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Abstract

This paper focuses on improving customer ser-
vice in call centers, where finding accurate an-
swers in the shortest possible time is crucial.
The proposed solution is the development of a
conversational Al system that acts as a “copi-
lot” for human operators. The main goal of
this copilot is to assist the operator in real time
by providing conversation summaries, relevant
domain information, and suggested responses
that help guide the interaction toward a suc-
cessful resolution. To achieve this, different
approaches to Retrieval Augmented Generation
(RAG) have been explored.

The proposed agentic-RAG architecture inte-
grates multiple autonomous agents for routing,
retrieval validation, and response generation,
achieving consistent improvements in real-time
performance, grounding, and overall user ex-
perience across diverse service scenarios. Em-
pirical results with the Action-Based Conver-
sations Dataset (ABCD) corpus show that the
use of agents proved to be effective in handling
unstructured conversational data. The proposed
approach showed an improvement in the qual-
ity, relevance, and accuracy of the generated
responses with respect to a naive RAG baseline.
It is important to emphasize that this system is
not intended to replace the operator, but rather
to act as a support tool to enhance efficiency
and customer satisfaction.

1 Introduction

Customer-service call centers constitute a primary
interface between companies and their users; op-
erational efficiency in this setting directly affects
perceived service quality and customer satisfaction
(Pacella et al., 2024). Previous evidence highlights
that first-call resolution is the most decisive driver
of satisfaction: even longer wait times may be tol-
erated if the interaction with the agent is effective
and empathetic (Chicu et al., 2019). At the same
time, human operators are required to combine

domain knowledge with socio-emotional skills in
dynamic dialogs, a combination that can increase
stress and degrade both well-being and service out-
comes (Pacella et al., 2024).

Real-time Al integrations in call centers have
reported measurable improvements, including re-
ductions in average handle time and a higher proba-
bility of first-call resolution, suggesting benefits for
productivity, customer outcomes, and the operator
experience (Gudipati, 2025). Nevertheless, users
often prefer human-supported service over fully au-
tomated bots and frequently report frustration with
chatbot-only experiences (Zhang et al., 2024).

This work proposes a conversational copilot that
assists the operator during the interaction. The sys-
tem follows the conversation in real time, summa-
rizes relevant information, retrieves domain knowl-
edge, and suggests responses that help guide the
dialog toward resolution. A central design choice
is to keep the human—human interaction while us-
ing Al to increase effectiveness, aligning with evi-
dence that discourages full automation in this con-
text (Wirtz et al., 2018).

Technically, we build on RAG to reduce halluci-
nations (Lewis et al., 2021). We explore and com-
pare RAG configurations, including graph-based
and agentic variants, aimed at handling unstruc-
tured conversational data and multi-topic queries
(Briihl, 2024; Wulf and Meierhofer, 2024). The
resulting pipeline combines careful corpus prepa-
ration (anonymization and formatting) with spe-
cialized retrievers and agents that iteratively assess,
refine, and route context before producing final
suggestions for the operator.

For development and evaluation, we use ABCD,
an open corpus with more than 10,000 hu-
man-human dialogs organized into 10 topics and
55 subtopics (Chen et al., 2021). We design an eval-
uation that contrasts the proposed system against a
naive RAG baseline, using both manual annotation
and an LLM-based evaluator. The results indicate
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consistent improvements in the quality, relevance,
and accuracy of suggestions, with particularly pro-
nounced gains under ambiguous and multi-topic
scenarios.

The paper makes four main contributions: (i)
a real-time conversational copilot for call centers
that increases agent productivity rather than replac-
ing human agents; (ii) an agentic-RAG pipeline
tailored to unstructured dialog data; (iii) a data
preparation process (anonymization and structur-
ing) that improves retrieval and generation; and
(iv) a comparative evaluation demonstrating bene-
fits over a naive RAG baseline on practical utility
metrics.

The rest of the paper is organized as follows:
Section 2 reviews related work and the technical
background on RAG in call-center contexts. Sec-
tion 3 details datasets, architecture, and prompts.
Section 4 presents results and discussion. Finally,
Section 5 concludes and outlines future work.

