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Abstract

Leading large language models (LLMs) for customer service are often closed-weight and
accessible only through APIs, leading to high inference costs, limited controllability, and
dependence on external providers. Open-source LLMs hosted locally offer lower costs
and greater control. In this work, we investigate whether an open-source LLM can be
fine-tuned to generate reply suggestions for customer service employees, and whether
its performance can approach a closed-weight model, using real-world customer service
conversations. A key challenge is that conversations are noisy and unstructured, requiring
normalization before fine-tuning. We address this with a two-stage pipeline. In the first
stage, a closed-weight LLM anonymizes and cleans conversations, and an iterative LLM-
based labeling algorithm assigns message intents. Using LLM-guided bandit-style prompt
optimization, we improve clustering quality by 19% compared to a non-bandit variant,
yielding thousands of intents with a long-tail distribution similar to our human-labeled set.
In the second stage, we fine-tune an open-weight model on these pre-processed, intent-
annotated conversations, comparing several training strategies: response-only fine-tuning,
chain-of-thought training (predicting intents before responses), a staged approach (learn-
ing intents then responses), and a curriculum mixing these regimes. Across lexical and
semantic evaluation metrics, chain-of-thought performed best among the intent-guided
variants but did not surpass response-only fine-tuning. Retrieval-augmented fine-tuning
outperformed retrieval only at inference, and scaling from 1.7B to 4B parameters further
increased semantic similarity and lexical overlap. Using an LL.M-as-a-judge for evalua-
tion, our best open-weight models matched or exceeded a closed-weight GPT-40 baseline
in semantic similarity and professionalism, though GPT-40 remained stronger in help-
fulness. Intent-level analysis revealed complementary strengths: the open-weight model

excelled on frequent intents, while GPT-40 was better on rare, knowledge-intensive cases.
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1 Introduction

The introduction of Large Language Models (LLMs) based on the Transformer architec-
ture [[1] has revolutionized the natural language processing (NLP) domain. LLMs such as
GPT-3 [2] and Llama 3 [3] have shown strong generalization across many tasks without
requiring task-specific architectures. Their success in conversational Al has driven a shift

from rule-based chatbots [4]][S]] to assistants capable of complex, multi-turn conversations

(6] [7].

In customer service, LLMs promise more efficient support. Before LLMs, pipelines typ-
ically combined intent classifiers with pre-defined response templates [8]. With LLMs,
intent classification and response generation can be handled within a single system, al-

lowing for more natural, non-predefined replies and better reasoning.

However, most leading LL.Ms used in production today are closed-weight models. These
models are only accessible through APIs and offer no transparency. This leads to practi-
cal constraints, including high inference costs from long prompts, limited controllability,
and dependence on external providers. Open-weight models such as Llama-3 and Qwen3
[9]] avoid these issues by providing access to model weights. Open-weight models can be
deployed locally, are more cost-efficient, and give complete control over model weights,
allowing domain-specific fine-tuning. Recent results demonstrate that open-weight mod-
els can match closed-weight models in performance, while offering additional advantages
[10O].

Our final goal is to fine-tune an open-weight model on historical, anonymized customer-
service conversations so that it approaches the quality of a closed-weight system while
reducing cost and regaining control over model weights. However, customer service
conversations are unstructured and noisy, which could hinder the fine-tuning process.
Messages within conversations can have multiple purposes or be ambiguous, making it
difficult to extract the true intent behind a message.

To set up a structured and cleaned training dataset for fine-tuning an open-weight LLM,
we propose to use message-level intents to normalize the conversations: each message re-
ceives a short, reusable intent label, grouping messages with the same semantic meaning,
but different wording under the same intent. These intent-labeled messages will guide an
open-weight LLM during the fine-tuning process. Existing generative approaches create
such intent labels by calling an LLM with a prompt and letting it generate intent names
(114 12]. Building on this idea, we introduce a generative intent finding algorithm (GIFA)

7
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tailored for high granularity (possibly thousands of intents). GIFA operates at the mes-
sage level with an evolving known intent database. Given a whole conversation and a list
of relevant known intents, a closed-weight LLM is prompted with rules and examples that
specify when to reuse an existing intent or create a new one. For each message, the LLM
returns either a known intent or a new intent, which is added to the known intent database
and becomes available for subsequent conversations. Over time, the intent database grows

as conversational purposes change, without manually re-labeling historical data.

The GIFA prompt largely determines the granularity of generated intents. Overly broad
prompts merge distinct messages, while overly strict prompts fragment the reuse of known
intents. We pair GIFA with a generative prompt finding algorithm (GPFA) that aims to
optimize the prompt. GPFA runs a black-box prompt search over candidate prompts: it
proposes a prompt, runs GIFA on a small subset of conversations with human-labeled
intents, and scores the results with clustering-based metrics. Like other recent black-box
prompt optimization frameworks such as PromptAgent [13] and strategic exploration and
exploitation (SEE) [14], GPFA iteratively refines the prompt using LLM-generated feed-
back; to control cost, we adapt SEE with Hyperband-SEE to allocate evaluation budget
early to promising candidates. The best-performing prompt found is then applied at scale
to label all available conversations, yielding intents that both normalize the messages

within the conversations and provide compact guidance signals during fine-tuning.

In this work, we use intents as auxiliary guidance signals during fine-tuning. Concretely,
we evaluate five variants: a response-only baseline that ignores intents and learns to pro-
duce the next assistant reply based on the conversation history; a chain-of-thought (CoT)
variant in which the model is trained first to predict a list of response intents (a plan) and
then generate the replies; two-step variants where the model (via separate adapters) first
learns to predict intents and then learns either to generate the replies directly or to produce
both the intent chain and the replies in CoT format; and a mixed multi-task variant that
interleaves intent prediction with CoT training in a single curriculum. During fine-tuning,
we include intents as supervised targets in intent-guided variants. During evaluation, how-
ever, we assess only the quality of generated responses, not the intent chain. Thus, intents
function as auxiliary supervision rather than as end goals. We also compare retrieval se-
tups, retrieval-augmented generation (RAG) at inference versus retrieval-augmented fine-
tuning (RAFT) during training, and the effects of model scaling (1.7B versus 4B).

These challenges and methods are broadly relevant across fields but become clearer when
tested in the real world. We focus on a case study at Albert Heijn, the largest supermar-
ket chain in the Netherlands. Albert Heijn handles many customer problems each week.
An LLM-based chatbot handles a substantial share of these customer problems, while

human employees handle the other half. The human employees are provided with re-
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ply suggestions from a so-called “co-assistant”, which uses a GPT-40, RAG-based setup.
In this setup, given the current conversation, the system retrieves relevant FAQ docu-
ments, appends them to the conversation history, and sends the combined input to a pri-
vate hosted GPT-40 via Microsoft Azure’s API, which forwards the request to the closed-
weight model. In contrast, we call the model directly with open-weight models and retain
complete control over parameters and fine-tuning. Our GPT-40 RAG baseline mirrors
Albert Heijn’s production design in broad strokes but is not identical; we omit proprietary

components and implementation details to protect confidentiality.

While effective, the GPT-40 RAG setup introduces challenges. Each request to GPT-
40 includes the conversation history and several retrieved FAQ documents, leading to
high token usage and thus high API costs. Furthermore, their dependence on a closed-
weight model limits their ability to improve the model through fine-tuning and makes
the company dependent on other providers. Given these problems, Albert Heijn wants
to explore whether past customer service conversations can be used to fine-tune an open-

weight LLM, creating a domain-specific, self-hosted LLM.

We organize the work as a two-stage pipeline with five sub-stages (A-E). Stage 1 (label-
ing, sub-stages A-C) comprises LLM-based pre-processing of the raw conversations in
sub-stage A (anonymization of personal information, cleaning through message merging
and redundancy removal, and completion classification to flag whether the customer’s is-
sue appears resolved), followed by intent generation with GIFA in sub-stage B and prompt
search with GPFA and Hyperband-SEE in sub-stage C. Stage 2 (modeling, sub-stages D-
E) focuses on modeling: sub-stage D fine-tunes open-weight models on next-reply gener-
ation with optional intent guidance, and sub-stage E integrates retrieval (RAG/RAFT).

Our main objective is to determine whether historical customer-service conversations la-
beled with LLM-generated intents can be leveraged to fine-tune open-weight LLMs so
that they perform competitively with closed-weight systems. If successful, this would al-
low Albert Heijn to replace its current LLM with an open-weight alternative while keeping

the rest of its RAG system unchanged.
We study two main questions for our two-stage pipeline:

RQ-A (Stage 1: Labeling). Can we automatically generate reusable, appropriately gran-
ular message-level intents from noisy, multi-turn customer-service conversations?

Consisting of the following sub-questions:

A1l How do pre-processing choices: anonymization, cleaning, and the treatment of
incomplete conversations, affect downstream label quality and fine-tuning perfor-
mance? (Sub-stage A)
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A2 How effectively can intent labels be discovered using the proposed GIFA/GPFA
framework? (Sub-stage B)

A3 Does Hyperband-SEE improve prompt-search efficiency and final labeling quality
over SEE and simple baselines? (Sub-stage C)

RQ-B (Stage 2: Modeling). Given conversations labeled with intents, how do intent sig-
nals and retrieval strategies affect the quality of an open-weight model trained to generate

the next assistant reply, and how does it compare to the GPT-40 RAG baseline?

Consisting of the following sub-questions:

B1 Do intent-guided variants (CoT, two-step, mixed) outperform response-only fine-

tuning? (Sub-stage D)
B2 Does RAFT outperform RAG? (Sub-stages D-E)

B3 How does model size impact the performance of these intent-guided and retrieval-

augmented training strategies? (Sub-stages D-E)

B4 How do the best open-weight configurations compare with the closed-weight GPT-
40 RAG co-assistant across evaluation dimensions (semantic alignment, profes-

sionalism, helpfulness)? (Sub-stages D-E)

In our work, we make the following contributions:

1. Addresses RQ-A1: We design an LLM-based anonymization, cleaning, and completion-
classification pipeline for customer-service conversations and show empirically that
filtering out incomplete conversations lowers downstream fine-tuning performance,

whereas cleaning improves it.

2. Addresses RQ-A2: We introduce GIFA to automatically generate reusable, ap-
propriately granular message-level intents using an evolving intent database; we
analyze granularity and reuse under different retrieval/sampling settings. We cou-
ple GIFA with a GPFA that uses a small human-labeled subset and clustering-based
metrics to optimize prompts for the desired granularity and reuse.

3. Addresses RQ-A3: We adapt SEE with Hyperband-SEE for early stopping, prior-
itizing promising prompts, and improving labeling quality per budget.
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4. Addresses RQ-B1: We fine-tune open-weight models on the next-reply gener-
ation task and compare response-only against intent-guided variants (CoT, two-
step, mixed). CoT is the strongest intent-guided variant but does not surpass the

response-only baseline in our setup.

5. Addresses RQ-B2, RQ-B3: We compare RAG with RAFT and find that RAFT

outperforms RAG; scaling from 1.7B to 4B further improves scores across settings.

6. Addresses RQ-B4: We conduct a case study at Albert Heijn and show that our best
RAFT-trained open-weight models match or exceed the GPT-40 RAG co-assistant
on semantic alignment and professionalism for common intents, while GPT-40 re-

mains stronger on helpfulness and rare intents.

The remainder of this thesis is organized as follows. Chapter 2 reviews the literature
on chatbots in customer service, intent discovery, prompt optimization, and fine-tuning
strategies for conversational Al. Chapter 3 presents the proposed two-stage pipeline in
detail, describing the pre-processing steps, GIFA, GPFA, the Hyperband-SEE extension,
and the fine-tuning configurations evaluated in this work. Chapter 4 outlines the experi-
mental setup and results for the GIFA and GPFA combination. Chapter 5 then introduces
the experimental setup, results for the modeling stage, and the effect of pre-processing
choices. Chapter 6 discusses the limitations of our approach and explores possible future
research. Finally, Chapter 7 summarizes the main conclusions and contributions of this

thesis.



2 Related Work

This section reviews prior work that informs our approach. We begin with the progres-
sion from rule-based chatbots to transformer-based LLLMs and contrast open-weight and
closed-weight deployments in customer service (subsection [2.1). We then define intent
discovery (versus intent detection) and survey clustering-based and generative methods
for producing message-level labels (subsection [2.2)). Next, we examine techniques for
shaping model behavior through prompt design, emphasizing black-box prompt search
and resource-aware tuning of complete prompts (subsection [2.3). Finally, we summa-
rize strategies for specializing LLMs to a domain, including supervised fine-tuning with
lightweight adapters, in-context learning and retrieval of external documents at inference
time, and during fine-tuning (subsection [2.4).

2.1 Evolution of Conversational AI: From Rule-Based to LLM

Early customer service chatbots were mainly built with rule-based logic and pattern match-
ing. To the best of our knowledge, the first used chatbot was ELIZA [4], designed to imi-
tate a psychotherapist through rules and keyword matching. Using these rules, the system
could generate a fixed response or transform the user’s input into a reply. After ELIZA
came PARRY [3]], which simulated the behavior of a paranoid schizophrenic patient, also
through a set of rules and pattern matching. The performance of these systems depended
on the size and quality of their rule bases. Nevertheless, such systems had limitations: the
responses felt uncreative and repetitive, and the systems had problems with open-ended
and ambiguous questions. [[15] [16].

Over time, a distinction formed between task-oriented and chat-oriented chatbots. Task-
oriented chatbots focused on solving direct problems like booking tickets, account issues,
or other customer support issues [17]. On the other hand, chat-oriented chatbots focused
on more general open conversations [18]. Also, the evaluation protocols differed for both.
Task-oriented chatbots were judged on their task completion rate, while chat-oriented

chatbots were mainly assessed based on their ability to engage users during conversations.

After the era of rule-based systems, machine learning (ML) and neural networks made a
big step forward within the field. These models could learn from data instead of relying
on a fixed rule base. In 2010, IBM Watson [19] exemplified this by combining natural

language processing with ML-based information retrieval and showing the possibilities

12
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of using Al in natural language processing. The system could search across knowledge
bases and predict probabilities for different possible answers given a question.

The introduction of recurrent neural networks (RNNs) [20] , followed by more advanced
forms like long short-term memory (LSTM) [21] and gated recurrent unit (GRU) [22],
improved the modeling of sequential user queries. However, these models still processed
inputs step by step, limiting their contextual range. The transformer architecture solved
these constraints [1]], which introduced self-attention to process entire text sequences in
parallel. The self-attention mechanism enabled the model to weigh the importance of
words within a sentence or document for a given task. Today’s LLMs are all built on this
transformer architecture. LLMs such as GPT-3 [2] and Llama 3 [3] are trained on massive
amounts of text and can generalize across various tasks, such as question-answering and
intent recognition [2]]. These LLMs are widely used in industries such as customer service
[7] and e-commerce [6]], where they raise overall worker productivity and particularly help
less experienced employees improve their speed and quality of work.

LLM:s often fall into two broad categories: open-weight and closed-weight. Open-weight
models, such as Llama-3 and Qwen3 [9], make their weights publicly available. That
openness means they can be deployed locally, adapted to domain-specific needs, and give
organizations more control over their data. One of the stronger arguments for using open-
weight models is that they can run entirely within an organization’s infrastructure, without
sending data outside [10]. On the other hand, closed-weight models such as GPT-40
from OpenAl [23] do not release their weights, and are only available through external
APIs. Closed-weight models offer relatively high performance across tasks, but offer no

transparency and keep the user dependent on the provider’s infrastructure.

Of the recent open-weight releases, Qwen3 is particularly interesting. It performs well
on multilingual benchmarks and includes a thinking mode, which supports improved rea-
soning and multi-step problem solving [9)]. Benchmarks place Qwen3 alongside models
such as Llama-3, and in several cases, it is on par with the performance of closed-weight
systems [24]]. Furthermore, Qwen3 stands out because it can be tuned locally without

having the costs or restrictions of closed-weight alternatives.

This work focuses on fine-tuning a smaller open-weight LLM, with particular attention
to Qwen3. However, fine-tuning on raw customer service conversations is not straight-
forward: the data is noisy and unstructured. Conversations must first be cleaned and
enriched with structure to make them suitable for training. We achieve this by labeling
individual messages with intents and creating reusable signals to guide the model during
fine-tuning. The following subsection introduces the task of intent discovery and outlines

existing approaches to identify and generate such labels automatically.
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2.2 Intent Discovery

Intent discovery is the task of automatically uncovering and naming previously unknown
user intents from unlabeled (or partially labeled) conversational data. In contrast, intent
detection assigns utterances to a fixed, predefined label set [8] [25)]. This setup works
well within a static domain but restricts the system to a fixed intent set. Any utterance
outside the list is treated as an unknown intent. Open-world intent detection addresses
this by identifying utterances outside predefined labels, particularly important in dynamic
domains such as customer service, where new intents are frequently introduced. Examples
of open-world intent detection methods, such as softmax thresholding [26] and one-vs-
rest classifiers [27], can recognize a novel intent, but not describe it.

Building on this, intent discovery methods aim to uncover novel intents directly from un-
labeled data. Unsupervised methods such as Auto-dialabel [28] try to cluster sentence
embeddings from encoder models. Later, DeepAligned [29] aligned embeddings from la-
beled and unlabeled utterances using a BERT encoder. Deep semi-supervised contrastive
clustering (DSSCC) [30] pre-trained a SentenceBERT model and applied contrastive
learning to improve clustering for labeled and unlabeled data. While these approaches
improve cluster quality, a limitation is that they generally work on individual utterances,
ignoring the larger conversation around them, which often describes the meaning of an

utterance.

Generative models have opened different routes. Intent discovery with abstractive sum-
marization (IDAS) [12] treats intent discovery as a summarization task: first, the utter-
ances are clustered, then an LLM produces a short label for each group. IntentGPT [11]
uses few-shot prompting to label utterances and then iteratively expands its prompt with
new intents discovered along the way, relying on models like GPT-40. These generative
methods skip supervised training entirely and draw on the knowledge built into the LLMs.
However, they usually work at a coarse level of granularity and are not designed to work

with a large, diverse set of intents.

