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An AI Agent for Exploratory Testing Guidance Using Historical Fault Data
A Case Study on Ericsson MINI-LINK
Min Yan, Yushu Hu
Department of Mathematical Sciences
Chalmers University of Technology

Abstract
Exploratory testing is effective at finding defects that scripted tests miss, but it
depends heavily on domain knowledge that is hard to transfer between testers.
In telecommunications, where systems have thousands of configurable parameters,
much of this knowledge stays locked in bug trackers and individual experience.
This thesis explores how AI can support exploratory testing by making historical
fault data searchable and actionable. The result is a conversational assistant, the
ETAgent, developed and evaluated at Ericsson for the MINI-LINK microwave prod-
uct family.
The system builds a knowledge base from over 4,000 trouble reports. Unsupervised
topic modelling discovers recurring fault patterns from verified reports, which are
summarised into actionable guides. A hybrid retrieval pipeline combining sparse and
dense search with cross-encoder reranking handles diverse query types, achieving
an MRR of 0.815. A LangGraph-based agentic architecture lets the model choose
retrieval strategies and synthesise guidance across multi-turn conversations.
In a blind evaluation, eleven domain experts preferred the ETAgent over both a
foundation model and an enterprise baseline in 72% of comparisons. The advantage
was clearest on diagnosis and knowledge queries, where retrieval-grounded answers
provide concrete ticket references that neither baseline can offer. The system’s value
lies in surfacing specific historical evidence rather than general test planning advice,
where the raw foundation model remains competitive.

Keywords: agentic retrieval-augmented generation, exploratory testing, large lan-
guage models, bug report mining, topic modelling, telecommunications.
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i, j Indices for words, queries, or documents
t Step index (test step or agent reasoning step)
r Index over ranked lists

Sets

Q Test space (C × X × O)
C Configuration space (hardware variants and feature flags)
X Stimulus space (input sequences)
O Observation schema space
Y Response space (observable outputs)
S Conversation state space
A Action space (natural-language replies or tool calls)
Atool Subset of actions that are tool calls
M∗ Set of message sequences
Kt Tester’s knowledge at step t

Ksys
t System knowledge component

Kfaults
t Fault hypotheses component

∆(A) Probability simplex over the action space
R Set of ranked lists from heterogeneous retrievers
Q Set of evaluation queries
Cresp Set of atomic claims extracted from a response
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R Retrieved context (set of passages)
G = (V, E) Directed graph with nodes V and edges E

Parameters

N Test budget (number of tests) or top-N keywords
K Number of latent topics
k Top-k retrieval count or RRF smoothing constant
k1 BM25 term-frequency saturation parameter
b BM25 length normalisation parameter
avgdl Average document length in the corpus
Bfull Full zone character budget (100 000)
Bcomp Compressed zone character budget (200 000)
T Overflow threshold (50 000)
α Hybrid retrieval interpolation weight

Variables and Functions

q = (c, x, o) A test triple (configuration, stimulus, observation)
f System under test mapping
ok(c, x, y) Correctness predicate (∈ {0, 1})
st = (Mt, ht) Conversation state at step t

Mt Ordered message history at step t

M̃t Context-window view of the history
ht Auxiliary bookkeeping (tool-call counter, metadata)
π LLM stochastic policy
ρv Router function at node v

ϕ Deterministic tool execution map
at Action sampled at step t

Obs(st) Observation function (context construction)
d A document
D A document (in BM25 formulation)
tf(qi, D) Term frequency of term qi in document D

IDF(qi) Inverse document frequency of term qi
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P (wi) Marginal probability of word wi

P (wi, wj) Joint probability of words wi and wj

rankr(d) Position of document d in ranked list r

Metrics

cos(a, b) Cosine similarity between vectors a and b
BM25(D, Q) BM25 relevance score of document D for query Q

NPMI(wi, wj) Normalised Pointwise Mutual Information
RRF(d) Reciprocal Rank Fusion score for document d

Hit@k Proportion of queries with a relevant result in top k

MRR Mean Reciprocal Rank
Faithfulness Fraction of response claims supported by retrieved context
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1
Introduction

1.1 Background
Ericsson’s MINI-LINK product family provides microwave radio links for mobile
backhaul, connecting cell towers and network sites to the core network. The product
line spans multiple node families and millimetre-wave units, each differentiated by
processing hardware, radio capabilities, and networking features. A single software
release must be verified across this entire matrix of node types, hardware variants,
radio configurations, and protocol features.

Figure 1.1: The MINI-LINK 6000 product family, comprising packet microwave
nodes and millimetre-wave radio units for mobile backhaul.

The Node Integration Verification (NIV) team is responsible for this system-level
verification. The team operates over fifteen physical test benches ranging from
simple dual-node setups to multi-hop topologies with mixed node types and atten-
uators. Their daily workflow combines automated regression testing—thousands of
scripted Java tests executed nightly via the TAF/SWAT framework—with manual
exploratory testing sessions that target areas the automation cannot reach. When
tests fail or anomalies appear, engineers investigate, reproduce, and file trouble re-
ports (TRs) in the team’s Jira tracker.
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1. Introduction

Scripted tests are effective at catching regressions against known requirements, but
they cannot cover the combinatorial space of configurations and interactions that
characterise real deployments [48]. Exploratory testing (ET) fills this gap: testers
simultaneously design, execute, and evaluate tests guided by domain knowledge
and real-time observations [3]. ET is particularly effective at uncovering defects
that scripted tests miss [19], but its effectiveness depends heavily on the tester’s
experience and familiarity with historical failure modes [20].
In practice, the NIV team faces two challenges that limit ET effectiveness. First,
much of the fault knowledge accumulated over years of testing resides in individual
experience, informal discussions, and thousands of historical trouble reports [4].
When experienced testers leave or new members join, this knowledge is difficult to
transfer. Second, the volume of historical data (over 4 000 TRs spanning six years)
makes it impractical for any individual to maintain a comprehensive mental model
of where faults tend to concentrate across the product’s configuration space.
Recent advances in Large Language Models (LLMs) offer new possibilities. LLMs
can reason about technical documentation and generate contextually relevant re-
sponses [7]. Retrieval-Augmented Generation (RAG) grounds these responses in
domain-specific knowledge, reducing hallucination [26]. In software engineering,
RAG-based systems have been applied to code generation, bug localisation, and
documentation search [16], but their application to exploratory testing support re-
mains largely unexplored. General-purpose LLMs also lack access to Ericsson’s in-
ternal fault history and domain terminology—a gap that motivates a domain-specific
approach.
Unsupervised techniques such as topic modelling can discover recurring fault pat-
terns across large bug corpora [18], providing testers with a higher-level view of where
failures concentrate. Combining these pattern-level insights with fine-grained re-
trieval over individual reports creates an opportunity to externalise the fault knowl-
edge that experienced testers carry, making it accessible to the entire team through
a conversational interface.

1.2 Purpose and Goals
The purpose of this thesis is to investigate how AI can augment the NIV team’s ex-
ploratory testing workflow by leveraging historical bug data. The research addresses
the following question:

RQ: How can AI augment exploratory testing of complex telecommuni-
cations equipment by leveraging historical bug data to guide test priori-
tisation and fault discovery?

The thesis has the following goals:
1. Build a domain-specific knowledge base from historical trouble reports

by enriching, normalising, and structuring issue data from the NIV team’s Jira
tracker.

2. Discover recurring fault patterns by applying unsupervised topic mod-
elling to the enriched corpus, producing higher-level fault categories that reveal
systematic areas of risk.

2



1. Introduction

3. Design and implement a retrieval system that combines dense semantic
search, sparse lexical search, and cross-encoder reranking to make the knowl-
edge base accessible for diverse query types.

4. Develop a conversational agent that enables testers to interact with the
system in natural language, receiving context-aware guidance on what to test,
which areas carry the highest risk, and how past faults relate to their current
work.

5. Evaluate the system to assess retrieval quality, fault pattern coherence, and
the usefulness of the agent’s guidance for exploratory testing.

1.3 Methodology Overview
The work is grounded in the following hypothesis:

By mapping expert knowledge into external retrieval tools (RAG over
historical TRs and product documentation) and restricting the LLM’s
reasoning flow via a directed state graph, we can optimise its testing
policy—enabling it to suggest targeted, historically-informed exploratory
tests rather than generic advice.

To test this hypothesis, the thesis follows a five-phase methodology:
1. Data preparation: Extract, enrich, and normalise 4 218 trouble reports and

official product documentation into a structured knowledge base.
2. Fault pattern discovery: Apply BERTopic-style clustering to uncover macro-

level fault categories from the corpus.
3. Retrieval system: Implement a hybrid dense+sparse retrieval pipeline with

cross-encoder reranking.
4. Agent implementation: Build a LangGraph-based ReAct agent that au-

tonomously selects retrieval tools, reasons over results, and generates test
guidance.

5. Evaluation: Assess the system through retrieval metrics, pattern coherence
scores, and blind expert evaluation against historical data.

The directed graph architecture (LangGraph) constrains the agent’s reasoning to
a well-defined loop of observe–reason–act, preventing unconstrained generation and
ensuring that every response is grounded in retrieved evidence. This design directly
addresses the hallucination and relevance problems observed with general-purpose
LLMs applied to domain-specific testing tasks.

1.4 Limitations
The following limitations apply to this work:

• The system is developed and evaluated in the context of a single product family
(MINI-LINK) within a single organisation. Generalisability to other products
or domains is not assessed.

3



1. Introduction

• The knowledge base is limited to historical trouble reports and official product
documentation. Other sources such as design specifications, test plans, or
operational logs are not included.

• The system provides advisory support only. It does not execute tests, interact
with the equipment under test, or replace the tester’s judgement.

• Evaluation is conducted within the scope of this thesis and does not include
long-term deployment or longitudinal studies.

• The system relies on a cloud-hosted LLM (AWS Bedrock), introducing depen-
dencies on external infrastructure and data sensitivity considerations.

1.5 Thesis Outline
The remainder of this report is structured as follows:
Chapter 2 presents the theoretical foundations: exploratory testing, bug report

mining, retrieval-augmented generation, and LLM agent architectures.
Chapter 3 describes the system design and implementation, covering data prepa-

ration, fault pattern discovery, the hybrid retrieval pipeline, and the conver-
sational agent.

Chapter 4 reports evaluation results across five dimensions: pattern quality, re-
trieval performance, domain enrichment impact, routing accuracy, and expert
assessment.

Chapter 5 discusses findings, limitations, and implications for practice.
Chapter 6 summarises contributions and identifies directions for future work.

1.6 Use of AI Tools
AI-assisted tools were used during this thesis in the following capacities:

• Implementation: Claude and Kiro-cli assisted with code development for
the data pipeline, retrieval system, and agent

• Writing support: Claude was used for proofreading and rephrasing indi-
vidual sentences. All content was structured, reviewed, and validated by the
authors.

The research design, methodology decisions, analysis, interpretation of results, and
conclusions are entirely the authors’ own work.

4



2
Theory

This chapter presents the theoretical foundations and related work underlying the
AI-augmented exploratory testing assistant. It covers exploratory testing and its
challenges, bug report mining, retrieval-augmented generation, and LLM agent ar-
chitectures.

2.1 Exploratory Testing
Exploratory testing is a software testing approach in which test design, execution,
and learning happen simultaneously [3]. Unlike scripted testing, ET relies on the
tester’s domain knowledge and real-time observations to guide the process.
Whittaker [48] describes ET through the analogy of software tours, where testers
explore a system much like a tourist explores a city, following different strategies
depending on the goal. These tours provide structured yet flexible approaches to
coverage: focusing on features, boundaries, or error-prone areas.
Empirical studies show that ET is effective at finding defects that scripted tests
miss, but its effectiveness varies significantly between testers [19]. This variation is
largely explained by domain knowledge. Itkonen et al. [20] identify four knowledge
categories that influence ET performance: system knowledge, domain knowledge,
knowledge of common fault types, and knowledge of testing techniques. Experienced
testers use this knowledge to form hypotheses about where faults are likely to occur.
This dependency on individual expertise creates two practical challenges. First, ET
effectiveness is unevenly distributed across a team. Second, much of the relevant
fault knowledge resides in individual experience and historical bug reports rather
than in documented procedures [4]. When experienced testers leave, this knowledge
is difficult to transfer. These challenges motivate using AI to capture and make
accessible the domain knowledge that experienced testers rely on.

2.1.1 A Formal View
A compact notation helps state precisely what the ETAgent system aims to provide.
The formalisation below names only the objects that the rest of the thesis refers to;
it does not model the cognitive process of testing.

Test space. A test is a triple of a configuration, a stimulus, and an observation
schema:

q = (c, x, o) ∈ C × X × O ≜ Q. (2.1)
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Here c selects the hardware variant and feature flags, x is the input sequence ap-
plied to the system, and o specifies which responses are recorded (alarms, counters,
logs). In practice, the valid stimuli and observations depend on the configuration be-
cause not every hardware variant supports every feature, so the effective test space
is a strict subset of the full Cartesian product. Even so, |Q| remains effectively
unbounded [48].