2 Related Work

Prior research in customer-service settings could
be split into two avenues: (i) replacing the human
operator with autonomous systems and (ii) optimiz-
ing the operator’s work to improve productivity and
response quality. Representative efforts on the re-
placement side include institutional help desks that
combine fine-tuned LL.Ms with RAG to improve
precision and availability (Ordénez-Camacho et al.,
2024), as well as field experiments where voice-
based Al substitutes interactive voice response
(IVR) for simple issues (Wang et al., 2023). In con-
trast, work focused on optimizing the operator’s
work targets assistive functions such as real-time
call summarization and guidance (Sachdeva et al.,
2023).

In customer-service copilots, responses must be
grounded in task knowledge and the conversation
history, that is the reason why RAG is used in
many systems to ground responses in trusted evi-
dence. The naive RAG pipeline comprises index-
ing (chunking and embedding documents into a
vector store), retrieval (semantic search and, in-
creasingly, hybrid search that combines lexical and
vector queries), and generation (conditioning the
LLM on the retrieved context) (Gao et al., 2024).
“Advanced” and “modular” RAG variants add inter-
mediate stages (e.g., re-ranking and query transfor-
mation) to mitigate recall/precision gaps observed
in the naive setup (Bianchini, 2025).

This paper explores two types of RAG: Graph
RAG and Agentic RAG. Graph RAG captures
entity and relation structure to improve disam-
biguation and context selection in multi-topic di-
alogs; practical implementations extract a knowl-
edge graph with an LLM, map query entities to
graph nodes, expand neighborhoods, and feed the
adapted subgraph to the generator. Despite its
benefits, graph-based pipelines entail nontrivial
costs (graph construction/maintenance, traversal,
and coherence between structured facts and gen-
erated text), which can limit scalability in noisy
domains (Briihl, 2024; Bianchini, 2025). Agentic
RAG uses autonomous agents to plan, decide when
and how to retrieve, invoke tools, and iteratively
self-evaluate and refine outputs, making it possible
to exploit short-/long-term memory for multi-step
reasoning and reduce error propagation (Wulf and
Meierhofer, 2024; Singh et al., 2025)

Within this landscape, our approach aligns with
the optimization trajectory and builds on RAG
variants suited to unstructured and multi-topic
customer-service dialogs. Thus, we emphasize
techniques that (i) preserve human control, (ii) im-
prove retrieval fidelity under domain constraints,
and (iii) support iterative refinement toward action-
able, operator-facing suggestions.

3 Proposal

The methodology proposed to generate the copilot
system to assist operators includes the following
steps:

1. Corpus selection: Choosing a dataset of cus-
tomer service conversations is critical to en-
sure system effectiveness. Human-to-human
conversations are preferred, as they reflect the
unpredictability of real scenarios.

2. Data preparation: Structuring the corpus is
essential for a retrieval-augmented generation
(RAG) system to efficiently utilize the infor-
mation.

3. RAG system development: The LLLM acts as
a copilot, generating contextually relevant re-
sponses based on similar conversations from
the corpus. The generation process is ex-
plained in the following sections.

4. Evaluation: Finally, assessment measures
whether the proposed system enhances exist-
ing approaches.
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3.1 Data and corpus preparation

Two customer-service human—human dialog
datasets were analyzed for development. First,
the LUNA Corpus (Italian, 60 dialogs annotated
with Penn Discourse Treebank (PDTB)), which
required transforming its JSON files (tokens and
turn groups) into LL.M-readable text. Although
the script reconstructed turns and reduced tokens,
the format introduced ambiguities among develop-
ers who were also not fluent in Italian, so it was
discarded as the main basis.

The system was ultimately built on the ABCD
corpus (over 10,000 acted dialogs, 10 topics
and 55 subtopics). Starting from the origi-
nal JSON, conversations were exported to a
topic-based folder hierarchy (account_access,
manage_account, ..., troubleshoot_site), cre-
ating ten vector databases, one per topic. Before in-
dexing, key preprocessing was applied: removal of
emoticons and systematic anonymization to prevent
leakage of sensitive data and LLLM confusions (e.g.,
“recovering” a user from another conversation).
Twelve distinct types of sensitive entities were con-
sidered, each requiring anonymization through spe-
cific utilities. The anonymization pipeline used (i)
regex for cards, passwords, ZIP/PIN codes, emails,
phones, order/account IDs (with a strict applica-
tion order to resolve overlaps), (ii) Named Entity
Recognition (NER) (bert-large-NER) for names and
addresses with a confidence threshold, and (iii) tar-
geted manual replacements (e.g., security-question
answers or certain usernames). This pipeline en-
abled indexing of anonymized and structured text
by topic, improving retrieval and reducing the risk
of inappropriate responses.

