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Abstract

This thesis designs and evaluates a scalable evaluation and supervision pipeline for enterprise GenAI
applications. The core challenge is that LLM-based systems are non-deterministic: small changes
in prompts, models, retrieval, or orchestration can introduce subtle behavioural regressions that
deterministic testing does not reliably detect. The thesis therefore addresses two linked questions:
how to design a reusable evaluation architecture for enterprise GenAI supervision, and how to
derive minimum viable tests for one concrete high-value use case.

The architectural contribution answers RQ1 through a reusable supervision workflow that
separates source adapters, a canonical evaluation schema, versioned benchmark configuration,
repeatable execution paths, and audit-ready result export. In the current implementation, this
reusable core is demonstrated across both code-based and interactive workflow paths for the same
enterprise summary-evaluation use case, showing how the same supervision pattern can support
different application surfaces. RQ2 then uses one enterprise summary-evaluation case to derive
a bounded screening process and to examine how platform-visible proxy metrics behave across
benchmark settings. The results show that proxy relevance is strongly benchmark-dependent and
that the final human-reviewed gate works mainly as a conservative review-routing mechanism
rather than as a sharp automatic pass/fail separator. In addition to the calibrated gate, the work
produces a reusable minimum-benchmark process note, a reusable template, and a privacy-safe audit
bundle. The thesis therefore contributes both a reusable supervision architecture and a bounded,
use-case-specific control process rather than a universal benchmark standard or a guarantee of
future behavioural consistency.

Keywords: GenAI applications, supervision pipeline, evaluation, safety, reliability.

iv



Declaration of Generative AI Use

The author made limited and declared use of generative AI tools during the preparation of this
thesis.

The following models were used during the work:

• OpenAI GPT-5.4 and GPT-5.5, used as the core models for the LLM-as-a-judge functionality
in the experimental work

• Google Gemini 3.1 High
• Anthropic Claude Sonnet 4.6
• Anthropic Claude Opus 4.6

These tools were used for three purposes: to support the experiments reported in this thesis, to
assist with parts of the program development, and to refine limited parts of the thesis text.

All research design decisions, implementation choices, experimental setup, analysis, interpreta-
tion, and the final submitted content remain the responsibility of the author.

— Eneko Retolaza Ardanaz, 16th July 2026

v



Contents

Abstract iv

Declaration of Generative AI Use v

Contents vi

List of Figures viii

List of Tables ix

1 Introduction 1
1.1 Context and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3 Thesis Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.5 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 State of the Art and Related Work 3
2.1 Review Scope and Selection Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Enterprise LLM Deployment and Evaluation Pressure . . . . . . . . . . . . . . . . 3
2.3 Regulatory and Audit Drivers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.4 Metric Evolution: From Lexical Overlap to Semantic Assessment . . . . . . . . . . 4
2.5 State of the Art for Summary Evaluation Use Cases . . . . . . . . . . . . . . . . . 4
2.6 LLM-as-a-Judge: Scalability, Bias, and Calibration . . . . . . . . . . . . . . . . . . 5
2.7 Safety, Hallucination, and Truthfulness-Oriented Evaluation . . . . . . . . . . . . . 5
2.8 State of the Art Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.9 Synthesis and Research Gap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.10 Gap-to-Question Mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

3 Research Objective and Questions 7
3.1 Research Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.2 Main Research Question . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.3 Sub-Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4 Supervision Pipeline Design 8
4.1 Design Principles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.2 Architecture Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.3 Why These Components Are Necessary . . . . . . . . . . . . . . . . . . . . . . . . 9
4.4 Software Quality Attributes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
4.5 Reusable Interfaces and Platform Adapters . . . . . . . . . . . . . . . . . . . . . . 10
4.6 Metric Rationale: Beyond Lexical Overlap . . . . . . . . . . . . . . . . . . . . . . . 12
4.7 Governance Integration and Audit Rationale . . . . . . . . . . . . . . . . . . . . . 13
4.8 Operationalisation in the Target Environment . . . . . . . . . . . . . . . . . . . . . 13

vi



Contents vii

5 Methodology 14
5.1 Research Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
5.2 Methodology for RQ1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
5.3 Methodology for RQ2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
5.4 Validity and Ethics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

6 Experimental Setup 18
6.1 System and Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
6.2 RQ1 Implementation Surface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
6.3 RQ2 Development Logic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
6.4 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
6.5 Baselines and Variants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
6.6 Calibration Target . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
6.7 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