System under test. The system under test is modeled as a function f that
describes how the equipment responds to a given configuration and stimulus:

f : C × X −→ Y , (2.2)

That is, given a hardware setup and feature configuration c together with an input
action x, the system produces an observable response y = f(c, x) ∈ Y . For example,
a set of alarms raised, counter values, or measured traffic throughput.
Whether a particular response constitutes correct behaviour is determined by a
separate correctness criterion:

ok : C × X × Y −→ {0, 1}. (2.3)

Here ok(c, x, y) = 1 means the response y is acceptable for that configuration and
stimulus, while ok(c, x, y) = 0 indicates a fault. A test q = (c, x, o) reveals a fault
whenever ok

(
c, x, f(c, x)

)
= 0.

Crucially, neither f nor ok is fully known to the tester. The system’s behaviour is
understood partially through documentation and prior testing; the correctness spec-
ification is often incomplete or ambiguous [20]. Exploratory testing exists precisely
because of this partial knowledge.

ET objective. Given a budget of N tests, exploratory testing seeks to maximise
the number of faults discovered:

max
q1,...,qN

N∑
t=1

1
[

ok
(
ct, xt, f(ct, xt)

)
= 0

]
. (2.4)

Each qt depends on all prior observations, making this a sequential decision problem
whose quality is bounded by the tester’s knowledge.

Knowledge gap. Following Itkonen et al. [20], the tester’s knowledge at step t
can be written as Kt = (Ksys

t , Kfaults
t ). This groups system and domain knowledge

into an approximate model of f , and knowledge of common fault types into fault
hypotheses identifying sub-regions of Q believed to be fault-prone. The fourth of
Itkonen’s categories, testing techniques, governs how tests are selected rather than
what is known.
In practice, both components are difficult to access. Kfaults

t is the scarce resource: ex-
perienced engineers carry rich hypotheses while junior engineers typically do not [4],
and much of this knowledge is implicitly encoded in the organisation’s bug-tracking
system rather than in documented procedures. Ksys

t is fragmented across hundreds
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of interlinked internal documents that pretrained language models have no access
to. The ETAgent addresses both gaps through retrieval-augmented generation: his-
torical trouble reports and fault pattern summaries augment Kfaults

t , while retrieved
product documentation augments Ksys

t . Figure 2.1 illustrates how the agent fits into
in the ET cycle.

Design Execute Learn

Ksys
t , Kfaults

t

ETAgentBug reports
+ CPI docs

augments

Figure 2.1: The exploratory testing cycle with AI augmentation. The ETAgent
augments the tester’s knowledge Kt by externalising fault hypotheses from historical
bug reports and surfacing official product documentation.

The rest of this chapter covers the techniques behind this approach: extracting
patterns from bug reports, retrieving relevant knowledge, and building an LLM
agent that delivers it to testers.

2.2 Bug Report Mining and Pattern Discovery
Bug tracking systems accumulate thousands of reports over a project’s lifetime,
encoding latent knowledge about recurring failures, affected components, and reso-
lution patterns. Mining this knowledge is a prerequisite for any system that aims to
assist testers at scale. This section covers three threads: similarity-based retrieval,
topic modelling, and cluster summarisation.

2.2.1 Bug Report Retrieval
Retrieving relevant bug reports from a large repository is the foundation of the
RAG system developed in this thesis, since the agent must find historical faults that
match a tester’s current question. Early retrieval approaches treated bug reports
as multi-field documents. The REP function [47] extended BM25F weighting to
structured fields of a bug report and learned field-specific weights, establishing that
incorporating metadata alongside free text substantially improves retrieval. Word
embeddings were later combined with IR methods to capture semantic similarity
beyond exact word matching [49].
A persistent problem is that semantically equivalent reports are often textually
dissimilar. Enriching bug reports with natural-language explanations of domain
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terms produces significant retrieval gains, with the largest improvements on textually
dissimilar pairs [37]. This motivates preprocessing corpora before indexing rather
than relying solely on the retrieval model.
The transition to transformer-based encoders marked a step change. A hybrid sys-
tem using sentence-BERT as first-stage retriever followed by a RoBERTa reranker
outperforms either approach alone [35]. Comparative studies confirm that BERT-
based encoders consistently outperform TF-IDF and Word2Vec for semantic re-
trieval over bug corpora [41]. The GitBugs dataset [40] provides a large-scale bench-
mark confirming that retrieval over bug repositories remains non-trivial even with
strong encoders.
The two core similarity measures used in retrieval are cosine similarity for dense
vectors:

cos(a, b) = a · b
∥a∥ ∥b∥

, (2.5)

which measures semantic closeness independently of vector magnitude, and BM25 for
sparse lexical matching, which scores a document D against a query Q = {q1, . . . , qn}
by summing weighted term contributions:

BM25(D, Q) =
n∑

i=1
IDF(qi) · tf(qi, D) (k1 + 1)

tf(qi, D) + k1

(
1 − b + b

|D|
avgdl

) , (2.6)

where IDF(qi) is the inverse document frequency of term qi (rarer terms receive
higher weight), tf(qi, D) is the term frequency of qi in D, |D| is the document length,
avgdl is the average document length, k1 controls term-frequency saturation, and b
controls length normalisation. BM25 excels at matching exact identifiers and error
codes that dense embeddings may not distinguish.
When both dense and sparse retrieval are used in parallel, their ranked lists must
be combined. Reciprocal Rank Fusion (RRF) merges on rank position alone:

RRF(d) =
∑
r∈R

1
k + rankr(d) , (2.7)

where R is the set of ranked lists, rankr(d) is the position of document d in list r,
and k is a smoothing constant. Because RRF depends only on ordinal positions, it
requires no score calibration between retrievers.
The merged candidates can then be refined by a cross-encoder reranker. Unlike
bi-encoders, which encode query and document independently, a cross-encoder pro-
cesses the query–document pair jointly through full transformer attention:

score(q, d) = σ
(
w⊤ Enc([CLS] q [SEP] d)[CLS]

)
, (2.8)

where σ is the sigmoid function and Enc(·)[CLS] is the encoder’s output at the clas-
sification token. This joint attention provides finer-grained relevance estimation at
the cost of higher latency, since each candidate requires a separate forward pass. In
practice, cross-encoder reranking is applied only to a small candidate set (e.g. 15
documents) produced by the faster first-stage retrievers.
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2.2.2 Topic Modelling
Retrieval finds individual reports matching a query, but cannot reveal the recurring
fault patterns shared across many reports. Topic modelling discovers this macro-
level structure, producing cluster-level knowledge that complements point-to-point
retrieval. Latent Dirichlet Allocation (LDA) [6] remains the standard baseline, rep-
resenting each document as a mixture over K latent topics. The DBTM system [38]
augmented retrieval with LDA-derived topic features, improving duplicate detection
by 5–7% points.
BERTopic [18] represents the dominant neural approach: embed documents with a
transformer, cluster with HDBSCAN, then extract representative keywords via class-
based TF-IDF (Figure 2.2). Top2Vec [1] follows a similar cluster-then-label strategy
using Doc2Vec embeddings. The Combined TM (CTM) [5] integrates contextual
embeddings into a neural variational framework. Of these, BERTopic is most suited
to this work because it allows any pre-trained embedding model, handles variable
cluster counts through HDBSCAN, and explicitly labels outliers as noise rather than
forcing every document into a topic.

Documents
Embedding
(Transformer)

Reduction
(UMAP)

Clustering
(HDBSCAN)

Labelling
(c-TF-IDF)

Figure 2.2: The BERTopic pipeline [18]. Each step is modular; the default config-
uration shown here uses a transformer encoder, UMAP, HDBSCAN, and class-based
TF-IDF.

Topic coherence is measured by Normalised Pointwise Mutual Information (NPMI)
over the top-N word pairs of a topic:

NPMI(wi, wj) =
log P (wi, wj)

P (wi) P (wj)
− log P (wi, wj)

. (2.9)

where P (wi) is the probability of word wi appearing in a document and P (wi, wj)
is the probability of both words co-occurring in the same document. A topic’s
coherence is the mean NPMI across all

(
N
2

)
pairs of its top-N keywords. Higher

values indicate that the topic’s words co-occur more than chance would predict,
signalling a semantically coherent cluster. The numerator is the standard pointwise
mutual information, measuring whether two words co-occur more than expected
under independence. The denominator − log P (wi, wj) normalises the score to the
range [−1, +1], ensuring comparability across word pairs with different marginal
frequencies: +1 indicates perfect co-occurrence, 0 indicates independence, and −1
indicates that the two words never co-occur.

2.2.3 Cluster Summarisation
Once reports are grouped by topic, the resulting clusters must be condensed into
concise summaries that capture the shared pattern without losing critical detail.
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This is a multi-document summarisation task complicated by noisy cluster bound-
aries and domain-specific terminology. Over-compression risks omitting relevant
information, while insufficient abstraction leaves the output unwieldy.
Two broad strategies exist. Extractive methods select representative passages from
the cluster, preserving original phrasing but often producing disjointed output. Ab-
stractive methods generate new text that synthesises across documents, offering
fluency at the cost of potential hallucination. Recent LLM-based approaches com-
bine both: representative documents are selected from the cluster, then an LLM
generates a coherent summary from them[55].
LLMLogAnalyzer [8] is particularly relevant to this work. It clusters system log
events, then uses an LLM to summarise each cluster into patterns, root causes, and
anomaly descriptions. By passing only representative cluster content rather than
entire log files, it addresses context-window limitations while preserving semantic
coverage, achieving 39–68% improvements over baselines that process logs without
clustering. A topic-guided reinforcement learning approach [28] further shows that
conditioning summarisation on explicit topic labels improves content selection and
reduces drift.
No prior work applies cluster summarisation specifically to bug report corpora for
the purpose of generating exploratory testing guidance. The approach adopted in
this thesis (Chapter 3) follows the cluster-then-summarise paradigm, using domain
glossary injection and product documentation as intermediate context to constrain
the LLM’s generation.

2.3 Retrieval-Augmented Generation

RAG addresses a fundamental limitation of LLMs: parametric knowledge is fixed
at training time. By coupling a generator with a searchable knowledge base, RAG
enables grounding outputs in retrieved evidence, reducing hallucinations and sup-
porting knowledge-intensive tasks over private corpora. For the ETAgent, RAG is
essential because the Ericsson bug reports and product documentation are propri-
etary and not part of any LLM’s training data.

2.3.1 Standard RAG Pipeline
The foundational RAG framework [27] combines a language model with a dense
vector index accessed through a neural retriever. Given a query, the retriever returns
the top-k passages, which are concatenated with the query and passed to the model
for answer generation. RAG has been widely adopted in software engineering [17],
where combining LLMs with external retrieval consistently outperforms using the
model’s built-in knowledge alone.
The standard pipeline has three stages: chunk and embed documents offline, retrieve
top-k neighbours at query time, then generate a response conditioned on retrieved
context (Figure 2.3). Known failure modes include inability to handle queries re-
quiring global corpus understanding and sensitivity to noisy context.
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Documents Chunk Embed Vector
store

offline

Query Embed Top-k LLM Response

retrieve

Figure 2.3: Standard RAG pipeline. Top row: offline indexing. Bottom row:
online query processing with retrieval from the vector store.

2.3.2 Advanced RAG Architectures
RAPTOR [44] recursively clusters and summarises chunks into a tree, enabling
retrieval at multiple abstraction levels. On multi-step reasoning benchmarks, RAP-
TOR with GPT-4 improved accuracy by 20% points over flat retrieval. Meta Knowl-
edge RAG [36] generates synthetic question-answer pairs and cluster-level summaries
offline, demonstrating that offline corpus preparation is a key lever for RAG qual-
ity. GraphRAG [13] extracts entity-relation graphs and precomputes community
summaries, substantially improving comprehensiveness on global queries.
The shared insight is that enriching the index offline, through hierarchical sum-
maries, synthetic QA pairs, or graph structure, addresses limitations that retrieval
alone cannot solve. This principle motivates two design choices in this thesis: pre-
computing cluster-level fault pattern summaries rather than relying solely on indi-
vidual report retrieval, and enriching the bug corpus with domain terminology and
visual descriptions before indexing.

2.3.3 Agentic RAG
Standard RAG fixes the retrieval strategy in advance: every query triggers the same
pipeline regardless of intent. Agentic RAG returns the retrieval decision to the
model itself, allowing it to choose which sources to query, issue multiple retrieval
calls, and decide when sufficient evidence has been gathered. A survey [46] identifies
four core patterns: reflection, planning, tool use, and multi-agent collaboration.
A-RAG [12] demonstrates this concretely by exposing multiple retrieval interfaces
(keyword search, semantic search, and chunk read) directly to the model as callable
tools. The agent decides which tool to invoke at each step based on the query and
intermediate results, outperforming static RAG while retrieving comparable or fewer
tokens. The key argument is that neither single-shot retrieval nor predefined multi-
step workflows qualify as truly agentic, since neither allows the model to adapt its
strategy to the specific query.
This paradigm directly motivates the ETAgent design. A tester’s question may
require a pattern-level overview, a specific bug report lookup, or an official doc-
umentation check, and the appropriate retrieval strategy differs for each. Rather
than routing all queries through a single fixed pipeline, the agent selects among
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retrieval tools (semantic search, keyword lookup, pattern search, documentation
search) based on its reasoning about query intent, and may call multiple tools in
sequence when a single retrieval is insufficient.