We introduce GIFA, a semi-supervised algorithm, which generates intent labels for every
message in a conversation in a single LLM pass. The key is to leverage the full conversa-

tional context and retrieve relevant prior intents for prompting.

LLMs can help group and label novel utterances, but the granularity of the intent detail
depends on how the prompt is designed. The following subsection looks at frameworks
for automatic prompt optimization to set up these prompts without relying on human

tuning.
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2.3 Prompt Optimization and Search Strategies

Prompt engineering has become essential in controlling LLMs, especially with closed-
weight black-box models, where model weights are unavailable. Early work focused on
training soft prompts through gradient-based tuning [31] [32]. However, these methods
could not be applied to closed-source LLMs like GPT-40, where only the inputs and
outputs are available. In such cases, the optimization process is treated as a black-box
optimization using discrete prompt search strategies guided by evaluation metrics based
on the LLM outputs.

Gradient-free prompt optimization methods usually follow an iterative search process: a
prompt is sampled, evaluated, and refined for multiple iterations. Early methods gener-
ated prompt variants via simple text edits such as deletion, substitution, or paraphrasing
[33]. Recently, approaches have incorporated LLM-generated natural language feedback
to guide the prompt optimization process [34]. These strategies help improve prompts, but
cannot effectively explore the prompt space and combine the strengths from several al-
ready found prompts. PromptAgent solves these issues by seeing the prompt optimization
process as a planning problem and uses Monte Carlo Tree Search (MCTS) to guide the
exploration [35]. A search tree is grown by treating prompts as nodes and LLM-generated

feedback as edges, which is then traversed.

Another direction to traversing the prompt space effectively was introduced by methods
such as EvoPrompt [36] and PromptBreeder [37], which use evolutionary strategies to tra-
verse the prompt space. These methods evolve a population of prompts via mutation and
selection, but are often limited to optimizing only short and straightforward instructions
rather than full prompts. Most prompt evolution strategies focus on modifying solely the
instruction component, instead of jointly optimizing the instruction and the in-context ex-
amples (labeled examples included in the prompt). Because of this, the two components

are treated in isolation, reducing the prompt’s overall quality [[14].

To address this, SEE was introduced as a joint instruction and example optimization al-
gorithm [[14]]. Unlike most prior work, SEE does not assume a fixed prompt structure.
It optimizes the full prompt, resulting in more effective prompts through iterative re-
finement. The algorithm uses feedback-driven updates, guided by LLM feedback, and
uses evolutionary recombination techniques to merge the strengths from previously found
prompts. Despite its strengths, SEE can be computationally expensive. Each prompt in
the evolving population must be evaluated using LLM calls, which becomes costly as the

prompt population grows or when the validation set is large.

We build on SEE’s population-based prompt search and introduce a resource-aware mech-
anism based on Hyperband [38]]. In this extension, we develop Hyperband-SEE, which
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allocates progressive evaluation budgets and applies early stopping, allowing us to explore
broadly while avoiding unnecessary computation on unpromising prompts.

We combine generative intent finding with prompt optimization to produce an optimal
prompt that yields intents at the preferred granularity. This process transforms a raw con-
versational dataset into a labeled dataset. In this labeled dataset, the intents describe the
semantic function of each message within the conversations. These labeled conversations
can help guide the fine-tuning process of open-weight LLMs to generate better responses.

The following subsection examines several ways to adapt an LLLM to a specific domain.

2.4 Specializing LLMs: Fine-Tuning and Retrieval

Supervised fine-tuning is a regularly used method for adapting pre-trained LL.Ms to domain-
specific tasks. The model’s weights are updated using a labeled task-related dataset dur-
ing fine-tuning. In the past, supervised fine-tuning has been applied to emotional support
conversations, for example, within the emotional support conversation (ESC) framework,
using models like BlenderBot and DiabloGPT [39]]. However, full fine-tuning is often
computationally expensive, requiring multi-GPU setups, and has risks of catastrophic
forgetting. Parameter-efficient fine-tuning (PEFT) methods have emerged to solve these
problems [40]. Low-rank adaptation (LoRA) is a PEFT approach that updates only a
small set of low-rank matrices within the transformer layers, keeping the main model
frozen [41]. The ESC framework [39]] was later extended by incorporating synthetic con-
versations from ChatGPT to train a Llama variant with adapters and LoRA tuning, show-
ing improvements over traditional fine-tuning on emotional support tasks [42]. Quan-
tized low-rank adaptation (QLoRA) [43] extends LoRA further with 4-bit quantization
and paged optimizers, enabling fine-tuning large-scale models on single GPUs. QLoRA
significantly reduces the amount of VRAM used without decreasing performance.

Supervised fine-tuning can take different forms depending on the supervision format.
Domain-specific supervised fine-tuning adapts a model to a particular application by
training on in-domain data, such as customer-assistant conversations or QA pairs, with
the target being the next reply or answer [44]. Instruction tuning is a more general variant
of supervised fine-tuning, where tasks are phrased as natural-language instructions paired
with responses across multiple domains. This approach used in InstructGPT, improves
generalization to unseen instructions [45]. A complementary strategy is CoT supervision,
which augments instruction tuning or domain-specific supervised fine-tuning by includ-
ing intermediate reasoning steps before the final answer, thereby enhancing multi-step

reasoning ability [46].

While fine-tuning methods update parameters, another line of research adapts LLMs with-
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out changing their weights. Few-shot learning leverages a small number of task examples
into the prompt, without needing parameter updates. GPT-4o [23] showed strong per-
formance across tasks using only in-context examples. FewshotQA [47]] used few-shot
examples inside the prompts during the fine-tuning process and showed performance im-
provement on masked language modeling. While effective for large models, few-shot
prompting has limited success with smaller LLMs.

RAG [48], another gradient-free method, augments LLLMs by retrieving context docu-
ments at inference time. This allows models to access up-to-date information without
changing their parameters, with the retrieved documents providing dynamic context that
reduces hallucinations and improves factual accuracy. However, RAG performance highly
depends on the retrieval setup, document coverage, and the quality of retrieved docu-
ments: noisy or irrelevant documents can harm generation [49]. Retrieval models in RAG
typically rely on either lexical or semantic similarity. Traditional lexical approaches such
as BM25 [50] work well for exact term matching between queries and documents, but fail
when queries involve synonyms or paraphrasing. In contrast, semantic embedding models
like ES (open-weight) [51] or OpenAI’'s ADA-003 (closed-weight) generate dense vector

representations that capture semantic similarity, but have higher computational cost.

RAFT extends RAG by adding retrieved context into the training prompts during fine-
tuning. In RAFT, models are fine-tuned on the query, the context, and the answer, in-
cluding relevant and irrelevant documents. This teaches the model to answer questions
and select which documents in the prompt provide helpful information, given the user
query. Experiments show that RAFT improves noise robustness and factuality compared
to standard fine-tuning or RAG alone. Furthermore, smaller models fine-tuned with RAFT
outperform larger base LLMs, making RAFT attractive for domain adaptation, since it re-

quires less GPU power to obtain the same or better results [52].



3 Methodology

In this section, we present the complete pipeline developed in this thesis. Figure [3.1]
illustrates this pipeline, providing an overview of the two main stages: labeling and mod-
eling, and the five sub-stages: LLM-based pre-processing (A), generative intent finding
(B), prompt optimization (C), fine-tuning (D), and retrieval integration (E). The code for
reproducing our pipeline can be found on GitHulﬂ

Sub-stage C: Prompt Optimization

Generative Prompt
Finding Algorithm
(GPFA)
Sub-stage A: LLM-based pre-
processing

— Stage 1: Labeling

Filtering

Generative Intent
Finding Algorithm —— High-Granularity

(GIFA) message intents Final Labels

Raw Completion
Conversations Classifcation

Entity Recognition

Sub-stage B: Generative Intent -
Finding

Sub-stage D: Fine-Tuning

Fine-tuning

Final Labels - Regular response fine-tuning
- Intent-guided CoT fine-tuning Knowledge Article
- Two-step intent-guided fine-tuning Database
- Mixed dataset intent-guided fine-tuning

(— Stage 2: Modeling

|

Retrieval | Retrieval
Augmented Fine- Augmented
Tuning (RAFT) Generation (RAG)

Sub-stage E: Retrieval Integration

Figure 3.1: Global framework overview. 2-stage end-to-end framework. Stage 1: la-
beling, consisting of three sub-stages: (A) LLM-based pre-processing (anonymization
of personal information, cleaning through message merging and redundancy removal,
and completion classification to flag whether the customer’s issue appears resolved); (B)
GIFA LLM-based intent discovery; (C) GPFA LLM-based prompt optimization. Stage 2:
modeling, consisting of two sub-stages: (D) fine-tuning strategies (response-only, CoT,
mixed, 2-step); (E) retrieval integration (RAG/RAFT)

LLM-based pre-processing: Conversations from Albert Heijn are initially available
in raw format. Basic and advanced pre-processing steps are required to obtain a clean

"https://github.com/ramirosi/Intent-Guided-Fine-Tuning
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dataset. Specifically, an LLM is used to anonymize conversations, clean the customer
queries and assistant responses, and determine whether a customer’s problem was solved
within the conversation. (Figure [3.1] sub-stage A, Section [3.1).

Generative Intent Finding Algorithm (GIFA): GIFA generates message-level intent
labels directly from conversations. Unlike fixed-label intent classification methods, GIFA
dynamically discovers intents using an LLM. Each message in a conversation is labeled
with a short descriptive intent name, based on the message itself and its conversational
context. These intents capture the semantic meaning of a message, which may promote
generalization during fine-tuning. (Figure [3.1] sub-stage B, Section [3.2)).

Generative Prompt Finding Algorithm (GPFA): GPFA adjusts the prompt used for
intent discovery in GIFA. Since GIFA depends heavily on the prompt to instruct the LLM,
GPFA acts as a meta-optimization loop that searches for the best-performing prompt using
a labeled reference dataset. It evaluates candidate prompts based on clustering alignment
with human-labeled intents and iteratively updates the candidate prompt through LLM-
generated feedback. Multiple backbone search strategies are included in our work, in-
cluding greedy search, random search, SEE search, and our novel Hyperband-SEE search.
(Figure [3.1] sub-stage C, Section[3.3)

Fine-Tuning Setup: Multiple fine-tuning approaches are explored using the generated
intents and the cleaned conversational data. These include standard next-turn generation,
multi-stage learning, multi-task learning, and CoT fine-tuning. The intent annotations
from GIFA are optionally used during the fine-tuning strategies to support response plan-
ning (Figure[3.1]sub-stage D, Section [3.4)). Furthermore, the potential integration of RAG
and RAFT is also discussed as part of the setup (Figure [3.1|sub-stage E, Section|3.5]).

3.1 Conversational Dataset

This section corresponds to sub-stage A: LLM-based pre-processing in Figure|3.1} cov-
ering both the initial extraction/structuring of conversations and the subsequent LLM-
based pre-processing steps.

3.1.1 Initial Data Pre-processing

In this work, we use a dataset of real-world customer service conversations collected

from Albert Heijn. These are conversations between customers and human customer
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service assistants. All conversations are stored in unstructured JSON format within a
NoSQL database for a limited time. Due to privacy regulations, the conversations are
automatically deleted every 30 days.

We extracted a dataset of 26,253 conversations. We filtered the selection to include only
conversations involving a human assistant, excluding those resolved entirely by the chat-
bot, since our goal is not to fine-tune on chatbot responses.

The vast majority of digital customer questions come from the Netherlands, with a small
proportion originating in Belgium. We removed the Belgian conversations because Al-
bert Heijn has separate policy rules in both countries. All conversations are kept in Dutch
since, at this time, Albert Heijn customer service does not officially provide English sup-
port.

Each conversation begins with a free-form query sent by the customer before interaction
with the chatbot. This query is followed by a chatbot response, often including multiple-
choice reply options. When a conversation is handed over to a human assistant, the initial
customer messages are given as context. In our pre-processing pipeline, we prepend this

initial query to each conversation to preserve conversational context.

Every message in the JSON is stored as an individual event with metadata identifying
the sender (customer or assistant). During pre-processing, we added a ‘“customer:” or
“assistant:” prefix to each message, which is essential for the fine-tuning part and intent
generation processes. Finally, we filtered out conversations containing only customer
or only assistant messages, ensuring that all retained conversations were not one-way.

Quantitative statistics on the dataset are provided in Table

Statistic Mean Standard Deviation
Average words per conversation 182.39 130.14
Average turns per conversation 13.99 9.45
Average consecutive messages per role 1.59 0.53
Average messages per customer per conversation  7.44 5.45
Average messages per assistant per conversation 6.55 4.43

Table 3.1: Mean and standard deviation of conversation-level metrics, computed over the

full Albert Heijn dataset consisting of 26,253 conversations.

3.1.2 LLM-based Data Pre-processing

After the initial data pre-processing, we apply another series of pre-processing steps to

improve data quality, ensure privacy, and enable better model generalization during fine-
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tuning. These steps include classifying incomplete conversations, cleaning up noisy mes-
sage sequences, and masking sensitive or irrelevant information. We perform each of

these pre-processing steps using GPT-4o.

Completion Classification: The current Albert Heijn setup labels a conversation as
“complete” once the chat window closes; this label does not necessarily mean the cus-
tomer’s issue has been resolved. Some conversations end because the customer stops
responding, the assistant times out, or no clear resolution is provided. We task the LLM

with determining which conversations are resolved and which are not.

Message Merging and Cleanup: The message-level structure of raw conversations is
not always well-formed. Customers often send follow-up messages that repeat earlier
turns without adding new information (e.g., "Hello?”” or ”??”). In other cases, customers
add minor additions (e.g., "Please”, "Now”, and ”Still waiting”) that should be merged

into the previous message.

Using GPT-40, we merge or concatenate similar or redundant customer messages within
a short window and delete assistant system prompts such as handover notices ("My col-
league is taking over”) or timeout warnings (”Are you still there?”). Transitions between
assistants are removed to ensure each conversation contains interactions with only a sin-
gle assistant. Empty or whitespace-only messages are discarded. Importantly, messages

are never reordered—they are only merged, concatenated, or deleted.

Anonymization and Semantic Masking: Personal information and task-specific en-
tities are masked to meet privacy requirements and prepare the dataset for fine-tuning.
Fields such as names, phone numbers, addresses, and e-mails are masked, along with
domain-specific entities to promote generalization. Appendix |A| provides a complete list

of masked entities.

The three LLLM-based pre-processing steps are performed using a single prompt (see Ap-
pendix [A)). Anonymization and cleanup steps are applied directly to the messages, while
the completion-classification task adds a Boolean label to each conversation. This label
is then used to filter out cases where the customer issue remained unresolved. Figure (3.2

illustrates the LLM-based pre-processing pipeline.

3.2 Generative Intent Finding Algorithm (GIFA)

This subsection corresponds to sub-stage B: Generative Intent Finding in Figure

Here, we describe how GIFA annotates the conversations from sub-stage A with message-
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/ Raw Conversation \ / LLM-processed Conversation \ Ananymization

Customer: | lost my wallet in one of the crates given to the delivery person.| (Customer: | lost my wallet in one of the crates given to the delivery person.| Message Merging
|Assistant: Good afternoon you're chatting with Ramiro. |Assistant: Good afternoon you're chatting with [NAME]. .

|Assistant: Thanks for contacting us. |Assistant: Thanks for contacting us. Message Concatenation
|Assistant: When did this hpne? |Assistant: When did this happen?

|Assistant: happen* Customer: Just a few hours ago. Message Deletion
Customer: Just |Assistant: May | have your zip code and house number?

Customer: a few hours ago (Customer: [ADDRESS], [POSTAL_CODE] Completion Classification
|Assistant: May | have your postal code and house number? |Assistant: Can | also have your e-mail address?

Customer: Niels Bohrweg 1, 2333CA |Assistant: Are you still there?

|Assistant: Can | also have your e-mail address? Assistant: | suspect you don't need me anymore, since | haven't received|

|Assistant: Are you still there? a response for a while. If I'm mistaken, please don't hesitate to let us know,|

|Assistant: | suspect you don't need me anymore, since | haven’t received we’ll, of course, be ready to assist you again!

a response for a while. If I'm mistaken, please don’t hesitate to let us know,

we’ll, of course, be ready to assist you again! Not Solved

/ \_ 4
. ©

GPT-40

Figure 3.2: LLM-based pre-processing example (sub-stage A). Left: raw customer-
assistant conversation. Right: the same conversation after GPT-40 pre-processing:
anonymization of personal data (names, address, e-mail); message merging to collapse
short back-and-forth utterances into complete turns; message concatenation to repair split
sentences; message deletion of non-informative messages (e.g., time-out messages); and
a completion classification flag indicating the conversation is solved or not solved. This
processed output is the starting point for sub-stage B and C: intent labeling (GIFA/GPFA).

level intents.

Customer service messages often express the same intent with different wording and tone.
Loss functions such as cross-entropy penalize lexical differences even when the semantics
match. Furthermore, meaning is context-dependent: a message’s meaning relies on the

preceding messages, making labeling on the message level unreliable.

To address this, we introduce GIFA, which assigns context-aware, message-level intent
labels to customer and assistant turns using a single LLM call over the whole conversation.
Labels are short, human-readable descriptors (e.g., report missing delivery,
confirm_address) that yield a structured but flexible representation that can be used
for downstream tasks like fine-tuning.

GIFA maintains an expanding set of known intents, tying each new intent to the messages
where it was first observed. When labeling a fresh conversation, it looks up the most
similar previously labeled messages and gathers their associated intents. After removing
duplicates, this forms a compact candidate intent set. This set and the whole conversa-
tion are inserted into the prompt so the LLM can consistently reuse existing labels and
introduce new ones only when needed. The design promotes reuse and reduces label drift
while keeping prompt length and thus cost under control. A prompt-and-output example
is shown in Figure [3.3] and a high-level view of retrieval, prompt construction, labeling,

and known-intent set updates appears in Figure [3.4]
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Complete Prompt for mapping intents

Known Intents: greeting, delivery_issue,
acknowledge_problem...