3.2 Selection of the RAG approach

Two strategies were evaluated. Graph RAG was
tested first, using Neo4j and Memgraph as property-
graph engines. For LUNA, entities and rela-
tions were defined (e.g., Device, Problem, Trou-
bleshooting Action, Verification/Diagnosis, Solu-
tion), but with unstructured dialogs the graph
proved inconsistent (orphan nodes, collisions
among anonymized entities, low repeatability, and
high construction/traversal cost). In the ABCD
corpus, despite conducting multiple experiments,
various problems were encountered in the gener-
ation of knowledge graphs when the information
was presented in the form of conversation, which
is a very unstructured form of knowledge with rel-

evant information dispersed across turns, thus not
guaranteeing good graph generation.

Consequently, Agentic RAG was adopted for its
flexibility with unstructured data: agents that plan,
retrieve dynamically, assess relevance, and refine
queries and outputs iteratively. This architecture
was implemented with LangChain and LangGraph
and tailored to the ABCD domain with 11 agents
(10 topics + of f_topic).

3.3 System architecture

As a proof-of-concept, we developed a real-time
copilot integrated into a client—operator chat web
application in the ABCD domain.

An overview of the main components and their
interactions is illustrated in Figure 1, which out-
lines the overall system architecture, including the
backend, frontend, and supporting services.

3.3.1 Backend

Responsibilities were separated into two servers:
Flask-SocketlO for real-time messaging (Web-
Socket) and a Worker for the Agentic RAG pipeline.
The communication between them is asynchronous
via Redis (pub/sub pattern in Docker), preventing
blocking and enabling scalability, making the sys-
tem fault tolerant. Each server operates indepen-
dently, maintaining a loosely coupled architecture.

332 LLM

Gemini 1.5 Flash was used in the initial experi-
ments for its latency and availability; when the
provider announced its deprecation, the system
migrated to Gemini 2.5 Flash while keeping the
architecture and prompts unchanged.

Following this transition, the overall responsive-
ness and quality of the system’s outputs improved,
with faster inference times and more coherent re-
sponses observed across tasks.

3.3.3 Agentic RAG pipeline

The proposed pipeline comprises the following
components:

1. Topic router (11 domains: the 10 from
ABCD + of f_topic) classifies the latest turn
and selects the appropriate topic’s retriever
and vector DB.

2. Retrieval of k fragments from the selected
topic (with separate per-topic stores to avoid
cross-topic mixing).
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Figure 1: System architecture diagram

3. Relevance evaluator checks whether the re-
trieved documents are useful for the current
intent. If the evaluation is affirmative, contin-
ues to step 5. If negative, triggers step 4.

4. Query rewriting (clarifying entities/objective
utilizing an LLM) and re-routing; then repeats
retrieval and validation.

5. Suggestion generator produces several candi-
date replies for the operator, strictly related to
the retrieved context. If the case is of f_topic,
the system skips RAG and guides the operator
to query for useful information.

The overall flow of the agentic RAG process is
illustrated in Figure 2, which visualizes the interac-
tions among the components described above.

3.3.4 Frontend

The customer sees a simple chat. The operator has:
(i) the same chat, (ii) a panel with a summary, key
entities (e.g., item/problem in ABCD scenarios)
and detected business rules, and (iii) actionable
suggestions that can be edited before sending.

Figure 3 illustrates the operator’s user interface
of the application. The left panel displays the ongo-
ing conversation with the customer, while the right
panel is divided into two sections.

The lower section displays a list of suggested
responses generated for the current customer’s
message, which the operator can modify if nec-
essary. This component presents the results of the

the Agentic RAG system, operating independently
from the real-time WebSocket chat.

The upper section provides supplementary in-
formation to assist the operator in managing the
interaction, including related items, the identified
issue topic, and a concise summary of the entire
conversation. This system incorporates conversa-
tion memory, progressively refining and complet-
ing the displayed fields as the interaction develops
and more information becomes available.

3.4 Prompt design

The copilot’s performance largely depends on
sound prompt engineering. For the suggestion gen-
erator, the final prompt was obtained by iteratively
refining an initial draft, and including sections that
enforce the desired behavior: (i) role (contextual-
izes how it should act), (ii) task (what to produce
and from which context), (iii) hard constraints (pre-
vent hallucinations and require grounding in the
retrieved documents), (iv) output format (ready-to-
send lines), (v) internal process (number of can-
didates, checklist, and diverse selection), and (vi)
final output.

