Building Multi-Turn RAG for Customer Support with LLM
Labeling

Zhiyu Chen
zhiyuche@amazon.com
Amazon.com, Inc.
Seattle, WA, USA

Qun Liu
qunliu@amazon.com
Amazon.com, Inc.
Seattle, WA, USA

Abstract

Customer service in e-commerce often relies on human agents to
handle inquiries related to orders, returns, and product information.
While this approach is effective, it can be expensive and difficult
to scale during periods of high demand. Recent advances in intel-
ligent chatbots, particularly those based on Retrieval Augmented
Generation (RAG) models, have significantly improved customer
service efficiency by combining large language models with exter-
nal knowledge sources. In the context of e-commerce, these systems
can access up-to-date information from order databases, product
catalogs, and support documents to manage complex, multi-turn in-
teractions with customers. However, developing a multi-turn RAG
chatbot for real-world customer service introduces additional chal-
lenges such as adaptive retrieval and query reformulation across
dialogue turns. These components typically require large volumes
of annotated data, which are often unavailable. To address this limi-
tation, we propose methods that leverage large language models to
automatically generate labels from real customer-agent dialogues.
Specifically, we introduce two LLM-assisted labeling strategies for
adaptive retrieval: an intent-guided strategy and an explanation-
based strategy. For query reformulation, we explore two approaches:
natural language reformulation and keyword-based reformulation.
Our experiments show that the explanation-based strategy achieves
the best results for adaptive retrieval, while keyword-based reformu-
lation improves the quality of retrieved documents. These findings
provide practical insights for developing scalable and intelligent
customer support solutions in the e-commerce industry.
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1 Introduction

Traditional customer service operations in e-commerce often rely
on human agents to handle customer inquiries, leading to high
operational costs and slower response times. In recent years, in-
telligent customer service chatbots [3, 6, 6, 15] have reshaped
customer support by automating responses and improving effi-
ciency. Among these advancements, Retrieval-Augmented Genera-
tion (RAG) [17] has emerged as a powerful technique for enhancing
question-answering (QA) ability of customer service chatbots. By
integrating large language models (LLMs) with external knowl-
edge retrieval, RAG-based chatbots generate more accurate and
contextually relevant responses [7, 9].

Compared to single-turn RAG-based QA systems, building multi-
turn RAG-based chatbots [8, 16] for real-world customer service
requires two additional components. The adaptive retrieval com-
ponent determines when retrieval is necessary, reducing both la-
tency and context length by fetching documents only when needed.
The query reformulation component processes conversation his-
tory to generate precise queries for the retrieval module, ensuring
contextually relevant responses.

Building adaptive retrieval and query reformulation components
typically requires a substantial amount of annotated data. To over-
come this challenge, we develop methods that leverage large lan-
guage models to automatically generate labels for both compo-
nents using customer-agent service dialogues collected in com-
pliance with data handling policies. We demonstrate that models
trained on real human-to-human conversations, combined with
LLM-generated labels, can effectively support the development of
a fully functional multi-turn RAG chatbot for customer service.

To generate labels for adaptive retrieval, we propose two labeling
strategies using LLMs. The first, an intent-guided labeling strat-
egy, leverages pre-defined intents to direct the labeling process.
The second, an explanation-based strategy, directly prompts the
LLM to label whether retrieval is needed and generate reasonable
explanations for the decision. We also propose two strategies for
natural language query reformulation and keyword formulation.
The former rewrites the customer utterance into a self-contained,
decontextualized, and well-structured question, while the latter
generates a keyword-based query. Through experiments, we find
that the explanation-guided strategy generates the highest qual-
ity labels for adaptive retrieval. Additionally, we observe that the
keyword-based strategy retrieves higher quality documents.
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We summarize the contributions of our paper as follows:

e We propose two LLM-based labeling strategies for adaptive
retrieval and two for query reformulation to support the
development of multi-turn RAG systems.

e Our experiments demonstrate that the explanation-guided
labeling strategy is the most effective for generating adaptive
retrieval labels.

e We also show that the keyword-based reformulation labeling
strategy is more effective for training query reformulations
that retrieve higher-quality documents, even though the
reformulations may not be as fluent as natural language
query reformulations.

o Our labeling strategies and experimental results provide valu-
able insights and guidance for practitioners in the industry
working to build multi-turn RAG systems.