Research gap. Existing work applies RAG to software engineering tasks such
as code generation and bug localisation [17], and agentic architectures have been
demonstrated on open-domain QA [12] and document analysis [8]. However, no
prior system combines agentic RAG with unsupervised fault pattern discovery to
support exploratory testing. The specific challenge addressed by this thesis — exter-
nalising implicit fault hypotheses from a historical bug corpus and delivering them
as actionable test guidance through multi-turn conversation — has not been ex-
plored in the literature. The closest related systems either retrieve individual bug
reports without macro-level pattern synthesis, or perform topic modelling without
integrating the results into a conversational agent. This thesis bridges that gap.

2.4 LLM Agent Architectures
An LLM agent extends a language model beyond passive generation by equipping
it with planning, tool calling, and memory. This section covers frameworks, tool
integration, context management, the formal agent model, and evaluation.

2.4.1 Agent Frameworks
A survey of agent architectures [31] characterises the design space along two axes:
single-agent patterns (ReAct, Reflexion) and multi-agent patterns where specialised
agents collaborate and divide labour.
ReAct [50] is the single-agent pattern adopted in this thesis. It interleaves reasoning
traces with tool calls in a loop: the model reasons about what information it needs,
calls a tool to obtain it, observes the result, and decides whether to continue or
answer. This think-act-observe cycle repeats until the model judges it has sufficient
evidence to respond.
LangGraph [24] provides the execution substrate for implementing such patterns.
It models agent workflows as directed graphs with cycles, conditional branches, and
persistent state, allowing developers to define exactly when the agent should loop,
branch, or terminate. A survey of workflow systems [53] finds broad convergence
on Python-based execution chains but persistent fragmentation in tool schemas and
message formats, motivating standardised protocols such as MCP (Section 2.4.2).

2.4.2 Tool Use and Integration
Toolformer [45] demonstrated that language models can learn to decide which APIs
to call in a self-supervised manner, achieving performance competitive with much
larger models. The Model Context Protocol (MCP) [2] provides a universal open
standard for connecting agents to external tools, replacing fragmented custom in-
tegrations. Context-Aware MCP [21] extends this with a shared context store, en-
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abling servers to coordinate without repeated LLM round-trips and reducing re-
sponse failures on planning benchmarks.

2.4.3 Context Engineering
As agent systems grow in complexity, managing what information the model sees,
and when, becomes a first-class engineering concern. A comprehensive survey [33]
formalises context engineering as a discipline spanning retrieval, generation, process-
ing, and management. ACE [56] treats contexts as evolving playbooks that prevent
brevity bias and context collapse. Mem0 [11] provides a persistent memory layer for
long-term fact extraction across sessions. Acon [22] maintains structured, versioned
context stores that agents query across task boundaries. These systems address a
shared problem: as multi-turn conversations grow, naive truncation loses critical
context while full retention exceeds the model’s effective window. The ETAgent
addresses this with a three-tier scheme (Section 3.4.3): recent messages are kept in
full, older messages are shortened to just the questions and answers, and the oldest
are summarised into a brief paragraph by a smaller model.

2.4.4 A Formal Model of LangGraph ReAct Agents
The preceding sections described three concerns in tool-augmented LLM agents:
orchestration, tool invocation, and information management. This subsection pro-
vides a compact mathematical model of a LangGraph ReAct agent that names the
objects the evaluation metrics ultimately act on. Figure 2.4 illustrates the minimal
graph structure.

State. The conversation state at step t is

st = (Mt, ht), (2.10)

where Mt is the ordered message history and ht is session metadata (e.g. tool-call
counter, thread identifier, compression state).

Graph and router. A LangGraph agent models execution as a directed graph
G = (V, E) where each node is a processing step (e.g. running the LLM, executing a
tool) and edges define the possible transitions between steps. At branching points,
a router selects which edge to follow based on the current state:

ρv : S −→ { u : (v, u) ∈ E }. (2.11)

In the ReAct pattern, the key router sits after the agent node and decides: continue
to the tools node (if the LLM requested a tool call) or terminate (if the LLM
produced a final answer).

Policy. The language model acts as a stochastic policy over an action space A
(natural-language replies or tool calls):

π( · | M̃t ) ∈ ∆(A), (2.12)
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where M̃t is the context-window view of the history (possibly truncated or sum-
marised from Mt).

Tool map. Tool execution is deterministic: given a tool call, it returns one or
more result messages M∗ that are appended to the conversation history.

ϕ : Atool −→ M∗. (2.13)

All stochasticity in a ReAct trajectory enters through π; ϕ contributes only deter-
ministic feedback from the retrieval system.

ReAct step. One iteration of the agent loop works as follows: the context-window
view M̃t = Obs(st) is constructed from the full history (applying compression if
needed), the language model samples an action at based on what it sees, and the
action together with any tool results are appended to the message history. The
router then decides whether to loop (if the action was a tool call) or terminate (if
the action was a final answer) [50, 24]. This cycle repeats until the agent answers
or the safety cap forces termination.

start agent ρ

tools

end

at ∼ π(· | M̃t)

ϕ(at)

Figure 2.4: Minimal ReAct agent graph. The router ρ decides whether to invoke
tools (continuing the loop) or terminate. Edge labels show the policy π sampling
an action and the deterministic tool-execution map ϕ.

2.5 Evaluation
Evaluating LLM-based systems differs fundamentally from traditional software test-
ing. Outputs are stochastic and open-ended, meaning there is rarely a single correct
answer against which to compute exact-match accuracy. Moreover, for generative
tasks such as summarisation or question answering, multiple valid surface forms
may express the same correct content. Yu et al. [54] survey evaluation approaches
for RAG systems and conclude that reference-based metrics like BLEU or ROUGE
are theoretically insufficient for this setting, as they penalise valid paraphrases and
reward surface-level overlap regardless of factual correctness.
A key architectural concern is whether to evaluate the system end-to-end or decom-
pose evaluation by component. End-to-end metrics capture overall output quality
but cannot isolate whether degradation originates in retrieval, context selection, or
generation. Salemi and Zamani [43] demonstrate that component-level evaluation,
measuring each stage against its own criteria, is essential for diagnosing failures in
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RAG pipelines. This decomposition is particularly important for agentic RAG sys-
tems, where retrieval failures, routing errors, and generation hallucinations require
fundamentally different remediation strategies.

2.5.1 Topic Coherence Metrics
As introduced in Section 2.2.2, NPMI (Equation 2.9) quantifies whether a topic’s
top words co-occur beyond chance. Lau et al. [25] conduct a large-scale comparison
of automated coherence measures against human topic quality judgements and find
that NPMI achieves the highest correlation, outperforming alternatives such as UCI
and UMass coherence. This makes NPMI the standard automated proxy for cluster
quality in topic modelling pipelines.

2.5.2 Information Retrieval Metrics
Retrieval system evaluation relies on rank-aware metrics that measure both whether
relevant documents are retrieved and where they appear in the ranked list. Manning
et al. [30] formalise the standard evaluation framework for information retrieval,
defining Hit@k as a binary indicator of whether the ground-truth document appears
within the top k results:

Hit@k = 1
|Q|

|Q|∑
i=1

1[ranki ≤ k]. (2.14)

Mean Reciprocal Rank (MRR) rewards systems that place the relevant document
higher:

MRR = 1
|Q|

|Q|∑
i=1

1
ranki

(2.15)

where ranki is the position of the first relevant document for query i. Together,
Hit@k captures recall while MRR captures ranking precision.
Ablation studies isolate the contribution of individual pipeline components by sys-
tematically removing or adding them and measuring the resulting performance
change. Meister and Cotterell [34] review ablation methodology in NLP and argue
that proper ablation requires controlling for confounding variables and reporting
statistical significance, not merely comparing raw scores. For hybrid retrieval archi-
tectures, ablation quantifies whether each component (semantic embeddings, BM25,
cross-encoder reranking) provides additive value or introduces redundancy.

2.5.3 Reference-Free Generation Metrics
Evaluating generated text without human-annotated ground truth requires metrics
that assess factual grounding from retrieved context alone. Es et al. [15] introduce
RAGAS, a reference-free framework that decomposes RAG evaluation into four inde-
pendent dimensions: faithfulness, answer relevance, context precision, and context
recall. Each dimension targets a different failure mode, enabling practitioners to
pinpoint whether quality issues originate in retrieval or generation. The faithfulness
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metric decomposes the generated answer into individual claims and verifies each
against the retrieved context:

Faithfulness = |{c ∈ Cresp : c is supported by R}|
|Cresp|

(2.16)

where Cresp is the set of atomic claims extracted from the response and R is the
retrieved context. For domain-specific applications where hallucination of techni-
cal terminology poses safety risks, this claim-level decomposition enables precise
diagnosis of generation errors.
When combined with controlled ablation, such as comparing outputs with and with-
out injected domain knowledge, faithfulness scoring isolates the causal effect of spe-
cific enrichment components on hallucination rates.

2.5.4 LLM-as-Judge
Criteria-based evaluation using LLM-as-judge has emerged as a scalable alternative
to human annotation for assessing open-ended generative outputs. Li et al. [29]
provide a comprehensive survey of LLM-based evaluation methods and categorise
them into pointwise scoring, pairwise comparison, and listwise ranking. Rather than
assigning a single holistic score, decomposed criteria-based evaluation assesses re-
sponses along predefined quality dimensions such as factual accuracy, source citation,
and actionability.
However, LLM judges exhibit systematic biases. Ye et al. [51] identify position bias
(favouring responses presented first), verbosity preference (rating longer answers
higher regardless of quality), and self-preference (favouring outputs stylistically sim-
ilar to the judge’s own generation). Using the same model as both generator and
judge amplifies this problem; Panickssery et al. [39] show that models consistently
rate their own outputs higher than those from other models of comparable quality,
even when evaluators cannot explicitly identify authorship.
Prompt design also significantly affects judge reliability. Kim et al. [23] demon-
strate that fine-grained, dimension-specific rubrics substantially improve correlation
with human ratings compared to generic evaluation instructions. Their Prometheus
model, trained explicitly on rubric-based evaluation, achieves near-human agree-
ment when provided with detailed scoring criteria, but degrades to near-random
performance with vague prompts such as “rate the quality of this response.”
For tool-calling agents, routing accuracy measures whether the agent selects the
correct tool for a given query intent. Patil et al. [42] formalise tool selection as
a function-call classification problem, constructing a benchmark of over 1,600 API
calls and demonstrating that first-turn accuracy is a reliable proxy for downstream
task success in multi-tool agents. Confusion matrices reveal whether misrouting
errors are systematic or random, enabling targeted improvements to the agent’s
tool selection logic.

2.5.5 Expert Evaluation
While automated metrics assess system properties in isolation, the ultimate vali-
dation of an AI-assisted tool requires human judgement of its practical utility in
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context. Yehudai et al. [52] survey evaluation methods for LLM-based agents and
identify human evaluation as irreplaceable for assessing real-world utility, particu-
larly when automated metrics fail to capture domain-specific correctness and ac-
tionability.
Blind preference evaluation presents experts with outputs from different system
configurations without revealing which configuration produced each output. Zheng
et al. [57] demonstrate that pairwise blind comparison produces more reliable and
reproducible rankings than absolute scoring, as it eliminates individual differences
in scale interpretation and anchoring effects. Experts select the preferred response
based on predefined quality criteria, controlling for expectation bias that may inflate
or deflate ratings of AI-generated content.
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3
Methods

This chapter presents the methodology for designing an AI-augmented exploratory
testing assistant for MINI-LINK microwave network equipment. The system is de-
veloped as a five-phase pipeline: data preparation, fault pattern discovery, retrieval
system design, conversational agent design, and evaluation. The core research ques-
tion is:

RQ: How can AI augment exploratory testing of complex telecommuni-
cations equipment by leveraging historical bug data to guide test priori-
tisation and fault discovery?

Figure 3.1 provides an end-to-end overview of the resulting system.

Data Source Data Prep

Knowledge Base

Agent UI

Jira TRs
(4 218)

Enrich +
Normalise

Cluster
Summarise

(1 999 verified)

ChromaDB

BM25
Index

CPI Docs
(external)

LangGraph +
Claude Opus

React +
WebSocket

Figure 3.1: End-to-end system architecture. Data flows from raw sources through
enrichment into the knowledge base, consumed by the agentic reasoning layer and
exposed via a streaming web interface.