Below are the specific aspects considered for the
prompts defined for each agent and the rationale
behind their design:

* Suggestion generator (operator). Assigns a
“call-center assistant” role and restricts the out-
put to ready-to-send phrases, strictly grounded
in the retrieved documents. The internal pro-
cess specifies: drafting 5—10 candidates; run-

351



CLIENT SENDS
MESSAGE
(START)

Which is the most relevant
topic of the user message?

account access account access order issue product defect purchase dispute shipping issue

single item query

storewide query  subscriplion inquiry  troubleshoot site there is no relevant fopic in the message
¥

¥ ¥ ¥ ¥

use use use use use use use use use use
ACCOUNT MANAGE ‘ORDER PRODUCT PURCHASE SHIPPING SINGLE ITEM STOREWIDE SUBSCRIPTION | [TROUBLESHOO OFF TOPIC
ACCESS ACCOUNT ISSUE DEFECT DISPUTE ISSUE QUERY QUERY INQUIRY SITE

refriever retrigver retriever retrigver retrigver refriever retriever retriever retriever retriever
Retrieve docs
relevant fo the user
input

Assess relevancy of
selected docs

Rewrite user

message

No

fire most doc:
relevant?

Yes

Generate multiple
possible answers

Generale responses
to make user say
something relevant to|
problem

[

Figure 2: Flowchart of the Agentic RAG structure

Hello how may | assist you today? i
B Conversation summary:
Hello, | want to know the status of my
refund
The client asks about the status of
B Summary: e efund.
® Suggested responses:
Sure, | can help you with that. Can | get your full name,
please?
To check the status of your refund, Ill need your full name
‘or account ID.
1l need your usemame, the email tied to the account, and
the order ID tied to the refund.

Figure 3: Operator user interface

ning a checklist (grounding to context, use-
fulness, clarity, and non-duplication); and re-
turning 3-8 suggestions that cover different
angles (clarifying question, step-by-step guid-
ance, confirmation, next action). If the inci-
dent is resolved, the output must be exactly
Issue resolved. Additionally, it employs
few-shot prompting to ensure that the gen-
erated responses are fully aligned with the
desired output.

* Topic router. Provides clear definitions of
the 10 ABCD domains with operational de-
scriptions to classify the query (off_topic
when it does not fit). It decides which vec-
torial database will be retrieved based on the

user input.

* Relevance evaluator. Reuses those descrip-
tions and applies binary rules (yes/no) to
decide whether the retrieved snippets help
with the current intent. If the answer is
no, it triggers query rewriting to clarify en-
tities/objective and repeat retrieval and valida-
tion.

» off_topic assistant. When the query does
not fit the ten topics, it guides the user with
brief questions to steer toward a useful do-
main, maintaining the same output format and
without adding text outside the available con-
text.

This agent-based design separated responsibil-
ities (routing, context validation, generation) and
improved consistency: the router prevents cross-
topic mixing; the evaluator filters unhelpful re-
trievals; and the generator emits actionable sug-
gestions consistent with the retrieved material and
the conversation state.

3.5 Practical considerations

A backend server was used for real-time message
management utilizing WebSocket, and another for
the RAG logic, which eliminated possible work-
load bottlenecks and improved latency, stability,
and scalability. The use of Redis with Docker
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simplified development and communication be-
tween both servers. The ten per-topic vector stores
combined with the router ensured contextual con-
sistency (e.g., avoiding retrieval from “order is-
sue” when the intent was ‘“account access”). Prior
anonymization was critical to prevent inappropriate
responses (e.g., “remembering” a user from another
conversation) and to protect privacy.

4 Results

This section presents the results obtained from ap-
plying the developed agentic RAG copilot, utiliz-
ing the anonymized conversational data, and dis-
cusses the quality and relevance of the generated
responses. The methodology involved comparing
the proposed Agentic RAG system against a base-
line normal RAG architecture.

4.1 Evaluation Design

The evaluation employed a test battery consisting
of 58 messages derived from the ABCD corpus.
This battery included one conversation per sub-
theme (55 total) and three additional queries cat-
egorized as "off-topic". A specific challenge ad-
dressed during testing involved ambiguous queries
designed to confuse the retriever, such as a user
asking about a forgotten password while simultane-
ously mentioning an order status, which could mis-
leadingly direct the retrieval toward "order issue"
instead of the correct "account access" domain.