2 Related Work
2.1 Retrieval-Augmented Generation (RAG)

Integrated with retrieval mechanisms [9], RAG improves factual
grounding and reduce hallucination in question answering sys-
tems [17]. A key challenge for RAG in real-time applications is
balancing retrieval quality with computational efficiency. Studies
such as Mallen et al. [12] revealed that indiscriminate retrieval
increases latency and can degrade performance when irrelevant
passages overwhelm the generator. To address this, recent work
focuses on adaptive retrieval strategies. For example, Yao et al.
[21] proposed confidence-based retrieval, where the LM triggers
retrieval only when its internal uncertainty exceeds a threshold.
In conversational settings, Roy et al. [16] designed self-multi-RAG,
where an LLM determines when retrieval is needed given the dia-
logue context, then rewrites the conversation into a query if needed
and filters the retrieved passages before answering. Su et al. [18]
proposes Dynamic RAG named DRAGIN, which actively decides
when to trigger retrieval and what to retrieve during generation.
Unlike static one-shot retrieval, DRAGIN monitors the LLM’s inter-
nal information needs across the generation process to decide the
optimal moment to retrieve and to craft an appropriate query.

2.2 Query Reformulation

Query reformulation plays a crucial role in Conversational Question
Answering (CQA) and Conversational Search (CS) by refining user
queries to improve retrieval effectiveness and response relevance. In
CQA and CS, users often ask follow-up questions that omit context
from previous turns, necessitating reformulation into explicit, self-
contained queries. Traditional methods rely on rule-based heuristics
or query expansion [2], while neural approaches [1, 13, 14, 19] use
sequence-to-sequence models to incorporate contextual informa-
tion. Reinforcement learning-based methods [4, 5, 20] further opti-
mize reformulation by maximizing downstream QA performance.

RAG-based frameworks have recently emerged as powerful QA
solutions. Since RAG pipelines rely on retrieved documents to gen-
erate responses, refining input queries is crucial for retrieving high-
quality evidence [10, 11]. While existing research focuses primarily
on single-turn RAG, multi-turn RAG remains underexplored due to
the lack of benchmarks. Scaling multi-turn RAG for industry appli-
cations presents additional challenges, including adaptive retrieval
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prediction and conversational query reformulation, as discussed
in §3. Instead of proposing new models, this paper introduces a
method for leveraging existing dialogues between human agents
and customers to generate labels for adaptive retrieval and query
reformulation.

3 Preliminary

Only triggered when

RAG is necessary
Reformulation
Model

Conversation History Adaptive
Retrieval

Latest Query
Reformulation

Search Engine

Figure 1: An overview of the adaptive retrieval and refor-
mulation component integrated into RAG for multi-turn
conversations.

Final Answer

Answer
Generation

In this section, we describe how adaptive retrieval and query
reformulation are integrated into a RAG system to support multi-
turn conversations. The overall framework is illustrated in Figure 1.

First, given the conversational history C and a customer’s current
utterance g as input, the adaptive retrieval model M first decides
on whether to initiate an information retrieval process:

ps = Ms(C.q) 1)

where ps = 1 indicates retrieval is necessary otherwise ps = 0. Here
the input can be the concatenation of C and q.

If retrieval is not necessary, then the answer generation model
directly generates the answer given C and q. If a retrieval is needed
(the blue workflows in Figure 1), the reformulation model M, will
then rewrite the query:

q =M (C.q @)

The reformulated query ¢’ improves retrieval by resolving conver-
sational dependencies and clarifying ambiguity with added context.

Considering the latency requirement, we use a foundation model
such as Claude 3.5 Sonnet! only for the answer generation module
in production, while keeping the other components as smaller mod-
els to minimize overall latency. Training M and M, requires a
large amount of data, which can be labor-intensive. However, as an
e-commerce company, we have access to millions of real customer
service transcripts containing dialogues between human agents
and customers. In this work, we focus on a single key challenge:
how to effectively leverage this valuable data, with the help of
large language models, t, to train critical components (i.e., Ms and
M) for a multi-turn RAG chatbot capable of answering customer
questions at scale.