3.1 Data Preparation

3.1.1 Dataset
The system draws on two internal Ericsson data sources that together cover both
historical fault evidence and authoritative product knowledge. Trouble reports doc-
ument what bugs have occurred and how to reproduce them, while CPI documenta-
tion provides the foundational technical knowledge for the product, covering system
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architecture, configuration procedures, and expected behaviour. This combination
enables the agent to ground its exploratory testing guidance in real failure history
while referencing correct product specifications.

• Trouble Reports (TRs): Exported from a Jira-based issue tracker for
the MINI-LINK product family. A total of 4 218 TRs associated with the
ML66/AOD Node Integration Verification (NIV) test dashboard, created be-
tween 2020-06 and 2026-04, were extracted. All 4 218 issues are indexed for
retrieval. For the fault pattern discovery pipeline (Section 3.2), only the 1 999
issues resolved as Verified OK are used, ensuring that only confirmed, real
bugs enter the clustering process and excluding duplicates, invalid reports,
and issues that could not be reproduced. Each record includes structured
metadata (issue key, creation and update timestamps, severity, closed_as)
and unstructured fields (title, description, comments, image attachments).

1. Retrieval knowledge base: All 4 218 TRs are indexed into the vector
store for individual issue retrieval. Even reports resolved as Not a bug
or Not reproducible contain valuable investigation context (symptoms ob-
served, components involved, and troubleshooting steps attempted) that
can inform exploratory testing decisions.

2. Fault pattern discovery: Only the subset of 1 999 TRs resolved as
Verified OK is used for topic modelling and cluster summarisation. This
filtering ensures that the macro-level fault patterns reflect confirmed de-
fects rather than noise from misreported or unreproducible issues.

• Customer Product Information (CPI): Official technical documentation
from the MINI-LINK product family, specifically the latest release (M26.Q1,
2026-03-20). These documents describe high-level product descriptions (e.g.,
system nodes, hardware components, and software features) as well as detailed
operation and maintenance (O&M) manuals [14]. They cover critical areas
such as planning, installation, configuration activities, alarm handling, fault
management, and troubleshooting. The documentation provides essential con-
textual background for understanding the product’s structure and operational
boundaries. Notably, the documents in CPI are systematically organized and
extensively interlinked, forming connected information flows that are partic-
ularly valuable for guiding complex troubleshooting use cases. The files are
available in HTML and PDF formats, containing text, figures, and tables, and
everything can be accessed centrally through the Ericsson Library Explorer
(ELEX).

3.1.2 Domain Glossary Extraction
Within Ericsson, the telecommunications environment utilizes a vast number of
domain-specific, company-specific, and department-specific acronyms. When pro-
cessing these texts with standard pre-trained LLMs, the models frequently generate
hallucinated explanations. For example, the common Ericsson term hRLB (Hier-
archical Radio Link Bonding) is often incorrectly expanded by the LLM as "Hitless
Radio Link Bound", and MBB (Multi-Band Booster) is misinterpreted as "Make
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before Break". To address this, a domain glossary was constructed in three steps:
1. Official extraction: The Ericsson Glossary of Terms and Acronyms PDF

was parsed using PyMuPDF, using font formatting (bold text) to separate
terms from definitions. This yielded 719 unique terms.

2. TR-based expansion: A Python script scanned titles, descriptions, com-
ments, and root cause fields across all 4 218 TRs (before filtering) using tar-
geted regular expressions for telecom abbreviation formats (uppercase, camel-
Case prefixes, versioned suffixes). After noise filtering, 139 new acronym can-
didates not present in the official glossary were identified.

3. Expert validation: The combined list was reviewed with Ericsson engineers
and cross-checked against CPI documents. After deduplication and filtering,
the final glossary contains 692 terms stored in JSON format, where each entry
contains the acronym, its full expansion, and its technical definition.

3.1.3 Multimodal Enrichment and Text Normalisation
Raw Jira issues contain a mix of markup, template boilerplate, image references,
and conversational comment threads. Before indexing, each record passes through
a four-stage enrichment pipeline, using Claude Sonnet 4.6 (via AWS Bedrock) for
all generative steps.

Raw Jira
issue

1. Image
description

2. Description
restructuring

3. Image
merging

4. Comment
summarisation

Enriched
record

LLM (vision) Regex + LLM

LLMLLM

Figure 3.2: Four-stage enrichment pipeline. Each raw Jira issue is processed
sequentially: image attachments are described via LLM vision capabilities, the de-
scription is cleaned of markup, image content is merged into the text, and comment
threads are summarised. All stages except regex preprocessing are performed by the
same LLM.

Stage 1: Image description

Bug reports frequently include visual evidence, screenshots of alarm panels, CLI
terminal output, traffic graphs, and network topology diagrams, that is invisible to
text-based retrieval. For each TR, the pipeline scans the downloaded attachment
directory for image files (PNG, JPEG, GIF, WebP). Each image is base64-encoded
(resized if above 3.75 MB), paired with the parent issue’s description as context, and
sent to LLM (with image input) with the instruction:
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“Translate this image into plain text that captures ALL visible information:
values, timestamps, alarm names, interface names, IP addresses, status indi-
cators, graph trends.”

Results are cached to avoid reprocessing. Across the corpus, this step converted
several hundred screenshots into searchable text.

Stage 2: Description restructuring

Jira descriptions arrive with wiki markup, HTML fragments, noformat tags, and
empty template headings (e.g. “SHORT DESCRIPTION”, “HOW TO REPRO-
DUCE THE FAULT”). A regex-based pass strips these template headings and boil-
erplate instructions, then the LLM removes remaining markup while preserving all
technical content unchanged. The output is a clean, plain-text description.

Stage 3: Image merging

For issues that contain both a description and image descriptions, the LLM replaces
inline image references (e.g. !screenshot.png!) with a concise version of the cor-
responding image content. Images not referenced inline are appended only if they
contain fault-relevant information. The result is stored as full_description—a
self-contained narrative combining text and visual evidence.

Stage 4: Comment summarisation

Jira comment threads often span dozens of messages mixing investigation findings
with conversational noise (greetings, status requests, reassignments). The LLM
summarises each thread into a concise technical update covering: investigation find-
ings, reproduction steps, relevant logs and error messages, workarounds applied, and
resolution status. Threads with no technical content are discarded.
The final enriched record for each TR contains: the original title, a cleaned descrip-
tion, a full description with merged image content, a summarised comment thread,
and a dictionary of per-image text descriptions. These fields form the text that is
later embedded and indexed for retrieval.

3.1.4 Structured Attribute Extraction
Beyond free text, each TR is annotated with structured metadata extracted from
the device configuration files (.cfg) attached to many issues. These files contain
the complete CLI configuration of the node under test at the time of failure. Two
dimensions are extracted:

Configuration features (rule-based)

A rule-based Python script parses the CLI blocks and detects enabled features by
matching specific line patterns. The parser first splits the configuration into top-
level blocks (lines at column 0) and their indented sub-lines, then applies pattern-
matching rules for each feature category.
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TR record
has
.cfg?

Rule-based
feature parser

HW parser
+ lookup table

LLM extractor
(features + HW)

Merge into
enriched JSONL

features
+ hw

per record

yes

no

Figure 3.3: Structured attribute extraction per TR. If a configuration file is at-
tached, rule-based parsing extracts both features and hardware; otherwise, an LLM
extracts both from the TR title, description, and comments. Results are merged
into the enriched records.

LLM-assisted extraction was intentionally avoided for this step. The strict, deter-
ministic CLI syntax is better served by exact pattern matching—generative models
tend to hallucinate features from superficially similar keywords (e.g. interpreting
“protection switching” as NPU-PROTECTION).
For TRs without attached configuration files, a complementary LLM-based extractor
identifies features mentioned in the title, description, and comments using a detailed
feature catalog prompt with synonym mappings.

Hardware identification

Node types and board variants are extracted from configuration files by another
Python script. The parser identifies three hardware categories: chassis (node type),
boards and RAUs (Radio Access Units).
For TRs without configuration files, an LLM fallback extracts hardware mentions
from the issue text using a structured prompt with the full hardware catalogue as
reference.

Merge step

The extracted features and hardware are merged back into the enriched JSONL
records as per-node dictionaries. Each record’s features field maps node identifiers
to their detected feature sets, and the hw field maps nodes to their board and RAU
inventory. These structured fields are stored alongside each document and serve two
purposes: as contextual metadata displayed in retrieval results (enabling the agent
to reference specific hardware and feature configurations in its responses) and as
categorical inputs during topic modelling. They are kept separate from the main
text to avoid diluting the semantic signal used for embedding and retrieval.
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3.2 Fault Pattern Discovery
A fundamental limitation of naive RAG is that it retrieves information point-to-
point: given a query, it returns the top-k most similar documents. This works well
for specific questions but fails for broader ones like “what are the most common
failure modes after a software upgrade?” Answering such questions requires macro-
level knowledge that spans many individual reports. To extract this knowledge, an
unsupervised topic modelling pipeline was applied to the enriched dataset, producing
structured fault pattern summaries that the agent can retrieve alongside individual
bug reports.
The pipeline has four stages: embedding, dimensionality reduction, density-based
clustering, and LLM-driven cluster summarisation. Each stage is described below.

1. Embedding

2. Dimensionality
Reduction

3. Clustering

4. Summarisation

BGE-Large, 1024-dim vectors

PCA(300) + UMAP (8-dim
n_neighbors=20)

HDBSCAN + BERTopic c-TF-IDF

Block-by-block LLM summarisation
with glossary + CPI injection

Figure 3.4: Fault pattern discovery pipeline. Each stage feeds into the next,
producing structured fault pattern summaries from raw enriched records.

3.2.1 Embedding
The first step translates each issue’s text into a dense vector that captures its seman-
tic content. For each enriched record, the input string is formed by concatenating the
cleaned title and the LLM-normalised description (as produced by the enrichment
pipeline in Section 3.1):

text = title + "\n" + description
This concatenated string is then encoded using BGE-Large (BAAI/bge-large-en-
v1.5) [10], a bi-encoder model that produces 1024-dimensional dense vectors. BGE-
Large was selected for its strong performance on semantic textual similarity bench-
marks and its balance between embedding quality and inference speed. The model is
accessed through the FlagEmbedding library, wrapped to match the SentenceTrans-
former interface expected by BERTopic. All embeddings are cached as NumPy
arrays to avoid redundant computation during the hyperparameter grid search.
Before proceeding to clustering, the embedding space was characterised using three
diagnostics:
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1. PCA explained variance: A PCA decomposition was fitted to determine
the intrinsic dimensionality of the embedding space. The cumulative variance
curve indicates how many dimensions are needed to capture 90% and 95% of
the total variance, providing a lower bound on the UMAP target dimension-
ality.

2. Hopkins statistic: This measures clustering tendency by comparing nearest-
neighbour distances in the actual data against distances from uniformly ran-
dom points. A value above 0.7 indicates moderate clustering tendency; above
0.85 indicates strong natural clusters. This confirms whether density-based
clustering is appropriate for the data.

3. k-NN distance distributions: The distribution of distances to the k-th
nearest neighbour (for k ∈ {5, 10, 15, 20, 30, 50}) reveals whether the data has
uniform or highly variable local density. A high spread ratio (Q75/Q25 > 3)
indicates that HDBSCAN, which adapts to varying density, is preferable over
fixed-radius methods like k-means.

These diagnostics confirmed that the bug report embeddings exhibit strong cluster-
ing tendency and non-uniform density, validating the choice of UMAP followed by
HDBSCAN.

3.2.2 Dimensionality Reduction

Density-based clustering degrades in high-dimensional spaces because distances be-
come increasingly uniform as dimensionality grows (the “curse of dimensionality”).
The 1024-dimensional BGE-Large embeddings must therefore be projected into a
lower-dimensional manifold before clustering.
Three reduction strategies were evaluated:

• PCA alone: A linear projection that preserves global variance but cannot
capture non-linear manifold structure.

• UMAP alone: A non-linear projection [32] that preserves both local neigh-
bourhood relationships and approximate global structure, using a cosine dis-
tance metric.

• PCA → UMAP: A two-stage approach where PCA first reduces to certain
dimensions, then UMAP projects to the final target dimensionality. The lin-
ear pre-compression discards low-variance dimensions and speeds up UMAP’s
nearest-neighbour computation.

The hyperparameters swept for each strategy were:
• PCA alone: target dimensions ∈ {6, 8, 10, 15}.
• UMAP alone: n_components ∈ {8, 10, 15, 20}, n_neighbors ∈ {15, 20},

min_dist ∈ {0.0, 0.05, 0.1, 0.15}, cosine distance.
• PCA → UMAP: PCA ∈ {200, 300}; then UMAP with the same ranges as

above.
All UMAP configurations used a fixed random seed for reproducibility.
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3.2.3 Clustering
The reduced embeddings were clustered using HDBSCAN (Hierarchical Density-
Based Spatial Clustering of Applications with Noise) [9]. HDBSCAN was chosen
for two properties that make it well-suited to bug report data:

1. It does not require a pre-specified number of clusters. The number of fault
patterns in a bug corpus is unknown a priori and varies with the product’s
history.