4.2 RAG System Results

The implementation of the RAG system developed,
as described in detail in the design phase, was rig-
orously compared against a simpler naive RAG
baseline (referred to as "normal RAG"). Both
systems were standardized using the same final
prompt, embedding models (multilingual-e5-base),
chunking strategy, top-k (k=5), and the Gemini-2.5-
flash LLM. The evaluation utilized a test battery
comprising 58 total queries, covering 55 distinct
sub-topics and three off-topic scenarios, resulting
in the analysis of 521 generated responses.

The quality of the generated responses was cate-
gorized manually into three classes: inappropriate,
too general, or appropriate and useful. Responses
were deemed appropriate if they successfully so-
licited the necessary data from the customer to re-
solve the issue or provided a coherent, complete an-
swer (e.g., specific product details); and too general
if it moves the dialog forward but entails a longer,

less direct interaction. Conversely, responses were
labeled as inappropriate if they were repetitive or
failed to contribute meaningfully to the customer’s
problem resolution.

The manual assessment demonstrated that the
proposed RAG system achieved a higher average
percentage of appropriate responses and a cor-
responding reduction in inappropriate responses
across the majority of conversational themes com-
pared to the normal RAG. This superior perfor-
mance confirms the value of incorporating steps
to select the appropriate domain topic and evalu-
ate the relevance of the retrieved documents before
generation.

Category Inappropriate Too General Appropriate
account_access 0.35 0.12 0.53
manage_account 0.41 0.05 0.54
order_issue 0.50 0.09 0.41
product_defect 0.38 0.07 0.55
purchase_dispute 0.28 0.10 0.62
shipping_issue 0.47 0.00 0.53
single_item_query 0.29 0.07 0.64
storewide_query 0.19 0.25 0.56
subscription_inquiry 0.41 0.11 0.48
troubleshoot_site 0.24 0.00 0.76
off_topic 0.82 0.00 0.18

Table 1: Manual evaluation of responses in each topic
for a standard RAG system.

Category Inappropriate Too General Appropriate
account_access 0.22 0.11 0.67
manage_account 0.28 0.03 0.69
order_issue 0.25 0.17 0.58
product_defect 0.31 0.10 0.59
purchase_dispute 0.26 0.11 0.63
shipping_issue 0.30 0.00 0.70
single_item_query 0.21 0.14 0.64
storewide_query 0.21 0.47 0.32
subscription_inquiry 0.48 0.04 0.48
troubleshoot_site 0.06 0.00 0.94
off_topic 0.00 0.00 1.00

Table 2: Manual evaluation of responses in each topic
for the proposed system.

In addition to qualitative evaluation, a secondary
assessment was conducted using a separate LLM
designated as an evaluator, which applied the same
quality criteria. This LLLM-based evaluation gen-
erally aligned with the human assessment. While
the normal RAG exhibited highly variable perfor-
mance, showing occasional high scores in specific
domains (e.g., "troubleshoot site"), the proposed
system achieved significantly greater consistency
and stability, maintaining useful response rates typ-
ically above 60% across categories.

Customer service centers are under pressure to
achieve efficient resolution of customer inquiries,
ideally during the first interaction. To address this
challenge, we propose an approach to develop copi-
lots based on agentic RAG based to support human
operators, fostering performance and productivity,
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Category Inappropriate Too General Appropriate

account_access 0.00 0.29 0.71
manage_account 0.28 0.33 0.38
order_issue 0.03 0.50 0.47
product_defect 0.41 0.21 0.38
purchase_dispute 0.13 0.18 0.69
shipping_issue 0.16 0.32 0.53
single_item_query 0.00 0.14 0.86
storewide_query 0.06 0.25 0.69
subscription_inquiry 0.26 0.30 0.44
troubleshoot_site 0.00 0.18 0.82
off_topic 0.36 0.27 0.36

Table 3: Evaluation with an LLM evaluator of responses
in each topic for a standard RAG system.

Category Inappropriate Too General Appropriate
account_access 0.11 0.39 0.50
manage_account 0.28 0.21 0.52
order_issue 0.11 0.28 0.61
product_defect 0.03 0.31 0.66
purchase_dispute 0.03 0.29 0.68
shipping_issue 0.15 0.40 0.45
single_item_query 0.07 0.29 0.64
storewide_query 0.00 0.42 0.58
subscription_inquiry 0.26 0.37 0.37
troubleshoot_site 0.11 0.11 0.78
off_topic 0.00 0.15 0.85

Table 4: Evaluation with an LLM evaluator of responses
in each topic for the proposed system.

rather than replacing them.

