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Abstract—Large Language Model (LLM)-based
conversational systems are increasingly adopted as
front-facing interfaces for public and institutional services.
However, end-to-end and tool-augmented approaches often
rely on implicit, prompt-driven decision making, which
limits controllability, transparency, and safety in regulated
environments. This paper presents a case study of a
controlled multi-agent conversational architecture deployed
within a single institutional public-service environment,
explicitly separating intent classification, service selection,
and response generation into independent and auditable
decision stages. The proposed design introduces an
intent-driven control mechanism and a deterministic service
routing process that constrains response generation to
supported service contexts while enabling systematic
handling of ambiguity and out-of-scope queries. To support
reliable deployment, we propose an iterative development
workflow in which prompts are treated as evolving
behavioral specifications validated through structured
testing and monitoring. The system is evaluated on 1255 real
conversational queries spanning multi-turn interactions
collected from the deployed system. Experimental results
demonstrate high reliability across all modules, achieving
99.2% accuracy in intent classification, 97.7% accuracy in
single-service routing, and 98.8% correctness for
service-grounded responses. Overall, the system produces
correct responses for 97.6% of evaluated queries while
maintaining deterministic handling of unsupported and
ambiguous requests. Within the scope of this
single-institution case study, the findings highlight the
importance of explicit decision boundaries and modular
design for deploying LLM-based assistants in safety-critical
and public-service domains and provide practical guidance
for building controllable, service-grounded conversational
systems.
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I. INTRODUCTION

Recent advances in Large Language Model (LLMs)
have significantly accelerated the adoption of
conversational systems across a wide range of domains.
Prior work has shown that LLMs such as Generative
Pre-trained Transformer (GPT)-4 and related architectures
can automate cognitive tasks and improve context-aware
support in customer service settings [1]. These models are
increasingly integrated into enterprise customer
relationship management systems to enhance automation,
response time, and personalization [2]. Owing to their
strong language understanding and generation capabilities,
LLM-based chatbots are consequently being explored as
front-facing interfaces for accessing institutional
information and services. However, deploying such
systems in public-sector and regulated environments
introduces substantial challenges, particularly with respect
to response reliability, hallucination risks, ambiguity

handling, and compliance with predefined service
boundaries [3].
Existing approaches to conversational artificial

intelligence are commonly divided into end-to-end
language-model-driven systems and tool-augmented or
agent-based frameworks [4]. End-to-end LLM-based
chatbots rely on direct sequence-to-sequence generation
and therefore produce fluent and flexible responses [5].
However, they expose little control over intent
interpretation and response grounding, which often leads
to unsupported or inconsistent outputs [6]. More recent
tool-augmented and agent-based approaches extend LLMs
with access to external resources and application
programming interfaces, enabling more reliable task
execution and broader functional capabilities [7, 8].
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Despite these advances, decision making in many existing
systems remains largely implicit and prompt driven.
Consequently, system behavior can be difficult to
constrain, analyze, and systematically validate,
particularly in  safety-critical or policy-sensitive
application domains [9]. Fig. 1 contrasts these
architectural paradigms with the modular design proposed
in this work.
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Fig. 1. Comparison of conversational system architectures. End-to-end
LLM-based systems rely on direct generation and may produce
uncontrolled  responses. Tool-augmented approaches improve
functionality but embed decision-making implicitly. The proposed
modular architecture introduces explicit intent analysis and service
selection, enabling controlled and reliable responses.

In this paper, we present a case study of a modular
conversational assistant architecture that explicitly
addresses the need for controlled and transparent behavior
in institutional settings. The system has been designed and
deployed within a single public-service environment, and
the analysis reported here is bounded to that institutional
context. The system is built around role-specialized LLM
agents, each responsible for a well-defined function within
the conversational pipeline, including intent classification,
service selection, handling of irrelevant or out-of-scope
queries, response generation, and user clarification. A key
characteristic of the proposed architecture is an
intent-driven control mechanism that determines system
behavior before any response is generated. This
mechanism is coupled with explicit service selection logic,
which distinguishes between no-match, single-match, and
multi-match scenarios and governs whether the system
should respond, request clarification, or defer action.
Together, these design choices enable service-grounded
interactions while maintaining clear decision boundaries
and operational transparency.

