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Abstract

With the rapid expansion of language resources and services across repositories and platforms, users face an
overwhelming number of options. While this diversity promises flexibility, non-experts struggle to compose appropriate
resource pipelines and select services that satisfy both functional and non-functional requirements. We propose a
user-centered framework of LLM agents that interprets natural-language requests and performs end-to-end language
service selection. The agents extract functional requirements to form coherent task compositions and select suitable
language services for each component by interpreting non-functional quality aspects embedded in contextual cues.
To ensure reliable and explainable decisions, we employ a four-step structured reasoning procedure that combines
Few-Shot exemplars and Chain-of-Thought reasoning: extracting functional requirements, inducing non-functional
evaluation axes, applying these axes as constraints in candidate retrieval, and determining a final composition. We
construct a benchmark dataset pairing diverse user requests with standardized language service profiles containing
metadata and quality indicators, and evaluate our framework against representative prompting-based baselines.
Results show consistent gains in Precision, Recall, and F1-score, demonstrating improved capture of both functional
intent and quality preferences. These findings demonstrate that structured LLM agents can bridge natural-language
user intents and language service configurations, enabling end-to-end selection and composition in a transparent

and user-centered manner.

Keywords: Language Service Selection,
User-Centered Framework

1. Introduction

Over the past decades, the language resources
community has made continuous efforts to pro-
vide not only data and tools but also service-
oriented infrastructures that make these resources
accessible through web APls. Typical exam-
ples of such language service infrastructures
include PANACEA (Toral et al., 2011), META-
SHARE (Piperidis, 2012), DKPro Core (Eckart de
Castilho and Gurevych, 2014), the LAPPS Grid (Ide
et al.,, 2014), the Language Grid (Ishida et al.,
2018; Lin et al., 2018), and the European Lan-
guage Grid (Rehm et al., 2024). While these infras-
tructures primarily focus on enabling researchers
and developers to share, compose, and deploy lan-
guage resources and services, our study shifts the
focus toward how non-expert end users can effec-
tively select and utilize such services according to
their own requirements. Building upon these long-
standing infrastructures, recent advances in artifi-
cial intelligence—particularly in Large Language
Models (LLMs)—have fundamentally transformed
how language technologies are accessed, com-
bined, and orchestrated.

Among these advances, LLMs have introduced
a transformative capability to interpret and reason
over natural-language instructions (Wang et al.,

Large Language Models,

LLM Agents, Structured Reasoning,

2024). Unlike earlier task-specific Natural Lan-
guage Processing (NLP) models, LLMs demon-
strate strong generalization, contextual understand-
ing, and step-by-step reasoning abilities, allow-
ing them to process complex, multi-step user re-
quests in an interpretable manner (Wei et al., 2022;
Zhao et al., 2023). These capabilities open up a
new opportunity: performing end-to-end language
service selection directly from natural-language
user requests, without predefined schemas or ex-
plicit configuration inputs. This shift redefines how
users—especially non-experts—can interact with
language technologies, moving from manual ser-
vice orchestration to intelligent, dialogue-based
composition.

Meanwhile, the growing availability of language
resources and services across platforms has cre-
ated an unprecedented diversity of options for con-
structing intelligent language applications. These
services exhibit remarkable performance in tasks
such as machine translation, speech recognition,
and text generation, and are now provided through
diverse platforms, from on-device to large-scale
cloud APIs (Zhao et al., 2023). This diversity greatly
enhances flexibility but also increases the complex-
ity of selecting suitable services that meet both
functional and non-functional user requirements.

Specifically, users, especially non-experts, are
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now expected to navigate a vast landscape of het-
erogeneous language services that differ in capa-
bilities, interfaces, and trade-offs. In practice, they
must not only identify functional components (e.g.,
translation, summarization, or speech recognition)
but also consider non-functional requirements such
as latency, privacy, and reliability. These aspects
are often implicit in natural-language user requests,
making language service selection an inherently
ambiguous and cognitively demanding task.