!https://www.anthropic.com/news/claude-3-5-sonnet
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4 Method

In real conversations, either the agent or the customer may consec-
utively input several utterances. However, the dialogue between
a customer and a RAG-based chatbot is typically conducted in an
alternating manner. To construct data that aligns with the chatbot
format, we merge consecutive utterances from the same role into a
single unit, resulting in a dialogue d = [q1, a1, ..., qn, an] Where g;
represents the user’s query and a; represents the agent’s response.
For a query g;, we define its context or conversation history as
Ci = [q1,a1, ... gi-1, ai—1]. In the following, we propose different
label generation strategies for adaptive retrieval and query refor-
mulation using LLMs with d € D.

4.1 Labeling Strategy for Adaptive Retrieval

We consider two prompt strategies for adaptive retrieval labeling.

Intent-guided Labeling We instruct the LLM to classify the
customer’s intent before determining whether retrieval is necessary.
The intent labeling is not directly used for model training. We
defined 12 intents for customer queries which can be found in the
prompt in Table 6. The underlying assumption is that the need
for retrieval is strongly dependent on the query intent, and we
hypothesize that prompting the LLM to reason through the query
intent will enable it to more accurately assess whether retrieval is
required.

Explanation-guided Labeling Instead of using pre-defined
intents to guide the LLM annotation, we prompt the LLM to freely
explain why it makes the decision that a retrieval is needed or not,
and then generate the final label of p;.

For a dialogue d € D with n customer utterances, rather than
asking the LLM to annotate each query individually, we provide
the entire dialogue to the LLM and ask it to output labels for all
customer utterances. Interestingly, we find that this approach leads
to a higher annotation accuracy compared to turn-level annotation,
where each request includes only the context and the query rather
than the full dialogue. We compare different annotation strategies
in Section 6.1. The prompt templates for the two proposed strategies
are shown in Table 6 and Table 7, respectively.

4.2 Labeling Strategy for Query Reformulation

To generate reformulation labels, we prompt an LLM with context
and a customer query. We explore two annotation strategies.

NLQ Reformulation The first approach focuses on Natural
Language Query (NLQ) reformulation, where the LLM generates a
fully unambiguous query in natural language. This involves resolv-
ing any ambiguities in the original utterance, ensuring grammatical
correctness, and addressing challenges such as co-reference resolu-
tion and omissions. During reformulation, we also prompt the LLM
to explain the actions or edits it performed to generate the revised
query.

Keywords Reformulation The second approach focuses on
generating relevant keywords given the conversational context and
user query. Compared to NLQ reformulation, keywords reformula-
tion is not required to produce a fully structured natural language
question. Instead, it extracts and prioritizes key terms that capture
the essential intent of the user’s query. We also prompt the LLM to
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explain the importance of the generated keywords for downstream
retrieval.

While NLQ reformulations are commonly used in CQA [1, 5, 19],
we find that they are not always necessary. Instead, keyword re-
formulation is sufficient to retrieve high-quality documents within
the RAG framework. We present our findings in Section 6.3. The
prompt templates for the two proposed strategies are shown in
Table 8 and Table 9, respectively.

5 Experimental Setup
5.1 Datasets

We collected 10,000 real dialogues between agents and customers
from the customer service of a well-known e-commerce website.

We use Claude-Sonnet-3 to generate labels for the training data
using the methods proposed in Section 4. To protect customer pri-
vacy, all transcripts are scrubbed to exclude any personally identifi-
able information. Additionally, we mask the transcripts to remove
any details pertaining to the company. We split the dataset into
80% for training and the remaining 20% for testing.

Table 1: Accuracy of LLM’s annotation for adaptive retrieval.

Input Type Labeling Strategy Accuracy
full dialogue Intent-guided 89%
full dialogue Explanation-guided ~ 92%
context + query  Intent-guided 85%

context + query  Explanation-guided  87%

Table 2: Evaluation result for adaptive retrieval

Input Type Labeling Strategy =~ Accuracy AUC  Ground Truth
Intent-guided 83.27%  92.49% LLM
context + query Explanation-guided  86.49%  93.76% LLM
Intent-guided 74.27%  86.16% Human
Explanation-guided ~ 83.39%  92.00% Human
Intent-guided 82.54% 89.37% LLM
Explanation-guided  85.37%  92.41% LLM
query Intent-guided 83.06%  91.93% Human
Explanation-guided  86.00%  92.82% Human

5.2 Implementation Details

For adaptive retrieval, we consider two input types: one using only
the user query and the other incorporating both the context and
query as input. This help us understand whether incorporating
conversation history improves the ability to identify when retriev-
ing relevant information is beneficial. We use RoBERTa-base and
optimize it with cross-entropy.