2. It explicitly labels low-density points as noise (cluster −1), preventing unre-
lated or ambiguous issues from contaminating coherent fault patterns.

The clustering was integrated into a BERTopic [18] pipeline, which adds a topic rep-
resentation step on top of the clustering. After HDBSCAN assigns cluster labels,
BERTopic applies a class-based TF-IDF (c-TF-IDF) procedure to extract the most
representative keywords for each cluster. Unlike standard TF-IDF which operates
on individual documents, c-TF-IDF treats all documents within a cluster as a sin-
gle concatenated document, then computes term importance relative to all other
clusters. This surfaces words that are frequent within a cluster but rare across the
corpus, effectively identifying the distinguishing vocabulary of each fault pattern.
The tokenisation step was configured with:

• N-gram range (1, 3) to capture multi-word telecom terms (e.g., “software up-
grade failure”, “NPU protection switchover”).

• A custom token pattern r"(?u)\b[\w+/.:]+[\w]+\b" that preserves domain-
specific tokens containing dots, colons, and slashes (e.g., protocol names, file
paths, error codes).

• English stop-word removal, with minimum document frequency of 5 and max-
imum of 0.95.

Hyperparameter optimisation

A grid search was conducted over the joint dimensionality reduction and clustering
parameter space. For HDBSCAN, the swept parameters were:

• min_cluster_size ∈ {5, 8, 10} — the minimum number of issues required to
form a cluster. Smaller values produce more fine-grained patterns but risk
creating clusters around noise.

• cluster_selection_epsilon ∈ {0, 0.3} — merges clusters that are separated
by less than this distance, preventing over-fragmentation of closely related fault
types.

Each configuration was evaluated on three criteria:
1. NPMI coherence (Eq. 2.9): Measures whether the top-10 keywords of each

topic co-occur in the corpus more than expected by chance. Higher NPMI
indicates that the cluster’s keyword representation is internally consistent.

2. Topic diversity: The ratio of unique words to total words across all topics’
top-10 keyword lists. A value near 1.0 means topics are distinct; a low value
means many topics share the same keywords (redundancy).
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3. LLM-as-judge: Claude Sonnet (via Amazon Bedrock) rated each topic on
two dimensions — coherence and interpretability — using a 1–5 scale. The
judge received the top-10 keywords and 5 randomly sampled documents per
topic, then assessed whether the keywords match the documents and whether
the topic can be given a clear, actionable name. Topics were evaluated in
batches of 20 to stay within context limits.

3.2.4 Cluster Summarisation
The final stage transforms each cluster from a set of raw issue records into a struc-
tured, actionable fault pattern summary. Pre-computing these summaries avoids
the need to retrieve and reason over all individual reports within a cluster at query
time, allowing the agent to reference a single concise pattern description instead.

Block-by-block strategy

Clusters vary in size from 5 to over 50 issues. Since feeding all issues from a large
cluster into a single LLM call would exceed the context window, a Map-Reduce
strategy is used:

1. Small clusters (≤ 15 issues): Summarised in a single LLM call.
2. Large clusters (> 15 issues): Split into blocks of 15 TRs. Each block is

summarised independently (the “map” step), producing a sub-summary. All
sub-summaries are then merged into one final summary (the “reduce” step).

Before summarisation, the issues within large clusters are shuffled (with a fixed seed
per cluster) to avoid ordering bias.

Prompt design

The summarisation prompt instructs Claude Sonnet to act as a senior NIV architect
and produce a structured JSON output containing:

• Pattern name: A concise label for the fault category.
• Core mechanism: A 2–3 sentence explanation of the underlying root cause.
• Symptom signatures: Recurring alarms, log keywords, and KPI drops.
• Trigger conditions: Specific configurations or action sequences that provoke

the issue.
• Exploratory test heuristics: Concrete test steps specifying which interface

to use (CLI/GUI/NETCONF), what to do, and what to observe.
• Outlier TRs: Issues that do not fit the main pattern, explicitly excluded to

avoid contaminating the heuristics.
Two forms of context enrichment are injected into the prompt:

1. Domain glossary: The pipeline scans all text fields in the cluster for acronyms
matching the curated glossary (Section 3.1). Matched terms and their defi-
nitions are prepended to the prompt, preventing the LLM from hallucinating
incorrect expansions.
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2. CPI context: The cluster’s topic name and keywords are used to query the
official product documentation (via the same CPI search tool available to the
agent). Up to 3 relevant documentation excerpts are included, giving the LLM
access to official specifications when formulating root cause hypotheses.

The merge prompt instructs the LLM to deduplicate findings across sub-summaries,
resolve contradictions by majority view, and produce a single consolidated pattern.
The final summaries are stored as a JSON file that serves as the macro-level knowl-
edge layer in the retrieval system (Section 3.3).

3.3 Retrieval System Design
The retrieval system bridges the historical knowledge base and the language model.
Its job is to find the right bug reports or fault patterns for a given query, so the
LLM can ground its answers in real evidence rather than generating from parametric
memory alone. Because queries in exploratory testing range from vague (“what goes
wrong after upgrades?”) to precise (“show me MLP-6774”), the system must support
both semantic similarity and exact lexical matching.

3.3.1 Document Indexing Strategy
All documents are stored in a single ChromaDB collection, partitioned by a type
metadata field into two categories:

Issue documents

Each enriched bug report is converted to a text string by concatenating its title
and full (LLM-normalised) description. This string is then split into chunks of
1 500 characters with 200-character overlap using a recursive character text splitter.
Chunking is necessary because some reports exceed 5 000 characters after enrich-
ment, and embedding models produce better representations for shorter, focused
passages.
The chunk size of 1 500 characters was selected based on the length distribution
of the enriched issue corpus. The median issue length is 2 061 characters (mean
2 355), with 32.6% of issues fitting within a single chunk and 42.2% requiring exactly
two chunks. This configuration ensures that most issues are represented by 1–2
semantically focused chunks rather than being fragmented into many small pieces
that lose context. The 200-character overlap prevents sentence-level information
from being split across chunk boundaries, which is particularly important for bug
reports where root cause descriptions often span paragraph breaks. A larger chunk
size would reduce splitting but dilute the embedding’s semantic specificity; a smaller
size would improve specificity but fragment the causal narratives that make bug
reports useful for test guidance.
Each chunk carries metadata that enables downstream filtering and display:

• key — the Jira ticket ID (e.g., MLP-6774)
• title, severity, updated, closed_as
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• hw — hardware identifiers (JSON-serialised)
• features — enabled configuration features (JSON-serialised)
• answer — the root cause or resolution text, when available

Pattern documents

The cluster summaries from Section 3.2 are indexed differently. Rather than storing
each summary as a single monolithic document, the system splits each summary into
its individual sections: core mechanism, symptom signatures (alarms, log keywords,
traffic impact), trigger conditions, and exploratory test heuristics. Each section
becomes a separate document, prefixed with the pattern name for context.
When a tester asks about “alarms after cold restart”, the retriever should match the
symptom signatures section of the relevant pattern, not a 2 000-character summary
where the alarm names are buried in the middle. Sectioning produces shorter, more
focused documents that align better with specific query intents.

BM25 index

In parallel with the vector store, a BM25 sparse index is built over the issue docu-
ments and serialised to disk as a pickle file. This index enables exact lexical matching
for ticket IDs, hexadecimal error codes, and domain-specific identifiers that dense
embeddings cannot reliably distinguish (e.g., MLP-88436 vs. MLP-88437).

3.3.2 Hybrid Retrieval with Cross-Encoder Reranking
The retrieval pipeline operates in two stages: a high-recall first stage that casts
a wide net, followed by a precision-focused reranking stage that selects the most
relevant results for the agent’s context window.

First-stage retrieval

Three retrieval strategies are available, selected by the agent based on query intent
(Section 3.4.2):

1. Hybrid search (for general issue queries): Both the dense retriever and the
BM25 retriever return 15 candidates each. These two lists are merged using
Reciprocal Rank Fusion (RRF, Eq. 2.7 in Chapter 2) with k = 60, which
deduplicates and ranks the combined set by fusing rank positions. The top
15 documents from the fused list are retained for reranking. RRF avoids the
need to normalise scores across different retrieval methods, since BM25 scores
and cosine similarities are on incomparable scales.

2. Dense-only search (for pattern queries): Queries the vector store filtered
to type=pattern documents. Semantic similarity is sufficient here because
pattern documents are well-written summaries with consistent vocabulary.

3. Exact lookup (for ticket IDs and error codes): First attempts a direct meta-
data match on the key field. If no exact match is found, falls back to BM25
for partial matches.
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Query
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Figure 3.5: Hybrid retrieval pipeline. Dense and sparse retrievers each produce 15
candidates, fused via RRF and reranked by a cross-encoder to yield the final top-5
documents.
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To ensure high recall before reranking, each retriever in the hybrid strategy returns
15 candidates, and RRF selects the top 15 from the fused list. For pattern queries,
the dense retriever returns 9 candidates directly.

Second-stage reranking

The first-stage retrievers optimise for recall, so a second stage applies a cross-encoder
(Section 2.3.1) to re-score each candidate. The cross-encoder takes each query-
document pair as joint input and outputs a single relevance score, which is used to
reorder the candidate list. The model used is ms-marco-MiniLM-L-6-v2, chosen for
its balance between accuracy and latency. It is trained on the MS MARCO passage
ranking dataset, while its compact size (6 layers, 22M parameters) keeps inference
fast enough for interactive use. Since the cross-encoder only processes 15 candidates
per query rather than the full corpus, the added latency remains acceptable for a
conversational system.
After reranking, the system returns the top-5 documents for issue queries and top-3
for pattern queries. These are formatted with their metadata and injected into the
agent’s context as tool results.

3.3.3 External Documentation Search
In addition to the local knowledge base, the agent can query Ericsson’s official
Customer Product Information (CPI) documentation through an external RAG API.
This is implemented as a skill (Section 3.4.2) that calls the Ericsson Library Explorer
service.
The CPI search:

• Automatically filters to the latest released version of each MINI-LINK product
library.

• Uses hybrid retrieval (lexical + semantic, α = 0.5) with a dedicated reranker
on the server side.

• Returns up to 5 evidence passages with document titles, section headers, and
source URLs.

This gives the agent access to official specifications, feature descriptions, and con-
figuration procedures that complement the historical fault knowledge in the local
store. While bug reports capture what has gone wrong in the past, CPI provides the
ground truth on how the system is designed to work, enabling the agent to answer
questions about product capabilities, configuration steps, and expected behaviour.

3.4 Conversational Agent Design

The system follows an agentic RAG architecture in which the language model au-
tonomously decides when and how to retrieve information, rather than following a
fixed pipeline.
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3.4.1 Agent Architecture
The agent is implemented as a stateful LangGraph state machine powered by Claude
Opus 4.6 (via AWS Bedrock) with extended thinking enabled (budget of 2 048 to-
kens). The execution graph contains three nodes (Figure 3.6):

1. Agent node: The LLM receives the conversation history and system prompt,
then decides whether to call a tool or produce a final answer.

2. Tools node: Executes the selected tool and returns results to the agent node.
3. Cap node: Activated when the maximum tool round count (8) is reached,

injecting synthetic tool results and forcing a final answer with available infor-
mation.

start agent ρ

tools

cap

end

tool calls,
rounds < 8

rounds ≥ 8

no tool calls

ϕ(at)

Figure 3.6: ETAgent state graph. The router ρ inspects the last AI message: tool
calls with rounds below 8 continue to tools; at the cap limit, synthetic results force
a final answer; otherwise the agent terminates.

3.4.2 Tool Integration
The agent selects retrieval strategies via tool calling, allowing the LLM to reason
about query intent before choosing a method. Six tools are available (Table 3.1).

Table 3.1: Agent tools and their execution strategies.

Tool Strategy Purpose

search_issues Hybrid
(Dense+BM25
+ RRF+Rerank)

Find bugs combining semantic
and exact matches

search_summaries Dense + Rerank Retrieve macro-level fault pat-
terns

keyword_search Metadata match /
BM25

Look up specific ticket IDs or
error codes

load_skill Skill loader Load on-demand capability in-
structions

run_skill_script Dynamic execution Execute skill scripts (CPI
search, glossary lookup)

Skills are self-contained markdown modules loaded on demand. Two skills are imple-
mented: cpi-search (queries Ericsson’s CPI documentation via an external RAG
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API) and abbreviation-glossary (JSON lookup of 692 domain terms to prevent
hallucinated expansions).