Previous research on service selection has ex-
plored quantitative optimization frameworks (Zeng
et al., 2004; Hayyolalam and Kazem, 2018) and
adaptive learning-based methods (Yang et al.,
2024). Yet, they often assume explicitly defined,
numerical requirements, making them inadequate
for interpreting qualitative or context-dependent
user intents expressed in natural language. For
instance, a request such as “read this confidential
report image, translate it, and create a summary”
implicitly involves multiple steps (OCR, translation,
summarization) and a privacy constraint from the
word “confidential,” which traditional methods fail
to capture.

To address these challenges, we propose a user-
centered framework of LLM agents that interprets
natural-language requests and autonomously per-
forms end-to-end language service selection. The
core idea is to treat service selection not as a
single-step retrieval problem but as a structured
reasoning process that bridges the semantic gap
between user intentions and service configurations.
To this end, we introduce a four-step structured
reasoning framework that decomposes the task
into: (1) analyzing user intent, (2) extracting and
organizing functional requirements, (3) interpreting
context-dependent non-functional quality aspects,
and (4) selecting appropriate language services for
each component. The LLM agent is guided through
these steps via Few-Shot prompting (Brown et al.,
2020) and Chain-of-Thought (CoT) reasoning (Wei
etal., 2022), enabling it to infer both explicit and im-
plicit requirements while maintaining transparency
and consistency in its decision process.

Our main contributions are threefold. First, we
propose a user-centered framework of LLM agents
that interprets natural-language requests and au-
tonomously performs end-to-end language service
selection, bridging user intents and service config-
urations. Second, we introduce a four-step struc-
tured reasoning procedure that integrates Few-Shot
prompting and Chain-of-Thought reasoning to en-
able explainable and robust decision-making for
functional and non-functional requirements. Finally,
we construct a benchmark dataset pairing diverse
user requests with standardized language service
profiles containing metadata and quality indicators,
and empirically demonstrate that our approach con-

sistently outperforms prompting-based baselines
in Precision, Recall, and F1-score.

This paper is structured as follows. Section 2 re-
views related work. Section 3 details the proposed
methodology. Section 4 presents evaluation re-
sults, followed by discussion in Section 5. Section
6 concludes the paper.

2. Related Work

Previous research relevant to our study falls into
two areas: service selection methodologies and re-
cent advances in LLMs for reasoning and decision-
making.

Traditional approaches to service selection have
been widely studied in the fields of service-
oriented computing and cloud systems. Repre-
sentative works include Quality-of-Service (QoS)-
aware frameworks that rank candidate services
based on numerical metrics such as latency, avail-
ability, or cost (Zeng et al., 2004; Hayyolalam and
Kazem, 2018). Later extensions employed heuristic
optimization and reinforcement learning to handle
dynamic environments (Yang et al., 2024). While
these methods provide formalized selection mod-
els, they rely on the assumption that user require-
ments are explicit and numerically quantifiable,
which limits their applicability to qualitative, context-
dependent tasks such as language service selec-
tion. Recent reviews (Zeng et al., 2025) have also
highlighted persistent challenges in capturing user-
centered constraints under dynamic or incomplete
information.

In the language resources community, a number
of initiatives have developed infrastructures to stan-
dardize the sharing and composition of linguistic
data and tools—such as META-SHARE (Piperidis,
2012), the LAPPS Girid (lde et al., 2014), the Lan-
guage Grid (Ishida et al., 2018), and the European
Language Grid (Rehm et al., 2024). These plat-
forms have established metadata schemas and
APIs for accessing and combining language ser-
vices, forming the foundation for interoperable lan-
guage technology ecosystems. However, they still
rely on pre-defined workflows or manually anno-
tated quality information, and are primarily targeted
at developers or researchers. As a result, they offer
limited support for end users who wish to select or
compose services dynamically based on natural-
language specifications or evolving requirements.