Intent Finding Prompt: For each message in Output:
. P 1. greeting Update Known o
the conversation map the message to either —— 2. delivery_issue —> Intents >{ Next C
one of the know intents or create a new intents 3. missing_product
‘ Conversation ‘

Figure 3.3: GIFA prompt iteration (example). A simulated conversation shows how
retrieved intent names are inserted into the prompt and how message-level labels are cre-
ated, updating the known-intent database each turn.

Using a retrieval mechanism, GIFA first selects relevant prior intents to construct the
prompt. It retrieves semantically or lexically similar messages, based on message content
alone (not prior intents). Three retrieval methods are supported:

* Lexical (BM25): Ranks messages based on token overlap and term frequency.

* Semantic (ADA-003): Embeds messages using the ADA-003 model and applies

cosine similarity to identify similar messages.

* Hybrid (RRF): Combines the BM25 and ADA-003 scores using reciprocal rank

fusion [53], aggregating lexical and semantic rankings into a single ranking.

The number of similar previous messages retrieved for each message in a new conver-
sation is controlled by the hyperparameter k. For a conversation of x messages, each
message is compared to the existing labeled database (using either lexical, semantic, or
hybrid similarity). The top k£ most similar former messages are retrieved per new mes-
sage, and from these retrieved messages, the linked intents are collected and merged into
a deduplicated union of relevant intents. Finally, together with the new conversation, the
relevant intents are added to the GIFA prompt. Once relevant intents are retrieved, GIFA
supports three sampling strategies for how they are appended to the prompt:

* Name: Only the intent names are included.

* General: The intent names are combined with short general descriptions generated
by an LLM.
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Generative Intent Finding Algorithm (Inner-loop)

Prompts for iteratively mapping known and

Intent Finding Prompt new intents to messages within a
conversation
Add the most relevant
known intents to the prompt
L for GIFA in the next
Intent Finding Next ) Relevant Intents conversation
Prompt Conversation

Next ADA-003
Conversation (semantic) /
RRF (combined)

‘ BM25 (lexical) /

G

GPT-40

Known Intents
Known Intents ‘
New Intents Concatenate

Figure 3.4: GIFA framework. Retrieval (BM25, ADA-003, or RRF) finds the top-k
similar messages. Their linked intents are deduplicated and appended to the prompt, the
LLM Ilabels each message in the conversation, and the intent database is updated for the
next conversation.

* Example: The prompt includes examples from previously labeled messages for
each intent.

Examples of these strategies are shown in Table[3.2] Each strategy represents a different
trade-off between flexibility and constraint. While a name allows for greater freedom in
reuse, an example offers direct grounding but may overfit to specific phrasing, and the
general strategy strikes a balance between the two. GIFA updates an auxiliary database
of intent descriptions when the general sampling strategy is enabled. These descriptions

are generated through a separate LLLM call when a new intent is discovered.

3.3 Generative Prompt Finding Algorithm (GPFA)

This subsection corresponds to sub-stage C: Prompt Optimization in Figure In this
sub-stage, we refine the prompt used by GIFA (sub-stage B) to maximize intent clustering
quality. We introduce GPFA and describe our backbone search strategies to explore the

prompt space.

3.3.1 GPFA Framework

GPFA is a framework that automatically optimizes the prompt used by GIFA to improve

intent clustering performance. It operates as a meta-level black-box search process: it
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Sampling Method | Known intent examples to concatenate to the intent finding prompt

Name ["confirm understanding", "greeting",
"offer_help"]
General ["confirm_understanding: Customer confirms the

assistant’s understanding of their request",
"greeting: The assistant introduces themselves
and welcomes the customer",

"offer_help: Assistant offers additional
assistance or resources to facilitate a

process"]

Example ["confirm_understanding: Yes, that indeed is my
problem.",

"greeting: Hi, my name is [NAME] thank you for
contacting customer service",

"offer_ help: I could send you an update by mail

if I get a response from the department"]

Table 3.2: GIFA sampling methods. Three ways to append retrieved intents into the
prompt: name (intent name only), general (name + short description), and example (name

+ message examples), trading off flexibility and constraint.

generates candidate prompts, evaluates their effectiveness by running GIFA on a labeled
dataset, and iteratively refines them. By treating prompt optimization as a search problem,
GPFA removes the need for manual prompt engineering and adjusts prompt structure and
phrasing to achieve the best clustering alignment with a ground-truth set of intents. Figure
3.5 provides an overview of GPFA.

The quality and behavior of GIFA are sensitive to the input prompt used. In addition to
formatting rules (e.g., requiring snake_case for intent labels), the prompt also influ-
ences the granularity of generated intents. A prompt with overly broad rules can merge
distinct messages into the same intent, while one with many constraints can produce too
fine-grained intents, reducing reuse and generalization. We speculate that neither extreme
is desirable for downstream tasks such as fine-tuning. The ideal prompt strikes a balance
between granularity and generalizability. Designing such prompts manually is domain-
dependent and costly; even small wording changes can shift GIFA’s behavior. GPFA
overcomes this limitation by automating the prompt optimization process and searching
for prompts that generate intent clusters aligned with a labeled dataset. Because GIFA re-
lies on a closed-weight model, GPFA treats the search as a black-box prompt optimization

problem.

GPFA begins with one or more candidate prompts (depending on the backbone search
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Generative Prompt Finding Algorithm (GPFA) (Outer-loop)

Intent Finding Prompt Prompts for iteratively mapping known and new
intents to messages within a conversation

Prompt for iteratively mapping found and new

Meta Updating Prompt . e .
P 9 P intents to messages within a conversation
Create Clustering Metrics
Meta Updating Intent Finding Clustering Metrics 9
Prompt Prompt ——|

+ MNomalized Clustering Accuracy (NCA)
« Adjusted Mutual Information (AMI)

+ # Clusters found

« # Wrong splits between samples

+ # Wrong merges between samples

Jv « Examples of wrong splitsimerges

@ Known Intents }7—{ Ground-Truth Intents

GPT-40
Updated Intent Intent Finding Algorithm
Finding Prompt {Inner-loop)

Figure 3.5: GPFA framework. Black-box prompt search that generates/evaluates can-
didate GIFA prompts on a labeled set using an LLM, and optimizes the product metric
NCA x AMI to align predicted clusters with ground-truth clusters.

algorithm), which may be initial guesses or refinements from earlier iterations. It eval-
uates each candidate by running GIFA on the labeled dataset. The LLM then generates
intents for each conversation, producing clusters of messages that GPFA compares against
ground-truth clusters from the human-labeled subset. We use normalized clustering accu-
racy (NCA) and adjusted mutual information (AMI) in this work.

GPFA incorporates the evaluation results into a meta-prompt for a second, meta-level
LLM task that acts as an automatic prompt engineer. This meta-prompt contains quan-
titative scores (NCA and AMI), generated versus expected intent counts, and qualitative
error examples. These include cases where two messages with the same ground-truth
intent were assigned different predicted intents (false split) and messages with different

ground-truth intents were grouped (false merge).

The meta-prompt is then given to the LLM, which can either analyze the evaluation results
and suggest improvements to the prompt or directly output an updated version. A Boolean
hyperparameter, lagged_feedback, controls this behavior. The updated prompt is fed into
the next iteration, where GIFA is rerun, evaluated on the dataset, and refined further. This

loop continues for a fixed number of iterations or until no further improvements are found.
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3.3.2 Backbone Algorithms for GPFA

An important choice within GPFA is how the prompt space is explored. The previous sub-
section showed how GPFA refines a single prompt using a feedback loop. However, it did
not specify which prompts to evaluate at each iteration or how to choose among multiple
candidates. To address this, GPFA can employ different search algorithms (called back-
bone search algorithms) to explore the prompt space. These strategies determine how new
prompts are generated, which prompt(s) carry forward, and how to balance exploration
(trying diverse prompts) with exploitation (focusing on the best prompts found so far). In

this thesis, we explore four possible backbone algorithms.

Greedy Search

GPFA continually improves a single prompt in the greedy search configuration. The pro-
cess begins with an initial prompt (e.g., a general human-made starting prompt). GIFA
runs this prompt on the ground-truth dataset, and the evaluation results are used to gener-
ate LLM-based feedback. An LLM then updates the prompt based on this feedback. The
updated prompt is compared against the previous best, and the higher-scoring prompt is

retained for the next iteration. Figure 3.6|illustrates the greedy prompt search process.

Greedy Prompt Search

Each iteration select the best prompt found yet,
and apply feedback to create a new prompt

Score
h =
o
il

1 2 3 4 5 6 7
Iterations (Prompts)

Figure 3.6: Greedy prompt search. Starting from a human seed prompt, iteratively keep

only the best-scoring variant per round.
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Random Search

Random search introduces controlled randomness into prompt optimization, encouraging
exploration. Like greedy search, it begins with an initial prompt, evaluates it, and uses the
results to generate LLM-based feedback for an updated prompt. The key difference lies
in selecting the following prompt: instead of always keeping the best-performing prompt,
random search samples from the pool of previously generated prompts. After generating
a new prompt, the algorithm either continues with it or switches to an earlier prompt.
This randomness promotes diversity in the search process and helps GPFA escape local
optima. Over time, random search is expected to explore a wider variety of prompts than
greedy search. Figure|3.7|illustrates this process.

Random Prompt Search

Each iteration select a random prompt, and apply
feedback to create a new prompt

Score

1 2 3 4 5 & 7
Iterations (Prompts)
Figure 3.7: Random prompt search Sample and mutate prior prompts at random each

iteration to explore widely.

Strategic Exploration and Exploitation (SEE)

SEE is a meta-heuristic search strategy that combines operations from genetic algorithms
and Lamarckian evolution to explore the space of prompt candidates [14]. It is designed
to maintain a diverse population of high-performing prompts and iteratively refine them
across multiple feedback and crossover phases. SEE proceeds through three main phases,
regulated by the parameter n_prompts, which defines the number of prompts maintained
and evaluated in each phase. Figure |3.8|provides an overview of SEE. The prompts used
for the different phases in SEE are listed in Appendix [E]

Lamarckian Initialization Phase: Unlike greedy or random search, which start from a
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single human-written prompt, SEE generates an initial population of n_prompts through
reverse engineering. A conversation is given to an LLM with instructions to produce a
prompt that would generate the observed output, resulting in diverse initial prompts based

on real examples rather than random constructions.

Localized Feedback Phase: In this phase, SEE uses generated feedback to refine each
prompt in the current population individually. The process is applied independently to
every prompt, and if multiple feedback rounds are set, all prompts from the previous
round are refined.

Crossover Phase: After local refinement, SEE explores the search space further through
recombination. New child prompts are generated by merging pairs of parent prompts
selected from the best prompts seen so far. Unlike in the feedback phase, parents can be
chosen from all prompts encountered during the Lamarckian and feedback phases. Two

strategies for selecting parent pairs are supported:

* Error-wise crossover: Prompts are compared based on their clustering disagree-
ment. The Hamming distance between their cluster assignments on the reference
dataset is computed for each pair. Pairs exhibiting high disagreement, but still rea-
sonably strong performance, are considered good candidates for crossover. These
pairs are then merged by prompting the LLM to create a new prompt that combines

the strengths of both parents.

* Semantic-wise crossover: Prompts are embedded using a sentence-embedding
model (ADA-003), and each pair’s cosine similarity is computed. Pairs with high
semantic distance (dissimilar meanings) are selected to encourage diversity. The
LLM is then prompted to merge the two parent instructions into a new child prompt

that preserves the semantic meaning of both.

Hyperband-SEE

While SEE expands the search space through feedback and crossover, it incurs high com-
putational costs like greedy and random search. Evaluating the clustering quality of a
single prompt requires running GIFA over an entire dataset. To address this, we introduce
a more resource-aware search strategy, Hyperband-SEE, which adapts the principles of
the Hyperband algorithm to prompt optimization (Figure [3.9).

Hyperband [38]], initially developed for hyperparameter tuning, is a bandit-based early
stopping method that allocates limited resources across many configurations. The algo-

rithm evaluates a wide set of candidates on small budgets (e.g., fewer training epochs or
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SEE

Runs through different mutation phases. In this case
there is a Lamarckian phase (red), one feedback phase
(green) and a crossover phase (yellow).

Score

1 2 3
Phases

Figure 3.8: SEE search Population-based prompt evolution with localized feedback and

recombination (semantic/error-wise crossover) and builds prompts from scratch and com-

bines the strengths of prior candidates.

data samples) and iteratively prunes configurations that perform the worst while increas-
ing the budget for the best-performing ones.

Hyperband-SEE applies the Hyperband principle to prompt search by evaluating many
candidates on small budgets and gradually increasing resources for the most promising
ones. Instead of running SEE across the complete dataset for every candidate, it incre-
mentally increases the evaluation budget (number of conversations) while reducing the
number of surviving prompts. The process unfolds as a multi-round tournament, with

each round using a larger validation subset.

Each bracket in Hyperband-SEE defines a progressive allocation of validation samples
across multiple rounds. In the early rounds, it evaluates prompts on small subsets of the
labeled dataset, pruning many at once. In later rounds, it assigns larger budgets to the

surviving prompts, increasing the reliability of the validation scores.

The motivation for using multiple brackets comes from the uncertainty in how many val-
idation samples are needed to assess a prompt’s performance accurately. If early rounds
rely on too few samples, poorly performing prompts may survive simply due to poor es-
timates. On the other hand, using extensive validation sets too early limits the number of

prompts that can be explored.

The complete SEE algorithm is executed within each bracket round, comprising the

Lamarckian phase, one or more feedback phases, and crossover phases. Note, however,
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that Lamarckian prompt generation occurs only in the first round of each bracket, when
no prior prompts exist to inherit. In subsequent rounds, prompts that survive elimination
are re-evaluated using the larger validation budget. All rounds within a bracket share the
same SEE hyperparameter configuration (e.g., number of feedback iterations %1, number

of crossover phases k9, and the chosen crossover strategy).

Hyperband-SEE

Runs the SEE algorithm through tournaments, varying
the amount of validation samples used

#Prompts =4 ; #Validation samples = 20 #Prompts =2 ; #Validation samples =40 #Prompts =1 ; #Validation samples =80

2
Phases

Phases Phases

Tournament 3

-
1 2 3
Phases

Figure 3.9: Hyperband-SEE. Hyperband wrapper around SEE that allocates/early-stops
candidates using partial validation, pruning weaker prompts to focus budget on promising

ones.

3.4 Fine-Tuning Procedure

This subsection corresponds to sub-stage D: Fine-tuning in Figure We use the gen-

erated intents to fine-tune open-weight models for customer-service response generation.

3.4.1 Data Preparation

The conversational dataset we created in sub-stage A contains multiple consecutive mes-
sages from the same role (customer or assistant). To create a cleaner and more consistent
training structure, we collapse all consecutive messages from the same role into single
blocks. This transformation ensures that each turn contains a complete set of queries or

responses.
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We set up the fine-tuning process in the Albert Heijn co-assistant setting. For every train-
ing sample, we provide the model with the full ground-truth conversation history up to
the last customer query. We then task the model with predicting the following assis-
tant response or set of responses (when collapsed). This setup aligns with the real-world
scenario where a customer support assistant sees the complete conversation history and
must provide an appropriate response. The total number of collapsed assistant responses
available for fine-tuning is 116,906.

3.4.2 LLM Choice

We use Qwen3-1.7B as the base model for fine-tuning. The choice is motivated by three

primary reasons:

1. 1.7B parameters are relatively small compared to other open-weight models, and
enable fine-tuning with limited GPU resources.

2. It is a multilingual model, and supports Dutch, which is a strict requirement since
all of the conversations inside the dataset are in Dutch.

3. The instruction-tuned model has a thinking mode, which enables structured output
(thinking before answering). The thinking mode is interesting when using fine-
tuning techniques such as CoT.

3.4.3 Training Strategies

We set up five fine-tuning variants to evaluate different learning methods on the conver-
sational dataset. Each variant represents a unique fine-tuning approach. Figure [3.10|sum-
marizes the input structure, prompt templates per variant, the optional RAFT knowledge

block, and the supervised targets for each setup.

1. Response-Only: Fine-tuned directly on assistant responses. The model is provided
with the conversational history and learns to generate the following assistant mes-
sages. This setup is not intent-guided.

2. CoT (Intent Chain — Response Chain): This CoT-inspired method uses the
model’s built-in thinking mode. For each assistant turn, the model is trained to first
predict an intent list (a list of assistant response intents) inside a thinking block,
followed by the list of assistant response(s). This design encourages the model to

set up a response plan before generating the responses.
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3. 2-Step (Intent — Response): A two-phase training process. First, a LoRA adapter
is trained to predict intents for each assistant message, learning how to generate
intents given a response. Afterwards, a second adapter is trained to directly out-
put responses. This variant tests whether promoting intent understanding boosts

response quality.

4. 2-Step (Intent — CoT): Unlike the previous variant, the second phase trains the
model to output the intent chain and responses using the CoT format. The idea
here is that since intent names require a small amount of tokens compared to free-
form responses, with direct CoT, it might be the case that the loss function does not
penalize mistakes in the generated intent list enough. The model is first trained to
generate only the intent to address this. Once it has learned this, the task is extended

to include response generation, making the overall objective more challenging.

5. Mixed Ratio (Multi-Task Learning): In this setup, the 2-step variants are merged
into one training step by mixing the dataset. A single model is fine-tuned on a 30/70
curriculum: 30% of samples train intent prediction, and 70% train CoT intent-
response generation. Compared to the 2-step variants, it requires less training time
and could omit catastrophic forgetting, which might occur in multiple-stage fine-
tuning. A 30/ 70 split between the direct intent prediction and the CoT task was
chosen, motivated by the relative difficulty of the two tasks. Since direct intent
prediction is simpler, a smaller proportion of the curriculum was allocated, allowing
the model to devote more training to the more challenging CoT setup. We did not
perform an ablation study to optimize this ratio, but we consider it a reasonable
choice for this setting.