3.4.3 Conversation History Management
Multi-turn conversations accumulate messages rapidly: each turn adds the user’s
question, the agent’s reasoning, tool calls, and tool results. Without management,
the total message history can exceed the LLM’s context window within a few turns,
causing either API errors or silent loss of early context. To prevent this, the agent
applies a three-tier compression scheme that keeps recent context in full while pro-
gressively compressing older history (Figure 3.7).
The scheme partitions the conversation history into three zones, each with a char-
acter budget:

|Mfull| ≤ Bfull, |Mcomp| ≤ Bcomp, |Mover| > T =⇒ summarise(Mover), (3.1)

with Bfull = 100 000 characters, Bcomp = 200 000 characters, and overflow threshold
T = 50 000 characters. The three zones are:

• Tier 1 (Full zone, Mfull): The most recent turns are kept intact, including
tool calls and results, up to Bfull. This preserves the reasoning traces needed
for the current interaction.

• Tier 2 (Compressed zone, Mcomp): Older turns are stripped to human
messages and final AI answers only (tool calls and intermediate results are
removed), up to Bcomp.

• Tier 3 (Summary): When the content that does not fit in either zone exceeds
the threshold T , Claude Haiku generates a dense paragraph summary of the
overflow. This summary is persisted in SQLite and injected into the system
prompt for all subsequent turns.

The scheme is applied once per new user message. Turns are processed from most
recent to oldest: each turn is placed in the full zone if it fits, otherwise compressed
and placed in the compressed zone, and any remaining overflow triggers summari-
sation. The current turn is always kept in full regardless of length. This ensures
that the model always sees recent context at full fidelity while retaining the gist of
earlier conversation.

System Prompt + Summary

Compressed zone

Full zone

Current turn

Tier 3: Haiku summary (overflow > 50K)

Tier 2: human + AI only (≤ 200K)

Tier 1: recent turns intact (≤ 100K)

Always kept in full

Context
window

Figure 3.7: Three-tier history management. Recent turns are kept in full, older
turns are shortened, and the oldest are summarised by Claude Haiku.
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3.4.4 Prompt Design
The system prompt is structured as a modular composition of five sections: role
definition, tool routing guidance, validation rules, reasoning strategies, and response
formatting. This separation enables independent iteration on each concern without
destabilising the others.

• Role and knowledge framing: The agent is instructed to combine its
general telecommunications knowledge with tool-retrieved information, rather
than relying solely on retrieval results. This prevents the failure mode where
RAG agents ignore parametric knowledge and produce shallow answers when
retrieval returns limited results.

• Tool routing guidance: Each available tool is described with its purpose and
example use cases. The prompt explicitly maps query types to tools: semantic
queries to search_issues, exact identifiers to keyword_search, macro-level
overviews to search_summaries. The agent is permitted to call multiple tools
in parallel and to answer general questions without retrieval.

• Validation rules: A verify-before-respond protocol is enforced for hardware-
feature compatibility claims. The agent must call CPI documentation search
before asserting any combination claim (hardware-feature, hardware-hardware,
or feature-feature compatibility). If CPI provides no evidence, the agent must
explicitly state it cannot confirm the claim rather than relying on paramet-
ric knowledge. Additionally, a hardware-feature binding rule prevents cross-
contamination of metadata: a feature belongs only to the node where it is
listed in retrieved results.

• Outlier reasoning: When retrieved issues lack a matching fault pattern,
the agent applies a structured template: (1) extract trigger conditions, (2)
identify boundary variations to explore, (3) suggest observables to monitor
(alarms, states, logs, traffic), (4) recommend a mini test sequence, and (5)
flag interactions with the tester’s current work. This transforms raw retrieval
results into actionable exploratory testing guidance.

• Self-check and response style: Before responding, the agent executes a
self-verification checklist: whether the answer addresses the actual question,
whether any claims lack support, whether any ticket IDs or technical specifi-
cations are fabricated, and whether the response provides actionable guidance
rather than data dumps. The response style is constrained to be conversa-
tional and concise, addressing the user’s question first and supporting with
data second.

3.4.5 Serving and User Interface
The system is deployed as a full-stack web application. The backend (FastAPI)
manages user authentication, session persistence (MySQL), and agent orchestration.
Communication with the React/TypeScript frontend uses WebSocket for real-time
token streaming. The application is containerised with Docker and deployed on
Ericsson internal server.
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3.5 Evaluation Design
The evaluation is structured across four dimensions, each targeting a different system
component. This decomposition ensures that failures can be attributed to specific
pipeline stages rather than observed only as end-to-end degradation.

3.5.1 Retrieval Pipeline Comparison
A golden dataset of 180 queries is constructed to evaluate retrieval quality. For each
ground-truth document, three queries are generated, one per query type:

• Symptom: a natural language description of the fault (e.g., “traffic loss after
cold restart on dual-carrier node”).

• Keyword: an exact identifier like a ticket ID or error code (e.g., “MLP-6774”).
• Diagnostic: a troubleshooting question that requires understanding the doc-

ument’s content (e.g., “what causes NPU restart during software upgrade?”).
We selected 50 issue documents and 10 pattern documents, giving 150 + 30 = 180
queries total (60 per type). Because all three queries for a given document share
the same ground truth, we can directly compare how each retrieval method handles
different ways of asking about the same fault.
Four retrieval configurations are compared:

1. BM25 only: Sparse lexical retrieval.
2. Dense only: Semantic vector retrieval using BGE-Large embeddings.
3. Hybrid RRF: Dense and BM25 results merged via RRF.
4. Hybrid RRF + Rerank: The hybrid set reranked by a cross-encoder.

Metrics are computed per strategy, sliced by query type and document type: MRR,
Hit@1, Hit@5, average latency, and RAGAS ContextPrecision and ContextRecall.

3.5.2 Agent Quality Evaluation
Since a general-purpose LLM lacks the domain knowledge to verify telecommunications-
specific claims or detect hallucinated technical details, the LLM-as-judge protocol
is restricted to domain-independent quality dimensions: tool grounding, response
relevance, source citation, and behavioural correctness (e.g., appropriate refusal).
Domain correctness is assessed separately through expert evaluation (Section 3.5.3).
To mitigate self-enhancement bias, the judge model (Claude Sonnet) differs from
the generation model (Claude Opus).
Two complementary datasets are evaluated:

Synthetic golden dataset

A dataset of 51 queries is designed across three difficulty levels: L1 (15 simple,
single-tool queries), L2 (25 multi-step queries requiring tool chaining), and L3 (11
complex queries involving ambiguity, edge cases, or refusal). Each query specifies
expected tools, expected topics to cover, relevant ticket IDs, and evaluation criteria
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(e.g., actionable, cites_sources, acknowledges_uncertainty). Routing accuracy is
computed as the proportion of queries where the agent selects the correct tools.

Real-session triplet evaluation

To evaluate the agent on authentic interactions rather than synthetic benchmarks,
real user sessions collected during deployment are scored using a triplet-based pro-
tocol. Each triplet consists of (user query → agent response → user’s next message),
where the user’s reaction serves as a natural ground-truth signal. The judge scores
three dimensions:

• Tool grounding: Whether the response references retrieved ticket IDs or
pattern names from the tool logs.

• User reaction: Whether the user accepted the answer, asked a deepening
follow-up, or corrected/rephrased the question.

• Response relevance: Whether the agent addressed what the user actually
asked.

The judge receives both the conversation triplet and the tool call logs (including
retrieved content), enabling verification of whether the agent’s claims are grounded
in actual retrieval results.

3.5.3 Expert Blind Evaluation
Domain correctness and practical utility are assessed through blind preference eval-
uation by senior test engineers at Ericsson, who possess the domain knowledge
that automated metrics cannot replicate. Two complementary experiments are con-
ducted:

Domain enrichment impact

To isolate the contribution of the fault pattern summaries, 22 representative queries
are processed by two agent configurations: one with access to pattern summaries
and one without. Both configurations retain access to individual issue retrieval. The
resulting response pairs are presented to experts in a blind comparison, where they
select the more useful response without knowing which configuration produced it.

Baseline comparison

To validate the system’s end-to-end utility against existing alternatives, 60 queries
are constructed across four categories: guidance (24 queries covering test planning
and configuration), diagnosis (10 queries on troubleshooting and root cause inves-
tigation), knowledge (18 queries on feature explanations and specifications), and
adversarial (8 queries with wrong premises or hallucination bait). Each query is an-
swered by three systems: the ETAgent, a baseline enterprise AI assistant (EricAI),
and raw Claude Opus 4.6 without retrieval augmentation.
Experts evaluate the resulting response sets through blind comparison, selecting the
most useful response without knowing which system produced it. This three-way
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design measures whether the retrieval augmentation and domain-specific prompt en-
gineering provide value beyond both the enterprise baseline and the raw foundation
model.

3.6 Implementation Summary

Table 3.2: Key implementation parameters.

Component Configuration

Reasoning LLM Claude Opus 4.6 (us.anthropic.claude-opus-4-6-v1)
Extended thinking Enabled, budget 2 048 tokens
Summary LLM Claude Haiku 4.5
Evaluation judge Claude Sonnet 4.6
Embedding model BGE-Large (BAAI/bge-large-en-v1.5), 1024-dim
Reranker cross-encoder/ms-marco-MiniLM-L-6-v2
Vector store ChromaDB (persistent)
Chunk size / overlap 1 500 / 200 characters
Retrieval top-k 5 (issues), 3 (patterns)
Candidate multiplier 3× (15 candidates before reranking)
RRF smoothing k 60
Max tool rounds 8
Full budget 100 000 characters
Compressed budget 200 000 characters
Overflow threshold 50 000 characters
Dimensionality reduction PCA(300) + UMAP(8, n_neighbors=20, min_dist=0.0)
Clustering HDBSCAN (min_cluster_size=5, ϵ=0.3)
Infrastructure AWS Bedrock, Docker, Kubernetes
Backend FastAPI + Uvicorn, WebSocket streaming
Database MySQL (auth/sessions), SQLite (agent memory)
Frontend React + TypeScript
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4
Results

This chapter presents the evaluation results of the proposed ETAgent system. To
comprehensively assess its effectiveness as an exploratory testing assistant, the eval-
uation covers four areas: the quality of the unsupervised fault pattern discovery,
the performance of the hybrid retrieval pipeline, the agent’s routing accuracy and
response quality, and an end-to-end evaluation conducted by domain experts at
Ericsson.

4.1 Fault Pattern Discovery Quality
The first step of the evaluation assesses the quality of the macro-level knowledge
extracted from historical trouble reports. The clustering pipeline was applied ex-
clusively to the 1 999 issues resolved as Verified OK, ensuring that only confirmed,
real faults enter the knowledge base. Issues closed as duplicates, invalid, or not-a-
bug were excluded to prevent noise from degrading cluster quality. We measured
the cluster coherence across different hyperparameter configurations (UMAP and
HDBSCAN) using NPMI. Furthermore, an LLM-as-a-judge protocol was employed
to rate the interpretability of the generated cluster summaries.

Table 4.1: Clustering evaluation across representative configurations. Coh. and
Interp. are mean LLM-as-judge scores (1–5 scale).

Configuration Topics Outlier % NPMI Coh. Interp.

K-Means (k=50) 50 0% −0.009 3.72 3.72
PCA + HDBSCAN 7 92.3% −0.033 3.71 3.86
UMAP + HDBSCAN 34 17.7% 0.038 4.16 4.11
PCA + UMAP + HDBSCAN (selected) 34 16.5% 0.050 4.38 4.12

As shown in Table 4.1, K-Means produces negative NPMI scores regardless of con-
figuration, indicating that fixed-partition clustering fails to discover coherent fault
patterns in this corpus. PCA-only with HDBSCAN also fails, classifying over 90% of
issues as outliers due to insufficient density structure in the linear subspace. UMAP-
based configurations achieve positive coherence. The selected configuration (PCA
+ UMAP + HDBSCAN) achieves the highest NPMI (0.050) with the lowest out-
lier rate (16.5%), while the variant without PCA pre-reduction scores slightly lower
(0.038) at a higher outlier rate (17.7%). Besides, it maintains strong LLM-as-judge
scores (mean coherence 4.38, mean interpretability 4.12 on a 1–5 scale, with 29/34
clusters scoring ≥ 4 for coherence).
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Figure 4.1: UMAP projection of issue embeddings coloured by cluster assignment.
Embeddings were reduced via PCA(300) followed by UMAP (n_components=8,
n_neighbors=20, min_dist=0.0), then projected to 2D for visualisation.

Figure 4.1 shows the 2D UMAP projection of the clustered issues. The 34 fault
patterns form visually distinct groups with minimal overlap, confirming that the
embedding and clustering pipeline produces separable topics. Outliers (grey points,
16.5%) are distributed between clusters rather than forming their own dense regions,
supporting the HDBSCAN noise classification.

Table 4.2: Ten largest fault pattern clusters discovered by the pipeline.