Beyond these infrastructures, recent progress
in artificial intelligence, particularly in LLMs, has
opened new opportunities for addressing this gap.
LLMs exhibit strong generalization and reasoning
abilities across diverse tasks by interpreting natural-
language instructions (Wang et al., 2024). Prompt-
ing techniques such as Few-Shot learning (Brown
et al., 2020) and Chain-of-Thought reasoning (Wei
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et al., 2022) have further enhanced their ability to
reason transparently. Nevertheless, unstructured
prompting often leads to inconsistent reasoning
when multiple quality aspects (e.g., accuracy, la-
tency, and privacy) must be balanced simultane-
ously. Recent agent frameworks such as Auto-
GPT, LangChain, and AutoGen (Significant Grav-
itas, 2023; LangChain Al, 2022; Wu et al., 2023)
have begun to explore modular reasoning with plan-
ning and memory, but these architectures remain
loosely guided.

In parallel, tool-augmented LLM research has
addressed the selection and invocation of exter-
nal tools from large repositories. ToolLLM (Qin
et al., 2024) fine-tunes models on a large-scale
tool-use dataset to enable open-domain API selec-
tion, while Gorilla (Patil et al., 2023) trains LLMs to
generate accurate API calls grounded in documen-
tation. These methods primarily focus on functional
tool matching through model fine-tuning, whereas
our framework operates without fine-tuning and
additionally incorporates non-functional quality rea-
soning to support user-centered service selection
in the language resource domain. Rather than re-
lying on model fine-tuning, our study introduces a
structured reasoning framework that systematically
decomposes the language service selection pro-
cess, enabling explainable, user-centered decision-
making directly from natural-language requests.

3. Design of the Language Service
Selection Agent

This section describes the architecture and core
reasoning mechanism of our language service se-
lection agent. We first introduce the overall design
concept and modular structure, including the use
of a knowledge base composed of Few-Shot exam-
ples and language service quality information. We
then detail the structured reasoning process that
guides the agent’s decision-making over natural-
language requests.

3.1. Overview of the Design Concept

User-centered language service selection poses a
fundamental challenge: interpreting user requests
written in natural language, which often blend both
explicit functional requirements and implicit non-
functional quality preferences. Unlike traditional
approaches that rely on structured queries or nu-
meric utility functions, real-world user requests typi-
cally lack clearly specified constraints. This makes
it difficult for conventional systems to identify user
intent and optimize service choices accordingly.
To address this challenge, we propose an LLM
agent that performs structured reasoning for end-
to-end language service selection. As illustrated
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in Figure 1, this agent is powered by a Large
Language Model (LLM) and guided by a struc-
tured prompt architecture. To support the agent’s
decision-making process, we provide a knowledge
base composed of two key elements: a set of Few-
Shot examples that encode reusable reasoning poli-
cies, and a Service Quality Information Table that
offers factual grounding for candidate evaluation.
The Few-Shot examples demonstrate reusable rea-
soning policies that the agent generalizes to un-
seen inputs. The Service Quality Information Table
is constructed using LLM-based analysis of vari-
ous public service-related sources, such as official
specifications, technical reports, and academic pa-
pers. Details of this construction methodology are
presented in Section 4.2.

In this architecture, the selection agent inter-
prets the request, consults the few-shot policy, and
queries the Service Quality Information Table to
retrieve service-specific metadata. Based on this
knowledge base, the agent selects appropriate lan-
guage services by executing the structured reason-
ing process, which will be elaborated in Section 3.2.

Web Data
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Service Knowledge Base
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ce List
Candidate Service

| Service Scoring (LLM)

Service Quality
Information Table

Service Quality Data
Service Selection Agent
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Examples
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O
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Figure 1: Architecture of the proposed LLM agent
with structured reasoning

For example, consider the request: “Summarize
in Japanese the causes of customer dissatisfaction
from the meeting audio with our overseas client.”
The agent must recognize that this involves three
functional sub-tasks: (1) transcribing the audio
(speech recognition), (2) translating the result (ma-
chine translation), and (3) summarizing the trans-
lated content (text summarization). In parallel, it
must also infer contextual non-functional quality
requirements—most notably, the need for privacy
due to the phrase “our overseas client.” This illus-
trates the dual need for functional interpretation



and context-sensitive quality assessment, which
our system is explicitly designed to support in lan-
guage service selection.