3.5 Retrieval-Augmented Integration

This subsection corresponds to sub-stage E: retrieval integration in Figure Here,
we cover RAG and RAFT, which leverage external knowledge sources to improve model
grounding and factual accuracy. As illustrated at the top of Figure [3.10, we implement
RAFT by prepending retrieved knowledge to the conversation context with simple rules
for using it.

Retrieval-based methods were incorporated into the modeling pipeline to enable more
grounded and contextually accurate response generation. We focus on two mechanisms:
RAG, which appends external knowledge at inference time, and RAFT, which integrates
retrieval context during the training phase. Together, these approaches simulate the real-
world scenario at Albert Heijn, where a co-assistant is expected to generate responses

based on conversation history and relevant knowledge articles.
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3.5.1 Knowledge Sources and Corpus Construction

We used two structured sources of domain knowledge to simulate the retrieval environ-

ment:

» Frequently Asked Questions (FAQs): A set of question-answer pairs publicly avail-
able on the Albert Heijn website.

* Knowledge Articles: Internal and external support articles containing structured
guidance for customer-facing issues. These articles include metadata indicating

validity periods, updates, and deprecation history.

While FAQs reflect the current situation, they lack the historical accuracy required to
evaluate past conversations. Therefore, we used time-filtered knowledge articles as the

primary source for retrieval and filtered them based on the following criteria:

* Knowledge articles must be externally visible (i.e., not internal HR or system doc-

uments).

* Content must be relevant to the Dutch market and aligned with filtered Dutch-

language customer conversations.

* Knowledge articles must belong to Albert Heijn, excluding other brands under
Ahold Delhaize.

* The article must be valid during the conversation, determined by matching times-

tamps with article metadata.

Each selected knowledge article was cleaned with regular expressions to remove HTML
markup and converted into structured (question, answer) pairs. We ultimately constructed
2,221 unique QA pairs with an average answer length of 35.88 words.

3.5.2 Relevance Matching and Retrieval Pipeline

We construct a retrieval mechanism to simulate a real-world retrieval scenario based on
semantic similarity between customer queries and knowledge base questions. The process

consists of the following steps:

1. Query Extraction: The customer’s first conversational turn is collapsed into a sin-
gle query.
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2. Embedding: The collapsed query and all knowledge article questions are embed-
ded using the ADA-003 model to obtain dense semantic vectors.

3. Similarity Computation: Cosine similarity is computed between the query and
each knowledge article entry.

4. Top-k Selection: The top three most similar QA pairs are retrieved and appended
to the prompt.

This approach is based on Albert Heijn’s current co-assistant GPT-40 RAG system, which

retrieves the top three knowledge articles and appends them to the prompt.

In the RAG setup, we prepend the top retrieved QA pairs to the input prompt during
inference. Since the model has not seen these entries during training, it must rely on its
internal knowledge to extract relevant information from the QA pairs. This setup reflects
the current co-assistant system, where relevant knowledge is added to the prompt without
adapting the model parameters.

While RAG enhances generation by providing access to external context, it assumes the
model can correctly determine the relevant context. RAFT addresses this limitation by
incorporating the retrieved QA pairs into the training samples. This allows the model
to learn when to rely on the retrieved content, how to ground its responses in it, and
when to ignore irrelevant information. In this research, we implement RAFT across the
best-performing fine-tuning setups to directly compare it with RAG and setups without
retrieval.
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LLM Input Prompt

history.

RELEVANT KNOWLEDGE

Q: | ordered a leftover, but | arrived at a closed door. What should | do?
A: Oh dear, that's certainly not supposed to happen. How unfortunate! It's possible that something went

wrong with entering the store's opening hours. | will forward your complaint to the store right away. Sorry
that this happened.

END KNOWLEDGE

You have been provided with a section of "RELEVANT KNOWLEDGE ARTICLES" 1o help you answer.
Follow these rules:

1. Prioritize Provided Knowledge: First, carefully read the provided knowledge articles. Your response
should be based primarily on this information to ensure accuracy.
2. Answer the User: Use the information to directly answer the user's question from the conversation

3. Ignore Irrelevant Knowledge: If the provided articles do not seem relevant to the user's specific
question, you must ignore them and use your general knowledge to provide the best possible
helpful response.

Used in 2-step and mixed |

Used in response-only and
2-step responese variant

the last message.

You are a helpful assistant. Given
the conversation, give an intent to

You are a helpful assistant. Given
the conversation, write the next
assistant reply.

T fr e teaaaaa ettt ey

|uaed in CoT, mixed and 2-step CoT variant

[You are an expert customer service assistant for our

company.

You must always follow a strict two-step process 1o reply:

1. Intents: First, determine the correct action or
actions needed. Write these on a new line starting
with Intent:

2. Responses: After a blank line, write the full, polite,
and helpful response to the customer, starting with

Response:

A

Conversation history:

Customer: | lost my wallet in one of the crates given to the delivery person.

Assistant: Good afterncon you're chatting with [NAME]
Assistant: Thanks for contacting us.

Assistant: When did this happen?

Customer: Just a few hours ago.

Assistant: May | have your zip code and house number?
Customer: [ADDRESS], [POSTAL_CODE]

| Optional knowledge addition
for RAFT (sub-stage E)

Fine-tuning setup
instructions

LLM Output

provide_address

Assistant: Are you still there?

Assistant: Can | also have your e-mail address?

intents:
ask_mail_address
check_presence

Responses:

Assistant: Can | also have your e-
mail address?

\Assistant: Are you still there? J

—— Labels to predict

Figure 3.10: Fine-tuning prompt formats and supervision targets (stage 2). The model
input is the LLM-processed conversation history; for RAFT (sub-stage E), an optional
block of retrieved knowledge is prepended with rules to prioritize it. The instruction tem-
plate varies by setup: response-only / 2-step response (green) asks for the next assistant
reply; 2-step and mixed (blue) ask for a message-level intent; CoT, mixed, and 2-step-
CoT (purple) enforce a chained output with Intents: followed by Responses:.

The bottom panel shows the labels supervised for each setup (intent names and/or the

next replies).




4 Experiments regarding GIFA & GPFA

In this section, we establish the optimal setup for generating LLM-based intent labels
in stage 1, which we later use in the fine-tuning experiments of stage 2. We begin with
the pre-processed Albert Heijn conversations from sub-stage A and construct a human-
labeled evaluation set of 250 conversations with high-granularity intent labels. This set
serves as the basis for optimizing the GIFA and GPFA settings. The effect of the pre-
processing choices: anonymization, cleaning, and handling incomplete conversations
is evaluated separately in subsection since assessing their impact requires the fine-

tuning setup.

We optimize the setup through a sequential process split into phases, where each phase
builds on the outcomes of the previous one. In phase 1, we tune retrieval configura-
tions for each sampling method within GIFA to maximize intent reuse (subsection {4.2]).
Building on these settings, phase 2 introduces GPFA to optimize prompts with different
prompt search algorithms. At the same time, we investigate the effects of sampling strate-
gies, lagged feedback, and, in the case of SEE and Hyperband-SEE, the depth and type of
feedback and crossover prompt updates (subsection {.5)). Finally, in phase 3, we compare
the optimized search algorithms to identify the most effective overall intent labeling strat-
egy (subsection4.6). We then apply the resulting prompt within GIFA to label all 26,253
pre-processed conversations, creating the dataset used in stage 2: modeling (subsection
|.7). Figure shows a complete stage 1 experimental setup overview.

RQ coverage. This section addresses RQ-A2, which asks how effectively the GIFA and
GPFA combination can generate intents of the right granularity, and RQ-A3, which asks
whether Hyperband-SEE improves prompt optimization efficiency and labeling quality

over SEE and simple baselines.

4.1 Human-Labeled Intent Dataset

To evaluate the performance of GIFA and GPFA, we have constructed a labeled evalua-
tion for 250 conversations chronologically sampled from the pre-processed, cleaned con-
versations dataset. This intent-labeled dataset contained high-granularity intent labeling,
capturing fine distinctions in message goals when appropriate.

We assigned a level of granularity to each message based on its importance. General-

purpose messages such as greetings and acknowledgments were grouped under broad

37
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Part of stage 1: labeling

Sub-stages B & C; RQ-A2 & Sub-stages B & C; RQ-A2 &
[ Sub-stage A; RQ-A1 ] [ Sub-stage B; RQ-A2 ] Sub-stages B & C; RQ-A2 & RQ-A3 RQ-A3 RQ-A3
Effects of LLM-based pre-processing steps on Phase 1: GIFA retrieval & Phase 2: Prompt optimization Phase 3: Final backbone Final dataset creation
fine-tuning ing configuration via search i search i i
Metrics: BLUE, ROUGE-L, METEOR, BERTscore Metric: intent-reuse Metric: NCAX AMI Metric: NCAx AMI
Dataset: Dataset: human-labeled intent Datasets: Datasets:

- Training set: used to fine-tune the LLMs ataset (250 conversations - Training set: used for - Training set: used for feedback-
- Validation set: used to evaluate the fine-tuned sampled from the 26,253 feedback-based prompt lbased prompt updates (50 i .
LLM i updates (50 conversations). ) Best prompt found in phase 3 is
- Validation set: used to —»|- Validation set- used to estimate [—»| USed Within GIFA to label all
estimate prompt performance e (6 26,253 conversations with
(75 conversations). o intents.

Note that the pre-processing experiments are
explained and evaluated in Subsection 5.4.

- Test set: used to determine final
prompt performance (125
conversations).

Phase 2A: Sampling method
and lagged
configurations (for all

backbone search algorithms

26,253 LLM-processed .
conversations coming from PhFHSEd iB- E:‘Dsst:\l;rz -!End ml
sub-stage A. ‘eedback depth (¢

variants only)

Figure 4.1: Stage 1: labeling experiments. Sequential setup for constructing the intent-
labeled dataset. LLM-based pre-processing (evaluated in subsection [5.4)); phase 1: GIFA
retrieval configuration for different sampling methods (optimize intent reuse); phase 2:
GIFA+GPFA prompt optimization where optimal sampling methods, lagged feedback,
and the amount and type of crossover and feedback rounds for SEE/Hyperband-SEE are
determined; phase-3: final comparison of the prompt search algorithms under their best
configurations. The best prompt from phase 3 is then applied within GIFA to label all

26,253 conversations, producing the final dataset used in stage 2.

categories like greeting and acknowledge problem, since additional detail of-
fered little benefit. In contrast, subtle but meaningful distinctions, such as requesting a
refund for damaged versus spilled items, were treated as distinct intents, because they re-
quired different assistant actions. Across 250 conversations consisting of 6,781 messages,
the annotation produced 1,193 unique intents. Figure 4.2]illustrates the number of unique
intents and their frequencies.

These high-granularity labels support the central goal of our work: enabling models to
understand and express the semantic purpose behind each message rather than predicting
predefined intent categories. By looking at intent prediction as a generative task rather
than a classification problem, we encourage the model to learn the meaning and structure

of the intents themselves, possibly allowing for more informative output.

While coarser intent groupings (i.e., medium-granularity labels) may cover more mes-
sages per intent, they can result in critical distinctions in customer goals. In an ablation
study, we compared the performance on medium- and high-granularity label sets to as-
sess whether medium-level grouping offers practical benefits. Results of our analysis,

including clustering performance of generated intents, are included in Appendix
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Figure 4.2: Human-labeled intent dataset. Intent growth and frequency. The left
plot shows the semi-linear growth of unique intents over conversations. The right plot
shows the long-tail distribution of intent frequencies, binned logarithmically: bin edges
are spaced evenly on a log,, scale between the minimum and maximum observed intent
frequencies (25 bins total).

4.2 Phase 1: GIFA Retrieval and Sampling Configuration

Experimental setup In the first phase, we set up an experiment to investigate how dif-
ferent configurations for retrieving prior intents influenced intent reuse during intent gen-
eration by GIFA. Our goal was to determine which retrieval method and depth yielded the
most consistent intent labels, measured by the number of unique intents generated across
the messages in the labeled dataset.

To isolate the effect of retrieval settings, we fixed two variables during this phase:

1. A static human-made prompt held constant across all retrieval settings (Appendix

(@)

2. A fixed sampling method (either name, general, or example), which determines
how retrieved intents are formatted in the prompt.

This setup ensured that any change in the number of discovered intents is solely due to
the retrieval configuration.

In addition, we included an extra initial experiment to evaluate the effect of using re-

trieval. In this experiment, we compared all retrieval configurations against a no-retrieval
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baseline, where the prompt contained every previously found intent up to the token limit
of GPT-4o.

We varied and tested the following parameters:

1. Retrieval Method:

* Lexical: BM25-based ranking over token overlap
* Semantic: Cosine similarity using ADA-003 sentence embeddings

* Hybrid: A combination of both via Reciprocal Rank Fusion (RRF)

2. Retrieval Depth (k):
The top-k most similar messages from the known-intent dataset were retrieved for
each message in the target conversation. The set of unique intent labels associated

with these messages formed the relevant intent list for that message. We tested
ke {1,2}.

3. Sampling Method:

* Name: Only intent names
* General: Intent names plus short general descriptions

* Example: Intent names plus message examples

4. Few-Shot Examples per Intent (n):
Only applicable when example was set as the sampling method. This parameter
defines how many examples are added to each relevant intent. We tested n € {1,2}.

The success criterion for this phase was intent reuse, measured by the total number of
unique intent labels generated by GIFA over the labeled dataset of 250 conversations
(6,781 messages). Since this phase was unsupervised, we compared the different search
setups by their reuse rate: a lower number of unique labels indicated better reuse of known

intents and fewer redundant or semantically overlapping labels.

Three retrieval methods, three sampling strategies, and two values of k (plus two values
of n when example is used) resulted in 24 experiment configurations that had to be tested.
We ran each configuration with a different random seed five times to account for LLM

randomness.

The goal of this experiment was to answer the following questions. First, we assessed
whether retrieval improved intent reuse compared to a no-retrieval baseline. Then, for

each sampling strategy independently:
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* Which retrieval method results in the highest intent reuse?
* What is the optimal value of £ for retrieving relevant messages?

* For the example sampling strategy, how many few-shot examples (n) should be
included per intent?

We selected the best-performing retrieval settings for each sampling strategy and fixed
them for the following experimental phase, focusing on prompt optimization and sam-
pling methods.

Results:  We report outcomes in the following order: retrieval off versus on (Figure d.3),
then the optimal search setup per sampling strategy: example (Figure|.4)), general (Figure
4.5), and name (Figure .6). The metric used is the number of unique intent labels (lower
= better).

Figure compares all retrieval-enabled configurations against a no-retrieval baseline.
The figure implies that turning off the search consistently resulted in more unique intents
than any retrieval-based setup. This suggests that retrieval, regardless of configuration,
increases intent reuse, which aligns with promoting reuse and minimizing noise within

the prompts.

When we set the sampling method to example, we varied the retrieval method, the retrieval
depth (k), and the number of examples per intent (n) (Figure 4.4), and clear patterns
emerged. Configurations that included two examples per relevant intent (n = 2) led to
better reuse (fewer intents found) than those that used only one example (n = 1). This
suggests that richer contextual input supports more consistent reuse. Among the retrieval
methods, semantic search consistently yielded the best reuse, followed by hybrid, with
lexical performing worst. Furthermore, within semantic configurations, retrieving fewer
intents (K = 1) resulted in fewer unique intents than k£ = 2, suggesting that adding more

retrieved intents introduces more variation and potential noise into the prompt.

A similar pattern was observed under the general sampling strategy (Figure4.5): seman-
tic retrieval with £ = 1 led to the fewest unique intents. Lexical retrieval performed
worst, and hybrid retrieval showed intermediate performance. While hybrid retrieval and
semantic retrieval with k£ = 2 performed similarly in reuse, we selected semantic retrieval
with k£ = 1 as the preferred configuration because it reduced token cost and required less

computation.

The results deviated slightly in the name sampling strategy (Figure[d.6), where only intent

names were included in the prompt. Here, lexical retrieval led to the poorest reuse, and
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Cumulative Intents Found Over Conversations:
Search On vs. Off
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Figure 4.3: Retrieval on vs. off for intent reuse. On the 250-conversation labeled set,
enabling retrieval (any method) yields fewer unique intents than a no-retrieval baseline
(prompt listing all past intents within token limits), thus search promotes known intent

reuse.

increasing k from 1 to 2 improved reuse, the opposite of what was observed with example
and general sampling. This difference is likely due to the compactness of the name for-
mat: even when multiple intent names were added, the prompt remained concise. Thus,
increasing the number of retrieved intents (kK = 2) provided more relevant intent sig-
nals without overwhelming the LLM. Among these, we selected semantic retrieval with
k = 2 as the best-performing strategy, preferring it over hybrid because it required less
computation.

Finding — RQ-A2. Retrieval improved intent reuse in GIFA across all sampling strate-
gies; the best configurations were example: semantic k=1, n=2; general: semantic k=1;
name: semantic k=2. In conclusion, retrieval improves intent reuse across all sampling

strategies. The optimal retrieval configuration is dependent on the sampling method.

We carried these best-performing setups into the next experimentation phase, refining

prompt composition and sampling methods.

4.3 Clustering Evaluation Metrics

We evaluated the quality of the intent clusters generated by GIFA and GPFA using two

complementary clustering metrics: Normalized Clustering Accuracy (NCA) [54] and Ad-
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Cumulative Intents Found Over Conversations:
Varying Retrieval Method, top_k, and top_n for Sampling Method: Example
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Figure 4.4: Example sampling: retrieval method, % , and n. With example sampling,
semantic retrieval (ADA-003) at £ = 1 and n = 2 examples per intent minimizes unique
intents; hybrid (RRF) is middling, lexical (BM25) worst; £ = 2 adds noise. Five seeds on
250 conversations. Here, k is the retrieval depth (number of top-retrieved messages whose
intent labels are added to the GIFA prompt), and n is the number of message examples
appended per retrieved intent in the prompt.

justed Mutual Information (AMI) [S5]. Each metric captures a different aspect of cluster-
ing performance, and together they provide a balanced evaluation of both granularity and

correctness.