7 Results 23
7.1 Primary Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
7.2 RQ1 Architecture Outcome . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
7.3 RQ2 Threshold Calibration Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . 24
7.4 RQ2 Stability and Review-Oriented Screening . . . . . . . . . . . . . . . . . . . . . 26
7.5 RQ2 Local OpenLayer Alignment Outcomes . . . . . . . . . . . . . . . . . . . . . . 26
7.6 RQ2 Comparative Public OpenLayer Alignment Case . . . . . . . . . . . . . . . . 27
7.7 RQ2 Cross-Benchmark Metric-Relevance Contrast . . . . . . . . . . . . . . . . . . 27
7.8 RQ2 Operational Cross-check . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

8 Discussion 30
8.1 Interpretation of Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
8.2 Evaluator Fit for the KPN Use Case . . . . . . . . . . . . . . . . . . . . . . . . . . 30
8.3 Practical Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
8.4 Architecture Trade-offs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
8.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
8.6 Lessons Learned . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

9 Conclusion and Future Work 34
9.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
9.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

A Project Artefacts 36
A.1 RQ1 Canonical Evaluation Schema and Adapter Pattern . . . . . . . . . . . . . . . 36
A.2 RQ2 Metric Definitions and Scoring Sketches . . . . . . . . . . . . . . . . . . . . . 36
A.3 RQ2 Artefact Roles and Boundaries . . . . . . . . . . . . . . . . . . . . . . . . . . 37
A.4 Final RQ2 Minimum Requirements and Reviewed Calibration Outputs . . . . . . . 38
A.5 Disagreement Attribution Taxonomy . . . . . . . . . . . . . . . . . . . . . . . . . . 39
A.6 Governance Control Mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
A.7 Summary Evaluation Rubric . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

B Full RQ2 OpenLayer Ranking Tables 41
B.1 Local 45-case benchmark rankings . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

B.1.1 Single metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
B.1.2 Pairwise combinations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
B.1.3 Three-metric combinations . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

B.2 Public 100-case benchmark rankings . . . . . . . . . . . . . . . . . . . . . . . . . . 45
B.2.1 Single metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
B.2.2 Pairwise combinations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
B.2.3 Three-metric combinations . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

Bibliography 50



List of Figures

4.1 Thesis-authored abstraction of the implemented supervision workflow. The reusable
architecture is organised around adapters, a canonical evaluation schema, versioned
benchmark configuration, execution, and audit-ready outputs rather than around one
specific platform. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

4.2 Illustrative Dataiku evaluation flow used as an interactive-platform adapter in the
current project. Separate model-version datasets are prepared inside the platform and
merged into a shared benchmark output before downstream synchronisation. . . . . . 11

4.3 Illustrative Dataiku comparison view for two prepared benchmark runs. The platform
groups benchmark-visible metrics by dataset version so users can inspect how model-
version changes affect observed signals without leaving the workflow environment. . . 11

6.1 RQ2 two-case design: local threshold setting, local and public OpenLayer alignment
studies, and cross-benchmark comparison. . . . . . . . . . . . . . . . . . . . . . . . . . 19

6.2 RQ2 procedure role separation: the reviewed local benchmark provides the authoritative
labels, UIEFID and QAFactEval define the offline semantic gate, and OpenLayer built-ins
are evaluated separately as proxy signals on local and public benchmark surfaces. . . . 22

7.1 RQ2 evidence flow from manual review to reviewed benchmark surfacing. . . . . . . . 25
7.2 Local-versus-public Cohen’s kappa gaps for the four highest-local-kappa single-metric

signals. Each line connects the local and public kappa values for the same signal family
or OpenLayer built-in metric. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

viii



List of Tables

6.1 Operational definitions of the RQ2 semantic metrics. . . . . . . . . . . . . . . . . . . . 21

7.1 RQ2 local benchmark and calibration setup. . . . . . . . . . . . . . . . . . . . . . . . . 23
7.2 Implemented RQ1 architecture components and current evidence. . . . . . . . . . . . . 24
7.3 Reviewed-label RQ2 semantic thresholds and binary-fit diagnostics. . . . . . . . . . . . 25
7.4 Bootstrap stability summary for the selected RQ2 thresholds. . . . . . . . . . . . . . . 26
7.5 Compact cross-benchmark comparison of the strongest RQ2 alignment signals. . . . . 26
7.6 Most relevant built-in OpenLayer signals for the local 45-case KPN call-summary

benchmark. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
7.7 Top four local single-metric local-versus-public contrasts by local Cohen’s kappa. . . . 27