3.2. LLM Agent with Structured
Reasoning

To ensure consistent and interpretable decision-
making, our language service selection agent em-
ploys a structured reasoning framework executed
entirely by the LLM at runtime. The agent’s behav-
jor is guided by a carefully designed prompt for-
mat, as illustrated in Figure 2, which decomposes
the task into four fixed reasoning steps. This ap-
proach goes beyond traditional in-context learning
by embedding not just input-output examples but
complete chains of reasoning derived from Few-
Shot examples. The prompt begins with Few-Shot
examples that define the agent’s policy by demon-
strating how to extract both functional requirements
and implicit non-functional quality preferences from
natural-language inputs. Unlike examples that sim-
ply provide final answers, each instance in our
setup illustrates the full reasoning trajectory across
the four steps. This ensures that the agent not
only understands the task but also follows a con-
sistent decision-making logic across diverse inputs.
The Service Quality Information Table is included
to ground the agent’s evaluation in real-world lan-
guage service metadata, minimizing hallucinations
and ensuring factual reliability.

The reasoning process consists of the following
steps:

+ Step 1: Functional Requirement Analysis

The agent identifies and structures the
functional requirements explicitly described in
the user request and infers any implied non-
functional quality preferences. For instance, in
the request “summarize this confidential docu-
ment and translate into English,” the functional
requirements are “summarization” and “trans-
lation.”

+ Step 2: Non-functional Quality Evaluation

The agent ranks language service quality
dimensions (e.g., accuracy, latency, privacy)
based on contextual relevance. Instead of as-
signing explicit weights, it produces a qualita-
tive prioritization (e.g., privacy > responsive-
ness > accuracy) by mapping linguistic cues to
preferences using the patterns encoded in the
Few-Shot examples. This step defines what
matters in evaluating language services for the
given user context.

+ Step 3: Candidate Selection

The agent filters language services that
meet the functional requirements and com-

# Few-Shot examples (Language service selection
examples)

# Each example demonstrates a policy for

mapping linguistic and contextual cues in user
requests to quality evaluation of candidate
language services. Apply this learned policy to
the inference step.

{shot_info}

# Service Quality Information (selected from {
service_info})

{service_info}

# User request

# Apply the learned policy to this user request.

{user_request}

## Step 1l: Functional Requirement Analysis
# Analyze user requirements, identify and
structure functional requirements

## Step 2: Non-functional Quality Evaluation

# Based on the non-functional quality
requirements identified with reference to the
Few-Shot case study, determine the non-
functional quality requirements that should be
most important in this task

## Step 3: Candidate Selection

# Refer to the non-functional quality
information, be sure to adhere to the
requirements set in Step 2, and narrow down the
optimal service

## Step 4: Final Decision
# Judge the investigation results of Step 3,
and select the final service selection

Figure 2: Prompt template for structured reasoning

pares their non-functional quality characteris-
tics using the Service Quality Information Ta-
ble. For each non-functional quality dimension
identified in Step 2, the agent ranks candidate
language services and generates intermediate
scores, resulting in a shortlist of top candidates.
This step evaluates how each candidate per-
forms with respect to user preferences.

+ Step 4: Final Decision

The agent synthesizes the prior reasoning
steps to select the most suitable language ser-
vice, optionally providing a natural-language
justification. This justification supports trans-
parency, helps identify reasoning errors, and
fosters user trust in the final decision.

This structured reasoning process draws inspira-
tion from Chain-of-Thought (CoT) prompting (Wei
et al., 2022), which enhances logical consistency
by requiring intermediate reasoning steps. Prior re-
search has shown that unstructured prompts often
lead to hallucination, attentional drift, and inconsis-
tent prioritization (Wang et al., 2024). By contrast,
our design enforces alignment between decision
rationale and observed language service metadata,

602



enabling robust and interpretable reasoning without
model fine-tuning. Unlike standard CoT reasoning,
our structured format explicitly separates reason-
ing control from factual grounding, ensuring con-
sistency across diverse language service contexts
and service domains.

In summary, the structured reasoning framework
serves as both an execution plan and an align-
ment mechanism, enabling the agent to generalize
across diverse requests while maintaining trans-
parency. In the next section, we empirically evalu-
ate the agent’s effectiveness using real-world lan-
guage service data and request scenarios.