Beyond the system architecture, this paper describes the
iterative development and evaluation workflows used to
build and refine both the intent classification and service
selection modules. Rather than treating prompts as fixed
instructions, we treat them as living behavioral
specifications and refine them through structured testing
and monitoring. The main contributions of this work are
threefold:
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A controlled multi-agent conversational architecture
designed for public-service applications;

Concrete and reproducible development workflows for
intent classification and service selection in
LLM-based systems;

Practical insights into the deployment and maintenance
of such systems wunder real-world operational
constraints.

The remainder of this paper is organized as follows.
Section II reviews related work on conversational systems
and safety-critical Al. Section III presents the proposed
system architecture and its functional modules. Section IV
describes the experimental setup, evaluation results, and
an analysis of remaining errors. Section V concludes the
paper and discusses limitations and future research
directions.

II. LITERATURE REVIEW

A.  End-to-End LLM-Based Conversational Systems

End-to-end conversational systems based on LLMs
have attracted significant attention due to their strong
language understanding and generation capabilities.
Transformer-based architectures such as GPT-style
models demonstrate high linguistic fluency and
generalization across a wide range of conversational tasks,
enabling open-domain interaction without task-specific
training [5, 10]. These systems typically rely on direct
sequence-to-sequence  generation, allowing flexible
responses conditioned on conversational context.

Despite these advantages, end-to-end LLM-based
chatbots expose little control over intermediate decisions
such as intent interpretation, service applicability, or
response grounding [11]. Prior studies show that these
models are prone to hallucinated content and unsupported
assumptions, especially when operating outside
well-defined knowledge boundaries [6, 12]. These
limitations are especially problematic in task-oriented or
institutional settings, where outputs must comply strictly
with predefined services, policies, and domain constraints.

B.  Tool-Augmented and Agent-Based LLM Systems

To improve task execution and grounding, recent work
has built tool-augmented and agent-based LLM systems
that give language models access to external tools,
application programming interfaces, and specialized
modules. Representative approaches include
reasoning-and-acting frameworks that interleave natural
language reasoning with tool invocation [7], systems that
learn to select and use tools automatically [13], and
modular reasoning architectures that combine language
models with symbolic or functional components [14].

More recently, multi-agent conversational frameworks
have been proposed to coordinate multiple role-specialized
agents through structured interaction protocols [8, 15, 16].
These systems demonstrate improved performance on
complex, multistep tasks and enable decomposition of
reasoning, planning, and execution across agents.
However, decision routing in many existing agent-based
systems remains largely prompt-driven, with control logic
implicitly encoded in natural language instructions. As a
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result, explicit separation between intent recognition and
service resolution is often absent, complicating systematic
validation and conservative handling of ambiguous user
queries.

C. Controlled and Safety-Critical ~Conversational
Systems
The increasing  deployment of  LLM-based

conversational systems in safety-critical and regulated
domains has motivated extensive research on reliability,
grounding, and risk mitigation. Prior work has
documented risks related to hallucination, inconsistent
behavior, and lack of transparency in generative models,
particularly when applied to high-stakes decision-making
contexts [6, 17]. Proposed mitigation strategies
include retrieval-based grounding, rule-based safeguards,
constrained decoding, and human-in-the-loop
supervision [18-20].

These approaches improve robustness at the model or
runtime level, but engineering-level system design for
controlled conversational assistants has received less
attention. The literature offers little guidance on how to
structure  decision  stages, handle = ambiguity
conservatively, or support iterative development and
evaluation workflows.

In parallel, recent research has explored natural
language processing applications for low-resource
languages, including Azerbaijani. Studies such as those
of Alizada ef al. [21] investigate the development of
contextualized word embeddings using transformer-based
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models, while Guliyev et al. [22] analyzes public
sentiment in Azerbaijani news and social media using a
range of machine learning and deep learning approaches.
These works highlight both the progress and the challenges
associated with building language technologies in
underrepresented linguistic settings.

III. SYSTEM DESIGN AND FUNCTIONAL MODULES

A. Design Objectives and System Architecture
LLM-based conversational systems have shown strong

natural language understanding and  generation
capabilities. Existing end-to-end and agent-based
approaches, however, rely heavily on implicit,

prompt-driven decision making, which makes their
behavior difficult to constrain, analyze, and validate in
public-service and other regulated environments. The
proposed system addresses these limitations by treating
explicit control, transparency, and conservative
decision-making as primary design goals.

Fig. 2 illustrates the overall system architecture, which
decomposes conversational processing into a sequence of
well-defined decision stages. Incoming user queries are first
processed by an Intent Detection Module, which performs
explicit intent assignment before any service resolution or
response generation. This separation prevents premature
generation and ensures that unsupported or policy-restricted
intents, such as greetings, termination requests, or
out-of-scope queries, are handled through predefined
system responses rather than freeform generation.