Globally, the proposed system demonstrated bet-
ter overall results. For instance, a critical advantage
of the proposed architecture, which uses an agent
router to classify the query topic, is the assurance
of retrieval consistency. When the proposed system
retrieved documents, they belonged exclusively to
the classified topic, whereas the normal RAG often
retrieved irrelevant documents, such as mixing "or-
der issue" documents with "account access" queries
concerning password retrieval. Furthermore, in the
"off topic" category, the proposed system achieved
a 100% appropriate rate by correctly determining
that RAG was unnecessary, instead focusing on ef-
fective user redirection, resulting in a much higher
quality outcome than the baseline. In summary, the
evaluation validates that the Agentic RAG architec-
ture provides enhanced consistency, stability, and
higher overall quality compared to a naive RAG
approach.

5 Conclusions and Future Work

Throughout the development process, a complete
workflow was designed for collecting, preprocess-
ing, and exploiting call center dialog data. The
preprocessing phase proved crucial, as it ensured
that LLMs could correctly interpret conversational
context. The applied anonymization and formatting
strategies significantly improved the relevance and
coherence of the model‘s responses.

Two RAG approaches were explored to identify

the most suitable framework for this domain. Al-
though Graph RAG initially appeared promising,
its performance was limited by the unstructured
and dynamic nature of conversational data. In con-
trast, Agentic RAG delivered superior adaptability
and quality, effectively handling the contextual and
semantic complexity of dialog-based inputs.

Finally, a functional web application was devel-
oped to demonstrate the proposed system. This
prototype enables real-time interactions between
two simulated users, a customer and an operator,
where the operator benefits from an integrated copi-
lot assistant. The system identifies and summarizes
key information, applies business rules, and gener-
ates multiple response options to assist the human
agent in decision-making.

The system was used to demonstrate the feasi-
bility of our proposal and to evaluate it in compari-
son with a naive RAG approach, showing positive
results in terms of response appropriateness in a
practical use case with the ABCD corpus, which
contains conversations across 11 topics under the
umbrella of customer service.

Future research will focus on optimizing the
Agentic RAG workflow through improved agent
coordination, advanced prompt engineering, and
slot-filling mechanisms to strengthen contextual
consistency. Further evaluation with a larger num-
ber of human operators will enable a more com-
prehensive assessment of the system’s scalability
and adaptability. Moreover, we plan to incorporate
additional call center data obtained from real-world
settings within the CRYSTAL research project.
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A Appendix

The final prompt used is:

You are a friendly assistant that acts as an
assistant in a call center, helping the
operator by providing relevant information
from past conversations that may be useful
in the current conversation.

TASK

- Provide several different phrases the
operator could say to help the customer resolve
their issue, grounded strictly in the context
of previous conversations (documents provided).

HARD CONSTRAINTS

- You cannot invent responses not related to
the documents.

- Do not add any explanation, notes, or extra
text beyond the responses.

- The responses must be written exactly as the
operator could say them.

- Before each response, add the symbol ">".

OUTPUT FORMAT
- Only output lines in the form:
> Response 1...
> Response 2...
> Response 3...
- If the issue has been resolved, output exactly:
> Issue resolved

INTERNAL PROCESS
(SILENT — DO NOT OUTPUT ANY OF THIS)
- Deliberate privately about user intent and which
snippets from past conversations are relevant.
- Draft 5 to 10 candidate operator phrases tailored
to the current context.
- Run this checklist and remove any candidate that
fails:
[ ] Grounded in the provided documents
(no external facts).
[ ] Actionable/helpful next step for the customer.
[ 1 Clear, concise, and friendly tone suitable for
an operator.
[ J Non-duplicative phrasing across suggestions.
- Perform a private verification pass:
+ Confirm each remaining phrase aligns with the
customer's stated problem or with elicitation
of missing info when out-of-domain.
+ If fewer than 3 valid suggestions remain,
generate more candidates and re-check.
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- Select the best diverse set (3 to 8) that covers
different helpful angles (clarifying question,
step-by-step instruction, confirmation,

next-step offer).

FINAL OUTPUT

- Print only the selected suggestions, each on
its own line starting with ">" as specified
above.

- Do not reveal your internal reasoning or this
checklist.
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