4. Evaluation

This section evaluates the effectiveness, ro-
bustness, and generalizability of the proposed
language service selection framework. We first
assess its accuracy compared to baseline prompt-
ing methods. We then examine its sensitivity to
the number of Few-Shot examples (K) and its
adaptability across different LLMs. All experimental
resources developed for this study—including the
benchmark dataset, prompt designs, language ser-
vice profiles, and evaluation results—are available
at: https://github.com/Ogaaawa/LLM_
Agents_for_User-Centered_Language_
Service_Selection.

4.1. Evaluation Metrics

We treat language service selection as a set-based
prediction task, where the goal is to select the cor-
rect set of language services for a given user re-
quest. We use standard metrics, Precision, Recall,
and F1-score, defined as follows:

ARNES
Precision = E |SC|SCZ|CC| (1)
|sci N eei
Recall = E |ch (2)

Precmon x Recall
F1=2 3
x Precision + Recall ()

Here, sc; is the predicted set of language ser-
vices for request i, and cc; is the corresponding
ground-truth set.

4.2. Experimental Setup

4.2.1. User Requests

We manually constructed 60 user request sen-
tences: 30 clearly stated (specific) and 30 ambigu-
ous (abstract) requests. These cover realistic use
cases (e.g., daily support, workplace productivity),

each including at least one explicit non-functional
requirement.

To clarify this distinction, consider the following
examples. A specific request might be: “Quickly
perform character recognition on this sign written in
English and translate the text into Japanese.” This
clearly defines two functional requirements—text
recognition and translation—and implies a need for
low latency. In contrast, an abstract request could

“Quickly make this English sign understand-
able to Japanese people.” This type of request is
more ambiguous and requires the agent to infer the
necessary sub-tasks.

4.2.2. Candidate Services and Profiling

We created a reproducible evaluation testbed con-
sisting of 30 candidate language services, includ-
ing services across six categories, selected to
address generalized user requirements by en-
compassing both linguistic and visual modalities:
Speech Recognition, Machine Translation, Text
Generation, Optical Character Recognition (OCR),
Image Recognition, and Action Recognition. For
each language service, we collected publicly avail-
able reference materials, such as official documen-
tation, technical whitepapers, and academic arti-
cles. These documents were analyzed by an LLM-
based service scoring module (Figure 1), which
extracted scores across three language service
quality dimensions: Responsiveness, Privacy Pro-
tection, and Accuracy. The scoring criteria for each
dimension were defined as follows:

* Responsiveness: Scores were assigned
based on latency thresholds grounded in
human-computer interaction (HCI) literature,
such as Nielsen’s widely accepted perceptual
boundaries (e.g., 0.1s for instantaneous re-
sponse, 1s for uninterrupted interaction, and
10s for task-level feedback).

+ Privacy Protection: A five-level scale was
developed based on data protection principles
such as data minimization and purpose limita-
tion, as defined in regulations like the GDPR
(General Data Protection Regulation). Lan-
guage services performing all computation on
the user’s device (i.e., on-device inference)
received the highest score.

* Accuracy: Where available, scores were
based on standardized benchmark metrics
(e.g., BLEU for machine translation, or WER
for speech recognition) reported in third-party
evaluations.

This process yielded the Service Quality Informa-
tion Table (Figure 3), a grounded knowledge base
for the language service selection agent.
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Figure 3: Generation of the service quality information table

Table 1: Performance comparison across prompting strategies for language service selection

Specific Requests Abstract Requests Overall
Method Precision Recall F1 Precision Recall F1 Precision Recall F1
Zero-Shot Prompting 0.275 0.286 0.279 0.106 0.128 0.114 0.190 0.207 0.197
Few-Shot Prompting 0.511 0.511 0.510 0.222 0.239 0.227 0.367 0.375 0.368
Unstructured CoT 0.572 0.578 0.574 0.339 0.344 0.338 0.456 0.461 0.456
Proposed Method 0.665 0.668 0.666 0.449 0.415 0.424 0.557 0.542 0.545

4.2.3. Ground-Truth Annotation

Ground-truth labels were created using the Sim-
ple Additive Weighting (SAW) method (Hwang and
Yoon, 2012), a standard Multi-Criteria Decision-
Making (MCDM) approach. Experts assigned non-
functional quality weights and computed service
scores; the top-scoring language service candidate
was selected as ground truth. This setup links tra-
ditional MCDM with LLM-based reasoning.