A.1 Final reviewed-label RQ2 semantic thresholds and binary-fit diagnostics. . . . . . . . . 38
A.2 Bootstrap stability summary for the final reviewed-label thresholds. . . . . . . . . . . 38
A.3 Final reviewed-label calibration and decision-rule counts. . . . . . . . . . . . . . . . . 39

B.1 Full local reviewed-label 45-case single-metric ranking. . . . . . . . . . . . . . . . . . . 41
B.2 Full local reviewed-label 45-case pairwise ranking. . . . . . . . . . . . . . . . . . . . . 41
B.3 Full local reviewed-label 45-case three-metric ranking. . . . . . . . . . . . . . . . . . . 44
B.4 Full public 100-case single-metric ranking. . . . . . . . . . . . . . . . . . . . . . . . . . 45
B.5 Full public 100-case pairwise ranking. . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
B.6 Full public 100-case three-metric ranking. . . . . . . . . . . . . . . . . . . . . . . . . . 49

ix



Chapter 1
Introduction

1.1 Context and Motivation

Large Language Models are moving from experimental prototypes to business-critical enterprise
infrastructure. Unlike deterministic software, GenAI outputs are stochastic. Small configuration
changes, such as prompt edits or model replacement, can cause drops in factual accuracy, instruction
following, or response style. In enterprise settings, this creates a trust gap: teams need a reliable
way to observe whether such changes materially alter benchmark behaviour.

1.2 Problem Statement

Traditional regression testing assumes deterministic behaviour and exact expected outputs. This
assumption does not hold for LLM applications where multiple outputs can be semantically valid.
Existing evaluation practice often relies on manual reviews or isolated benchmark runs, which are
too slow and too fragmented for systematic comparison across iterations. The practical problem
addressed in this thesis is the absence of a reliable, automated, and repeatable evaluation pipeline
for non-deterministic GenAI applications that makes behavioural differences visible under model,
prompt, and system changes.

For companies, scalable oversight is useful because it turns model and prompt changes into
inspectable benchmark evidence. Instead of relying on slow manual spot checks, teams can
repeatedly test representative scenarios, compare run behaviour across versions, focus expert review
on ambiguous cases, and retain evidence for later analysis. This matters especially in enterprise
settings where GenAI applications may affect customer communication, operational workflows, or
compliance-sensitive processes.

1.3 Thesis Scope

This thesis focuses on the design and validation of a supervision pipeline for enterprise GenAI
applications in the KPN context, where KPN is a Dutch telecommunications provider. The
architecture is designed to remain as case agnostic as possible even though the strongest completed
empirical study concerns one call-summary use case. In the current project, the workflow is
instantiated with OpenLayer, an LLM evaluation platform used here as the benchmark engine,
and company-specific platform handoffs such as Dataiku, a managed workflow platform widely
used in the current KPN environment. The broader claim is architectural rather than universal:
the same supervision pattern is intended to support both code-based and interactive applications
as long as they can export records into a shared evaluation schema and consume the resulting
evaluation artefacts. For the benchmark and minimum needs evaluation, the intended reusable
element is not only the minimum-benchmark process and artefact shape, but also the method for
separating benchmark-derived semantic reference signals from platform-visible proxy signals. The
work therefore targets model-agnostic components so that judge models, application models, and
serving platforms can evolve independently.

1
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1.4 Contributions

• A supervision architecture for non-deterministic GenAI applications, designed to be case
agnostic and centred on source adapters, a canonical evaluation schema, versioned benchmark
profiles, execution, and audit-ready outputs.

• An implemented OpenLayer-centred template repository for code-based projects together
with a documented Dataiku workflow for interactive enterprise evaluation.1

• A benchmark-based calibration of minimum viable tests for a concrete call-summary use case,
reported through privacy-safe derived evidence from sensitive internal company data.

• A comparative alignment study that tests which OpenLayer built-in metrics and metric
combinations best track semantic acceptability signals in the local 45-case benchmark and in
a separate 100-case public sample.

• A reusable minimum-benchmark process package for summarisation use cases, including a
standard process note, a reusable template, and a privacy-safe audit bundle.

• A governance-aware rationale that maps architecture components to regulatory and audit
requirements relevant for enterprise evaluation practice.

