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Abstract

Customer service and incident management increasingly rely on multimodal evidence, combining text, images and
audio. However, general-purpose models lack domain grounding, structured output control and reliability guarantees
required in regulated enterprise environments, often leading to hallucinated responses and limiting their practical
deployment. This paper presents mCS-LM, a multilingual multimodal framework that integrates Large Language
Models (LLMs), Visual Language Models (VLMs), Audio Language Models (ALMs) and Retrieval-Augmented
Generation (RAG) within a modular and traceable architecture tailored to customer service and incident management.
The system introduces complementary processing flows: (i) perception modules for visual and audio understanding
aligned with LLM-based reasoning, and (ii) structured report generation from multimodal evidence through supervised
fine-tuning using QLoRA and efficient adaptation techniques. To mitigate hallucinations and improve factual reliability,
the framework incorporates vector databases and multimodal RAG pipelines that retrieve domain-specific knowledge
from external corporate sources. Formal structural schemas and validation mechanisms enforce output consistency
and syntactic correctness. The platform is deployed as a web-based system with REST API integration, enabling
scalable multimodal interaction across channels such as instant messaging, email and web chat. Experimental
results demonstrate that multimodal generative models can be specialized for structured, domain-constrained
enterprise tasks while maintaining computational viability and robustness.

Keywords: Multimodal Conversational Systems, Customer Service Automation, Large Language Models,
Visual Language Models, Audio Language Models, Retrieval-Augmented Generation, Hallucination Mitigation

1. Introduction theless, the direct adoption of these models in reg-
ulated enterprise environments remains challeng-
ing (Eling and Lehmann, 2018). General-purpose
models are prone to hallucinations, struggle to pro-
duce domain-constrained structured outputs, re-
quire costly computational infrastructure and of-
ten lack integration with external corporate knowl-
edge sources (Stoeckli et al., 2018; Lewis et al.,
2020). Furthermore, existing solutions typically ad-
dress text, image or audio processing in isolation,
rather than providing a unified multimodal frame-
work (Shumanov and Johnson, 2021; Xu et al.,
2017). This gap limits the development of reliable
and controllable multimodal assistants suitable for
real-world customer service and incident manage-
ment workflows.

Customer service and incident management have
undergone significant digital transformation in re-
cent years, driven by the need to handle large vol-
umes of interactions efficiently while maintaining
quality, personalization and multilingual support
(Balasubramanian et al., 2018). In sectors such as
insurance, e-commerce, telecommunications and
logistics, customer interactions increasingly involve
multimodal evidence, including textual descriptions,
images documenting damages and audio record-
ings (Cui et al., 2017). Small and medium-sized
enterprises (SMEs), however, often lack the techni-
cal and computational resources required to deploy
advanced Al-driven solutions capable of process-
ing ar)d r_easoning over such heterogeneous data This paper presents the mCS-LM project, a
(Luccioni et al., 2023). multilingual (including Spanish and English) mul-

Recent advances in Large Language Models  timodal framework designed to integrate LLMs,
(LLMs) (Zhao et al., 2023), Visual Language Mod-  VLMs, ALMs and Retrieval-Augmented Genera-
els (VLMs) (Gan et al., 2022) and Audio Language  tion (RAG) within a modular and scalable archi-
Models (ALMs) (Su et al., 2025) have demonstrated  tecture tailored to customer service and incident
strong capabilities in conversational reasoning, vi- management. The system combines perception
sual understanding and speech processing. Never-  modules for text, image and audio processing with
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structured generation mechanisms and multimodal
RAG pipelines supported by vector databases to
systematically mitigate hallucinations and enhance
factual grounding. In addition, formal structural
schemas, output validation layers and controlled
generation constraints enforce syntactic correct-
ness, domain alignment and semantic consistency,
providing explicit safeguards against unreliable re-
sponses in high-stakes enterprise environments.
The project consortiun is formed by Panel Sistemas
S.L. (Spain), TECNOMOD research group at the
University of Murcia (Spain), Medio Melén S.A.
(Mexico) and Instituto Tecnoldgico Teziutlan (Mex-
ico), as part of an International Technological Co-
operation Project with unilateral certification and
monitoring (reference UNI-20240017).