4.3. Baseline Methods

To evaluate the effectiveness of our proposed
framework, we compare it against three prompting
baselines commonly used in LLM-based decision-
making:

» Zero-Shot Prompting: The LLM agent re-
ceives only the user request and the Service
Quality Information Table without any exam-
ples or reasoning steps. This serves as a
naive baseline and represents the model’s per-
formance without guidance.

» Few-Shot Prompting: The LLM agent is pro-
vided with a small number of example request-
response pairs to guide inference, but no ex-
plicit reasoning process is enforced. This set-

ting tests the benefit of in-context learning
alone.

* Unstructured Chain-of-Thought (CoT): In
this setting, the prompt includes examples
with step-by-step reasoning, but the reason-
ing structure is unconstrained. The agent is
instructed to “think step-by-step,” but is not
bound to our four-step framework.

By comparing them, we can assess the impact
of structured reasoning and the use of Few-Shot
examples in improving selection accuracy.

4.4. Experimental Results

4.4.1. Effectiveness of the Proposed Method

We used Gemini 1.5 Pro as the default LLM back-
end for our primary evaluations (Tables 1 and 2)
due to its superior reasoning capabilities. To ensure
result stability, each score reported in this section
represents the average of 10 trials with different ran-
dom seeds. We evaluated the effectiveness of our
method by comparing it against baseline prompt-
ing strategies (Table 1). The task is treated as a
set-based prediction problem, with performance
measured using Precision, Recall, and F1-score.
Our method, which integrates a structured Chain-
of-Thought (CoT) framework with ten Few-Shot ex-
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Table 2: Effect of Few-Shot example count (K) on structured reasoning performance

Specific Requests Abstract Requests Overall
No. of Examples (K) Precision Recall F1 Precision Recall F1 Precision Recall F1
K=0 0.550 0.572 0.557 0.300 0.261 0.274 0.425 0.417 0.415
K=1 0.469 0.469 0.469 0.328 0.311 0.307 0.399 0.390 0.388
K=5 0.572 0.578 0.574 0.533 0.450 0.470 0.553 0.514 0.522
K=10 0.665 0.668 0.666 0.449 0.415 0.424 0.557 0.542 0.545
Table 3: Generalizability of structured prompting across different LLM backends
Specific Requests Abstract Requests Overall
Model Precision Recall F1 Precision Recall F1 Precision Recall F1
GPT-40 0.639 0.661 0.648 0.397 0.389 0.378 0.518 0.525 0.513
GPT-40-mini 0.356 0.344 0.349 0.411 0.232 0.286 0.383 0.288 0.317
Gemini 1.5 Pro 0.665 0.668 0.666 0.449 0.415 0.424 0.557 0.542 0.545
Gemini 1.5 Flash 0.394 0.400 0.396 0.375 0.256 0.294 0.385 0.328 0.345

amples, achieves the highest overall F1-score of
0.545, demonstrating its superiority over simpler
prompting techniques. A more detailed analysis re-
veals strong performance on both Specific and Ab-
stract requests, with F1-scores of 0.666 and 0.424,
respectively. The higher score on Specific requests
indicates that the structured reasoning process
works particularly well when user intent is clearly
expressed. Nevertheless, the method also outper-
forms all baselines on Abstract requests, showing
its ability to infer implicit constraints from ambigu-
ous input. The lower score in this case reflects the
inherent challenge of interpreting underspecified in-
structions, suggesting that additional mechanisms,
such as clarification prompts or iterative reasoning,
may be required for further improvement.