For query reformulation, we experiment with BART-base and
FLAN-T5-base, fine-tuning the models to generate reformulations
using LLM annotations as ground truth.

5.3 Evaluation Strategies

Adaptive Retrieval To evaluate the accuracy of the LLM in labeling
for adaptive retrieval, we first assess different annotation strategies
by manually examining 500 sampled test set. For adaptive retrieval
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models trained on labels from various annotation strategies, we
report accuracy and AUC against LLM-generated labels, measuring
how well the model distills knowledge from the labeled data. To
further validate performance, we also evaluate the model on human-
annotated data.

Reformulation To evaluate the performance of the query refor-
mulation model, we assess its accuracy using automatic metrics,
including BLEU and ROUGE, by comparing its reformulated queries
against those generated by the LLM.

Compared to keyword reformulations, NLQ reformulations have
stricter constraints, as they must be well-formed questions that
resolve ellipses and co-references. A human evaluation presented
in Appendix A shows that our method produces reformulations
comparable to those generated by LLMs.

6 Results

6.1 Evaluation on Adaptive Retrieval

First, we evaluate the accuracy of different prompting strategies
for generating adaptive retrieval labels, with results presented in
Table 1. As shown, for the same input type, the explanation-guided
method outperforms the intent-guided method, as some intents
encompass both retrieval-needed and retrieval-not-needed cases.
Additionally, dialogue-level annotation surpasses query-level anno-
tation. We hypothesize that this improvement occurs because the
LLM can better comprehend the queries when provided with the
complete context of the dialogue, including future utterances.

To evaluate the effectiveness of the adaptive retrieval model,
we train the model using labels generated with different strategies
and input types, then test it on both LLM-generated and human-
annotated labels. Based on the results in Table 2, we find that the
accuracy gap between the synthetic dataset (generated by LLM)
and the human-labeled dataset ranges from 1% to 6%, with higher
accuracy on the synthetic dataset, likely due to the models being
trained on synthetic data. On the human annotated test set, the
explanation-guided labeling strategy outperforms intent-guided
labeling, as it avoids predefined intents and instead allows the
LLM to freely explain its predictions. Additionally, incorporating
conversational history does not improve performance and, in some
cases, even degrades it. Finally, models trained on LLM-generated
data perform well on both synthetic and human-labeled datasets,
with the best accuracy and AUC on human-labeled data achieved
by the model trained using the explanation-guided labeling strategy
without conversational history. This suggests that conversational
context is not essential for adaptive retrieval within the scope of
our datasets.

6.2 Evaluation on Query Reformulation

Automatic Evaluation Table 4 presents the automatic evaluation
metrics. Both models perform similarly overall, but NLQ Reformula-
tion yields higher BLEU and lower ROUGE-1 scores than Keyword
Reformulation. This suggests NLQ Reformulations are more fluent
and semantically coherent, with paraphrasing that reduces exact
word matches. In contrast, Keyword Reformulation favors lexical
overlap, retaining key terms at the expense of fluency and variation.
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Table 3: The relevance scores for the Top-1 and Top-5 retrieval
results using different reformulation strategies.

Query Type Model Top-1 Top-5
Quer - 0.76 1.07
Y - 0.94 128

BART-base 1.26 1.43
FLAN-T5-base  1.19 1.39
Claude 1.31 1.5

BART-base 1.3 1.5
Keywords Reformulation FLAN-T5-base  1.36 1.51
Claude 1.34 159

NLQ Reformulation

Table 4: Automatic evaluation result for query reformulation.