Out-of-Scope Response Controller

Service-Grounded Response Generation Module

System-Guided
Response

Response Gen
(Guarded)

Response Gen ‘ User-Facing
(Service-Grounded) { System Response

Intent Disambiguation Module

Clarification Request

——‘ Clarification - Response ‘

Fig. 2. High-level system architecture illustrating the modular conversational pipeline, including intent detection, service selection, out-of-scope
handling, service-grounded response generation, and intent disambiguation, together with explicit decision and failure paths.

For service-seeking intents, the query is forwarded to
the Service Selection Module, which uses a structured
catalog of service descriptions and keywords to make its
decision. Unlike prompt-embedded tool selection used in
many agent-based frameworks, service selection is
performed explicitly and results in one of 3 outcomes: no
service match, a single service match, or multiple
candidate services. This explicit branching enforces
conservative behavior and prevents unsupported service
assumptions.

When multiple candidate services are identified, the
system routes the interaction to an Intent Disambiguation
Module, which generates a clarification request instead of
attempting to resolve the ambiguity implicitly. Treating
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ambiguity as an explicit case lets the system prioritize
correctness and safety over coverage—a requirement that
matters especially in institutional settings.

Only after a service has been uniquely resolved does the
system proceed to the Service-Grounded Response
Generation Module, where responses are generated based
on the resolved service context. This design ensures that
generated outputs remain aligned with supported services
and reduces the risk of hallucinated or non-compliant
responses. Queries that fail service resolution or violate
scope constraints are handled by an Out-of-scope
Response Controller, which produces system-guided
responses or refusals as appropriate.
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Together, these modules form a controlled conversational
pipeline in which all response generations are preceded by
explicit intent- and service-level decisions. The clear
separation of responsibilities and decision boundaries
enables systematic evaluation, transparent failure analysis,
and iterative refinement, as discussed in subsequent
sections.

B. Intent Classification Module

The intent classification module is the first routing gate
of the pipeline. Its role is deliberately coarse-grained: it

separates non-service conversational intents from
service-seeking requests so that only eligible queries reach
service resolution. This design reduces unnecessary
downstream processing and prevents policy-restricted or
unsupported interactions from entering the service
selection and response generation stages.

Table 1 summarizes the intent categories and their
routing outcomes. In particular, the classifier does not
attempt fine-grained service identification; instead, it
functions as an explicit eligibility filter that enables later
modules to operate within a well-defined scope.

TABLE L. INTENT CLASSIFICATION AND INITIAL QUERY ROUTING

Intent Category Description Typical Query Examples Routing Outcome
Greeting/Opening User mlthtes conve_rsatlon w_1th0ut “Hello”, “Good morning”, “Hi, are you there?” Return a predefined greeting
requesting a service or action. response.
Conversation Termination User exp hClt.l y s1gnqls the end of the “Thanks, that’s all”, “Goodbye”, “I’m done” Retum a predefined closing
interaction. response.
Query is written in a language not . . . Return a predefined system
Unsupported Language supported by the system. Queries written in unsupported languages. response.

User requests information or actions

Policy-Restricted disallowed by institutional policy.

Requests involving sensitive data access,
illegal actions, or restricted procedures.

Return a predefined policy-
compliant response.

Service-Seeking

User requests information or actions “How can I renew my ID?”, “I want to check
supported by the system’s service set. my fine”, “How do I apply for a document?”

Forward query to the Service
Selection Module.

C. Service Selection Module

The service selection module 1is the central
decision-making component of the architecture. Its role is
to determine which predefined services are relevant to a
given user query before any service-specific response is
generated. By explicitly separating service resolution
from both intent classification and response generation, this
module addresses a key limitation of end-to-end and
prompt-embedded agent systems, where service
assumptions are often made implicitly during generation.

Service selection is formulated as a constrained decision
process operating over the current user query,
conversational context, and a structured representation of
supported services. Let:

e (O denote the current user query,

o Dy = {(q1, 1) ... (qn 7))} denote the dialogue
history,

o § = {51, $2...sm} denote the set of supported
services, and

e i denote the system-level routing instructions encoded
in the service router prompt.