Baseline results further support our design
choices. Zero-shot prompting yields poor perfor-
mance (F1 = 0.197), confirming the importance of
in-context examples. Performance improves with
standard Few-Shot Prompting (F1 = 0.368), and
is further enhanced by adding unstructured CoT
reasoning (F1 = 0.456), indicating the benefits of
guided reasoning steps. Our method provides the
most substantial improvement. This supports our
hypothesis that enforcing a structured four-step rea-
soning process—functional requirement analysis,
non-functional quality evaluation, candidate selec-
tion, and final decision—enables robust and inter-
pretable decision-making. By constraining the rea-
soning trajectory, the method mitigates common is-
sues such as hallucination and inconsistency (Wei
et al., 2022). Furthermore, to confirm whether the
set of 60 user requests is sufficient for statistical
analysis, we conducted a paired t-test comparing
the F1-scores with and without the structured rea-
soning method. The results yielded p-values below
the 5% significance level (p < 0.05) for both spe-
cific and abstract requests, demonstrating a sta-
tistically significant difference in service selection
performance.

4.4.2. Robustness to the Number of Few-Shot
Examples

Next, we examine the robustness of our method
by analyzing how the number of Few-Shot exam-
ples (K) affects its performance. Providing a well-
chosen set of examples is important, but the optimal
number may vary. As in Section 4.4.1, each score
represents the average of 10 trials with different
random seeds.

Table 2 shows the performance of our method
with K setto 0, 1, 5, and 10. The results indicate
that performance generally improves as the num-
ber of examples increases, peaking at K = 10.
This aligns with findings from prior work, where a
greater number of examples facilitates more robust
generalization (Brown et al., 2020). Interestingly,
performance drops at K = 1 (F1 = 0.388), even
lower than the score at K = 0 (F1 = 0.415). This
suggests that a single unrepresentative example
may bias the model more negatively than providing
no example at all. This is consistent with previ-
ous studies on the instability of in-context learning
under limited examples (Brown et al., 2020).

Overall, this analysis confirms that a sufficient
number of examples is critical for the robustness
of our method. The strong performance at K = 10
supports our choice for the final configuration, as it
provides the agent with diverse patterns to learn a
stable selection policy.

4.4.3. Analysis of Performance Consistency

We assess performance consistency by analyzing
the variation across ten repeated runs for each
request type, using Gemini 1.5 Pro with the number
of Few-Shot examples set to K = 10. Figure 4
presents box plots of Precision, Recall, and F1-
score for Specific and Abstract requests.

The agent shows consistent behavior on Spe-
cific requests, with a median F1-score of 0.668
and tightly grouped results (top boxplot), indicat-
ing that the structured reasoning process is robust
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Box Plots for Precision, Recall, and F1-score by Request Type
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Figure 4: Box plots for evaluation results by user
request type

when user requests are clear and well-defined. In
contrast, Abstract requests yield more dispersed
results (bottom boxplot), revealing a substantial
variability in performance. This inconsistency sug-
gests that the agent’s behavior is more sensitive to
prompt execution when faced with vague or under-
specified instructions. A likely cause is that abstract
inputs lack clear linguistic cues for inferring implicit
constraints, making it harder for the model to align
its reasoning path. This points to a limitation of
the current Few-Shot prompting strategy under am-
biguous conditions.

Improving performance consistency for such in-
puts may require additional clarification mecha-
nisms, such as interactive refinement or explicit
constraint elicitation, or more diverse and context-
aware Few-Shot examples to better capture the
variability in user intent.

4.4.4. Generalizability Across Different LLMs

Finally, we evaluate the generalizability of our
framework across different LLMs. This experiment
tests whether our prompting strategy is robust to
changes in the underlying model architecture.

As shown in Table 3, where the number of Few-
Shot examples is set to K = 10, the overall perfor-
mance varies with model capability. The strongest
models (e.g., Gemini 1.5 Pro and GPT-40) achieve
the highest F1-scores of 0.545 and 0.513, respec-
tively. Smaller and faster variants (e.g., GPT-4o0-
mini, Gemini 1.5 Flash) show decreased perfor-
mance, reflecting the common trade-off between
capability and efficiency.