The resulting platform is deployed as a web-
based system with REST API integration, enabling
seamless interaction across channels such as in-
stant messaging, email and web chat, while sup-
porting multilingual and multimodal communication
in enterprise environments. As detailed in Section
3, the architecture is organized into modular compo-
nents that separate perception, reasoning, retrieval
and generation processes, allowing flexible adapta-
tion to different customer service domains such as
insurance, e-commerce, telecommunications and
logistics.

The overall architecture integrates specialized
multimodal processing modules (see Section 3.1)
responsible for handling text, image and audio in-
puts through LLM, VLM and ALM components,
whose outputs are aligned within a unified seman-
tic representation space. These modules are con-
nected to a multimodal RAG layer (see Section
3.2), which integrates external corporate knowl-
edge sources, such as policy documents, pro-
cedural manuals and internal databases, stored
in vector databases for efficient semantic search
over domain-specific corporate knowledge sources.
This retrieval layer conditions generation and rein-
forces factual grounding.

To ensure reliability in regulated enterprise con-
texts, the system combines multiple complemen-
tary mechanisms for hallucination mitigation (see
Section3.3). Beyond grounding responses through
RAG, a dedicated hallucination control module intro-
duces intention-aware routing and controlled gen-
eration strategies. This module performs prior in-
tent classification and interaction-type identification,
conditioning the response generation process and
explicitly constraining the model’s output space
according to domain-specific schemas and pre-
defined prompts. Together with validation layers
and controlled decoding mechanisms, these safe-
guards mitigate hallucinations and prevent syntac-
tic or semantic inconsistencies.

The web interface (Section 3.4) provides user-
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facing interaction and REST API services within
a scalable microservices architecture, facilitating
cloud-ready deployment and seamless integration
into existing enterprise infrastructures. From the
end-user perspective, customers interact directly
with the multimodal conversational layer powered
by LLM, VLM and ALM components, receiving au-
tomated responses and structured incident reports.
In parallel, company agents access a dedicated
dashboard focused on operational management.
This interface provides real-time analytics and con-
figurable Key Performance Indicators (KPIs) related
to registered incidents, detected intents, resolution
status and escalation cases. It also enables agents
to monitor system activity, review Al-generated out-
puts and intervene in complex or high-risk interac-
tions requiring human supervision. This dual-layer
design separates automated conversational pro-
cessing from operational oversight, ensuring both
scalability and controlled human involvement.

The platform is currently in its final stages of
development and is undergoing validation within
real operational environments in collaboration with
customer service professionals from the participat-
ing companies. These domain experts evaluate
the system using representative real-world scenar-
ios, including both common and complex incident
cases, allowing iterative refinement of multimodal
understanding, structured report generation and
hallucination control mechanisms.

This practitioner-driven validation process en-
sures that the framework aligns with practical work-
flow requirements, domain-specific constraints and
the most critical edge cases encountered in day-
to-day operations. Within this scope, the present
work emphasizes the design and integration of the
proposed architecture, while more comprehensive
quantitative evaluation, including benchmarking
against baseline models, is part of ongoing work
as the system continues to evolve within real oper-
ational settings.

2. Background Information

The development of advanced customer service
and incident management systems is driven by
recent progress in Natural Language Processing
(NLP) (Vaswani et al., 2017; Devlin et al., 2019)
and multimodal Atrtificial Intelligence, including vi-
sion (He et al., 2016) and audio (Yang et al., 2025).
LLMs have demonstrated remarkable capabilities
in natural language understanding, contextual rea-
soning and text generation, enabling more flexi-
ble and conversational interfaces compared to tra-
ditional rule-based systems (Brown et al., 2020;
Achiam et al., 2023). Transformer-based architec-
tures have become the dominant paradigm, sup-
porting multilingual interaction and domain adap-



tation through fine-tuning and in-context learning
strategies (Radford et al., 2021; Li et al., 2023).
However, their deployment in regulated enterprise
environments introduces challenges related to hal-
lucinations, computational cost and controllability
(Balasubramanian et al., 2018; Huang et al., 2025).