NCA measures local cluster purity by assessing, for each ground-truth intent cluster ¢; €
C, how well its messages are grouped within a single predicted cluster p; € P. The NCA

formula is given in Equation {.1]

NCA(C, P) = = 3™ max [<012
P = o 2

4.1)

Where C' = {c1, ..., cc|} represents the set of true intent clusters and P = {pi,...,pp(}
the predicted clusters. NCA ranges from O to 1, with 1 indicating perfect alignment.
NCA normalizes per ground-truth class before averaging, ensuring frequent intents (e.g.,
greetings or closings) do not dominate the score. This makes it particularly suitable for
this project, where rare and fine-grained intents are just as, or sometimes even more,

important than common ones.

Adjusted Mutual Information (AMI) is also used to complement NCA. AMI measures
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Cumulative Intents Found Over Conversations:
Varying Retrieval Method and top_k for Sampling Method: General
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Figure 4.5: General sampling: retrieval method and k. Best reuse with semantic k£ = 1
and hybrid ~ semantic at £ = 2. Lexical search performs the worst. Five seeds on 250

conversations. Here, k is the retrieval depth (number of top-retrieved messages whose
intent labels are added to the GIFA prompt).

global agreement between the predicted clustering and the ground truth, while correcting
for chance. AMI is based on mutual information /(C'; P) and entropy H(-), and the
formula can be found in Equation[4.2]

I(C;P) — E[I(C; P)]
max{H(C), H(P)} — E[I(C;P)]

AMI(C, P) = (4.2)

The resulting AMI scores lie in the [—1, 1] range, with 1 indicating perfect clustering, O
equivalent to random assignments, and negative values representing worse-than-random
clustering. Unlike NCA, AMI is not normalized per class; instead, it assesses the overall
structure of the clustering, making it helpful in detecting over-merging or over-fragmentation
of clusters.

Because NCA and AMI evaluate different yet complementary aspects of clustering, lo-
cal correctness, and global structure, we optimize their product during prompt optimiza-
tion. This product ensures strong performance in both metrics, since it penalizes cases
with high AMI but low NCA (over-generalization) or high NCA but low AMI (over-
fragmentation). This encourages the model to generate semantically correct clusters with

the expected granularity.

Alternative metrics such as Normalized Mutual Information (NMI) and Adjusted Rand
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Cumulative Intents Found Over Conversations:
Varying Retrieval Method and top_k for Sampling Method: Name
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Figure 4.6: Name sampling: retrieval method and %. Best reuse with semantic k£ = 2
(slightly deeper context helps for names); hybrid in-between; lexical worst. Five seeds
on 250 conversations. Here, £ is the retrieval depth (number of top-retrieved messages
whose intent labels are added to the GIFA prompt).

Index (ARI), which are often used as clustering metrics, were considered but not used.
NMI lacks the chance adjustment, making it sensitive to cluster frequency imbalance. At
the same time, ARI assumes equality between the number of predicted and ground-truth
clusters, which is not true in our intent discovery task. Thus, we combined NCA and AMI

for the following intent generation experiments.

4.4 Dataset Splitting Strategy

To ensure consistent evaluation across all prompt optimization experiments, we split the
intent-labeled dataset into three distinct subsets using chronological ordering (since the
human labeling was also done chronologically):

* Training Set (50 conversations): Used exclusively for creating feedback during
prompt optimization. Prompts may be refined based on model performance and
examples belonging to this subset. A training set used during prompt optimization
is different from fine-tuning an LLM. Only a small pool of conversations is needed
to gather feedback; therefore, the training set is smaller than the validation and test

sets.

* Validation Set (75 conversations): Used throughout the optimization process to
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evaluate the relative quality of candidate prompts. All hyperparameter tuning scor-
ing relies on this set.

* Test Set (125 conversations): Held out entirely during development. This set was
used only to evaluate the best prompt discovered by each search algorithm (phase
3).

This separation ensured that feedback-driven refinement does not leak into evaluation and

that final performance reflects generalization to unseen examples.

Note that this dataset split was not used during phase 1 of the experiments, which focused
on comparing GIFA setups. The entire labeled dataset was used in phase 1 since it did not

involve any optimization.

4.5 Phase 2: Prompt Optimization via Search Algorithms

After identifying the optimal configurations for intent retrieval and sampling in phase 1,
we focused the second phase on evaluating and optimizing the prompt search process
within GPFA. In this phase, we replaced the static prompt used in phase 1 with dynami-
cally evolving prompts, which we optimized through black-box prompt search strategies
guided by feedback on clustering quality. The aims of this phase were:

* To compare the effectiveness of different prompt search algorithms in optimizing

clustering performance.

* To analyze how sampling strategies and feedback mechanisms interact with these
search methods to affect final prompt quality.

Based on the outcomes of phase 1, we kept the retrieval configuration constant in this
phase. In phase 2, we aimed to isolate and measure the contribution of prompt optimiza-
tion techniques. We evaluated each prompt search strategy across multiple configurations,

which resulted in two sub-experiments.

4.5.1 Phase 2 Sub-Experiment A: Sampling Method and Lagged Feedback

Experimental setup: In this sub-experiment, we compared four prompt search algo-
rithms: greedy search, random search, SEE, and Hyperband-SEE. We applied each al-
gorithm under multiple sampling methods (name, general, example) and with or without
lagged feedback.

For each combination of:
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* Prompt search algorithm € {greedy, random, SEE, Hyperband-SEE}
» Sampling method € {name, general, example}

 Lagged feedback € {True, False}

We performed a full optimization run with 24 configurations. Each run repeatedly evalu-

ated GIFA outputs on the validation set and updated the prompts in every iteration.

This sub-experiment aimed to determine the best prompt configuration for each algorithm
and to assess:

* Whether lagged feedback leads to better prompts.

* Which sampling strategy results in more effective prompt learning?

Results We evaluated the NCA x AMI score under the phase 1 retrieval setup, averaging
five seeds per configuration. We first compare sampling strategies across backbones and
then examine the effect of lagged feedback.

The results presented in Figure show that the name and general sampling methods
consistently outperformed the example method across all prompt searching algorithms.
The name strategy performed slightly better than general, suggesting that allowing the
model to interpret intent meaning based solely on intent names enables more effective
optimization. In contrast, the example method constrained the model by limiting intent
assignment to specific examples, which reduced generalization. The general method,
offering intent descriptions, provided a middle ground but remained less effective than

using names.

Turning on lagged feedback resulted in lower scores and increased variance. This could
be due to the dual LLM calls required to generate and apply feedback, which introduce
additional stochasticity into the optimization process. When lagged feedback was dis-
abled, the prompt search produced more stable and higher-quality results. This trend held

across all sampling strategies.

Finding — RQ-A3. Across prompt-search backbones, name sampling without lagged
feedback achieved the highest NCA x AMI and the lowest variance; enabling lagged feed-
back lowered performance and increased variance (Figure {.7)).



Chapter 4. Experiments regarding GIFA & GPFA 48

Clustering Performance (AMI x NCA): varying lagged feedback and the sampling method
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Figure 4.7: Lagged feedback and sampling method (boxplots). In GPFA, turning off
lagged feedback improves NCA x AMI and reduces variance across seeds. Name-only
sampling outperforms general and example, and no lagged feedback results in higher

scores. (validation-set scores across multiple runs.)

Finding — RQ-A2. Within the GIFA/GPFA pipeline, choosing name-only sampling
and turning off lagged feedback yielded higher-quality discovered intents (higher NCA x AMI),

thus a more effective intent discovery.

We guided Sub-Experiment B by these results, fixing name sampling and turning off
lagged feedback.

4.5.2 Phase 2 Sub-Experiment B: Crossover and Feedback Depth (SEE Variants
Only)

Experimental setup: In this sub-experiment, we explored how additional evolutionary
features affected performance, applying them exclusively to the SEE and Hyperband-SEE
strategies. While we can compare the two, our primary goal in this phase was not cross-
algorithm comparison but to analyze the relative effects of feedback and crossover within
each algorithm. Since Hyperband explores more prompts under the same budget, we
interpret differences between SEE and Hyperband-SEE in the context of their respective
settings. With the best-performing sampling and feedback configuration fixed from sub-

experiment A, we explored the following factors:

* The number of feedback rounds, k; € {1,2}
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* The number of crossover rounds, k2 € {1,2}, and the types of crossover rounds:

error-wise or semantic-wise.

We evaluated each configuration by running the full SEE and Hyperband-SEE routines
on the validation set. The goal was to examine the contribution of crossover and feedback
depth to overall prompt quality and to determine whether the increased compute cost of

crossover phases is justified by improved clustering performance.

Results: NCAxAMI was evaluated under name sampling with lagged feedback dis-
abled (per 2A), investigating feedback depth k; and crossover rounds k, for SEE and
Hyperband-SEE. We first report SEE (Figure §.8)), then Hyperband-SEE (Figure [.9),
and conclude with a seeded comparison (Table 4.1)).

Figure 4.8| presents the performance of different SEE configurations across varying feed-
back depths (k; € [1,2]) and crossover strategies (ko € [0, 1, 2]), using either error-based
or semantic-based crossover types. The configuration with two feedback rounds and no
crossover achieved the highest scores overall. Adding one or two crossover rounds, even
with error-based strategies, did not lead to further gains and increased computational
cost without consistent performance improvement. Configurations without any feed-
back phase performed worse, confirming the central role of feedback in guiding effective

prompt optimization.
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Figure 4.8: SEE internals: feedback and crossover. Best SEE configuration uses two
feedback rounds and no crossover; error-based crossover is more stable than semantic
crossover. Metric: NCA x AMI.

Among the crossover strategies, error-based crossover consistently outperformed semantic-

based crossover, showing higher median scores and lower variance. Semantic crossover
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introduced greater variability, likely due to its unsupervised and generative nature, while
the error-based crossover directly exploits prompt-specific weaknesses, making it more
stable and targeted. The two-feedback-only configuration outperformed all others while
remaining resource-efficient, so we selected it as the final configuration for the SEE algo-

rithm.

Figure 4.9) shows the corresponding Hyperband-SEE results under the same configura-
tion space. Here, crossover became more effective when paired with feedback. Several
configurations with one feedback round and one crossover round (either error or seman-
tic) perform nearly as well as the two-feedback-round setup. This could be attributed
to Hyperband’s design. The algorithm incorporates more feedback-like adjustments by
evaluating prompts across multiple rounds with increasing validation budget, amplifying

the impact of even a single explicit feedback round.

Per-config boxplots clustered by total validation samples (final round)

: TR

: , ﬂ :
025 I
020
015
0.10

ke o -3 1Y
© & & & & &

Sum of validation samples (final round) per config (grouped clusters)

Raw score

O o
<l o
S &

Config (parsed)
fb=0+ co=1+co types=ada fb=0+ co=2 + co types=error,error
fb=2 + co=0 fb=1+ co=0
fb=2 + co=1 » co types=error b=1+ co=1 = co types=ada
b=2 + co=2 « co types=ada_error =1+ co=1 » co types=error
fb=2 + co=2 + co types=error_error fb=1+ co=2 + co types=ada_error
1b=0 + co=1 + co types=error fb=1+ co=2 + 0o types=error_error
1b=0 + co=2 » co types=ada,error

EEEEEER
EEEEEE

Figure 4.9: Hyperband-SEE internals: feedback and crossover. Under hyper-
band scheduling, one-feedback/one-crossover can be competitive, but two-feedback/no-

crossover remains strongest at equal validation budgets. Metric: NCA x AML.

As in the standard SEE case, semantic-based crossover in Hyperband-SEE showed higher
variance, while error-based crossover remained more stable and performed better.

We re-ran the four top-performing setups across five random seeds to determine the best
configurations for the Hyperband-SEE algorithm. Table shows that the configuration
with two feedback rounds and no crossover achieved the highest mean score and lowest
variance, significantly outperforming all others. Configurations with one feedback round
and a single crossover (error or semantic) performed similarly to each other but did not
match the two-feedback-only setup. We selected the two-feedback configuration without

crossover as the optimal Hyperband-SEE variant based on these results.
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k1 ko Crossover Type NCAxAMI

2 0 - 0.365 + 0.02*
1 1 Error 0.334 +£0.03
1 1 Semantic 0.324 +£0.03
1 0 - 0.330 + 0.02

Table 4.1: SEE/Hyperband-SEE (feedback and crossover). Effect of feedback rounds
(k1) and crossover rounds (k) on clustering quality (NCA x AMI), comparing error-based
vs. semantic (ADA-003) crossover; five seeds; best in bold; *p < 0.05.

Finding — RQ-A3. SEE performed best with two feedback rounds and no crossover;
Hyperband-SEE showed competitive one-feedback with one-crossover variants, but two-

feedback with no-crossover remained strongest overall under equal validation budgets

(Figures Table . 1)).

Finding — RQ-A2. Optimizing the GIFA prompt with two feedback rounds (no crossover)
improved clustering quality (higher NCA x AMI), indicating more effective intent discov-
ery in the GIFA/GPFA pipeline.

4.6 Phase 3: Final Backbone Search Algorithm Comparison

Experimental setup: In the third and final phase, we compared the best-performing
settings for the prompt search strategies. Under fixed computational budgets and evalu-
ation conditions, we quantified how well each method generalized to unseen data, using

the optimal configurations identified in phase 2.

We allocated each algorithm a validation budget of 1,800 conversation evaluations to
ensure a fair comparison. In our setup, this budget corresponded to roughly five hours of
computation (in our setup). Each algorithm was run with five different random seeds to

assess stability and variance in performance.

For each seed:

1. The prompt search algorithm was executed using the train and validation split.

2. The top-ranked prompt (based on NCA x AMI score on the validation set) was se-
lected.
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3. This prompt was evaluated using the full 125-conversation test set to obtain final

clustering metrics.

We compared the different methods by scoring the final prompts they produced. For
greedy search, random search, and SEE, we also examined the cumulative maximum
scores over iterations. The comparison was limited to these three methods, since Hyperband-
SEE uses fewer validation samples in early rounds, making its optimization process diffi-

cult to compare directly.

Results: Under the fixed validation budget, we first examined the cumulative best-of-
iteration trajectories for greedy search, random search, and SEE (Figure 4.10). We then
report held-out test scores for all methods (Table §.2)).

Figure 4.10| shows the cumulative maximum scores over prompt iterations for greedy
search, random search, and SEE. Greedy and random search started with relatively high
initial scores, beginning from a manually crafted human prompt. In contrast, SEE started
from scratch and constructed prompts by itself. Despite this initial disadvantage, SEE
converges to a higher final score than greedy and random search. Greedy search demon-
strates early gains but converges quickly, suggesting that its exploitative behavior causes it
to get trapped in local optima. Random search improves more gradually and consistently,
benefiting from broader exploration. SEE, however, achieves larger cumulative gains

throughout the search and outperforms both in final score and convergence behavior.

We extracted and averaged the final scores from all runs to compare them with the Hyperband-
SEE method. Table [4.2] presents these results.

Configuration Score (NCA xAMI = Std)

Greedy 0.3385 + 0.0093
Random 0.3429 + 0.0208
SEE 0.3524 + 0.0053
Hyperband-SEE 0.4195 + 0.013*

Table 4.2: Prompt-search backbones under equal budget. Test NCAxAMI
(mean =+ std) for greedy search, random search, SEE, and Hyperband-SEE search
with identical validation budget (1,800 evaluations; five seeds); scores on the 125-
conversations test set.; *p < 0.05.

As shown in Table4.2] Hyperband-SEE achieved the highest average test score compared

to the others. Its early pruning mechanism concentrated resources on the most promising
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Average Cumulative Max Score over prompt iterations

0.35
e —
S —
0.30 /,—/

0.25 A

0.20 A

Average Cumulative Max (AMI x NCA)

0.15 1
Configuration
—— Greedy search
0.10 Random search

= SEE

0 5 10 15 20 25 30 35
lteration

Figure 4.10: Cumulative best NCA x AMI versus iterations. Trajectories for greedy
search, random search, and SEE under the same budget (1,800 validation evaluations;
five random seeds): SEE starts without a human prompt yet surpasses greedy and random
search; Hyperband-SEE was excluded here due to incomparable interim budgets.

prompts, leading to stronger overall performance. This approach, however, introduced
slightly higher variance than SEE, likely due to its reliance on partial validation samples
in early rounds, which could misestimate prompt quality. SEE performed nearly as well,
offering relatively strong scores with lower variance. Greedy and random search scored
lower on average, with random search exhibiting higher variability, possibly due to its
stochastic nature.

Finding — RQ-A3. With equal validation budgets (1,800 evaluations; five random
seeds), Hyperband-SEE attains the highest test NCA x AMI, outperforming SEE, greedy
search, and random search. Despite starting without a human seed, SEE surpasses greedy

and random search, while Hyperband’s pruning delivers the best overall performance.

Finding — RQ-A2. The Hyperband-SEE optimized prompt increases GIFA intent dis-
covery quality (higher NCA x AMI on the held-out test set).

We used the best Hyperband-SEE prompt found to generate intents across all 26,253
conversations for downstream fine-tuning.
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4.7 Final Dataset Creation

Experimental setup: After determining the best GIFA and GPFA settings from the
three-phased experiment plan, we selected the best Hyperband-SEE prompt and used it as
input for GIFA to generate intents for all messages in the complete conversation dataset.
We then analyzed the number of intents found across all 26,253 conversations and the
distribution of their frequencies.

Results: Using the phase 3 top-ranked Hyperband-SEE prompt (Appendix [B), which
yielded an NCA x AMI score of 0.465, we applied GIFA to label the full dataset of 26,253
conversations. Below we report corpus-scale growth in unique intents and the resulting
intent-frequency distribution (Figure @.TT]).

