement data. Despite such advancements and possibilities, many current tools tend
to provide more suggestions rather than operate autonomously. Still, as the shift happens towards the systems being more
and more independent, the critical question arises about the need for PMs and their unique skillset. Product managers
must evolve and adapt quickly to survive the shift for themselves and train and guide these intelligent autonomous
systems with their domain knowledge and deep understanding of user experience.

III. EMERGING ROLE OF PRODUCT MANAGERS IN AI TRAINING

Artificial Intelligence, although very advanced, is still in its learning phase, and it is essential to rectify Al agents when
they provide inaccurate results, because it can quickly learn and not repeat mistakes. This is a step towards ensuring
higher autonomy of these intelligent systems with less supervision. Product managers are uniquely positioned to train,
supervise, and fine-tune these agents to move towards the desired autonomy, not as engineers or data scientists but as
contextual gatekeepers and behavior designers. Product managers play a few different roles in the ecosystem of Al agents,
which can be primarily grouped under four areas.

3.1 Setting Goals and Framing Tasks

These foundational processes guide how agents operate, make decisions, and deliver value. Task framing defines the
scope, context, and structure of tasks for Al agents, including breaking down complex ideas [8], utilizing tools and
resources, and forming logic and behavior. Along the same lines, Goal setting is the forming of specific objectives that
an agent is supposed to achieve by prioritizing and going through several decision processes. These are important because,
for example, if an Al agent is planning sprints, it needs to understand the trade-offs of team sprint velocity, nuances of
technical debt, and general bandwidth, which a human usually manages as a PM. When product managers train and guide
such agents, they can help design those constraints and priorities that must be adhered to, understand when to favor minor
incremental releases over large rollouts, incorporate user feedback, and balance innovation with regulation concerns.
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3.2 Curating Data and Feedback Loop

Training Al agents needs constant iteration, and product managers are ideally positioned to collect and curate feedback
through labeled data, user ratings, or even performance benchmarks like bounce rate, adoption, velocity, etc. As part of
the data curation, since PMs work closely with data scientists and engineers to specify the data needed for model training
[9], they can sift through the data and provide structured insights to help the agents improve. When agents perform the
daily responsibilities of a PM and the organization supports a Human-in-the-Loop setup, product managers can rate
outputs from story generation tools or annotate bug triage assignments to ensure the agent continuously improves through
this feedback loop and gets retrained with curated data.

3.3 Ethical Oversight

Intelligent systems can optimize for measurable outputs but miss ethical or contextual subtleties. In product management,
if we take the example of user story generation, an Al agent can technically meet all the requirements of creating a story,
but lacks accessibility or ethical consideration. Product managers can track and flag inappropriate outputs, provide
feedback to ensure alignment with the company vision, and monitor the system for long-term hallucination in logic. PMs

can adopt already recognized frameworks and considered standards for responsible Al, like the ones from NIST or
ISO/IEC 42001 [10][11].

Product managers of the future cannot be just planners or decision makers; they must curate feedback data, ensure ethical
alignment, and act as trainers, supervisors, or even co-creators of these intelligent systems, which are helping automate

the mundane repetitive jobs and allowing PMs to focus on more valuable work.

Table 1: Current vs Future Product Managers

Traditional Product Manager Al-Enabled Product Manager

Define Product Vision Define product vision and agent goals
Prioritize Feature List Prioritize feature list and training priorities
Collect and Analyze Customer feedback Collect feedback and curate for agent training
Write User Stories Evaluate agent generated user stories

Ensure User Needs are met Ensure Al output is ethically aligned

High+
High

Ambiguous

Accuracy ——

Low

HITL Supervised Unsupervised  Reinforcement
Machine Learning  Learning Learning
Learning

Approach %

Chart 1: Impact of Approach on Al Agent Outcome Accuracy
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IV. PROPOSED FRAMEWORK

To capture the evolving role of a Product Manager, we propose the Product Manager - Al Agent Interaction Framework,
which focuses on four critical stages of the agent's lifecycle. Each stage suggests tasks that transform traditional PM
activities into trainers for Al agents.

4.1 Goals and Tasks

Product managers are strategic architects who can define these intelligent systems’ goals, boundaries, and success metrics.
This responsibility includes translating business objectives and customer needs into agent-readable tasks. It also requires
designing quality prompts and templates that are part of the initial training objective. Additionally, PMs are to ensure
non-functional requirements, such as ethical constraints or compliance needs, are defined to keep the outcomes aligned
and usable.

4.2 Training Supervision

As the agent is operational using the objectives from the first step, the PM's role changes to supervision and improvement
of the training process by providing curated datasets and collaborating with machine learning engineers to refine policies.
PMs are also used to set up evaluation metrics for the agents' outcome accuracy, such as for bug triaging, sprint planning,
and labeling incorrect results to create a feedback set for fine-tuning.

4.3 Output Evaluation and Ethical Oversight

Product managers must assess outputs generated by Al agents for technical correctness, business alignment, and ethical
compliance. The primary responsibilities of PMs include evaluating the clarity and market relevance of the outputs,
identifying potential bias or hallucination, and approving or rejecting agent-generated artifacts based on context. Al
agents are often accurate in technical tasks but need guidance to align with the vision and ensure ethical compliance.

4.4 Continuous Iteration

Al agents require continuous training and refinement using real-world feedback. Product managers participate in constant
and iterative loops to analyze metrics of Al-driven features, provide feedback after sprints in retrospectives, and adjust
goals or training materials to keep agents on track and outputs relevant. This can be as simple as observing customer
churn when an agent prioritizes features and then going into the system to adjust the prioritization criteria to weight user
retention metrics more.

V. CONCLUSION

The integration and rise of Al agents into the software development lifecycle shows a fundamental shift in the role and
responsibilities of Product Managers from the traditional roadmap guardians to trainers and supervisors of these
intelligent systems. This paper provided a structured framework showcasing four key stages of PMs engaging with Al
agents to ensure business alignment, ethical integrity, and customer-focused outcomes. The proposed model highlights
how Product Managers can meaningfully contribute to improving agent outcomes, behavior, and maturity by formalizing
and providing a structured approach to human oversight. As companies adopt Al-driven tools more and more, PMs are
required to curate feedback, ensure strategic and ethical boundaries exist, and guide agent learning for the success of the
new-age product teams.

Future research may focus on building specialized tools to support PMs in this new age role and quantitative studies
measuring the impact of HITL frameworks on the performance of Artificial intelligence.
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