Reformulation Type Model BLEU ROUGE-1 ROUGE-L
) BART-base 0312 0.547 0517
NLP Reformulation gy )\ \ro e 0305 0550 0.520
Kevwords Reformulation _ BARTbase 0209 059 0518
Y FLAN-T5-base 0204  0.592 0.520

6.3 Evaluation on Retrieval Performance

To evaluate the impact of reformulation on retrieval performance,
we use various input types in our internal search engine to re-
trieve documents and employ LLM-based evaluation to measure
the relevance of the top-k retrieved document to the context given
a query. The reformulation model used in this evaluation is based
on BART-base. LLM-based evaluation details are described in Table
10 in Appendix.

Table 3 presents the retrieval performance (Top-1 and Top-5)
across different query types and models. While Claude was used
to generate the reformulation ground-truth, our fine-tuned models
based on those labels achieve competitive retrieval results. In fact,
FLAN-T5-base outperforms Claude in Top-1 retrieval, demonstrat-
ing that our fine-tuned models can generate reformulations that
yield better retrieval results in certain cases. Keywords reformula-
tion consistently shows higher retrieval performance compared to
NLQ reformulation across different models. This suggests that, even
though NLQ reformulation is commonly used for conversational
question answering, keywords reformulation is sufficient and can
lead to better retrieval outcomes in a multiturn RAG setting.

7 Conclusion

We addressed the challenges of building a multi-turn RAG-based
customer service chatbot by focusing on adaptive retrieval and
query reformulation. To mitigate limited annotated data, we pro-
posed automatic labeling methods using real customer-agent dia-
logues. Explanation-guided labeling outperformed intent-guided
labeling for adaptive retrieval, achieving 86% accuracy and 92.82%
AUC. For query reformulation, NLQ reformulations were more flu-
ent, while keyword-based reformulations improved retrieval, with
FLAN-T5-base achieving a Top-1 relevance score of 1.36. Notably,
conversational context was unnecessary for adaptive retrieval, high-
lighting the effectiveness of simpler, query-focused models. Our
approach offers a practical path for developing RAG systems using
existing dialogue data with minimal manual annotation.
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Appendix

A Human Evaluation on NLQ Reformulation

Compared to keyword reformulations, NLQ reformulations have stricter constraints, as they must be well-formed questions that resolve

ellipses and co-references. To assess the quality of NLQ reformulations generated by the foundation LLMs or models trained on LLM-labeled

data, we conduct a human evaluation on 500 sampled test set. For this evaluation, we propose and assess three key metrics:

e Grammatical Correctness: Evaluates whether the reformulation is grammatically correct.

e Context Carryover Completeness: Assesses whether the reformulation is self-contained and understandable without requiring reference
to the dialogue history.

e Context Carryover Accuracy: Determines whether omissions and co-references in the reformulation are resolved correctly.

Human Evaluation For NLQ reformulation, we further evaluate the reformulation quality based on 500 sampled testing set. The numbers
are reported in Table 5. Overall, all models perform well across the three evaluation criteria. Claude achieves the highest scores in all metrics,
demonstrating its strong capability in NLQ reformulation under our proposed labeling strategy. FLAN-T5-base outperforms BART-base in
grammatical correctness (GC) compared to BART-base, indicating its strength in producing well-formed outputs. However, BART-base
shows slightly better performance in context carryover accuracy (CCA) and context carryover completeness (CCC), suggesting that it more
effectively preserves contextual information during reformulation.

Table 5: Human evaluation on query reformulation results.

Model CCA CcC GC

BART-base 94% 94%  95%
FLAN-T5-base  91% 91%  97%
Claude 96% 9%  97%

B Prompts
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System Prompt

#### Instruction

Your task is to annotate a conversation between a customer and an agent with pre-defined intents and whether retrieval is needed to answer the
customer utterance. The transcript is made up of multiple turns and each turn has the format of “Turn_ID.Role: utterance”. For example, “24.customer:
But I bought the whole album” means in the 24th turn, the customer said “But I bought the whole album.” Please read the transcript carefully, as I
will ask you to label the intent of each customer utterance and whether it requires an API call to a search engine to obtain more information from a
knowledge base in order to answer the query.