# Fault Pattern Issues

0 NPU Cold Restart & Software Upgrade Failures 276
1 XPIC Radio Link Configuration & Carrier Issues 249
2 hRLB WAN/LAN Port & Network Interface Issues 208
3 Security, Login & Node GUI Usability Issues 131
4 Radio Deep Sleep (RDS) Feature Bugs 63
5 Warm Restart Traffic Impact & TDM Disruptions 56
6 RLP EQP Protection Switching Failures 56
7 hRLB In-Band DCN VLAN & HLAN Configuration Issues 53
8 Alarm Reporting & Configuration Mismatch Issues 49
9 Performance Monitoring (PM) Data & Interval Issues 47

Table 4.2 lists the ten largest clusters, which together account for 1,188 of the 1,669
assigned issues (71%). The cluster names are generated by prompting the LLM with
each cluster’s top keywords and representative issue titles. The three largest clusters
relate to core network equipment functions: NPU restart and upgrade procedures,
XPIC radio configuration, and hRLB port management. Smaller clusters capture
more specific fault mechanisms such as Radio Deep Sleep behaviour and protection
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switching failures.

4.2 Retrieval Pipeline Comparison
Four retrieval configurations were evaluated on the golden dataset of 180 queries
(60 symptom, 60 keyword, 60 diagnostic) across two document types (150 issue
queries, 30 pattern queries). Table 4.3 reports the overall results. Context precision
(CtxPrec) measures the proportion of retrieved documents that are relevant, and
context recall (CtxRec) measures whether all needed information is present in the
retrieved set [15].

Table 4.3: Overall retrieval performance across 180 queries.
*The full pipeline combines Hybrid + RRF + Rerank.

Strategy MRR Hit@1 Hit@5 CtxPrec CtxRec Latency

BM25 only 0.728 0.672 0.800 0.828 0.866 32 ms
Dense only 0.564 0.478 0.706 0.701 0.766 106 ms
Hybrid RRF 0.698 0.583 0.856 0.788 0.924 133 ms
Full Pipeline* 0.815 0.761 0.883 0.869 0.951 292 ms

BM25 Dense Hybrid RRF Hybrid RRF+Rerank
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Figure 4.2: Retrieval performance across four pipeline configurations.

The full pipeline (Hybrid + RRF + Rerank) achieves the highest scores across all
metrics, with MRR of 0.815 and Hit@5 of 0.883. The cross-encoder reranking stage
provides the largest single improvement, lifting MRR from 0.698 (Hybrid RRF) to
0.815 at the cost of increased latency (133 ms to 292 ms).
Table 4.4 breaks down performance by query type. Dense retrieval outperforms
BM25 on symptom queries (MRR 0.713 vs 0.701) where semantic similarity matters,
but fails on keyword queries (MRR 0.383 vs 0.843) where exact identifier matching
is required. The hybrid approach combines the strengths of both, and reranking
further improves all categories.
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Table 4.4: MRR by query type and retrieval strategy.

Strategy Symptom Keyword Diagnostic

BM25 only 0.701 0.843 0.640
Dense only 0.713 0.383 0.595
Hybrid RRF 0.780 0.632 0.682
Full Pipeline 0.856 0.799 0.790

The results confirm that no single retrieval method is sufficient for the telecommu-
nications domain. BM25 excels at exact identifiers but misses semantically related
faults; dense retrieval captures meaning but cannot distinguish similar ticket IDs.
The hybrid architecture with reranking addresses both failure modes, justifying the
additional latency for the quality improvement.
Table 4.5 shows a further split by document type. All strategies perform substan-
tially better on issue documents than pattern documents. The full pipeline reaches
MRR 0.888 on issues but only 0.450 on patterns, suggesting that the pre-computed
summaries are harder to match against user queries than the original bug reports.
This likely reflects the vocabulary gap: testers describe faults in the language of
individual symptoms, while pattern summaries use higher-level abstractions.

Table 4.5: MRR by document type and retrieval strategy.

Strategy Issue (n=150) Pattern (n=30)

BM25 only 0.810 0.319
Dense only 0.589 0.436
Hybrid RRF 0.744 0.468
Full Pipeline 0.888 0.450

4.3 Agent Quality Evaluation

4.3.1 Golden Dataset Evaluation
The 51-query golden dataset was evaluated on two dimensions, routing accuracy and
response quality. Routing accuracy measures whether the agent selected the correct
tool (or correctly refrained from calling any tool for greetings, meta-questions, and
out-of-domain queries). The agent made the correct routing decision in 42 of 51
cases, achieving 82.4% overall accuracy. Table 4.6 reports both routing accuracy
and criteria scores per difficulty level.
L1 routing accuracy is 80.0%, with failures on queries where the agent unnecessarily
called tools (e.g., answering a general knowledge question via retrieval) or routed
configuration questions to the wrong skill. L2 multi-step queries achieved the highest
routing accuracy at 92.0%, indicating reliable tool selection even for complex queries.
L3 is lowest at 63.6% because adversarial queries designed to provoke refusal instead
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Table 4.6: Golden dataset results by difficulty level.

Level Queries Routing Acc. Avg Score Score ≥ 4
L1, single-tool 15 80.0% 4.41 84%
L2, multi-step 25 92.0% 4.07 73%
L3, complex/adversarial 11 63.6% 4.38 81%
Overall 51 82.4% 4.22 80%

triggered unnecessary tool calls. Response quality is consistently high across all
levels, with an overall average of 4.22 out of 5 and 80% of criteria scores at 4 or
above. Topic coverage averages 70.8%, meaning the agent addresses most expected
themes but occasionally misses secondary topics.
Of the 51 queries, 12 triggered failure flags. The most significant pattern is ad-
versarial robustness. When given fabricated software versions such as “R99A100”,
the agent proceeds as if the input is valid rather than questioning its existence,
accounting for both hallucination cases. Tool selection errors occur on vague or
underspecified queries where the agent calls a lookup tool instead of asking for clar-
ification.

4.3.2 Real-Session Triplet Evaluation
Real user sessions collected during deployment were scored using the triplet-based
protocol. A total of 26 sessions comprising 83 interaction turns were evaluated by
Claude Sonnet 4.6 as judge. Table 4.7 reports the average scores across the three
dimensions.

Table 4.7: Real-session triplet evaluation scores, 1–5 scale, 83 turns.

Dimension Mean Interpretation

Response relevance 4.64 Agent addresses the user’s actual question
User reaction 3.31 User accepted or deepened in most cases
Tool grounding 3.27 Mixed citation of retrieved evidence

Response relevance is consistently high, with 71 of 83 turns scoring 5, indicating that
the agent reliably understands user intent. User reaction scores are concentrated at
3 and 4, covering 68 of 83 turns. A score of 3 indicates the final turn in a session
or a neutral follow-up, while 4 indicates a productive deepening question. Only 12
of 83 turns received scores of 1 or 2, meaning the user corrected or rephrased their
question.
Tool grounding is the weakest dimension. The agent frequently combines parametric
domain knowledge with retrieved evidence rather than strictly citing tool results,
which the judge penalises. Table 4.8 shows the distribution of identified failure
causes.
The grounding and hallucination failures are partially a consequence of the prompt
design, which instructs the agent to combine parametric knowledge with retrieval

43



4. Results

Table 4.8: Failure cause frequency across 83 evaluated turns.

Failure Cause Count

Grounding (claims not tied to retrieved data) 22
Hallucination (fabricated details) 17
Completeness (partial answer) 14
Tool usage (wrong tool or missing call) 4
Coherence 1

results. While this produces more comprehensive answers, it introduces claims that
cannot be verified against the tool logs alone.

4.4 Expert Blind Evaluation

4.4.1 Domain Enrichment Impact
Experts compared agent responses with and without access to fault pattern sum-
maries across 22 queries. Two reviewers evaluated all queries, producing 44 prefer-
ence votes. Table 4.9 reports the preference distribution.

Table 4.9: Expert preference: with vs without pattern summaries (22 queries, 44
votes).

Preferred Count %

With summaries 20 45.5%
Without summaries 24 54.5%

The overall preference is roughly split, with a slight edge toward individual report
retrieval. Inter-rater agreement is 52.4% (11 of 21 shared queries), indicating high
subjectivity in the comparison. When both reviewers agree, they agree on “without
summaries” more often (7 queries) than “with summaries” (4 queries).
However, the expert comments reveal a consistent pattern in when each configuration
excels. Summaries are preferred for queries involving complex feature interactions
and cascade mechanisms, where the pre-computed pattern provides causal chains
that individual reports do not surface. For example, on a query about Provider
Bridge and XPIC interactions, the reviewer noted that the summary “identifies the
critical cascade mechanism — NPU switchover triggers delayed restart, which trig-
gers spurious XPIC recovery, which can mute all carriers” while the version without
summaries “treats the bridge mode and XPIC recovery as mostly independent prob-
lems.”
Conversely, individual retrieval is preferred for queries targeting specific hardware
variants or narrow fault types, where summaries add breadth at the cost of precision.
On a query about testing hRLB on a new NPU, the reviewer preferred the version
without summaries because it “identifies two critical, 100% reproducible NPU1007-
specific bugs that are exactly what testing a new NPU should catch first.”
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4.4.2 Baseline Comparison
Eleven domain experts evaluated 55 of the 60 designed queries answered by three
systems in a blind comparison, producing 175 preference votes. Table 4.10 reports
the overall preference distribution.

Table 4.10: Expert preference across three systems, 175 votes from 11 reviewers.

System Preferred %

ETAgent 126 72.0%
Claude Opus 4.6 26 14.9%
EricAI 23 13.1%

The ETAgent was preferred in 72.0% of comparisons, substantially outperforming
both the raw foundation model and the enterprise baseline. Table 4.11 breaks down
preferences by query category.

Table 4.11: Expert preference by query category.

System Guidance Diagnosis Knowledge Adversarial
(n=81) (n=28) (n=51) (n=15)

ETAgent 58.0% 89.3% 84.3% 73.3%
Claude Opus 4.6 25.9% 0% 5.9% 13.3%
EricAI 16.0% 10.7% 9.8% 13.3%

The ETAgent’s advantage is strongest on diagnosis queries at 89.3% and knowl-
edge queries at 84.3%, where retrieval-augmented answers grounded in historical
bug data provide concrete ticket references and fault patterns that neither baseline
can offer. The gap narrows on guidance queries to 58.0%, where Claude Opus 4.6
captures 25.9% of preferences by generating plausible general test planning advice
from parametric knowledge alone. On adversarial queries designed to provoke hallu-
cination, the ETAgent leads at 73.3% but does not fully dominate, consistent with
the hallucination failures identified in the golden dataset evaluation.
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5
Discussion

This chapter interprets the evaluation results, discusses the trade-offs inherent in
the system design, and identifies threats to validity.

5.1 Answering the Research Question

The research question asks how AI can augment exploratory testing of complex
telecommunications equipment by leveraging historical bug data to guide test pri-
oritisation and fault discovery. The evaluation provides converging evidence that
the ETAgent achieves this through three mechanisms, each validated by a distinct
evaluation dimension.
First, the fault pattern discovery pipeline extracts 34 coherent fault categories from
1 999 verified trouble reports (Section 4.1). In the formal terms of Section 2.1.1, these
patterns constitute externalised fault hypotheses Kfaults