In parallel, VLMs extend language reasoning to
visual inputs, integrating image encoders with lan-
guage decoders to enable multimodal understand-
ing and generation (Radford et al., 2021). These
models allow the interpretation of images such as
damaged products, infrastructure incidents or tech-
nical documentation, transforming visual evidence
into structured textual representations (Li et al.,
2023). Similarly, ALMs leverage pretrained speech
encoders such as Whisper or Wav2Vec to tran-
scribe and interpret spoken interactions (Su et al.,
2025), supporting voice-based incident reporting
and customer support scenarios (Gung et al., 2023).
Despite these advances, multimodal models are
typically optimized for open-ended tasks rather than
domain-constrained structured generation required
in enterprise workflows.

To address factual inconsistencies and hallucina-
tions, RAG architectures have gained prominence
(Lewis et al., 2020). By combining generative
models with external knowledge retrieval mecha-
nisms supported by vector databases and semantic
search, RAG systems improve grounding and en-
sure access to up-to-date domain-specific informa-
tion. Additionally, model optimization techniques
such as quantization, distillation and parameter-
efficient fine-tuning methods like LoRA (Hu et al.,
2022) and QLoRA (Dettmers et al., 2023) have
been proposed to reduce computational require-
ments while maintaining performance, facilitating
deployment in SMEs environments.

Although significant progress has been made in
text, vision and speech processing independently,
comprehensive frameworks that integrate LLMs,
VLMs, ALMs and RAG within a unified, controllable
and enterprise-ready architecture remain limited.
Existing solutions often lack explicit mechanisms
for structured output enforcement, hallucination mit-
igation and seamless integration into operational
customer service infrastructures. This gap moti-
vates the development of a modular multimodal
framework capable of combining perception, re-
trieval, controlled generation and deployment scal-
ability within a single system.

3. System Architecture

Figure 1 shows the overall architecture of the sys-
tem. The platform is organized into five main mod-
ules. The first module corresponds to the multi-
modal processing layer (see Section 3.1), which is
responsible for handling text, image and audio in-
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puts through domain adjusted LLM, VLM and ALM
models. This module performs perception, encod-
ing and semantic alignment of heterogeneous data
sources, transforming multimodal inputs into unified
representations suitable for downstream reasoning.

The second module focuses on the RAG pipeline
(see Section 3.2), which connects the generative
models with external corporate knowledge bases.
Through vector databases and semantic search
mechanisms, this layer retrieves relevant domain-
specific information, such as policy documents and
procedural manuals, to ground responses and en-
hance factual consistency.

The third module addresses structured output
and hallucination control (see Section 3.3). In ad-
dition to enforcing domain-specific schemas, con-
trolled decoding strategies and validation mech-
anisms, this module incorporates an intention-
aware classification and routing layer that condi-
tions the response generation process before de-
coding takes place. By identifying the interaction
type and constraining the generation space through
predefined prompts and domain-aligned templates,
the system explicitly restricts the model’s behavior,
reducing the likelihood of producing unsupported,
out-of-scope or fabricated content. These com-
bined safeguards ensure syntactic correctness, se-
mantic consistency and reliable responses in regu-
lated enterprise contexts.

The fourth module corresponds to the incident
management system interface (see Section 3.4),
which provides the user-facing conversational layer
and REST API services. This component enables
seamless integration with enterprise communica-
tion channels such as instant messaging, email
and web chat, supporting multilingual (including
Spanish and English) and multimodal interaction
workflows.