Our framework improves performance across all
models tested. While absolute performance dif-
fers, the structured reasoning consistently outper-
forms simpler prompting methods across architec-
tures. This indicates that our approach is generaliz-
able and model-agnostic, and that its effectiveness
scales with the reasoning power of the LLM.

5. Discussion

The evaluation in Section 4 demonstrates the effec-
tiveness of our structured reasoning framework but
also reveals several limitations. Not all language
service selections were correct, and some charac-
teristic error patterns appeared, especially for ab-
stract or underspecified user requests. Moreover,
the construction of the Service Quality Information
Table relies on LLM-based profiling and heuristic
rules, which may limit practical reliability.

5.1.

To conduct a detailed error analysis, we extracted
and manually reviewed the outputs from a single
representative run (60 requests) out of the 10 eval-
uation trials. This review identified three major
error types. The following percentages are com-
puted over the total number of test instances in this
selected run, not solely over incorrect predictions.
The first, Non-functional Quality Misinterpreta-
tion (12%), occurred when the agent linked con-
textual expressions to inappropriate quality dimen-
sions. For instance, the phrase “in detail” should
indicate Accuracy but was misclassified as Privacy,
a pattern frequent in abstract requests lacking clear
cues. The second, Reasoning Drift (15%), ap-
peared when the correct primary quality aspect
was initially recognized but later lost—e.g., shift-
ing focus from Accuracy to unrelated criteria such
as Responsiveness. This suggests that structured
prompts alone cannot fully stabilize multi-step rea-
soning without stronger anchoring from Few-Shot
exemplars. Finally, Incomplete Step Execution
(6%) occurred when early reasoning was not con-
sistently applied in the final decision, likely due
to long-context limitations known in LLM reason-
ing (Liu et al., 2024).

Overall, while structured reasoning reduces
procedural inconsistency, future designs should
strengthen the mapping from linguistic cues to non-
functional qualities and enforce coherence across
reasoning steps.

Limitations of Structured Reasoning

5.2. Limitations of Language Service
Quality Profiling

The Service Quality Information Table was gener-
ated through LLM-based analysis of public doc-
umentation, which may introduce structural bi-
ases—for example, favoring on-device services in
Responsiveness and Privacy Protection. Although
this approach improves reproducibility, true evalua-
tion of Responsiveness and Accuracy should rely
on empirical latency and benchmark metrics (e.g.,
BLEU, WER). Moreover, the weighting among qual-
ity criteria remains context dependent. Future work
will explore hybrid profiling that combines empirical
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measurements, expert annotation, and automated
document analysis to enhance transparency and
reliability of language service metadata.

Despite these limitations, our study confirms the
potential of structured reasoning as a foundation for
explainable LLM-based language service selection.
By explicitly modeling both functional and quality
dimensions from natural-language requests, our
framework provides a reproducible path toward in-
terpretable agentic systems in real-world language
technology environments.

6. Conclusion

This paper presented a user-centered framework
of LLM agents for language service selection,
addressing the challenge of interpreting natural-
language requests and making multi-criteria de-
cisions across heterogeneous language services.
The proposed method integrates a four-step struc-
tured reasoning process with Few-Shot examples,
aligning LLM outputs with both functional goals and
non-functional quality preferences. This design en-
ables interpretable and consistent decision-making
in end-to-end language service composition. Ex-
periments on a testbed of 60 diverse requests and
30 language services demonstrated that our ap-
proach outperforms baseline prompting methods,
achieving an overall F1-score of 0.545 and show-
ing robustness across Few-Shot configurations and
LLM architectures. These findings validate that
structured reasoning helps bridge natural-language
user intent and quality-aware language service con-
figuration.

While promising, the study revealed limitations
such as occasional reasoning drift and sensitiv-
ity to vague expressions. Moreover, the current
LLM-based QoS profiling method requires further
refinement before real-world deployment. Future
work includes enhancing reasoning stability under
ambiguity and integrating real-time QoS monitor-
ing. Additionally, we plan to expand our benchmark
dataset to ensure broader generalization to novel
services. Finally, we aim to extend our framework
to complex automated workflows by evaluating the
optimal execution order of multiple services in dy-
namic environments without a fixed gold standard.
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