Each service S; € S is represented as a tuple: as defined
in Eq. (1):

S; = (key]-, desc;, kw]-) €))

where key; is a unique service identifier, desc; is a natural
language description of the service scope, and kw; is a set
of representative keywords. In other words, every supported
service is described to the system through 3 pieces of
information: a stable name, a short text description of what
the service covers, and a list of trigger keywords used to
recognize it.

The service selection module implements a
deterministic mapping f5,. (the service selection function),
defined in Eq. (2):
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fSUC(Q'Dh'S'i)_)P(S) (2)

where P(S) denotes the power set of available services.
Intuitively, the module takes the user query, the dialogue
history, and the catalog of supported services, and returns
any subset of those services as the routing decision. This
subset can be empty, contain one service, or contain
several, allowing the system to explicitly represent three
mutually exclusive outcomes:

e |S*|=0: no supported services apply,

e |S*|=1: asingle service is selected, and

e |S*|> 1: multiple candidate services are identified.

D. Response Generation and Failure Handling

Response generation in the proposed architecture is
strictly governed by explicitintent and service-resolution
decisions produced by upstream modules. Let / denote the
resolved intent label and let $* € § denote the output of
the service selection function fye (O, Di, S, isve)-

Unlike end-to-end conversational systems, free-form
generation is not used in every case. Instead, the system
selects a specific response mode based on the intent type
and the cardinality of S*, so that every user-facing output is
traceable to an explicit decision.

The response mode is determined as follows (SS denotes
Service-Seeking) as expressed in Eq. (3)

Intent — Predefined, I # SS
Out — of — Scope, =SS A |S*|=0 3)
Clarification, I =S§§ A |S*| > 1
Service — Grounded,l =SS A |S*]| =1

Mode(Q)

In plain terms, if the user is not asking for a service, the
system returns a predefined reply; if the user is asking for
a service but no supported service matches, it returns an
out-of-scope message; if several services could apply, it
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asks the user to clarify; and only when exactly one service
is identified does it generate a free-form, service-grounded
answer. For non-service-seeking intents, responses are
returned through predefined system templates and do not
invoke language model generation. For service-seeking
intents, response generation is model-mediated and
parameterized by the resolved execution context.

When no supported service is identified (|S¥| = 0), an
out-of-scope response is generated using only the current
query, dialogue history, and system-level constraints, as
expressed in Eq. (4), where the notation R~M(-) means
that the response R is sampled from a language model M,
with M,,s denoting the dedicated out-of-scope response
model:

R~M,ps @, Dy, ioos) 4)

That is, the out-of-scope response is produced by a
dedicated language model invocation that is not given
access to any service description, so it cannot fabricate
references to unsupported services.

When multiple candidate services are identified
(IS*] > 1), the system generates a clarification request
conditioned on the set of candidate service descriptions, as
expressed in Eq. (5), where M., denotes the clarification
response model and i.,, denotes the system-level
instructions provided to the clarification model.

R~M10,(Q,S", ictar) (5)

In other words, the system explicitly lists the candidate
ser-vices to the clarification model so that the resulting
question reflects only the services that genuinely matched
the query. When a single service is uniquely resolved
(157 1), the system produces a service-grounded
response conditioned on the resolved service context s*, as
expressed in Eq. (6), where M, denotes the service-grounded
response model, s* is the single resolved service (the unique
element of §*), and is; denotes the system-level instructions
provided to the service-grounded response model.

R~M,(Q,Dp,S",isy) (6)

That is, the answer is generated by a service-grounded
model invocation that is restricted to a single, validated
service context.

In the service-grounded case, the system enforces the
invariant in Eq. (7), where the symbol V denotes “for all”,
so that every response component » must reference the
resolved service:

Vr €: Referenced Service(r) = s* @)

Ensuring that generated responses do not reference
unsupported or unrelated services. Intuitively, every
response component must point back to the same resolved
service; any reference to a different service is treated as a
violation and discarded.
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By separating response generation modes and
conditioning each language model call on validated intent
and service-level decisions, the system enforces controlled
execution, deterministic failure handling, and strict
adherence to the supported service scope. This design
prevents implicit service assumptions and removes the
uncontrolled generation paths commonly observed in
end-to-end and prompt-embedded agent systems.

IV. RESULTS AND DISCUSSION

The evaluation is conducted on a dataset of 1255 real
user queries collected from multiturn conversational
interactions with the deployed system. The deployment
is a government public-service chatbot operated in
production. The dataset is proprietary and cannot be
shared, including in anonymized form, due to the
data-handling and confidentiality policies governing the
service. Queries were drawn from the live operational logs
of the chatbot; only anonymized queries, with personally
identifying information removed at the source, were made
available to the research team, and no externally sourced
or third-party conversational data was used. The dataset
reflects realistic usage patterns, including both single-turn
requests and longer task-oriented dialogues. Each query
was manually annotated by the research team for intent
class, service routing outcome, and response correctness
to enable both module-level and end-to-end evaluation.