Figure {. 11| illustrates the resulting distribution of intents. The number of unique intents
initially increased rapidly but stabilized into a near-linear growth trend. This behavior is
consistent with expectations in dynamic customer service environments, where novel cus-
tomer queries and assistant responses continue to emerge over time, but at a diminishing
rate. It also matches the intent growth and frequency distribution of the labeled dataset
(Figure [d.2), suggesting that the GIFA algorithm correctly captured the underlying intent
dynamics.
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Figure 4.11: High-granularity dataset intent growth and frequency. Running the best
Hyperband-SEE prompt with GIFA over 26,253 conversations yields 24,357 unique in-
tents covering 367,157 messages; unique-intent growth starts steep, then linearizes. The
frequency distribution is long-tailed, as shown in the histogram with bin edges spaced

evenly on a log,, scale between the minimum and maximum observed intent frequencies
(25 bins total).
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The intent frequency distribution exhibits a long-tail pattern: few intents occur frequently,
while the majority have only a few mapped messages. This reflects the intended granular-
ity of the labeling scheme, where many intents are domain-specific and narrowly defined,
while a few (e.g., greetings or acknowledgments) are more general. We identified 24,357

unique intents across 26,253 conversations, covering 367,157 messages.

Finding — RQ-A2. At full scale, the GIFA/GPFA pipeline yields stable, high-reuse,
long-tail intent annotations (24,357 intents over 367,157 messages).

4.8 GIFA and GPFA Research Questions: Summary

RQ-A2: How effectively can intent labels be discovered using the proposed GIFA/GPFA

framework?

Retrieval improves intent reuse versus no retrieval (phase 1: Figure 4.3)). Best retrieval
settings depend on the sampling method: example: semantic k=1, n=2; general: se-
mantic k=1; name: semantic k=2 (Figure 4.4{/4.6). Within GPFA, name-only sampling
outperforms general and example, and disabling lagged feedback yields higher scores and
lower variance (phase 2A; Figure [4.7). At full scale, GIFA and GPFA produced 24,357
unique intents across 367,157 messages with a long-tail frequency distribution, matching
the labeled dataset. (Figure 4.TT).

RQ-A3: Does Hyperband-SEE improve prompt-search efficiency and final labeling qual-
ity over SEE and simple baselines?

Under an equal validation budget (1,800 evaluations; five random seeds), Hyperband-SEE
achieves the highest test NCA x AMI, outperforming SEE, greedy search, and random
search (phase 3; Table 4.2)). Within SEE/Hyperband-SEE, the best internal configuration
is two feedback rounds, no crossover; error-based crossover is more stable than semantic,
and lagged feedback degrades performance (phase 2B; Figures [4.8] 1.9} Table [4.T)).



S Experiments regarding Fine-Tuning

In this section, we evaluate modeling choices for stage 2 (sub-stages D-E) and how
they interact with the intent labels produced in stage 1. We begin by revisiting sub-
stage A: before comparing modeling variants, we quantify the effect of LLM-based pre-
processing (anonymization, cleaning/merging, and filtering incomplete conversations) via
downstream fine-tuning performance (subsection [5.4). This establishes the data prepara-
tion we carry forward into the modeling phases. All experiments were done using a
chronological train/validation/test split to assess generalization under domain drift, share
a fixed QLoRA and LLM hyperparameter fine-tuning setup, and we evaluated fine-tuned
models using automatic metrics (BLEU, ROUGE-L, METEOR, BERTScore). The final
experiment used LLLM-as-a-judge evaluation (G-Eval) on helpfulness, semantic similarity,

and professionalism.

The stage 2 experiments are split into four phases that build on one another. In phases 1-3,
we focus on open-weight models: in phase 1, we compare intent-guided variants (CoT, 2-
step, mixed) against a response-only baseline for next-reply generation (subsection [5.5));
in phase 2, we investigate retrieval strategies by comparing RAG with RAFT applied to
the strongest phase 1 setups (subsection [5.6); and in phase 3, we examine model size by
scaling from 1.7B to 4B parameters (subsection [5.7). In phase 4, we provide the final
comparison with a closed-weight LLM setup, where we evaluate the best-performing
intent-guided and response-only models against each other and against a closed-weight
GPT-40 RAG co-assistant baseline (subsection [5.9). Figure summarizes the stage 2
experimental flow and shows where each research question is addressed.

RQ coverage. This section answers RQ-A1 (impact of LLM-based pre-processing), RQ-
B1 (intent-guided versus response-only fine-tuning), RQ-B2 (RAFT versus RAG), RQ-
B3 (model size effects), and RQ-B4 (comparison with GPT-40 RAG).

5.1 Fine-Tuning Evaluation Data Setup

We used time-based data splitting to evaluate the performance of the fine-tuned models.
Our goal is to develop a model that remains effective as new customer questions and
business situations emerge. Frequent retraining is undesirable whenever business logic
changes. For example, customers may begin referring to new promotions (e.g., scratch

tickets, digital vouchers) or new product features.

56
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Figure 5.1: Stage 2: modeling experiments. Sequential setup for evaluating fine-tuning
and retrieval strategies on the intent-labeled dataset from Stage 1. 26,253 pre-processed
conversations labeled with GIFA+GPFA intents form the basis. Training and validation
sets are used to fine-tune open-weight LLMs and assess intermediate results with auto-
matic metrics (BLEU, ROUGE-L, METEOR, BERTScore). Phase 1 (RQ-B1) compares
intent-guided fine-tuning variants against a response-only baseline. Phase 2 (RQ-B2)
compares RAG with RAFT. Phase 3 (RQ-B3) studies model-size scaling from 1.7B to 4B
parameters. Finally, phase 4 (RQ-B4) compares the best-performing open-weight models
from earlier phases against the closed-weight GPT-40 RAG co-assistant using LLM-as-a-

judge (G-Eval) on helpfulness, semantic similarity, and professionalism.

To simulate temporal changes and reward models that generalize to unseen queries, we
performed a chronological data split. Training was carried out on older conversations,
while evaluation targeted more recent interactions containing new or emerging topics.
This setup allows us to assess how well the models handle domain drift. The dataset was
divided into three splits:

1. Training set (80%, 93,524 samples): We used the earliest conversations in the

dataset to fine-tune the model.

2. Validation set (10%, 11,697 samples): We selected this subset from the subsequent
period to identify the best-performing model configuration.

3. Test set (10%, 11,697 samples): We held out the most recent portion of the dataset

for final evaluation and to estimate real-world generalization.
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5.2 Model Training Configuration

Qwen3-1.7B was used for the fine-tuning experiments and applied the QLoRA approach.
To ensure comparability across experimental conditions, we applied the same hyperpa-

rameters consistently to all model variants:

* Learning rate: 2e—4

¢ LoRA rank (r): 16

* LoRA alpha: 32

* Maximum sequence length: 2048

* Batch size: 32

* Warmup ratio: 0.05

* Learning rate scheduler: Cosine decay

* Early stopping: Training was halted if the validation loss improved by more than
0.005 over 300 steps.

In all fine-tuning experiments, we selected hyperparameters based on the recommended
configurations from the QLoRA paper [43] and the settings suggested in the Hugging
Face PEFT and Transformers libraries, rather than tuning them individually.

All models were trained on the time-split training set to simulate generalization to newly

emerging customer issues.

5.3 Evaluation Metrics

Lexical and semantic metrics were combined to assess the quality of generated assistant
responses across different fine-tuning setups. Lexical metrics measure word overlap be-
tween the model’s and ground-truth responses, while semantic metrics evaluate meaning

similarity.
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5.3.1 Lexical Similarity

Lexical metrics yield a high score whenever a response closely matches the words and
phrases from the ground-truth responses. While lexical scoring does not fully capture se-
mantic similarity, these metrics can help measure how well the model replicates reference

responses. We chose the following three lexical metrics to assess the models:

BLEU (Bilingual Evaluation Understudy): BLEU computes the proportion of n-gram
matches between the generated text and one or more reference texts. BLEU scores range
from O to 1, with higher values indicating greater overlap. BLEU rewards exact n-gram
matches, especially for shorter phrases and word sequences. A limitation of BLEU is that

it may penalize valid paraphrases or synonyms.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation): ROUGE-L measures
the longest common subsequence between the generated response and the reference.
ROUGE emphasizes recall, rewarding the models for covering key parts of the ground-

truth responses regardless of exact word order.

METEOR (Metric for Evaluation of Translation with Explicit Ordering): METEOR
improves upon BLEU using stemming, synonym matching, and word order penalties.
METEOR accounts for semantically similar words, making it more robust to paraphras-

ing.

5.3.2 Semantic Similarity

In addition to the lexical metrics, we used semantic similarity metrics to assess whether
the meaning of the generated assistant responses aligns with that of the ground-truth ref-
erences. Compared to lexical metrics, semantic metrics capture paraphrasing and broader

variations in phrasing.

We used BERTScore during the fine-tuning experiments. BERTScore computes similarity
based on contextual word embeddings from a large pre-trained transformer model [56].
Specifically, we applied the Dutch-language setting of the XLM-RoBERTa-Large model.

BERTScore compares each token in the generated response to those in the reference re-
sponse using contextual embeddings and calculates a similarity score based on cosine
similarity. The result reflects how semantically close the generated output is to the ref-
erence, even when exact word choices differ. This metric provides a more accurate eval-
uation model for performance in realistic scenarios, where multiple valid versions of a

correct response can exist.
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5.4 Effect of LLM-Based Pre-Processing on Fine-Tuning

Experimental setup: As introduced in the methodology, we applied three LLM-based

pre-processing steps to enhance the quality of training data before fine-tuning:

* Anonymization was used to prevent the model from learning or memorizing per-

sonal information.

* Message correction and merging combined or concatenated related messages,
deleted redundant messages, and corrected grammar or spelling issues.

* Conversation filtering removed conversations that ended without resolving the

customer’s issue.

Rather than constructing separate labeled datasets to evaluate each pre-processing step,
the impact was assessed indirectly by comparing the performance of models fine-tuned

on differently pre-processed datasets.

Note that although we present this subsection after the GIFA and GPFA experiments for
clarity, we conducted the pre-processing evaluation beforehand. This allowed us to select
the best-performing data processing setup for the GIFA and GPFA evaluations and for all

subsequent fine-tuning experiments.

The anonymization step was excluded from this comparison. In our co-assistant deploy-
ment setting, human assistants review all assistant responses before sending them, elimi-

nating the risk of exposing sensitive information.

We compared the following three fine-tuned models:

* Raw model: Fine-tuned on unprocessed data (no correction, merging, or filtering).

* Corrected model: Fine-tuned on conversations where messages were cleaned,

merged, or deleted for clarity.
* Filtered model: Fine-tuned only on successfully resolved conversations.
If both the corrected and filtered models outperform the raw models individually, we

also evaluate a combined model that applies both correction/merging and filtering steps.

Otherwise, the combined evaluation was skipped.
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Results: We fine-tuned identical QLoRA configurations on three datasets: raw (26,253
conversations), corrected (26,253), and filtered (22,076), and report BLEU, ROUGE-L,
METEOR, and BERTScore on the held-out validation split (Table [5.]).

Table suggests that all metrics improved when using the corrected model, which was
expected. However, the filtered model performed less well than the raw and corrected
models. A possible explanation for these results could be linked to the training setup:
the whole conversation history is given, and the following assistant responses must be
generated. The model is not necessarily trained to solve the entire problem, but to generate
the following responses correctly. When deleting many unfinished conversations, it can
be the case that in early messages, the model could have learned from them. Ultimately,
either an assistant or a customer stopped responding, and the message was flagged as

unsolved, which threw away valuable training data.

Model BLEU ROUGE-L METEOR BERTScore
1.7B Raw Response 9.010 0.240 0.281 0.890
1.7B Corrected Response  10.220 0.255 0.299 0.899
1.7B Filtered Response 8.815 0.239 0.287 0.888

Table 5.1: Preprocessing variants (validation). Qwen3-1.7B (QLoRA) fine-tuned
on raw versus corrected versus filtered datasets; BLEU, ROUGE-L, METEOR, and
BERTScore.

Because dropping the unfinished conversations lowered performance, while cleaning the
messages improved performance over the raw conversations, we did not test a combined
setup. We selected the corrected messages as the basis for GIFA, GPFA, and all further
fine-tuning experiments.

Finding — RQ-A1l. LLM-based message correction/merging improved downstream
generation across all automatic lexical and semantic metrics, while dropping unresolved
conversations reduced performance; therefore, we used the corrected dataset (without fil-

tering) for the GIFA/GPFA experiments and subsequent fine-tuning.

5.5 Phase 1: Intent-Guided Fine-Tuning Setup Comparisons

Experimental setup: In the first phase of the fine-tuning experiments, we evaluated the
impact of different setups to determine which strategy produced the most accurate and

semantically correct assistant responses. We tested the following fine-tuning strategies:
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¢ Baseline (Zero-Shot): The unmodified Qwen3-1.7B model was evaluated on the
validation set without additional training.

* Baseline Responses Only: Given the conversation history, the model was fine-
tuned to predict the following assistant message. This represents the most straight-

forward supervised approach.

* CoT (Intent Chain + Response Chain): A CoT inspired variant in which the
model was trained to first output a structured list of assistant intents in a thinking

block, followed by the actual assistant responses.

» 2-step (Intent — Response): A sequential training approach where a first adapter
was trained to do intent prediction, and then a second adapter was trained to output
assistant responses.

» 2-step (Intent — CoT): This was like the above, but the second adapter was trained
on both the intent chain and the assistant response using the CoT format.

¢ Mixed Ratio (Intent & CoT): A multi-task model trained on a mixed dataset con-
sisting of 30% intent-only prediction samples and 70% CoT-style intent-response

samples.

We trained and evaluated each variant on the same training and validation dataset, as-
sessing performance with lexical and semantic metrics. In the intent-guided CoT setups,
the model produced both intents and responses, but only the responses were considered
during evaluation. These results determined which fine-tuning setup generated the best

responses.

Results: All setups underwent training and evaluation under identical data splits and
QLoRA hyperparameters. We reported BLEU, ROUGE-L, METEOR, and BERTScore
on the held-out validation set (Table [5.2).

Table[5.2]shows that the zero-shot baseline, the model without any fine-tuning, performed
worst across all metrics, indicating that task-specific fine-tuning was necessary for gener-

ating higher-quality assistant responses.

The response-only fine-tuned model, which learned to predict the assistant’s following
utterances from conversation history without any intent guidance, improved performance
compared to the others. It performed on par with the CoT fine-tuned model. This suggests
explicit intent structuring did not improve generation quality when used in a CoT-style

single-phase training setup.
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Model BLEU ROUGE-L METEOR BERTScore
1.7B Base 8.620 0.238 0.276 0.892
1.7B Response 10.220 0.255 0.299 0.899
1.7B CoT 10.205 0.255 0.302 0.898
1.7B 2-step Intent — Response  9.817 0.253 0.293 0.895
1.7B 2-step Intent — CoT 9.417 0.250 0.292 0.893
1.7B Mixed Intent & Response ~ 9.255 0.243 0.285 0.892

Table 5.2: Fine-tuning setups (validation). Qwen3-1.7B (QLoRA) comparison of zero-
shot, response-only, CoT, 2-step (Intent+Response / Intent+CoT), and mixed; BLEU,
ROUGE-L, METEOR, and BERTScore.

2-step training approaches performed worse than single-step strategies. This indicates
that explicitly separating the planning and generation phases may hurt overall response
quality. One explanation might be that the model may overfit during intent prediction,
and subsequent training fails to fully integrate this intermediate knowledge into fluent

generation.

The mixed-ratio model showed the lowest performance of all fine-tuned setups. A likely
reason is that this strategy applies a single LoRA adapter across mixed tasks, preventing
the model from cleanly learning task-specific behavior. In contrast, 2-step setups benefit
from distinct adapters per phase, allowing later training to potentially compensate for

earlier limitations, an option not available in the mixed-task configuration.

Finding — RQ-B1. Intent-guided fine-tuning did not outperform direct response fine-
tuning: response-only and CoT were strongest and almost tied by automatic metrics,

while 2-step and mixed underperformed; we selected response-only and CoT for phase 2.

5.6 Phase 2: RAG and RAFT comparison

Experimental setup: Building on the best-performing fine-tuning configurations from
phase 1, we investigated the impact of RAG during inference and RAFT during training in
phase 2. We aimed to assess whether adding external knowledge improved the generated

responses.

The following new configurations were evaluated:

* Baseline model with RAG applied at inference time.
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* RAFT model trained using the response-only setup.

* RAFT model trained using the best intent-guided configuration from phase 1.

Each model variant was assessed with the same lexical and semantic similarity metrics as
in the previous phase. The comparison focused on the contribution of RAG and RAFT,

examining whether fine-tuning with retrieved context led to more accurate responses.

Results: In the previous phase, response-only fine-tuning and intent-guided CoT fine-
tuning yielded comparable performance across all metrics. In phase 2, we built on these

configurations to assess the impact of RAG and RAFT.

As shown in Table [5.3] adding RAG at inference time improved upon the base zero-shot
model, confirming that access to external information during generation improved re-
sponse quality. This performance gain was consistent when RAG was combined with the
fine-tuned models, suggesting that retrieval complements fine-tuning for both responses
and CoT fine-tuning.

Model BLEU ROUGE-L METEOR BERTScore
1.7B Base 8.620 0.238 0.276 0.892
1.7B Base RAG 9.620 0.245 0.280 0.894
1.7B Response-only 10.220 0.255 0.299 0.899
1.7B Response-only RAFT 13.215 0.276 0.330 0.901
1.7B CoT 10.205 0.255 0.302 0.898
1.7B CoT RAFT 13.205 0.275 0.332 0.902

Table 5.3: RAG vs. RAFT (validation). Retrieval-augmented configurations at
1.7B: Base/Response/CoT with and without RAFT; BLEU, ROUGE-L, METEOR, and
BERTScore.

Moreover, both RAFT variants (response-only and CoT) outperformed the RAG-only
model. This indicates that integrating retrieved context directly during the training phase
is more effective than relying on it solely at inference time. However, no performance
difference was observed between the response-only RAFT and CoT-based RAFT models.
This aligned with the findings from phase 1, suggesting that CoT did not outperform the

response-only model even with access to more information.