t — sub-regions of the test
space Q that have historically yielded faults, now made explicit and queryable rather
than residing in individual tester memory. The high coherence scores (mean 4.38/5)
confirm that these hypotheses are internally consistent, and the interpretability
scores (mean 4.12/5) confirm that testers can act on them.
Second, the hybrid retrieval pipeline makes both individual fault reports and macro-
level patterns accessible through natural-language queries, with MRR 0.815 on the
full pipeline (Section 4.2). This addresses the access problem identified by Beer
and Ramler [4]: the knowledge exists in the organisation’s bug tracker, but without
effective retrieval it remains practically inaccessible during a testing session.
Third, the agentic architecture autonomously selects retrieval strategies based on
query intent, enabling testers to interact with the knowledge base conversationally
rather than formulating precise search queries. The agent achieves an overall criteria
score of 4.22/5 on the golden dataset (Section 4.3), and domain experts preferred
its responses over both baselines in 72.0% of blind comparisons (Section 4.4).
The system does not replace the tester’s judgement or execute tests. Its contribu-
tion is to reduce the knowledge asymmetry between experienced and junior testers
by making historical fault knowledge systematically accessible — effectively low-
ering the barrier to forming the fault hypotheses that drive effective exploratory
testing [20].
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5.2 Retrieval Architecture
The retrieval evaluation confirms that no single retrieval method is sufficient for the
telecommunications domain. Dense retrieval excels at semantic matching but fails
on exact identifiers (MRR 0.383 on keyword queries), while BM25 handles ticket
IDs and error codes but misses semantically related faults. The hybrid architecture
with cross-encoder reranking achieves the best performance across all query types,
with MRR improving from 0.564 for dense-only to 0.815 for the full pipeline.
BM25’s overall strength on this corpus (MRR 0.728, outperforming dense retrieval
at 0.564) is notable because it contradicts the general trend in the literature, where
transformer-based encoders consistently outperform keyword-based methods [41].
The explanation lies in the corpus characteristics. MINI-LINK trouble reports are
short (typically 200–400 tokens after normalisation), use consistent internal termi-
nology within a single product family, and are dense with exact identifiers — alarm
codes, ticket IDs, hardware part numbers. Within this closed vocabulary, the termi-
nology mismatch that motivates dense retrieval [37] is substantially smaller than in
cross-project benchmarks such as GitBugs [40]. Dense retrieval’s advantage appears
only on symptom queries (MRR 0.713 vs 0.701 for BM25), where paraphrasing and
semantic similarity matter.
Reciprocal Rank Fusion proves effective as a fusion strategy, lifting Hit@5 from
0.800 (BM25 alone) and 0.706 (dense alone) to 0.856. This confirms that the two
retrieval methods have complementary failure modes: BM25 misses semantically
equivalent descriptions while dense retrieval conflates structurally similar identifiers.
RRF’s rank-based scoring avoids the need to calibrate score distributions between
heterogeneous retrievers, making it a practical default for hybrid systems where
score scales are not directly comparable.
The cross-encoder reranking stage provides the single largest quality improvement,
lifting MRR from 0.698 (Hybrid RRF) to 0.815. This confirms the two-stage retrieve-
then-rerank principle documented by Meng et al. [35]: a bi-encoder casts a wide net
for recall, and a cross-encoder refines for precision. The latency cost — increasing
from 133 ms to 292 ms — is acceptable in this context. Exploratory testing is not
a real-time task; testers formulate queries during planning or investigation phases
where end-to-end response times are dominated by LLM generation (typically 2–5 s).
The 292 ms total retrieval latency is invisible to the user.
One limitation of the current retrieval design is the static candidate multiplier (3×).
The system retrieves 15 candidates before reranking down to 5, regardless of query
difficulty. For straightforward queries where the top dense result is already correct,
this wastes computation. For ambiguous queries where relevant documents are scat-
tered across the embedding space, 15 candidates may be insufficient. An adaptive
retrieval strategy — where the agent requests more candidates when initial results
score poorly — would address this, but was not implemented in the current version.
A notable gap in retrieval quality exists between document types. The full pipeline
achieves MRR 0.888 on individual issue documents but only 0.450 on pattern sum-
maries. This disparity arises because testers naturally describe faults using the
same vocabulary found in bug reports (alarm names, ticket IDs, specific symptoms),
making issue retrieval a close lexical and semantic match. Pattern summaries, by
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contrast, use higher-level abstractions (“cascade mechanism”, “combined feature in-
teraction”) that are further from how testers phrase queries. This gap is partially
mitigated by the agent’s ability to call search_summaries for pattern-level ques-
tions rather than relying solely on dense retrieval, but improving pattern document
discoverability remains an area for future work.

5.3 Grounding and Hallucination
The most significant tension in the system design is between comprehensive answers
and strict grounding. The prompt instructs the agent to combine its parametric
knowledge with retrieved evidence, which produces richer and more contextualised
responses than retrieval-only answers. However, this design choice makes it difficult
to verify whether every claim is supported by tool results, as reflected in the tool
grounding score of 3.27 out of 5 in real-session evaluation.
The golden dataset evaluation reveals two distinct failure patterns. The first is in-
complete domain knowledge. When asked about hRLB traffic testing, the agent
retrieved relevant bug reports but failed to mention load balancing hashing, a crit-
ical concept for designing meaningful test traffic. The retrieved documents did not
explicitly discuss hashing, and the agent did not fill this gap from parametric knowl-
edge. This represents a coverage limitation rather than a hallucination.
The second pattern is overconfidence on unsupported claims. When asked to con-
figure BGP on an ML6352, the agent confidently provided configuration commands
citing CPI documentation, despite BGP not being supported on that hardware vari-
ant. The CPI search returned related networking content, and the agent treated it
as confirmation rather than recognising the absence of explicit BGP support. This
failure mode is more concerning because the agent presents incorrect information
with high confidence and apparent source backing.
Despite the integration of a domain glossary containing 692 terms, the glossary
prevents incorrect abbreviation expansions but cannot prevent the model from gen-
erating confident explanations on topics where the retrieved evidence is ambiguous
or only partially relevant. The validation rules successfully enforce verification for
hardware-feature compatibility claims, but do not cover all possible categories of
incorrect assertions.

5.4 Domain Enrichment: Pattern Summaries
The ablation results show no dominant preference between the agent with and with-
out fault pattern summaries (45.5% vs 54.5%), with inter-rater agreement near
chance at 52.4%. This initially appears to undermine the value of the pattern dis-
covery pipeline. However, the qualitative analysis reveals that the two knowledge
layers serve different purposes.
Pattern summaries excel on queries that require understanding how multiple fea-
tures interact to produce failures. These are queries where individual report retrieval
struggles, because the causal chain spans multiple reports and is not visible in any
single document. The summaries pre-compute this synthesis, making cascade mech-
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anisms and combined failure modes accessible without requiring the agent to reason
across dozens of retrieved reports.
Individual retrieval excels on queries about specific hardware, specific bugs, or nar-
row fault types. Here, the summaries are too broad: they describe general patterns
rather than the particular reproducible bug that a tester should prioritise first. The
agent without summaries retrieves the exact relevant tickets and presents them di-
rectly.
This finding validates the architectural decision to provide both knowledge layers
rather than replacing one with the other. The agent’s tool selection mechanism
enables it to draw on whichever layer is more appropriate for the query at hand.

5.5 Expert Evaluation Insights
The 72.0% overall preference rate masks meaningful variation across query cate-
gories. The ETAgent dominates diagnosis and knowledge queries at 89.3% and
84.3% respectively, where retrieval-augmented answers provide concrete ticket refer-
ences and fault patterns that neither baseline can offer. The advantage narrows on
guidance queries to 58.0%, where Claude Opus 4.6 captures 25.9% of preferences by
generating plausible general test planning advice from parametric knowledge alone.
This pattern suggests that the system’s primary value lies in domain-specific knowl-
edge retrieval rather than general reasoning. For queries that require access to
historical fault data, the ETAgent is clearly superior. For queries that primarily
require general technical reasoning or planning structure, the raw foundation model
is sometimes competitive. This distinction has implications for deployment: the sys-
tem should be positioned as a domain knowledge tool rather than a general-purpose
assistant.

5.6 Design Trade-offs

Agentic retrieval vs fixed pipeline
The system uses an agentic RAG architecture where the LLM decides which tools
to call, rather than a naive RAG pipeline that retrieves on every query with a fixed
strategy. This choice is motivated by the diversity of query types in exploratory
testing: a tester might ask for a broad fault pattern overview, a specific ticket
lookup, or a CPI manual reference in consecutive turns. A fixed pipeline would
either over-retrieve (wasting context window on irrelevant results) or under-retrieve
(missing the right source).
The evaluation provides indirect evidence that this design works: tool-usage errors
account for only 4 out of 83 evaluated turns (Table 4.8), and the golden dataset
criteria scores remain high across all three difficulty levels (Table 4.6). However, the
evaluation does not include a direct comparison against a naive RAG baseline with
fixed single-retrieval per query. The marginal value of agentic routing over a simpler
pipeline therefore remains unquantified. Given that the agent occasionally makes
routing errors — for example, calling search_issues when search_summaries
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would yield a more useful overview — a controlled ablation comparing the two
architectures would clarify whether the added complexity is justified for all query
types or only for multi-step queries.

Knowledge base staleness
The fault pattern summaries are generated from a static snapshot of the bug reports.
As new trouble reports are filed, the summaries become outdated and cannot reflect
recently discovered faults. Updating requires re-running the full pipeline, which
takes several hours. A production deployment would need periodic re-generation
or an incremental mechanism that assigns new reports to existing clusters and re-
summarises only affected patterns.

Context management across sessions
Multi-turn conversations pose a practical challenge: as the conversation grows, the
message history eventually exceeds the model’s context window. The system ad-
dresses this with a three-tier compression scheme (Section 3.4.3). Recent turns are
kept intact (up to 100 000 characters), older turns are stripped to human questions
and AI answers only (up to 200 000 characters), and when the compressed zone
overflows, a smaller model (Claude Haiku) generates a running summary that is
injected into the system prompt.
In practice, the real-session evaluation (26 sessions, 83 turns) suggests that most
sessions are short enough that the compression scheme rarely triggers the summari-
sation tier. The median session length in the deployment was 3–4 turns, well within
the full zone budget. This means the summarisation mechanism was not stress-
tested during evaluation. For longer sessions — such as a tester systematically
working through a feature area over many queries — the quality of the compressed
context remains an open question. Degradation in later turns would manifest as the
agent forgetting earlier context or repeating itself, but the current evaluation does
not measure this.

Fault pattern granularity
The topic modelling pipeline produces 34 fault patterns from 1 999 trouble reports.
Whether this is the right granularity depends on the use case. For a tester exploring
a specific feature area, 34 patterns is manageable — the agent retrieves the 3 most
relevant patterns per query, so the tester never sees all 34 at once. For a test
manager seeking a high-level risk overview, 34 may be too fine-grained; a second
level of clustering (grouping the 34 patterns into 5–8 macro-categories) could provide
a more useful summary.
The 5 clusters that scored below 4 on coherence (Section 4.1) correspond to hetero-
geneous groupings of lab-specific issues that lack a unifying fault mechanism. These
clusters are a known limitation of density-based clustering on noisy data: HDB-
SCAN correctly identifies them as dense regions in embedding space, but density
does not guarantee semantic coherence. In practice, the agent still retrieves indi-
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vidual issues from these clusters when relevant; the weak pattern summary simply
means the macro-level guidance for those areas is less useful.

5.7 Threats to Validity
Internal validity. The LLM-as-judge evaluation uses Claude Sonnet as judge
while the agent uses Claude Opus, mitigating self-enhancement bias. However,
both models share the same training lineage, which may introduce subtle preference
patterns. The real-session triplet evaluation partially addresses this by using user
reactions as ground truth, but the user reaction score of 3 is ambiguous, representing
either the final turn in a session or a genuinely neutral response.

External validity. The system was developed and evaluated on a single product
family with bug data from one test team. The architecture is domain-agnostic, but
the prompt design, glossary, and CPI integration are specific to MINI-LINK. Gen-
eralisation to other Ericsson products or other telecommunications vendors would
require new domain knowledge injection but not architectural changes.

Construct validity. The expert evaluation measures preference rather than task
performance. A preferred answer is not necessarily one that leads to better testing
outcomes. A longitudinal study measuring actual fault discovery rates with and
without the tool would provide stronger evidence of practical impact.

Evaluation scale. The expert evaluation involved 11 reviewers producing 175
preference votes. While the results are consistent across reviewers, the sample size
limits statistical power for detecting small differences between categories. The ab-
lation study is particularly limited, with only 2 full reviewers and inter-rater agree-
ment near chance (52.4%), suggesting that larger-scale evaluation would be needed
to draw definitive conclusions about the relative value of pattern summaries.
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Conclusion

This thesis presented ETAgent, a knowledge-aware conversational assistant for ex-
ploratory testing of MINI-LINK microwave network equipment. The system com-
bines unsupervised fault pattern discovery, hybrid retrieval with cross-encoder rerank-
ing, and an autonomous LangGraph agent to transform historical bug data into
actionable testing guidance. Evaluation across multiple dimensions confirms that
the system produces responses that domain experts consistently prefer over both a
raw foundation model and an enterprise baseline, with the strongest advantage on
queries requiring domain-specific fault knowledge.

6.1 Contributions
The work makes three contributions. First, it demonstrates that an agentic RAG
architecture with domain-specific knowledge enrichment can effectively augment ex-
ploratory testing, a task traditionally dependent on individual expertise and difficult
to automate. Second, it introduces a multi-level evaluation methodology combining
automated retrieval metrics, LLM-as-judge scoring on domain-independent criteria,
real-session triplet evaluation using user reactions as ground truth, and expert blind
preference comparison. Third, it provides empirical evidence that unsupervised
fault pattern discovery from historical bug reports produces coherent and action-
able macro-level knowledge that improves agent responses.

6.2 Future Work
The current system provides test suggestions but does not execute them. Integrat-
ing the agent with a real test bench would enable closed-loop exploratory testing,
where the agent observes system responses, adapts its strategy, and verifies whether
predicted faults actually manifest. This would shift the system from advisory to
autonomous and provide direct measurement of fault discovery rates.
A second direction is incorporating software version information and code change
diffs into the retrieval pipeline. By analysing what changed between releases, the
agent could prioritise areas of the system most likely to contain regressions, focusing
tester attention on components affected by recent modifications rather than treating
all historical faults equally.
Third, the current system treats each bug report independently without understand-
ing how nodes are physically connected. Real microwave networks have complex
topologies where faults propagate across links and protection groups. Enabling the
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agent to reason about network topology, such as which nodes share a protection path
or which links form an hRLB group, would allow it to generate test scenarios that
target inter-node interactions and cascading failure modes that single-node analysis
cannot capture.
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