The fifth module corresponds to the operational
dashboard (see Section 3.5), designed for com-
pany agents and supervisors. This interface pro-
vides real-time analytics and configurable KPls re-
lated to registered incidents, detected intents, reso-
lution status and escalation cases. It enables mon-
itoring of system activity, review of Al-generated
outputs and human intervention in complex or high-
risk interactions. By separating conversational au-
tomation from operational oversight, the architec-
ture ensures scalability while maintaining controlled
human involvement in enterprise workflows. The
following subsections describe these modules in
more detail.

The platform is designed to be offered under
a Software-as-a-Service (SaaS) model, allowing
flexible adoption by SMEs. Basic functionality sup-
ports multimodal interaction and structured inci-
dent reporting, while advanced features, such as
extended knowledge base integration, customiz-
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Figure 1: Overview of the modules that conform the mCS-LM system architecture.

able workflows and enterprise-level scalability, can
be configured according to organizational require-
ments. All services and software components are
containerized using Docker, enabling modular de-
ployment, horizontal scalability and flexible orches-
tration depending on performance constraints and
infrastructure availability.

3.1. Multimodal Processing Modules

The multimodal processing layer constitutes the
perception and semantic encoding backbone of
the mCS-LM architecture. It is responsible for han-
dling heterogeneous inputs (text, images, and au-
dio) through specialized domain-adapted models,
enabling unified downstream reasoning and struc-
tured response generation.

To ensure computational viability in enterprise
environments, all multimodal components, includ-
ing LLMs, VLMs and ALMs, are optimized through
techniques such as quantization and parameter-
efficient fine-tuning using QLoRA. These strategies
reduce hardware requirements while preserving
performance, facilitating deployment in SMEs in-
frastructures.

Textual interactions are processed through LLMs
fine-tuned for customer service and incident man-
agement tasks. Domain adaptation is achieved
through parameter-efficient fine-tuning strategies,
including QLoRA, allowing the system to special-
ize in policy interpretation, claim management and
incident reporting scenarios while maintaining com-
putational efficiency.

Visual inputs are handled by VLMs to transform
visual evidence, such as photographs of damages,
defective products or infrastructure incidents, into
structured textual representations. The VLM com-
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ponent operates under two complementary pro-
cessing strategies. In the descriptive flow, visual
content is first converted into a controlled textual
description that is subsequently processed by the
LLM reasoning module, separating perception from
linguistic inference. In the generative flow, a fine-
tuned VLM produces domain-specific structured
outputs (e.g., JSON incident reports) from raw im-
ages. This dual design enables both modular rea-
soning over image-derived descriptions and end-to-
end structured generation aligned with predefined
reporting schemas.

Audio interactions are processed through ALMs
to extract contextual embeddings from spoken in-
puts. These embeddings are projected into a
shared semantic space aligned with the LLM de-
coder, allowing the system to perform transcription,
intent understanding and response generation from
voice-based interactions. This design supports mul-
tilingual speech inputs and enables seamless inte-
gration of audio within multimodal conversational
workflows.

To ensure coherent multimodal reasoning, the
outputs of the LLM, VLM and ALM components
are aligned within a unified semantic representa-
tion space. This alignment facilitates late-fusion
integration strategies, enabling the system to com-
bine textual, visual and acoustic information before
retrieval and controlled generation stages. By sep-
arating perception from reasoning and maintain-
ing modular specialization of each modality, the
architecture achieves both flexibility and scalability
across diverse enterprise domains.



3.2. Retrieval-Augmented Generation
Pipeline

The RAG pipeline enhances the generative ca-
pabilities of the multimodal models by grounding
responses in external domain-specific knowledge
sources. Instead of relying exclusively on the para-
metric knowledge encoded within the LLM, the sys-
tem dynamically retrieves relevant information from
corporate repositories before response generation.

Domain documents, including policy manuals,
procedural guidelines and internal databases, are
preprocessed, segmented and embedded into vec-
tor representations using sentence-level embed-
ding models. These embeddings are stored in
vector databases that enable efficient semantic
search through similarity-based retrieval mecha-
nisms. When a user query is received, its rep-
resentation is used to retrieve the most relevant
contextual fragments, which are then incorporated
into the generation prompt.