Finding — RQ-B2. RAFT outperformed RAG: both response-only RAFT and CoT
RAFT exceeded base RAG and their non-RAFT fine-tuned baselines across automatic

lexical and semantic metrics (Table [5.3).
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Finding — RQ-B1. Intent-guided CoT did not beat response-only under retrieval: The
reported automatic metrics made CoT RAFT and response-only RAFT indistinguishable.

5.7 Phase 3: Model Size Scaling

Experimental setup: The third phase explored the effect of increasing model size on
generation quality. We compared the performance of the Qwen3-4B model with that of the
smaller 1.7B model to assess whether larger LLMs improved generalization in standard

and intent-guided fine-tuning setups.

The following 4B model configurations were evaluated:

* Baseline (4B) model with RAG
* RAFT (response-only) with 4B model

* RAFT model using the best intent-based setup

For the larger model size, the learning rate was reduced from 2e—4 to le—5 to ensure

stable optimization.

Results: Building on the phase 2 findings, which showed the advantages of RAG and
RAFT, we investigated whether scaling the model size further improved generation per-
formance in this phase.

Table [5.4] shows that increasing the model size from 1.7B to 4B leads to consistent per-
formance improvements across all configurations. The 4B baseline model with RAG
outperformed the smaller 1.7B model, confirming that larger model capacity improves

the ability to utilize retrieved context effectively.

Additionally, both RAFT variants, response-only and CoT-based, benefited from the in-
creased capacity, outperforming the 4B baseline with RAG. This reinforces the earlier

conclusion that RAFT is more effective than sole RAG, regardless of model size.

However, like the previous phases, no significant difference was observed between the
response-only and CoT-based RAFT setups. This suggests that intent-guided CoT fine-
tuning does not offer significant advantages over direct response-only fine-tuning, even

with the larger model’s enhanced generalization capabilities.

Finding — RQ-B3. Increasing model size from 1.7B to 4B improved all automatic
metrics across base RAG, response-only RAFT, and CoT RAFT (Table @
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Model BLEU ROUGE-L METEOR BERTScore
1.7B Base RAG 9.620 0.245 0.280 0.894
4B Base RAG 10.820 0.255 0.288 0.895
1.7B Response-only RAFT 10.220 0.255 0.299 0.899
4B Response-only RAFT 11.823 0.271 0.315 0.901
1.7B CoT RAFT 10.205 0.255 0.302 0.898
4B CoT RAFT 11.905 0.267 0.312 0.901

Table 5.4: Parameter scaling (validation). 1.7B vs. 4B under RAG/RAFT; BLEU,
ROUGE-L, METEOR, and BERTScore.

Finding — RQ-B2. For a fixed model size (1.7B or 4B), RAFT outperformed RAG on
all metrics (Table [5.4).

Finding — RQ-B1. Within RAFT, intent-guided CoT did not consistently outperform
direct response-only. (Table[5.4).

5.8 LLM-as-a-judge Evaluation (G-Eval)

While lexical and semantic similarity metrics provide valuable insights into the overlap
and meaning alignment between generated responses and ground-truth answers, they do
not fully capture the quality, clarity, and domain appropriateness of generated outputs,
particularly in real-world settings. To complement the earlier evaluation stages, we used

an LLM-as-a-judge approach, where LLMs assessed the generated responses.

Specifically, we used the G-Eval framework [57] to score three key dimensions of re-

sponse quality using rubric-based judgments. We computed the following metrics:

* Helpfulness: Measures if the response helps the customer progress towards their
goal. The generated response is not compared to the ground-truth; it only assesses

whether the generated response is helpful given the customer’s messages.

* Semantic Similarity: Captures whether the intended meaning of the generated
response aligns with the ground-truth. This metric is comparable to the BERTScore

used in the previous phases.

* Professionalism: Measures the tone and appropriateness of the generated response
compared to the ground-truth response.
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Following a consistent rubric design, these metrics were scored on a 0-1 scale using struc-
tured evaluation prompts provided to the LLM. The G-Eval prompts used are in Appendix
D

5.9 Phase 4: Open-Weight and Closed-Weight LLM Comparison

Experimental setup: In the final phase of the fine-tuning experiments, we compared the
most promising open-weight model configurations from the earlier phases to determine
which setup performed best under real-world conditions. We used the G-Eval framework

to evaluate generated responses on helpfulness, semantic similarity, and professionalism.

This phase assessed which configuration produced the most consistent responses in prac-
tice and compared the developed models against a closed-weight baseline similar to Albert

Heijn’s deployed system, based on GPT-40 combined with RAG.

The following models were included in the final comparison:

* Closed-weight GPT-40 RAG setup
* Best open-weight Qwen3 response-only fine-tuned model
* Best open-weight Qwen3 intent-guided fine-tuned model

* Ground-truth assistant responses (for helpfulness)

Results: We evaluated all models with G-Eval on three human-aligned criteria: help-
fulness, semantic similarity, and professionalism, using the shared test set. The resulting

scores are reported in Table [5.5]

Model Helpfulness Semantic Similarity Professionalism
GPT-40 (RAG baseline) 0.820* 0.229 0.452

4B CoT RAFT 0.304 0.275 0.468

4B Response-only RAFT 0.293 0.292 0.452
Ground-truth Responses 0.285 - -

Table 5.5: LLM-as-a-judge (test). G-Eval comparison of GPT-40 RAG baseline versus
4B RAFT (response-only/CoT) and Ground-truth; helpfulness, semantic similarity, and
professionalism; *p < 0.05

The GPT-40 baseline remained strongest on helpfulness, showing its ability to generate

functional responses across various conversations. However, the table suggests that every
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other model had a higher helpfulness score than human responses, which is counterintu-
itive. After looking at the feedback created by G-Eval, the main reason for giving low
scores was usually due to asking back questions and saying that it does not know the an-
swer to a specific question, which in practice is desirable behavior; however, when purely

looking at whether the response helped the customer, this was not the case.

Both fine-tuned Qwen3 models outperformed GPT-40 on semantic similarity, suggesting
that they produce responses more closely aligned with the ground-truth response. Fur-
thermore, the 4B response-only RAFT model achieved the highest semantic similarity
score, outperforming CoT. All models performed similarly regarding professional tone,
with a slight edge for the 4B CoT RAFT model. This suggests that fine-tuning did not

compromise the tone or politeness of generated responses.

To better understand how the models behave across specific conversational scenarios, we
compared the GPT-40 setup with the fine-tuned Qwen3 response-only model at the intent

level. This analysis focused on G-Eval semantic similarity.

Figure and Figure present a radar chart showing the top 20 intents with the most
significant performance differences between the two models. The radar plot suggests that
the response-only model excelled at high-frequency and relatively easy conversational
tasks, such as greet _customer, inquire_customer_needs, and offer_to_

investigate_issue. These are usually short and simple interactions that happen
quite often. The response-only model has seen many examples in the data and probably

remembers these standard formats.

In contrast, GPT-40 performed better on low-frequency, more complex intents requiring
domain knowledge or reasoning. These included inform_about_cancellation_fees,
confirm internal escalation, and response method. These responses are

relatively harder than greeting a customer.

Interestingly, GPT-40 did underperform in verification and clarification responses, which

are critical to solving customer problems. These include intents such as request _email_
for_verification, request_verification_information,and request_time
_to_review messages. That suggests that the fine-tuned response-only model was

better at identifying when such information was necessary.

Finding — RQ-B4. Compared to the closed-source GPT-40 RAG baseline, the open-
weight Qwen3-4B response-only RAFT scored higher on semantic similarity, and Qwen3-
4B CoT RAFT scored slightly higher on professionalism, while GPT-40 remained strongest
on helpfulness.
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Top-20 Weaknesses of GPT-40 vs Response (Semantic Similarity GEval)

— GPT-4o0
) request_product_name ) )
express_greeting_and_introduce_selfprovide_agent_introduction Response
inquire_about_specific_order_issues expiess_unsolved_issue
offer_to_check_system_for_information greet_cusiomer_and_offer_help
request_screensho._of _issue inquire_customer_needs
offer_to_investige te_issue grest_customer
request_email_address_for_verification request_tme_to_investigate
request_verification_information express_sympainy_for_experienced_issue
request_time_to_review_imessages request_personal_and_order_information

confirm_issue_understanding  confirm_order_cancellation
request_personal_information

Figure 5.2: GPT-40 weaknesses (semantic similarity, G-Eval). Top-20 intents where
Qwen3-4B response-only RAFT scores higher than GPT-40 RAG on G-Eval semantic

similarity, often verification/clarification, and common operational intents.

Finding — RQ-B1. Between intent-guided and response-only fine-tuning (both RAFT,
4B), response-only RAFT yielded higher semantic similarity, whereas CoT RAFT was

marginally more professional; helpfulness was similar and below GPT-40.

5.10 Fine-Tuning Research Questions: Summary

RQ-A1: How do pre-processing choices: anonymization, cleaning, and the treatment of

incomplete conversations, affect downstream label quality and fine-tuning performance?

Message correction/merging improved all reported metrics versus raw data, while filtering

unresolved conversations harmed performance. (Table [5.1).
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Top-20 Strengths of GPT-40 vs Response (Semantic Similarity GEval)
o — GPT-40
explain_policy_for_sge_verification_process
explain_delivery_procedure_st_vacation_park  riterate_store_service_desk_assistance ReSpOnse

confirm_internal_sscalation_and_respanse_method express_inability_to_change_delivery_order

express_apology_for_incomplete_delivery_and_offer_arsistance nfoim_ebout_cancellation_fees

express_gratitude_and_offer_further_assistance explain,_return_protess_and_payment_cancellation

provide_information_on_how | o apply-for-jobr

pleyrment_iisue_with_premium_account_change

EXpress_no_conksrn auggest_visting_store_for_resolution

auggest_contact_on_delivery, day expiess_intent_to_wait
oonfirm_internal_escalation_and_inquire_sdditional_questions nouirs_about_damaged_products
auggest_phone_contact_for_sensitive_information requast_order_number_again

auggest_phone_contact_for_verifization

Figure 5.3: GPT-40 strengths (semantic similarity, G-Eval). Top-20 intents
where GPT-40 RAG outperforms the 4B response-only RAFT model, typically rarer,
knowledge-heavy, or policy-specific intents (e.g., cancellation fees, escalations).

RQ-B1: Do intent-guided variants (CoT, two-step, mixed) outperform response-only
fine-tuning?

Intent-guided approaches did not outperform response-only: response-only and CoT were
tied by automatic metrics, while 2-step and mixed underperformed (Table [5.2)). Under
retrieval, Response RAFT and CoT RAFT remained similar (Table @[); with 4B models,
this pattern did not change (Table [5.4). In G-Eval, response-only RAFT scored higher
on semantic similarity, and CoT RAFT scored slightly higher on Professionalism (Table

53).

RQ-B2: Does RAFT outperform RAG?
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Both response-only RAFT and CoT RAFT exceeded base RAG and their non-RAFT base-
lines, and this was also true at both 1.7B and 4B scales (Table[5.3] [5.4)).

RQ-B3: How does model size impact the performance of these intent-guided and retrieval-

augmented training strategies?

Scaling from 1.7B to 4B improved all reported metrics across base RAG, response-only
RAFT, and CoT RAFT (Table[5.4).

RQ-B4: How do the best open-weight configurations compare with the closed-weight
GPT-40 RAG co-assistant across evaluation dimensions (semantic alignment, profession-

alism, helpfulness)?

GPT-40 RAG was strongest on helpfulness. Qwen3-4B response-only RAFT was highest
on semantic similarity, and Qwen3-4B CoT RAFT was slightly higher on professionalism
(Table [5.5). Furthermore, the response-only model performed better on common intents,

while the GPT-40 setup performed better on rare intents.



6 Limitations and Future Work

We used 26,253 conversations in our work. In future work, we could incorporate ad-
ditional conversations, allowing us to fine-tune on a broader dataset, measure whether
improvements come from more data or better coverage, and better assess significant dif-

ferences between model scores.

Hyperparameters for the fine-tuned models were set to sensible defaults, as complete hy-
perparameter optimization was out of scope. Given the known sensitivity to learning rate,
warm-up, adequate batch size, sequence length, and LoRA rank/«, our approach likely
limited the performance that could be achieved. A compact, budget-aware hyperparame-
ter optimization method could be beneficial.

Model choice and capacity were constrained to the Qwen3 family. Scaling from 1.7B
to 4B improved both base and fine-tuned performance, but a larger closed-weight model
(GPT-40) performed better on rarer intents, likely due to scale and pre-training breadth.
The next step is a compute-matched comparison against an alternative open-weight fam-
ily (e.g., Llama-3) at similar sizes, evaluating base and fine-tuned variants under the
same data and hyperparameter optimization budget. Moreover, larger open-weight mod-

els could be fine-tuned and evaluated where resources allow.

For intent discovery, we explored GIFA/GPFA settings and introduced Hyperband-SEE.
Although Hyperband-SEE outperformed simpler prompt search strategies, it still achieved
modest NCA x AMI scores; the final prompt used to label the complete high-granularity
dataset reached an NCA X AMI score of 0.465. Closely related intents were sometimes
created instead of reused. A possible solution here would be to add an iterative merge

step so that near-duplicate intents are merged rather than split.

The scalar product NCA x AMI was used to guide prompt optimization, which collapses
two objectives into one. Although convenient for guiding optimization, this choice over-
simplifies the trade-off. A more comprehensive approach would be to analyze the Pareto

front across the two metrics, providing insight into the trade-offs between prompts.

Using intents to guide fine-tuning did not outperform straightforward response-only fine-
tuning. Instead of utilizing intents to guide fine-tuning, intents could also be used as an
evaluation method. Intents could be treated as groupings that expose weaknesses, then
update prompts or retrieval rules for those clusters; use them for routing (e.g., choose

a fine-tuned open-weight model for specific intents and the GPT-40 setup otherwise);
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and trigger targeted retrieval when an intent strongly predicts the needed knowledge (for
example, automatically fetching delivery information for an ask_about _delivery

intent).

Because we generated intent labels with LLMs (via GIFA/GPFA), the dataset may embed
prior knowledge or biases of the labeling model. Fine-tuned open-weight models trained
on these labels could therefore partly inherit this influence, limiting the extent to which
results demonstrate independent generalization. This is particularly relevant when com-
paring against closed-weight systems such as GPT-40, which also shaped the labeling
process.

Finally, we relied heavily on LLM-as-a-judge (G-Eval) and automatic similarity metrics
for evaluation. While useful for large-scale comparison, LLM-based evaluation is not
ground truth and therefore represents a limitation in our work. Indeed, even human ref-
erence responses sometimes scored unexpectedly on the helpfulness metric. To align
metrics more closely with real-world performance, G-Eval should be complemented with
human preference evaluation and online A/B tests using outcome-based metrics (e.g.,

which model’s response was actually used by human assistants).



7 Conclusion

Modern customer-service automation often relies on closed-weight LLMs (e.g., GPT-
40), which deliver quality but at the cost of transparency and customization. This work
investigated whether historical conversations, labeled with LLM-generated intents, can
fine-tune open-weight models to compete with a closed-weight GPT-40 RAG setup. We
designed a two-stage pipeline with five sub-stages (A-E). Stage 1 (A-C) covered LLM-
based pre-processing (A), intent generation with GIFA (B), and prompt optimization with
GPFA and Hyperband-SEE (C). Stage 2 (D-E) evaluated fine-tuning strategies (D) and

retrieval integration (E).

In stage 1 (labeling; sub-stages A-C), we prepared the data and generated intent labels. In
sub-stage A, we applied three LLLM-based pre-processing steps: anonymization to protect
sensitive information, cleaning to remove noise, and completion classification to iden-
tify incomplete conversations. While anonymization and cleaning improved the dataset’s
consistency, filtering out conversations classified as incomplete negatively impacted fine-
tuning performance. This suggests that partially complete conversations still contain valu-
able examples for training. For subsequent experiments, we retained incomplete conver-
sations while applying anonymization and cleaning, and this processed dataset was used

both for response-only fine-tuning and for the intent-guided experiments.

The intent discovery stage was motivated by the limited coverage of existing human labels
and the cost of scaling manual annotation for emerging intents. In sub-stages B and C,
we therefore used a small human-labeled subset for reference and automated large-scale
labeling with GIFA (optimized via GPFA and Hyperband-SEE). Retrieval during labeling
improved intent reuse, with low-depth semantic search giving the best balance of cov-
erage and duplication control (measured by reuse rate). To refine target granularity, we
used Hyperband-SEE to find prompts whose GIFA clusters best matched a labeled refer-
ence set, outperforming SEE by a 19% performance increase in NCA x AMI. Within GI-
FA/GPFA, concise intent representations, short feedback cycles, and direct (non-lagged)
feedback proved most effective, avoiding the noise introduced by longer or more complex
optimization routines. We applied the best-found prompt to all available customer-service
conversations (26,253 conversations, 367,157 messages), which generated over 24,000
unique intents with a controlled long-tail distribution, containing common as well as rare

intents, matching the distribution of the labeled intent dataset.

Together, these findings answer RQ-A: Can we automatically generate reusable, appro-
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priately granular message-level intents from noisy, multi-turn customer-service conversa-

tions?

We showed that it is feasible to automatically generate reusable, appropriately granular
message-level intents from noisy, multi-turn conversations. LLM-based pre-processing
improved data consistency without discarding incomplete but valuable conversations.
GIFA, optimized via GPFA and Hyperband-SEE, produced over 24,000 intents with a
controlled long-tail distribution, covering both frequent and rare cases in line with the
human-labeled intents. However, the discovered intents still included near-duplicates,
and clustering quality remained modest in absolute terms (NCA x AMI score of 0.465).
Future work could explore iterative merge steps or alternative multi-objective optimiza-

tion to refine granularity and reuse further.