1.5 Thesis Outline

Chapter 2 presents the state of the art and related work, Chapter 3 defines research objectives
and questions, Chapters 4–6 describe the pipeline design and methodology, Chapters 7–8 present
and discuss results, and Chapter 9 concludes. Detailed rubrics, reporting templates, disagreement
categories, and governance mappings are kept in the appendix so the main text remains focused on
the research argument.

1The Dataiku adapter implementation is available as a standalone repository at https://github.com/enekoreto/
scalable-oversight-dataiku-adapter.

https://github.com/enekoreto/scalable-oversight-dataiku-adapter
https://github.com/enekoreto/scalable-oversight-dataiku-adapter


Chapter 2
State of the Art and Related Work

2.1 Review Scope and Selection Strategy

This chapter follows a targeted narrative review strategy focused on evaluation and supervision of
enterprise GenAI systems. The selection includes foundational metric papers (BLEU and ROUGE),
recent LLM-era evaluation work, LLM-as-a-Judge reliability studies, safety and hallucination
assessment papers, and CI/CD-oriented evaluation pipeline papers (Chang et al. 2023; Criscione
and Lekies 2024; Gu et al. 2025; Lin 2004; Papineni et al. 2001; Sohapy 2024; Zhang, Cui et al.
2025). Priority was given to sources that provide reproducible methods, quantitative evidence, or
deployment-relevant guidance. Given the pace of the field, both peer-reviewed publications and
high-impact preprints were included. Works focused only on model pre-training efficiency, without
direct implications for evaluation or supervision, were excluded.

2.2 Enterprise LLM Deployment and Evaluation Pressure

Enterprise evaluation pressure is not mainly a story of higher benchmark scores; it is a consequence
of faster iteration on systems whose behaviour can shift after changes to the model, prompt,
retrieval stack, or orchestration logic. In non-deterministic GenAI applications, those changes are
difficult to validate with static benchmark snapshots alone. As a result, evaluation becomes an
operational bottleneck: organisations need recurring evidence that updates preserve quality, safety,
and task-specific requirements before release (Criscione and Lekies 2024; Sohapy 2024).

This creates a shift from occasional benchmarking to continuous supervision. Work on con-
tinuous GenAI evaluation argues for combining offline tests, online monitoring, automated quality
assessment, and human review in one recurring process aligned with service objectives (Sohapy
2024). Related regression-testing disclosures propose reusable test suites, unified model interfaces,
and CI/CD integration to detect safety or quality regressions before release (Criscione and Lekies
2024). In parallel, DSPy shows how LLM workflows can be compiled and optimised as modular
pipelines, reinforcing the need for equally modular evaluation stacks (Khattab et al. 2023).

2.3 Regulatory and Audit Drivers

Beyond model quality, enterprise evaluation architecture is increasingly shaped by governance
and assurance requirements. In the EU context, the AI Act introduces a risk-based regulatory
model and, for high-risk systems, emphasises obligations such as risk management, activity logging
for traceability, technical documentation, human oversight, and robustness/cybersecurity controls
(Commission 2026a; Parliament and European Union 2024). The same policy framework states
that the AI Act entered into force on 1 August 2024 and became broadly applicable from 2 August
2026, with staged obligations by risk category (Commission 2026a).

Data governance obligations add a second design pressure. The GDPR accountability principle
requires organisations not only to comply, but to demonstrate compliance through appropriate
governance mechanisms (Commission 2026b; Parliament and European Union 2016). In practice, this
favours systems that preserve decision traceability, clear responsibility allocation, and reproducible
evidence of how outputs were assessed.

3



2.4. Metric Evolution: From Lexical Overlap to Semantic Assessment 4

Operational resilience obligations add a third pressure for enterprise environments. NIS2 high-
lights cybersecurity risk-management measures, incident reporting requirements, and management
accountability for non-compliance in covered sectors (Commission 2026c; Parliament and European
Union 2022). Together, these drivers strengthen the rationale for evaluation pipelines that generate
auditable artefacts and clear escalation paths, not only scalar quality scores.

2.4 Metric Evolution: From Lexical Overlap to Semantic Assessment

Classical metrics such as BLEU and ROUGE were foundational for automatic text evaluation
and were designed to provide fast, low-cost proxies for human judgement through overlap with
reference outputs (Lin 2004; Papineni et al. 2001). Their value remains clear for comparability
and automation. However, open-ended LLM tasks often admit multiple semantically valid outputs,
which limits the usefulness of strict lexical matching as a sole release signal.