For every customer utterance, select one from the following intents:

a: DESCRIBE AN ISSUE. the customer is describing the issue.

b: ASK AN ISSUE RELATED QUESTION. the customer asks an issue-related question.

c: ANSWER A QUESTION. the customer is answering a question asked by the agent.

d: CONFRIMATION. the customer is simply confirming or recognizing information without making a specific request or inquiry.

e: REPORT STATUS. customer is reporting his or her current status, The customer has received instructions and is providing an update on the current
issue status based on those instructions.

f: REQUEST. customer is making a request such as refund.

g: GRATITUDE. the turn is spoken by the customer, and customer is showing gratitude to the agent or bot the customer is expressing appreciation or
thanks

h: COMPLAIN. the customer is expressing frustration about a product, service, experience.

i: ASK AGENT STATUS. the customer is asking about the availability or status of a agent.

j: FAREWELL. a customer’s intention to end or conclude the conversation.

k: GREETINGS. the turn is spoken by the customer.

1: OTHERS.

After labeling each customer turn’s intent, you will also label whether that turn will trigger a RAG based on the following criteria:

Yes: the current turn is spoken by the customer and the current utterance mentioned about useful details about the issue and the knowledge bank
should be updated by a retrieval action based on current utterance information and previous conversation history. For example, RAG should be
triggered when the customer describes an issue or asks an issue-related question. Additionally, RAG may also be necessary when the customer
provides more details in response to a question or reports their status. However, in cases where no valuable information is provided, RAG should not
be triggered.

No: There is no need to update the knowledge bank since the utterance does not contain any issue-related information. Overall, for each turn, you
will first give an intent label(a-1) and then give a RAG label You should note that the intent label is closely related to RAG, RAG probably needs to be
triggered. Follow the example below to format your answers.

#### Format Examples

Transcript in the format of:

<Transcript> 1.agent: Hello, welcome back. How can I help with? 2.customer: my remote is not working. 3.agent:Thanks, I apologize for the
inconvenience, can you try restarting your tv 4.customer: Sure.</Transcript>

Output in the format of:

<Labels for intent and RAG>: 2.a,Yes,4.d,No </Labels for intent and RAG>

User Prompt
<Transcript>: {Dialogue}
<Labels for intent and RAG>:

Table 6: Prompt for intent-guided adaptive retrieval labeling.



LLM4ECommerce Workshop at KDD °25, August 4, 2025, Toronto, ON, Canada Zhiyu et al.

System Prompt

#### Instruction

Your task is to understand a conversation between a customer and an agent and predict, for each customer utterance, whether it should trigger
an API call to a search engine to retrieve more information from a knowledge base to answer the customer query. You should also provide an
explanation for your decision. I will provide you with a conversation transcript between a customer and an agent. The transcript is made up of
multiple turns and each turn has the format of “Turn_ID.Role: utterance”. For example, “24.customer: But I bought the whole album” means in
the 24th turn, the customer said “But I bought the whole album.

1. Explain the reason why an API call to trigger retrieval is needed or not needed for the utterance.

- Specifically, a search engine API call is needed if:

The utterance is an description about the issue. The utterance provides context regarding the issue, such as device, or subscription information.
The utterance provides answers to an issue-related question or clarification question asked by the agent. The utterance confirms details or
status regarding the device, plan or issue. The utterance asks questions (usually start with "how")regarding how to resolve a problem or how
to complete certain steps. The utterance provides the status of the issue after trying something. The utterance is a continuation of the previous
turn where retrieval is needed or recommended. Remember, if the mentioned issue details or context is not new, you could also consider
retrieval is needed.

- A search engine API call is not needed if the utterance does not contain any issue-related information. For example, the utterance is a greeting,
a farewell, a complain regarding the issue. confirming the issue is resolved.

2. Select a label from [Yes, No] to indicate whether an API call to retrieval is required for the utterance.

#### Format Examples

Transcript in the format of

<Transcript> l.agent: Hello, welcome back. How can I help with? 2.customer: my remote is not working. 3.agent: Thanks, I apologize for the
inconvenience, can you try restarting your tv 4.customer: Sure.</Transcript>

Output in the format of:

<Turn>[2,4]</Turn>

<explain> [2.The customer is describing an issue and retrieval is needed 4.the customer is expressing acknowledgement and the retrieval is not
needed] </explain>

<label>[2.Yes,4.No]</label>

User Prompt
<Transcript>: {Dialogue}
<Annotation>

Table 7: Prompt for explanation-guided adaptive retrieval labeling
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System Prompt

#### Instruction

I will provide you with a user query along with a conversation history between a customer and an agent. The conversation history consists of multiple
turns, each numbered sequentially (e.g., 1 for turn 1, 2 for turn 2). Each turn begins with an indication of the speaker (e.g., if the agent is speaking, the
turn will start with "agent:").

