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Abstract

Providing an enhanced customer experience in complex retail environments poses significant daily challenges,
like guiding users through wide catalogs and offering personalized support for complex purchasing decisions.
This paper introduces SofAgent, a Large Language Model-powered Multi-Agent System designed to provide
intelligent customer assistance through the cooperation of a group of agents orchestrated by a manager. Key
contributions include a Multi-Agent System design tailored for nuanced product inquiries and style advice;
effective task decomposition to handle diverse customer needs, e.g., information retrieval and recommendation;
and integration of Large Language Model reasoning with factual data to ensure accurate product information
and personalized recommendations. The resulting system aims to improve customer engagement and operational
efficiency in complex retail environments.
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1. Introduction

In modern retail, especially for businesses with large and customizable product catalogs, providing
superior customer assistance is paramount. Customers experience information overload [11, 2], and
struggle to navigate extensive options, articulate nuanced requirements, and envision how different
items might complement each other in terms of style or function [1]. These decision-making obstacles
can lead to frustration and lost sales. Although skilled human consultants can bridge this gap, their
availability is limited and scaling such expertise across digital platforms remains a significant challenge.

Recent advancements in Large Language Models (LLMs) have shown promising results in powering
intelligent conversational agents capable of understanding natural language and engaging in complex di-
alogues [4, 3]. However, when faced with intricate retail scenarios, such as high-end furniture shopping,
which demands nuanced product knowledge, aestethic judgement, and personalized configuration, indi-
vidual LLMs may fall short. Effectively supporting such scenarios requires maintaining well-grounded
factual accuracy, stylistically coherent recommendations aligned with functional requirements, and the
ability to manage multi-turn interactions that integrate information retrieval and personalized sugges-
tions [13] for complementary items. These multifaceted requirements usually exceed the capabilities of
a single, monolithic model [7].

Multi-Agent Systems (MASs), made up of specialized LLM-powered agents working together, offer
a powerful way to solve complex problems by breaking them into smaller tasks. They can translate
diverse user needs into manageable requests, enabling more effective and personalized assistance. To
explore the potential of MASs in addressing complex customer assistance scenarios, where product
recommendations must jointly account for item search based on specific characteristics, user-defined
constraints, complementarity across items, and compositional configurations, this paper introduces
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SofAgent, a novel LLM-powered MAS designed to support the customer purchasing journey within
rich and multifaceted product ecosystems. Despite their practical importance, such scenarios remain
underexplored in the literature [17, 6, 20], particularly in domains like furniture retail where choices
often span interdependent products, personalized configurations, and aesthetic coherence. SofAgent
leverages a set of cooperative agents, orchestrated by a manager, to interpret nuanced user requests,
retrieve accurate product information, and provide coherent and personalized style advice.

To explore the potential of MASs in meeting these challenges in customer assistance scenarios where
recommendations with all together search of items from characteristics, constraints, complementarity,
composition of products, which is a complex scenario underexplored in literature, this paper introduces
SofAgent, a novel LLM-powered MAS designed to support the customer purchasing journey within
complex product ecosystems. SofAgent leverages cooperative specialized agents, orchestrated by a
manager, to effectively handle nuanced product inquiries and provide style advice. Key contributions
of this work include: (1) a specialized MAS design tailored for complex product ecosystems like
furniture retail, focusing on both detailed product information and stylistic guidance; (2) effective
task decomposition strategies to handle diverse customer needs, including information retrieval, and
personalized recommendations of complementary items; and (3) a robust integration of LLM reasoning
capabilities with factual product data to ensure accuracy and mitigate the risk of hallucinations. While
the system architecture is designed to be generalizable, this investigation focuses on the customer
assistance scenario of Natuzzi, a premium Italian furniture brand, where users typically navigate
extensive catalogs of sofas, furnishings, dimensions, materials, and configurations. In this context,
SofAgent aims to understand customer needs expressed in natural language and efficiently guide
them through product discovery and decision-making, thereby improving customer engagement and
operational efficiency in sophisticated retail environments.