Recent evaluation literature therefore moves towards richer and more task-sensitive measurement.
A broad survey of LLM evaluation highlights the need to assess not only task success but also
reasoning quality, robustness, and social risk dimensions (Chang et al. 2023). In this context,
reference-free and rubric-based evaluators have gained traction. G-Eval reports stronger human
alignment than prior automatic approaches on summarisation and dialogue tasks (Y. Liu et al. 2023).
Prometheus focuses on fine-grained rubric-conditioned scoring and reports high correlation with
human and strong-model judgements under custom criteria (Kim, Shin et al. 2024). For retrieval-
augmented generation, Ragas decomposes evaluation into retrieval and generation dimensions
without requiring gold answers, which is especially useful in enterprise domains where labelled data
are expensive (Es et al. 2025). For summarisation-specific factual consistency, QAFactEval applies
QA-based verification between source content and generated summaries to improve faithfulness
assessment (Fabbri et al. 2022).

QAFactEval is particularly relevant because it evaluates factual faithfulness through a structured
question-answering pipeline rather than only lexical overlap. The method generates questions
intended to cover summary claims, answers those questions using the source document and
the candidate summary, and then scores agreement between the two answer sets. Compared
with earlier QA-based factuality metrics, the paper reports improvements by combining stronger
component choices, including question-consistency filtering and improved answer-overlap scoring,
which increases robustness of the final factuality signal (Fabbri et al. 2022).

For enterprise call-summary assessment, this design is useful because it directly tests whether
concrete statements in the summary are supported by the call transcript. In practical terms, it can
serve as a dedicated factual-consistency axis alongside rubric-based or judge-based quality scoring.
At the same time, QAFactEval should not be treated as a complete summary-quality metric by
itself, since it primarily targets factual faithfulness and does not fully capture dimensions such as
prioritisation, action-item usefulness, coverage balance, or writing quality (Fabbri et al. 2022).

2.5 State of the Art for Summary Evaluation Use Cases

Recent work on summary evaluation extends the QA-based line in several directions. In domain-
specific settings, PlainQAFact adapts QA-style factuality evaluation to biomedical plain-language
summaries and addresses elaborative explanation, where useful contextual information may be
added beyond strict source compression (You and Guo 2026). In dialogue and conversation
settings, TofuEval provides a focused benchmark for hallucination assessment in topic-oriented
dialogue summaries (Tang et al. 2024), while AUTOSUMM proposes an end-to-end conversation
summarisation framework with evaluation-aware design choices for enterprise-like workflows (Gupta
et al. 2025). In the current thesis, TofuEval mainly serves as dialogue-summary literature context
in the main narrative, whereas AUTOSUMM remains literature context rather than an executed
benchmark result.

Another stream targets stronger factual inconsistency detection and long-form verification
quality. UIEFID combines universal information extraction with LLM-based reasoning to detect
summary inconsistencies at a structured information level (Li and Yu 2025). For long-form
generations, VeriFact and FaStFact refine claim extraction and evidence verification pipelines to
improve factuality assessment quality and efficiency (X. Liu et al. 2025; Wan et al. 2025). In parallel,
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Prometheus 2 strengthens rubric-based LLM-as-a-judge evaluation, which is useful for summary
dimensions that go beyond factuality, such as coherence, relevance, and instruction compliance
(Kim, Suk et al. 2024).

Taken together, the state of the art for summaries now combines specialised factuality metrics,
extraction- and evidence-based verification, and rubric-guided judge models. However, these
components are usually evaluated independently. A key project use case in this thesis is summary
supervision (including call summaries), so the practical objective is to combine these components
into a single, auditable evaluation workflow rather than selecting only one metric family.

2.6 LLM-as-a-Judge: Scalability, Bias, and Calibration

LLM-as-a-Judge is now central to scalable evaluation. Foundational work using MT-Bench and
Chatbot Arena reports that strong judges can reach agreement with human preferences at levels
comparable to inter-human agreement in those settings (L. Zheng et al. 2023). Subsequent survey
work consolidates this direction and emphasises reliability as the core unresolved issue (Gu et al.
2025).