Your task is to analyze the entire conversation history along with the user query and generate a well-structured, clear, and optimized query that
facilitates retrieving the most relevant information for a QA system. The reformulated query should be concise, precise, and designed to yield
high-quality results. You can edit the query and perform the following action when reformulating the query:

Recover: Add missing context from previous conversation turns, such as resolving co-references.

Correction: Fix any grammatical or structural errors in the query.

Simplification: Exclude irrelevant information.

Before generating the reformulation, you need to first:

1. understand the query and describe the intent of the query.

2. explain what actions should be performed (Recover, Correction, Simplification) and why.

3. generate the reformulation.

#### Format Examples

Input in the format of

<Conversation history> 1.agent: What do you need help with? 2.customer: My Music App 3.agent: Sure, how can I help you with that?</Conversation
history>

<Query>It does not work on my speakers</Query>

Output in the format of:

<Intent>issue description</Intent>

<Actions> replace the pronoun “it” with “Music App” mentioned in turn 2.</Actions>

<Reformulation>Music App does not work on my speakers.</Reformulation>

####Final Instruction

Do not change the intent of the original query. Do not change the query type of the original query. If the original query is a statement rather than a
question, the reformulation should also be a statement. Keep the same tone, and make sure the reformulation sounds like something spoken by the
customer to an agent. Make sure the reformulation is self-contained and can be understood without the conversation history.

User Prompt

<Conversation history>: {Context}
<Query>: {Customer Query}
<Output>:

Table 8: Prompt for NLQ reformulation generation
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System Prompt

#### Instruction

I will provide you a user query along with a conversation history between a customer and an agent. The conversation history is made up of multiple
turns, each numbered at the start. Your task is to take into account the entire conversation history along with the query to generate a new keywords
query that will help retrieve the most relevant information. The reformulated query should be focus on core key phrases mentioned of the current
turn and previous turns. Before generating the reformulation, you need to first:

1. understand the conversation history and current query, and then describe the intent of the query

2. explain why those keywords are generated, which turn are they coming from

3. generate the new keywords query

#### Format Examples

Input in the format of

<Conversation history>1.agent: What do you need help with? 2.customer: My Music App 3.agent: Sure, how can I help you with that?</Conversation
history>

<Query>It does not work on my speakers</Query>

Output in the format of:

<Intent>issue description</Intent>

<Reason>The customer is mentioning that the music App is not working well on the speaker. Therefore the key information in the issue is music App,
not work and Speakers</Reason>

<Reformulation> music App not work on speakers</Reformulation>

#### Final Instruction

Remember,

- The reformulation should be keywords.

- Each keyword could either be directly extracted from the conversation history and the current query, or relevant new keywords that could provide
complementary information.

User Prompt

<Conversation history>: {Context}
<Query>: {Customer Query}
<Output>:

Table 9: Prompt for keywords reformulation generation.
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System Prompt

#### Instruction

Given a list of documents, assess their relevance to a customer query and previous chat history between an agent and a customer. Each document
consists of two fields: title and content. Rate the relevance on a scale from 0 to 2 based on its connection to the dialogue:

0: irrelevant, the document is irrelevant to the issues, product or services discussed in the dialogue

1: somewhat relevant, the document is related to the issues, product or services discussed in the dialogue

2: Perfectly relevant, the document contains critical information to address the query with comprehensive information

#### Format Examples

Input in the format of

<Chat History>[Here is the chat history]</Chat History>:
<Query>[Here is the customer query]</Query>:
Document:

<title>[Title of the document]</title>

<content>[Content of the document]</content>

Output in the format of:

<Score> select from 0-2

<Explanation>Provide a brief explanation of why you give this rating. Point out any specific areas where the document succeeds or fails in addressing
the query.

User Prompt

<Chat History>: {Context}</Chat History>

<Query>{Query}</Query>:

Document:

<title>{title}</title>

<content>{content}</content>

Output:
Table 10: Prompt for LLM-based relevance judgment of the top-1 search result. The prompt for the top-5 results follows a
similar structure but includes five documents.
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