Fig. 3 illustrates the distribution of conversation length
measured by the number of queries per conversation. The
majority of interactions are short, with single-query
conversations forming the largest portion, followed by
2- and 3-turn dialogues. Longer interactions (4 or more
queries) occur less frequently but represent complex or
ambiguous service requests that require clarification or
multi-step handling. This distribution confirms that the
dataset captures both simple and multi-turn usage scenarios
typical of public-service conversational systems.

355
350

300
250
200 173
150

100

Total Conversations

50

0 5+

Number of Queries in Conversation

Fig. 3. Distribution of conversation lengths showing the number of
conversations grouped by the number of user queries per conversation.

A. Intent Classification Module

Fig. 4 presents the evaluation of the intent classification
module, showing both the distribution of queries across
intent classes and the number of correctly labeled
instances. The goal of this evaluation is to verify that
nonservice queries are reliably filtered before downstream
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processing, ensuring that only relevant requests reach the
service selection stage.

The 4 non-service intents (Greeting/Opening,
Con-versation Termination, Unsupported Language, and
Policy-Restricted) account for approximately 18% of all
queries and are classified with an accuracy of about 99.1%.
These queries are handled through predefined responses,
which avoids unnecessary service routing and reduces the
risk of unintended generation. Accurate detection of
Unsupported Language and Policy-Restricted requests
matters in  particular, because these responses
communicate the system’s scope, supported languages,
and institutional boundaries to the user.

5 B Total Queries
10°! mmm Correct/Detected

1028 1020

144 144

10*

Greeting  Termination Unsupported

Policy Service-seeking

Fig. 4. Intent classification evaluation showing the distribution of queries
across intent categories and the number of correctly classified instances.

The remaining queries are classified as service-seeking
with 99.2% accuracy, demonstrating the reliability of the
first decision stage in separating actionable requests from
conversational or out-of-scope interactions.

B. Service Selection Module

Fig. 5 presents the evaluation of the service selection
module, showing the distribution of service-seeking
queries across routing outcomes and the number of
correctly routed cases. The majority of service-seeking
queries correspond to a single service (914 queries), of
which 893 were correctly routed, indicating strong
reliability in identifying the appropriate service context for
downstream response generation.

mmm Total Queries
Correctly Routed

103

Count

Single service

No-service Multiple services

Fig. 5. Service selection module evaluation showing routing outcomes
(no service, single service, multiple services) and correctly routed
queries.

A smaller portion of queries resulted in no-service
matches (91 queries, 86 correctly routed), representing
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requests for unsupported services that are subsequently
handled by the scope validation component. Queries
mapped to multiple services (23 queries, 19 correctly
routed) reflect inherently ambiguous requests that require
clarification through the disambiguation module.

C. Response Generation Module

Fig. 6 presents the evaluation of the response generation
stage across the 3 response paths: scope validation,
service-grounded generation, and disambiguation. The
service-grounded path accounts for the majority of cases
(902 queries) and is the most reliable, with 891 responses
judged correct. Once a single service context is resolved,
conditioning the model on the matching service
information yields highly consistent and accurate outputs.

The remaining cases correspond to scope-validation
responses (89 queries) and disambiguation responses (37
queries). These categories cover unsupported or
ambiguous requests, which are harder by nature because the
service context is limited or uncertain. The system still
performs strongly in these edge cases, which suggests that
the con-trolled routing and generation strategy holds up
across all response types.

mmm Total Queries
mmm Correctly Generated

103 902 891

Count

Scope Validator

Service-grounded Disambiguation

Fig. 6. Response generation module evaluation comparing total
processed queries and correctly generated responses across scope
validation, service-grounded generation, and disambiguation cases.

D. Error Analysis

Table II reports an apparent accuracy gap at the
response generation stage between the service-grounded
path (98.8%) and the combined scope-validation and
disambiguation path (82.5%). Inspection of the 22 errors
in this combined path shows that the gap is misleading:
almost all of the failures are inherited from upstream
routing rather than produced by the scope-validation or
disambiguation modules themselves.