To ensure that retrieved information remains
up-to-date in dynamic enterprise environments,
the system supports incremental updates of the
vector database. New or modified documents
can be embedded and indexed without requiring
full re-indexing, enabling efficient maintenance of
the knowledge base. Additionally, document-level
metadata, such as timestamps and versioning in-
formation, is incorporated into the retrieval process
to prioritize more recent and relevant content.

When potentially conflicting information is re-
trieved (e.g., legacy documents versus updated
protocols), the system applies a ranking strategy
that combines semantic similarity, document re-
cency and source reliability. This prioritization en-
sures that the most current and authoritative infor-
mation is used to condition generation, while the
structured output module enforces consistency in
the final response delivered to the user.

This retrieval layer conditions the decoding pro-
cess, reinforcing factual consistency and reducing
the likelihood of hallucinated or outdated responses.
By integrating structured corporate knowledge into
the generation workflow, the system ensures that
responses remain aligned with current policies, op-
erational procedures and domain constraints.

The architecture also supports multimodal re-
trieval scenarios, allowing textual queries to be as-
sociated with information derived from images or
audio metadata when available. This design ex-
tends traditional text-only RAG approaches and
enables unified grounding across heterogeneous
enterprise data sources.
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3.3. Structured Output and Hallucination
Control

Ensuring reliability in regulated enterprise environ-
ments requires explicit mechanisms to control the
behavior of generative models. Beyond retrieval-
based grounding, the mCS-LM framework incor-
porates a dedicated structured output and halluci-
nation control module designed to constrain gen-
eration and reduce unsupported or out-of-scope
responses.

The control pipeline introduces a hierarchical
intention-aware classification process prior to re-
sponse generation. Each incoming user message
is first processed by a global intent classifier that
performs a high-level categorization of the interac-
tion (e.g., conversational intent, domain-specific
action, policy-related claim, out-of-scope request
or unspecified issue). This initial classification de-
termines whether the interaction can be directly
mapped to a predefined response strategy or re-
quires further specialized analysis.

Messages assigned to intermediate categories
are routed to a second-stage classifier tailored to
the corresponding interaction type. For instance,
conversational intents are processed by a dialogue-
oriented classifier, while domain-specific actions
related to incident management or policy handling
are redirected to dedicated domain classifiers. This
two-step classification strategy reduces task com-
plexity, isolates interaction types and provides finer
control over subsequent generation stages.

The outcome of this hierarchical classification
process conditions the prompt selection and gen-
eration strategy used by the LLM responsible for
producing the final response. Instead of generat-
ing outputs directly from the raw input, the model
operates under predefined domain-aligned tem-
plates and constrained decoding configurations as-
sociated with the detected interaction type. This
intention-aware routing mechanism explicitly re-
stricts the model’s output space, reducing the like-
lihood of hallucinated, ambiguous or semantically
inconsistent responses.

In addition, structured generation schemas are
enforced for tasks requiring formal outputs, such as
incident reports or claim summaries. Validation lay-
ers verify syntactic correctness and schema com-
pliance before responses are delivered to the user
or forwarded to downstream systems. Together,
hierarchical intent classification, controlled prompt
selection, constrained decoding and schema vali-
dation form a multi-layer safeguard strategy that en-
hances reliability, interpretability and domain align-
ment in enterprise workflows.



3.4. Incident Management System

Interface

The incident management system interface consti-
tutes the user-facing interaction layer of the mCS-
LM framework. It enables customers to report in-
cidents, submit supporting evidence and receive
automated assistance through multimodal conver-
sational workflows.

The interface supports text, image and audio
inputs across multiple communication channels,
including web chat, email and instant messaging
platforms. Incoming interactions are routed to the
appropriate multimodal processing modules, trig-
gering the perception, retrieval and controlled gen-
eration pipeline described in previous sections. The
system manages conversational context, session
state and interaction history to ensure coherent
multi-turn exchanges.