2. Background

The landscape of Al-driven conversational systems is being reshaped by Intelligent Agents based
on LLMs and their organization into collaborative MASs. The power of LLM-powered agents stem
from their advanced natural language processing and reasoning capabilities [16]. A key to their
adaptability is In-Context Learning (ICL) [5], which enables the specialization of agents for distinct
roles through simple instructions, such as in role-playing paradigms [10], avoiding costly retraining. In
this paradigm, an agent’s area of expertise is determined by its initial prompt, which defines the agent’s
role, relevant domain knowledge, and specific set of permitted actions, including tool-use protocols.
Maintaining conversational state and enabling personalization are critical capabilities for LLM Agents.
These are achieved through memory mechanisms that differentiate between the LLM’s intrinsic short-
term context window and externalized knowledge bases that help long-term understanding [19]. A
crucial capability for the agents is the ability to use external tools via APIs [12]. This process is often
governed by a structured framework like the Reason and Act (ReAct), which enables the agent to reason
before acting [18]. Tool-use is essential for grounding responses in factual, real-time information from
knowledge bases, ensuring the accuracy of product details and mitigating the hallucination issue [9].
However, while individual agents are powerful, tackling multifaceted problems, such as guiding
a customer through a complex purchasing journey that requires information retrieval, search, and
style advice, necessitates the orchestration of multiple, specialized capabilities [15]. This has led to
the rise of MASs, where multiple specialized agents communicate and cooperate to achieve a common
goal [6, 17]. Within a MAS, the principles of role-playing and ICL are leveraged to assign agents
distinct competencies. This architecture allows for effective problem decomposition, where intricate
user requests are broken into manageable sub-tasks handled by the appropriate expert agent, often
orchestrated by a central manager [14]. This decentralization not only enhances robustness but is
inherently suited for the diverse demands of advanced customer service. Despite these advancements,
deploying LLM-based MASs effectively presents ongoing challenges, including ensuring consistent agent
coordination, maintaining long-term context for personalization, and guaranteeing factual accuracy [8].
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Figure 1: SofAgent Multi-Agent Architecture

3. Methodology

Aiming to provide expert customer assistance in complex retail environments, we design SofAgent, a
hierarchical MAS with specialized agents orchestrated by a Manager, which acts as the primary user
interface as depicted in Figure 1. Each agent’s specific role, its allowed actions, and available tools are
defined at initialization via meticulously crafted prompts, available in the Github repository, applying
the ICL and role-playing paradigms. The workload is divided among the following key agents:

« Manager Agent: This is the central orchestrator, responsible for interpreting user intent, task
decomposition, and response synthesis. It employs a two-stage reasoning process, i.e., thought
and action to analyze the current situation and select the most suitable specialized agent for each
sub-task. Finally, it synthesizes the findings from all agents into a single, coherent response for
the customer. The agent also implements error handling and fallback strategies, such as searching
for matches with similar input items if a direct match is not found.

« Analyzer Agents: These agents retrieve detailed factual information about specific products.
SofaAnalyzer handles sofas (IDs, features, prices, configurations, seats), while FurnAnalyzer
addresses other furniture, and is capable of iterative processing for multi-category requests.

+ Searcher Agents: The SofaSearcher and FurnSearcher agents operate as intelligent search
engines. They interpret natural language directives from the Manager and transform them
into structured queries compatible with the product catalogs. They enable filtering by various
attributes such as product features and price, with the SofaSearcher agent possessing the additional
capability to query by seating capacity. These agents enhance system’s capability to navigate
large catalogs based on user-defined criteria.

« MatchExpert Agent: This agent acts as a virtual design consultant that recommends harmonious
pairings for a given item based on precomputed recommendations using different criteria: generic
stylistic collections, color themes, or spatial layouts. It plays a crucial role in providing valuable
style advice and increasing cross-selling.

To ensure factual accuracy and mitigate the risk of hallucination, we ground the system’s reasoning
in a structured, external knowledge base that the specialist agents can access through a dedicated suite
of tools. The knowledge base contains all the information about Natuzzi catalog: a detailed sofa catalog
(Sofa KB), which is essential for understanding the characteristics of individual models, including
design, materials, and functional features, a list of predefined sofa configurations, which provides
concrete examples of assembled sofas, including their seating capacities and retail prices. Additionally,
it contains a collection of other home furnishings (Furn KB), which are categorized and detailed with



key features, pricing, and material information. The knowledge base also contains contextual and
matching data (Match KB), including information on stylistic compatibilities between items, color
theme alignments, and predefined room layouts, allowing the systems to generate aesthetically informed,
and personalized recommendations for customers.

4. Experiments

This section outlines the experimental methodology and key results of the evaluation of SofAgent,
benchmarked against a single-agent baseline. The evaluation aims to assess (1) whether a multi-
agent architecture improves the accuracy of information retrieval in response to user queries, and (2)
whether integrating factual information from a structured knowledge base reduces the likelihood of
hallucinations commonly exhibited by LLMs.