Of the 126 queries that reached the combined
scope-validation and disambiguation path, only 105 were
genuine no-service or multi-service cases for which
clarification or a scope-bounded refusal is the correct
system behavior. The remaining 21 were single-service
queries that were misrouted at the service selection stage
(the same 21 errors reported under “Single-service” in
Table II) and propagated to this path. On the 105
legitimate cases, the modules answered 104 correctly,
corresponding to a per module accuracy of approximately
99%. On the 21 misrouted queries, however, the modules
cannot recover: they correctly produce a clarification
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request or an out-of-scope response, but the user actually
expected a direct service-grounded answer, so every one of
these 21 cases is annotated as incorrect. Once these
upstream-propagated failures are isolated, only a single
residual error remains that is genuinely attributable to the
scope-validation or disambiguation modules.

This decomposition answers the questions raised about
the apparent accuracy gap. The errors are not generation
failures of the scope-validation or disambiguation
modules; they are routing failures that the downstream

modules are not designed to detect or override. The scope
detector itself does not produce systematic false positives
or false negatives in this evaluation, and there is no
observable pattern of the disambiguation module
struggling with the queries that are actually directed to it.
The only category in which the system genuinely struggles
is the boundary case at the service selection stage, where
queries that touch on 2 thematically adjacent services or sit
between supported and unsupported scope account for
essentially all of the residual end-to-end errors.

TABLE II. EVALUATION RESULTS ACROSS SYSTEM MODULES

Stage Category Query Count Correct Accuracy
Intent Classification Service-seeking 1028 1020 99.2%
Non-service 227 225 99.1%
Service Routing Single-service 914 893 97.7%
No / multiple-services 114 105 92.1%
Response Generation Service-grounded 902 891 98.8%
Scope & Disambiguation 126 104 82.5%

Two implications follow: First, the natural locus for
further improvement is the service selection prompt and
the service-catalog descriptions and keywords, not the
scope-validation or disambiguation prompts. Second, the
conservative design choice of handling ambiguity through
clarification rather than free-form generation is
functioning as intended: when a query is correctly
identified as ambiguous or out-of-scope, the system
reliably produces an appropriate response.

E.  End-to-End System Performance

Table II summarizes the overall performance of the
proposed conversational pipeline across all modules.
Out of 1255 evaluated queries, the intent classification
stage demonstrates very high reliability, with only 2 errors
observed for non-service intents. This confirms that the
system consistently prevents unnecessary downstream
processing for  greetings, termination requests,
unsupported language usage, and policy-restricted queries,
ensuring stable handling of routine and out-of-scope
interactions.

Across the full pipeline, the system produced 225
predefined non-service responses, 104 scope-validation or
disambiguation responses, and 891 service-grounded
responses. Most user interactions reach the
service-grounded generation stage, while ambiguous or
unsupported requests are systematically redirected to
clarification or scope-control mechanisms. The
aggregated results show that the modular pipeline
maintains high reliability across stages while keeping
conversational behavior controlled and traceable in the
studied institutional setting.

V. CONCLUSION

This paper presented a case study of a modular
conversational architecture for controlled, transparent, and
service-grounded  interactions  in  public-service
environments. Unlike end-to-end and prompt-embedded
agent approaches, the proposed system introduces explicit
decision boundaries between intent classification, service
selection, and response generation, transforming
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conversational processing into a staged and auditable
pipeline. Evaluated on 1255 real user queries, the system
achieved over 99% accuracy in intent classification, 97.7%
accuracy in single-service routing, and an overall
end-to-end accuracy of approximately 97%.

These results indicate that explicit intent- and
service-level control yields reliable and traceable
conversational behavior in the studied deployment. The
error analysis in Section IV further shows that the
remaining errors are concentrated at service boundaries and
on conservative refusals rather than on uncontrolled
generation, consistent with the architecture’s design
intent. We do not, however, claim a quantitative
improvement over implicit prompt-driven base-lines, as a
controlled comparison was outside the scope of this case
study.

The study is subject to several limitations. The
evaluation is confined to a single institutional domain, and
the intent and service routing modules rely on
prompt-engineered specifications that require periodic
updates as services and user behaviors evolve. The current
evaluation is also based on offline annotated data and does
not capture largescale deployment metrics such as user
satisfaction and operational stability.

Future work will therefore explore cross domain
validation, multilingual support, automated prompt
optimization, controlled comparison against implicit
prompt-driven baselines, and the integration of user
feedback and online learning, together with longitudinal
studies in real operational environments to assess
long-term robustness, scalability, and user experience.
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