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Abstract

Agentic Artificial Intelligence is transforming recommender systems through agent-based architectures that
integrate diverse data modalities and advanced reasoning. While recent work emphasizes agent design, the
quality of input data remains largely overlooked. This paper aims to provide the basic concepts to assess how data
quality impacts recommendation process and user satisfaction from different perspectives in agentic settings.
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1. Introduction

Every day, users face vast and ever-growing catalogs of items, struggling with information overload,
which degrades their experience and threatens platform revenues. Recommender Systems (RSs) [1]
have emerged as the main approach to mitigate this issue, matching user preferences with relevant
content to ease decision making and boost engagement [2].

Recommendation algorithms have undergone many innovations and advancements, with the latest
being Agentic Al architectures, based on Large Language Models (LLMs)-empowered agents, which have
gained traction in recommender systems research [3]. These systems decompose the recommendation
task into smaller, more manageable subtasks [4, 5], each handled by specialized agents that collaborate
through various communication paradigms to achieve a shared objective. The agents composing such
systems can be specialized for different roles using In-Context Learning (ICL)[6], avoiding retraining
through prompt-based role assignment [7, 8]. Prompt design determines the agent’s behavior, do-
main expertise, and interaction capabilities, including tool usage via frameworks like Reason and Act
(ReAct) [9]. These agentic systems can seamlessly operate over multimodal data, e.g., text, images,
user-item interactions, and dynamically retrieve relevant information during inference. This ability
to integrate and reason over heterogeneous sources allows them to be interpreted as multimodal
recommender systems, forming the foundation for the evaluation principles we propose.

While the performance of traditional recommender systems is known to depend heavily on input
data quality [10], this relationship remains largely underexplored in the context of LLM-based agentic
recommenders. In conventional pipelines, issues such as outdated metadata, noisy user logs, or biased
knowledge sources are known to degrade model performance and user satisfaction [11]. In multi-
agent settings, the concept of data quality, and its influence on the performance, lacks both a clear
definition and systematic study. In these systems, each agent may rely on different data modalities, and
poor-quality input may either be mitigated through collaborative reasoning or propagate through the
agent pipeline, compounding its effects. Despite growing attention to agent roles and architectural
coordination [12, 13, 3], the evaluation of multimodal data quality as a key factor in these systems
remains a crucial, yet insufficiently addressed, research direction.

To bridge this gap, we propose evaluation criteria that aim to decouple the influence of input data
quality from algorithmic performance. These principles aim to support more transparent evaluation
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practices, foster fairer comparisons across systems, and encourage thoughtful data and prompt design
in future research on agentic recommender systems.

2. Discussion

The rise of LLM-powered agentic systems in recommendation tasks [4] offers new opportunities to
rethink how we evaluate not only their architectures but, more crucially, the data they rely on. These
systems typically consist of specialized agents coordinated by a central orchestrator [3], each operating
over different knowledge sources, e.g., user-item interactions, item metadata, textual reviews, or visual
content, and collaborating to produce recommendations through cooperative reasoning.

While recent works such as MACRec [12], AgentRecBench [14], AgentCF [13], and RecMind [15]
have advanced our understanding of agent collaboration and overall system performance, they fall
short in addressing a critical gap: the lack of a clear definition of data quality and systematic methods
to assess its impact on recommendation outcomes. This includes quality variations in retrieved content,
prompt design, and knowledge base reliability, all of which are core elements of multimodal, agentic
systems. We argue for a shift from model-centric benchmarking to a data-centric perspective [16, 17],
where the quality of both input data and prompts is a pivotal factor in evaluating system behavior.

We focus on two key and underexplored dimensions of this issue:

1. the quality of the input data fed into the system;
2. the quality of the prompts used to define agent roles, behavior, and coordination.

In contrast to traditional recommender systems, where noisy or incomplete data directly undermines
performance [18], agentic systems may compensate for poor input through the reasoning abilities and
pretrained knowledge of LLMs [19]; however, this does not make data quality irrelevant, rather, it
suggests the need for rethinking it as a minimal threshold that enables effective agent collaboration.

To study this, we first introduce Relative Data Quality (RDQ) for measuring performance variation
across different versions of the same dataset (e.g., differing in annotation quality, modality richness, or
encoding), while keeping architecture and prompting fixed. Comparing across different datasets would
introduce confounding factors like domain or sparsity, making such comparisons less informative. RDQ
instead isolates the impact of specific data quality dimensions under controlled settings, allowing us to
decouple the contribution of data quality from that of the algorithm itself. For example, experiments
could assess how changes in image resolution, text length, or preprocessing impact system performance,
and to what extent LLMs’ reasoning capabilities make them robust to such variations.

Prompting strategies assume a central role in agentic systems, where the prompts define the roles
and the allowed actions of each agent [3]. Thus, we propose the Relative Prompt Quality (RPQ) to
capture the impact of different prompting strategies, e.g., role definitions or in-context examples, on
system output. Once fixed an architecture and a version of the data, this measure will highlight how
the prompt quality affects the agent coordination and recommendation results. By comparing different
prompt versions, we can quantify the sensitivity of the system to prompt formulation, allowing us to
identify best practices for guiding agent behavior.

It is worth noticing that absolute evaluation is not meaningful in this context, as removing prompts
or input data would render the system non-functional. Instead, we advocate for assessing relative
performance variations under controlled and fixed conditions. This approach offers more actionable
insights by isolating the impact of specific elements, such as structured metadata or image inputs, on
agents’ reasoning and decision-making capabilities. These observations can inform system design,
highlight critical dependencies, and support more transparent development and debugging processes.

3. Conclusion

This paper laid the groundwork for evaluating how input data quality influences agentic recommender
systems, highlighting the often-overlooked role of data, particularly in multimodal, agentic settings.



By analyzing the impact of different modalities and prompt configurations, we aim to encourage more
transparent and data-aware evaluation practices. Future work may explore modality-specific quality
assessment and adaptive agent routing based on evaluated data quality, positioning data quality as a
central concern in agentic RSs.
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