The implementation of the system is based on LangChain', and the code can be accessed on Github?.
Both the SofAgent architecture and the baseline were powered by GPT-40 models, and have access to
the same knowledge base data. Furthermore, both the systems have been initialized with a carefully
crafted prompt instructing them to act as expert Natuzzi shopping assistants and precisely describing
the scope and structure of the available knowledge base. The test set for the systems was designed to
simulate realistic customer interactions and challenge the systems’ ability to interpret, reason over,
and retrieve information from a complex product catalog. In particular, we used Gemini 2.5 Pro to
generate 120 synthetic user requests that reflect a diverse set of manually designed use cases and able to
probe various system functionalities, including factual recall, multi-criteria filtering, and sophisticated
product matching across a multifaceted knowledge base.

Systems’ performance was evaluated manually on test questions, followed by quantitative and
qualitative analysis focused on key performance indicators, including:

1. Accuracy: The factual correctness and completeness of the information provided, verified against
the ground truth represented by the knowledge base.

2. Error Rate: Incorrect responses were systematically classified into three distinct categories. FIH
(Factual Inaccuracy & Hallucination) refers to cases where the system generated factually
incorrect statements or fabricated information not supported by the knowledge base. FMR
(Failure to Meet User Requirements) denotes instances where the system disregarded explicit
user constraints or misinterpreted the query, thereby providing an answer that did not adequately
address the user’s specific need. RGI (Response Generation Issues) covers technical failures,
such as exceeding token limits, that prevented the generation of a complete or coherent response.

The experimental findings offer compelling evidence for the effectiveness of SofAgent’s multi-
agent architecture. SofAgent’s higher accuracy demonstrates that its workload division, consisting of
delegating tasks to specialized agents, enhances the effectiveness of information retrieval compared
to the monolithic baseline, which struggled to synthesize information from diverse sources. The
analysis of error types, detailed in Table 1, provides an even starker contrast, with the baseline’s
failures dominated by Factual Inaccuracies and Hallucinations (FIH), underscoring the vulnerability of
single-agent approaches when dealing with numerous data sources. In contrast, SofAgent’s architecture
brought reduction in this kind of errors, confirming that grounding agents in a factual knowledge base
is a highly effective strategy for mitigating hallucinations. Crucially, SofAgent’s predominant errors
were Failures to Meet User Requirements (FMR), suggesting its challenges lie in refining information
discovery, rather than the fundamental untrustworthiness caused by inventing facts.

Inter-System Agreement Analysis: An analysis of response concordance revealed a significant
divergence: the two systems agreed for only 5.00% of the questions. Crucially, in the instances of
disagreement, SofAgent provided the factually correct response 60.53% of the times. Conversely, the
baseline was correct in only 10.53% of these cases, while a notable 28.07% of disagreements resulted

'https://www.langchain.com/
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Table 1
Accuracy comparison between SofAgent and the single-agent baseline, with errors classified into three categories

System Accuracy Error Rate FIH FMR RGI
GPT-40 8.33% 91.66% 88.33%  3.33% 0%
SofAgent  74.17% 25.83% 3.33% 21.67% 0.83%

in both systems providing different, factually incorrect responses, indicating the inherent difficulty
of some queries. This analysis underscores that while direct agreement was rare, SofAgent was more
reliable when the systems’ outputs differed on factual content. It should be noted that a remaining case
of disagreement, caused by a technical issue, was not considered in the previous percentages.

To illustrate the comparative performance of the systems, Figure 2 presents two distinct interaction
scenarios that showcase key differences in their behavior. Figure 2(a) depicts a scenario involving a
straightforward factual query. While both systems provide the correct information, SofAgent (green)
delivers a more detailed and conversational response, better fulfilling the role of a helpful assistant,
whereas the baseline’s reply (red) is more terse. The second example, shown in Figure 2(b), highlights a
more critical divergence in robustness. SofAgent correctly identifies that the requested item does not
exist in the knowledge base and informs the user. In contrast, the single-agent baseline exhibits a severe
hallucination, inventing a detailed but entirely incorrect description for the non-existent product.
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Figure 2: Examples of system responses. SofAgent (green, left) vs baseline (red, right).

5. Conclusion

This paper introduced SofAgent, a MAS that demonstrated higher accuracy and a reduction in hallu-
cinations compared to a single-agent approach for complex retail assistance. Its success stems from
decomposing the workload into subtasks and distributing them among specialized agents, as well
as grounding LLM reasoning in a factual, external knowledge base. Despite promising results, the
experiments identified wide room for improvement. Therefore, future work will focus on refining agent
coordination and retrieval logic, leveraging next-generation LLMs, and expanding capabilities to include
multimodal interactions, aiming to create a more robust Al-driven customer experience.
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