Through REST API services, the interface can be
integrated into existing enterprise infrastructures,
customer portals or third-party applications. This
API-driven design allows flexible orchestration of
requests, enabling automated ticket creation, struc-
tured incident reporting and interaction logging
within corporate management systems.

Multilingual support is provided at both the under-
standing and generation levels, allowing customers
to interact in different languages without requiring
manual intervention. By abstracting the complexity
of the underlying multimodal and retrieval compo-
nents, the interface delivers a seamless conversa-
tional experience while maintaining alignment with
domain constraints and enterprise policies.

3.5. Operational Dashboard

The operational dashboard provides the manage-
ment and supervision layer of the mCS-LM frame-
work, designed for company agents and adminis-
trative personnel. While the incident management
system interface enables automated multimodal
interaction with end users, the dashboard focuses
on operational oversight, monitoring and human
intervention when required.

The dashboard offers real-time visibility into reg-
istered incidents, detected intents, resolution sta-
tus and escalation cases through configurable
KPls. These analytics allow supervisors to monitor
system performance, identify high-risk or ambigu-
ous interactions and assess workload distribution
across incident categories. Interaction-level meta-
data, including intent classifications and retrieval
traces, can be inspected to enhance transparency
and traceability.

In addition to monitoring capabilities, the dash-
board enables human-in-the-loop intervention.
Agents can review Al-generated outputs, validate
structured reports, modify responses when neces-
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sary and manually escalate complex or sensitive
cases. This supervision layer ensures that auto-
mated decision-making remains aligned with orga-
nizational policies and regulatory requirements.

The operational dashboard is integrated within
the same microservices architecture as the conver-
sational interface, allowing synchronized access
to interaction logs, structured reports and knowl-
edge base updates. By separating conversational
automation from operational management, the sys-
tem achieves scalability without sacrificing control,
accountability or human expertise in critical enter-
prise workflows.

4. Conclusions and Further Work

The current version of mCS-LM integrates the core
modules required for multimodal incident manage-
ment, including domain-adapted LLM, VLM and
ALM components, a RAG pipeline, a structured
output and hallucination control module and ded-
icated interfaces for both end users and opera-
tional agents. The architecture combines percep-
tion, retrieval, controlled generation and human-in-
the-loop supervision within a modular and scalable
microservices framework suitable for enterprise en-
vironments.

The platform is currently undergoing validation
in real operational settings with customer service
professionals from participating companies. This
validation phase focuses on assessing multimodal
understanding accuracy, structured report consis-
tency and the effectiveness of hierarchical intent
classification in reducing hallucinations and out-
of-scope responses. In this context, the present
work emphasizes the design and integration of the
proposed architecture, while more comprehensive
quantitative evaluation, including benchmarking
against baseline models, is part of ongoing work
as the system continues to evolve within real oper-
ational settings.

Future work will focus on several directions. First,
we plan to enhance the multimodal RAG pipeline by
incorporating more advanced cross-modal retrieval
strategies, enabling tighter alignment between tex-
tual queries and visual or audio-derived knowledge
representations, as highlighted in recent studies
on cross-modal RAG systems (Abootorabi et al.,
2025). Second, we will explore adaptive intent clas-
sification mechanisms based on continual learning,
allowing the hallucination control module to evolve
as new interaction patterns emerge, in line with
emerging research on continual learning for gen-
erative Al frameworks (Wang et al., 2024). Third,
we aim to investigate automated feedback loops
between the operational dashboard and the genera-
tion modules, leveraging agent corrections to refine
prompts and improve structured output quality over



time, a strategy that aligns with recent proposals
for integrating human feedback into generative sys-
tems (Sun et al., 2023).

These developments will strengthen the robust-
ness, scalability, and practical applicability of mul-
timodal conversational systems in regulated en-
terprise contexts. Additionally, future work will ex-
plore the extension of the proposed framework to
low-resource settings, including regional languages
and dialectal variations, leveraging its modular and
language-agnostic design to support broader lin-
guistic diversity and robustness in real-world multi-
lingual scenarios.
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