In stage 2 (modeling; sub-stages D-E), we evaluated models using automatic metrics: lex-
ical (BLEU, ROUGE-L, METEOR) and semantic (BERTScore). CoT was the strongest
of the intent-guided variants but did not outperform the response-only baseline. We there-
fore evaluated RAFT for both CoT and response-only. Adding retrieved knowledge dur-
ing training improved both, and both RAFT variants outperformed the base open-weight
model with RAG, indicating that the model learns to use information more effectively
when exposed to it during training, with RAFT, CoT and response-only remained compa-

rable, and scaling from 1.7B to 4B improved scores without changing this pattern.

After selecting the best open-weight setups, we conducted a final comparison against a
closed-weight GPT-40 RAG system using G-Eval to assess helpfulness, semantic sim-
ilarity, and professionalism. The best open-weight RAFT models matched or slightly
exceeded GPT-40 on semantic alignment and professionalism, while GPT-40 maintained
an advantage in helpfulness. For rare, knowledge-heavy intents, assessed here only via
semantic similarity, GPT-40 performed better, whereas RAFT was stronger on specific,
common intents such as greetings and verification requests. Although explicit intent la-
bels did not directly improve fine-tuning performance, they remain valuable as an eval-
uation and diagnostic tool: by revealing which intents a model handles poorly, they can

guide targeted prompt or retrieval optimization for both open- and closed-weight systems.

Together, these findings answer RQ-B: Given conversations labeled with intents, how do
intent signals and retrieval strategies affect the quality/efficiency of an open-weight model
trained to generate the next assistant reply, and how does it compare to the GPT-40 RAG

baseline?

Intent signals did not improve fine-tuning performance over response-only setups, but

retrieval did: RAFT consistently outperformed RAG by integrating external knowledge
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during training. Scaling models from 1.7B to 4B further improved quality without chang-
ing this pattern. Compared to GPT-40 RAG, the best open-weight RAFT models matched
or slightly exceeded GPT-40 on semantic alignment and professionalism. However, GPT-
40 remained stronger on helpfulness and rare, knowledge-heavy intents (assessed here via
semantic similarity). This shows that open-weight RAFT models can outperform GPT-40

performance for routine intents, while GPT-40 remains stronger on rare intents.

Although intent guidance did not directly improve fine-tuning performance, it remains
valuable as an evaluation and optimization signal. By identifying underperforming in-
tent clusters, we can adapt GPT-40 prompts and configure intent-specific RAG pipelines
that strengthen coverage for knowledge-heavy requests. These same intent-driven refine-
ments, both in prompt design and retrieval targeting, can be applied when fine-tuning
larger open-weight models with a smaller generalization gap, helping them close the re-
maining gap with closed-weight systems. This way, improvements to the GPT-40 pipeline
will contribute to advancing open-weight RAFT models toward parity on routine and

knowledge-intensive customer-service tasks.
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A LLM-Based Pre-Processing Details

The prompt in this appendix was used for the three LLM-based pre-processing steps:

cleaning, anonymization, and completion classification (subsection [3.1.2).

Furthermore, the exact fields that were anonymized can be seen in the following list:

e Names (customers and assistants) — [NAME ]
¢ Phone numbers — [PHONE ]

¢ Email addresses — [EMATIL]

¢ Order numbers — [ORDER_ID]

* Bank account numbers — [BANK_ACCOUNT ]
* Loyalty card numbers — [LOYALTY CARD]

* Address details (street names, postal codes, cities) - [ADDRESS], [POSTAL_CODE],
[CITY]

In addition, several domain-specific entities are masked to promote generalization during

fine-tuning:

* Product or brand names (e.g., "Heinz ketchup”) — [PRODUCT]

* Prices (e.g., 7€3.50”) — [PRICE]

* Quantity references (e.g., ’two bottles of milk””) — [COUNT]

* Delivery windows (e.g., "between 4 and 5 PM”) — [TIME RANGE]
* Specific times (e.g., ’09:00”) — [TIME]

* Dates (e.g., “tomorrow,” "November 7”°) — [DATE]
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System Prompt for Preprocessor

Task:

You are a preprocessing assistant for Dutch grocery-store customer service conver-

sations. Your goal is to prepare these conversations clearly and consistently for fine-
tuning an LLM to handle customer service tasks generically.

Task Overview:
* Mask sensitive information (personal and grocery-related).

* Merge or delete repetitive messages that don’t add meaningful information.

Split messages containing clearly distinct customer intents.

Clearly indicate if a customer issue remains unresolved at the end.

Mark each message with important: true if it contains key steps.

Instructions:
1. Merge or Delete repetitive messages

* Merge customer follow-ups that:

— repeat questions without new info ("Hallo?”, 777)

— add urgency ("Pfff”, ”Gezeik™)
* Delete assistant system messages:

— Assistant switches: “Mijn collega neemt over”

— Timeouts, surveys, etc.
* Keep only the first assistant intro, mask name as [NAME].
2. Mask sensitive personal information

e Names — [NAME ]

Phone numbers — [PHONE ]

e Emails — [EMAIL]

Order numbers — [ORDER_ID]

Bank account numbers — [BANK_ACCOUNT]

Loyalty card numbers — [LOYALTY CARD]




Appendix A. LLM-Based Pre-Processing Details 89

e Addresses — [ADDRESS], [POSTAL_CODE], [CITY]

3. Mask grocery-specific sensitive information

Product or brand names — [PRODUCT]

e Prices —» [PRICE]

Quantities — [COUNT]
* Time ranges — [TIME RANGE] or [TIME]
e Dates — [DATE]

Keep generic words like "melk”, ”fruit”, ”brood”.

4. Split messages with distinct intents

* Example intents: request_order_cancellation,

inquire delivery_time, complain_product_quality, etc.

* Example: "Ik wil mijn bestelling annuleren en weten

wanneer mijn boodschappen komen." — two messages
5. Indicate unresolved issues
e Add "text": "not solved"if:

— Conversation ends with no resolution

— Assistant fails to respond meaningfully
* Do not add if:
— Assistant acknowledges limitation or clarifies valid reasoning
6. Annotate important messages
* Mark as important: true if message contributes to resolution.
* Includes: complaints, order info, assistant clarifications, status updates, etc.

* Mark greetings, small talk, or system closings as important: false.

Constraints:
* Do not reorder messages.

* Only delete, split, or merge messages.
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* Every output must map to input message(s).

Output Format:
[

"speaker": "customer",
"text": "Ik wil mijn bestelling annuleren.",

"important": true

"speaker": "assistant",
"text": "Je kunt bellen naar [PHONE].",

"important": true

"speaker": "assistant",
"text": "not solved",

"important": false

]

Now process this conversation: {conversation}




B Medium-Granularity Dataset

To validate our claim made in subsection 1] that the generated intents for the conver-
sational dataset should be high-granularity, transforming intent detection from a clas-
sification task to a generative task, we also did an ablation experiment with a labeled
intent dataset of 250 conversations, where the granularity was kept at a medium level.
Hyperband-SEE combined with GIFA was applied to the labeled dataset, and the prompt
can be seen in Figure B.1]

Over the 26,253 conversations, the medium-intent prompt found 1,234 intents. The
amount of unique intents found over conversations and the intent frequency distribution
can be found in Figure[B.1] The intents found over time show a similar trend as the high-
granularity dataset: over the first conversations, many unique intents are found, and after
a certain amount of conversation, the trend becomes linear.

Growth of Unique Intents Distribution of Intent Frequencies
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Figure B.1: Medium-granularity ablation. With the medium-granularity intent find-
ing prompt, intent discovery over 26,253 conversations finds 1,234 intents; unique-intent
growth mirrors the high-granularity case. The frequency distribution is long-tailed, shown
as a histogram with bin edges spaced evenly on a log,, scale between the minimum and
maximum observed intent frequencies (25 bins total).

The same fine-tuning setup was kept as in the phase 1 fine-tuning experiments, where
a Qwen3-1.7B model was fine-tuned on all intent-driven fine-tuning setups. We com-
pared the best-found intent-guided setup from phase 1, CoT, across both intent granularity

datasets. Automatic evaluation metrics were computed and are shown in Table B.1]
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Model BLEU ROUGE-L METEOR BERTScore
1.7B High CoT 10.205 0.255 0.302 0.898
1.7B Medium CoT  8.875 0.240 0.281 0.893

Table B.1: Medium versus high intent granularity (CoT). Qwen3-1.7B CoT fine-
tuning on medium- versus high-granularity intent datasets; BLEU, ROUGE-L, METEOR,
and BERTScore.

Table suggests that fine-tuning the Qwen3-1.7B using a CoT setup is more effec-
tive when using the high-granularity conversational dataset than the medium-granularity
dataset. This suggests that treating the intent prediction as a generative task instead of
a classification task is preferred within the CoT setup. A possible explanation could be
that the mix between classification for intents and generation for responses confuses the
model. The model has to switch from a restricted choice between concise intents to a

free-form generation of responses.

Below are the final prompts found with the Hyperband-SEE search algorithm for the
medium- and high-granularity datasets.

Optimal High Granularity prompt for Intent Annotation

Task:
You are an annotation assistant for Dutch grocery-store customer service conversa-
tions. Your goal is to assign each input message a clear and specific intent label,

ensuring consistency and granularity for fine-tuning intent classification models.

Task Overview:
* Assign exactly one intent label to each message.

* Disambiguate subtle differences in phrasing that indicate distinct intents.

Maintain contextual consistency across similar system/assistant messages.

Handle multi-intent conversations by labeling each message separately.

Use fine-grained intent labels that reflect message nuance.

Ensure consistency in acknowledgments and gratitude across messages.

Annotation Guidelines:
1. Identify Unique Intents
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* Do not merge intents unless they are identical in meaning and context.
* Example:

— “customer: Koopzegels uitbetaling niet ontvangen”

— “customer: Heb gisteren een deel van mijn koopzegels uitbetaald, tot heden
niks ontvangen..”

Both — report_issue with bonus_card balance_issue
2. Disambiguate Similar Phrases
* Differentiate expressions with subtle differences.
* Example:

— “Dank je voor bericht.” — express_gratitude

- “Dank je voor bericht. Ik hoop t” —

express_gratitude_and_hope_for_resolution
3. Contextual Consistency
* Ensure system/assistant messages with similar meaning share the same label.
* Example:

— “Ik stuur je vraag even intern door” — transfer_chat

— “Deborah is niet langer beschikbaar. Het gesprek wordt doorgezet naar een
collega” — transfer_chat

4. Handle Mixed Conversations
* Label each message separately, even in multi-intent dialogues.
* Example:

— “Bedankt voor je berichtje. Nadine heeft deze chatsessie be€indigd.” —

close_chat_session

— “Deborah is niet langer beschikbaar. Het gesprek wordt doorgezet naar een
collega” — transfer_chat

5. Granularity of Intent Labels

» Use specific labels to capture nuance.
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* Example:

— “Als je nu even inlogt kan mijn collega zometeen met je mee kijken” —

suggest_logging_in

— “Heb je verder nog andere vragen voor mij?”’ —

inquire_about_additional_questions
6. Consistency in Acknowledgments and Gratitude
* Group acknowledgments consistently.
* Example:
— “Komt goed, dankjewel voor het nakijken” — express_gratitude
— “Graag gedaan hoor.” — express_gratitude
Constraints:
» Each message must have exactly one intent label.
* Labels should remain consistent across similar wording.

* Do not invent new intents if an existing one matches appropriately.

Output Format:
[
{
"speaker": "customer",
"text": "Koopzegels uitbetaling niet ontvangen",
"intent": "report_issue_with_bonus_card_balance_issue"
}y
{
"speaker": "assistant",
"text": "Ik stuur Jje vraag even intern door",
"intent": "transfer_chat"

]

Now assign intents for this conversation: {conversation}
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Optimal Medium Granularity prompt for Intent Annotation

Task:
You are building an intent set for grocery-store customer service chats. For every

incoming message, assign exactly one intent label.

Task Overview:
* Each message (customer or assistant) must receive exactly one intent.

¢ Intent names are short, consistent, and formatted

lowercase_with_underscores.

* Always reuse existing labels if they fit (80% similarity) instead of inventing new

ones.

Examples:
Greeting / Closings

* greet_customer — “Hi, je chat met [NAME]”; “Goedemiddag! Waarmee
kan ik helpen?”

* express_gratitude — “Dankjewel!”; “Super, bedankt voor uw reactie.”

* close_chat_session — “Fijne avond en tot gauw!”; “Bedankt voor de chat,

dag!”
Identity / Verification

* request_verification_details — “Mag ik je e-mail en postcode?”;

“Kunt u ter controle het bestelnummer doorgeven?”

* provide_verification details — “Mijn e-mail is ...”; “Bestelnum-
mer: [ORDER_ID]”

Order / Delivery Problems

* report_incomplete order — “lk mis twee producten uit mijn
bestelling.”; “De krat is geleverd zonder [PRODUCT].”

* request missing_ items_details — “Welke items ontbreken precies?”

Guidelines:

1. Assign exactly one intent per message.
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2. Do not merge different purposes into one label.

3. Use lowercase_with_underscores only.

4. Always label both assistant: and customer: messages.
5. Keep labels short and meaningful; avoid mixing Dutch/English.

6. Reuse existing intents before inventing new ones.

Full Conversation Example:

customer: "Iets mis met een geleverde bestelling”
report_incomplete_order

assistant: "Ik kijk dit meteen voor Jje na."
acknowledge_understanding

assistant: "Het is in mindering gebracht op factuur ..."
confirm_refund_processed

assistant: "Heb je verder nog vragen?"
inquire_additional_gquestions

assistant: "Mag ik je e-mail en postcode?"
request_verification_details

customer: " [BANK_ACCOUNT]"
provide_bank_account

assistant: "In dit geval jammer genoeg niet."

deny_request

Output Format:
[
{
"speaker": "customer",
"text": "Ik mis twee producten uit mijn bestelling.",
"intent": "report_incomplete_order"
by
{
"speaker": "assistant",
"text": "Welke items ontbreken precies?",
"intent": "request_missing_items_details"

]

Now assign intents for this conversation: {conversation}



C Greedy and Random Search Prompts

The system prompt in this appendix was used as the starting prompt for the greedy and

random prompt optimization discussed in subsection 4.2

System Prompt for Intent Labeling

You are analyzing a customer service conversation to identify the underlying inten-

tions behind each message. Assign a structured intent label to each message.

» Use an existing intent label if it already covers the message.

* Create a new intent only if the message introduces a distinct issue not covered

by existing intents.
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D G-Eval Prompts

The prompts in this appendix were input for G-Eval (subsection [5.8)) to determine the
helpfulness, semantic similarity, and professionalism scores.

System Prompt for Helpfulness Rating

Rate how helpful the actual output is in progressing the user toward their goal.

System Prompt for Semantic Similarity Rating

Assess how semantically similar the actual output is to the expected output.

System Prompt for Professionalism Rating

Assess if the response maintains the same tone and domain-appropriate language as
the expected output.
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E SEE Phase Prompts

This appendix shows the different prompts used within the phases of SEE (subsection

B.3.2).
Direct Feedback Prompt

You are an advanced AI system tasked with refining our

intent discovery prompt for clustering customer service
messages. Our evaluation of the current clustering approach
has produced the following diagnostic results:

1. Global Clustering Metrics - Neighborhood Clustering
Accuracy (NCA): {NCA} - Adjusted Mutual Information (AMI):
{AMI} - Adjusted Rand Index (ARI): {ARI} - Fowlkes{Mallows
Index (FMI): {FMI}

2. Error Analysis - False Splits: {False Splits} *(Same true
intent -+ assigned to different predicted clusters.)* - False
Merges: {False Merges} *(Different true intents - assigned to
the same predicted cluster.)x

3. 1Intent Count - Predicted number of intents: {Predicted
Amount} - Expected (true) number of intents: {True Amount}
Task

Based on this analysis, refine and improve the existing
intent discovery prompt to enhance clustering performance.
Return only the updated prompt|no extra commentary.

Error Examples

Each tuple includes two messages, their true and predicted

intents, and the error type: {Interesting Examples}

Lagged Feedback Prompt

You are an advanced AI system assigned to improve an intent

discovery prompt for clustering customer service messages.

99



Appendix E. SEE Phase Prompts 100

Below is an evaluation summary of the current clustering
performance:

{global metrics_text}

Error Examples Each of the following pairs shows two
messages, their true and predicted intents, and the type of
error: {Interesting Examples}

Task

Based on this evaluation, generate a list of specific
feedback to improve the existing intent discovery prompt.

You may:
* Adjust specificity based on the metrics above.

* Include examples from the list above to illustrate

critical issues.

* Propose ways to rephrase instructions, add disambiguation

cues, or encourage more/less specificity.

Avoid re-summarizing the metrics. Focus on feedback that

would help rewrite the intent discovery prompt.

Lamarckian Extraction Prompt

I gave a friend an instruction and some inputs.

The friend read the instruction and wrote an output for every
one of the inputs.
Give back ONLY instruction that was given such that it can be
used as a prompt.

Here are the input-output pairs: ## Example ## {pairs}

Feedback Improver Prompt

You are a quick improver. Given an existing prompt and
feedback on how it should improve. Create an improved
version based on the feedback. ## Existing Prompt ##
{existing.prompt} ## Feedback ## {feedback} ## Improved Prompt
#4
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Crossover Mutation Prompt

You are a mutator who is familiar with the concept of

cross—-over in genetic algorithm, namely combining the genetic
information of two parents to generate new offspring.

Given two parent prompts, you will perform a cross-over to
generate an offspring prompt that covers the same semantic
meaning as both parents.

RETURN ONLY THE NEW PROMPT.

# Example Parent prompt 1: Now you are a categorizer, your
mission is to ascertain the sentiment of the provided text,
either favorable or unfavorable

Parent prompt 2: Assign a sentiment label to the given
sentence from [’'negative’,’positive’] and return only the
label without any other text.

Offspring prompt: Your mission is to ascertain the sentiment
of the provided text and assign a sentiment label from
["negative’,’positive’].

## Given ## Parent prompt 1: {promptl} Parent prompt 2:
{prompt2}

Offspring prompt:
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