Recent papers address this reliability gap from different angles. Panel-based judging replaces a
single evaluator with a diverse model jury and reports lower intra-model bias with substantial cost
reduction (Verga et al. 2024). Bias-focused analysis shows that judges may over-accept outputs,
with high true-positive rates but weak rejection of invalid outputs, and proposes veto- and regression-
based corrections (Jain et al. 2025). Causal Judge Evaluation introduces calibration against a
smaller oracle-labelled subset and reports large ranking gains with quantified uncertainty at much
lower labelling cost (Landesberg and Narayan 2026). In software engineering contexts, REFINE
operationalises evaluator validation by generating controlled quality degradations and testing
ranking fidelity, reporting substantial alignment improvements for selected judge configurations
(Fandina et al. 2025). Lessons from process reward model development are also relevant here:
annotation strategy and evaluation protocol can introduce hidden bias, so process-level quality
controls matter as much as final-score optimisation (Zhang, C. Zheng et al. 2025).

2.7 Safety, Hallucination, and Truthfulness-Oriented Evaluation

Quality metrics alone are insufficient for enterprise risk management. Agent-SafetyBench broadens
evaluation to agentic environments and reports that evaluated agents still show substantial safety
weaknesses, indicating a persistent gap between capability and safe behaviour (Zhang, Cui et al.
2025). For hallucination and truthfulness, two complementary directions emerge. One line uses
internal states: probing hidden activations can separate true and false statements with meaningful
accuracy (Azaria and Mitchell 2023). Another line uses attention-map structure, where spectral
features of attention graphs improve hallucination detection among attention-based methods
(Binkowski et al. 2025). Together, these works support integrating dedicated safety and truthfulness
checks into release workflows rather than treating them as optional post-hoc analyses.

2.8 State of the Art Limitations

Despite rapid progress, the current evidence base has practical limitations that matter directly
for enterprise adoption. A large share of the most relevant work is very recent, and much of it
still circulates first as preprints. This does not make the work unusable, but it does mean that
independent replication across domains, organisations, and operational settings is still limited. As
a result, reported gains in judge alignment, factuality detection, or hallucination screening cannot
automatically be treated as stable design truths for production environments.

Transfer is a second limitation. Many methods are validated on benchmark suites that are
clean, public, and task-specific, whereas enterprise applications often involve proprietary data,
domain-specific terminology, evolving business rules, and mixed quality requirements that are
harder to capture in a standard benchmark. A method that performs well on a research dataset may
therefore still require recalibration before it becomes trustworthy in a concrete company setting.

The literature is also fragmented at the level of system design. Many papers optimise one
layer of the problem, such as metric construction, judge debiasing, hallucination detection, or
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evidence verification, without showing how these components should be combined into a complete
deployment-ready supervision architecture. For this thesis, that limitation is decisive: the research
problem is not only which individual evaluation techniques look promising, but how they can be
integrated into a repeatable, auditable, and operationally usable pipeline for enterprise release
decisions.

2.9 Synthesis and Research Gap

The literature establishes four robust design requirements for this thesis. First, lexical overlap
metrics should be treated as supporting signals, while semantic, rubric-driven, and reference-free
methods should carry most evaluative weight in open-ended tasks (Chang et al. 2023; Es et al. 2025;
Kim, Shin et al. 2024; Lin 2004; Y. Liu et al. 2023; Papineni et al. 2001). Second, judge-based
evaluation must be validated and calibrated, with explicit bias controls and uncertainty handling
before it is used for release decisions (Fandina et al. 2025; Gu et al. 2025; Jain et al. 2025; Landesberg
and Narayan 2026; Verga et al. 2024; L. Zheng et al. 2023). Third, safety and hallucination checks
should be first-class components of supervision (Azaria and Mitchell 2023; Binkowski et al. 2025;
Zhang, Cui et al. 2025). Fourth, evaluation should run continuously in a CI/CD-compatible loop
rather than as an isolated experiment (Criscione and Lekies 2024; Khattab et al. 2023; Sohapy
2024).

Accordingly, the central gap is integration: the field provides strong individual components, but
not a standardised, model-agnostic pipeline that combines these components into auditable release
gating for enterprise GenAI systems. Closing this integration gap is the primary contribution target
of this thesis. This integration gap is especially relevant for summary evaluation, which is one of
the concrete use cases of the project.

2.10 Gap-to-Question Mapping

The identified gaps map directly to the two research questions in Chapter 3.

• Gap A (need for robust semantic regression-detection components) → RQ1. The
literature shows the limits of lexical overlap and motivates reference-free semantic evaluation
and rubric-based judging as architectural building blocks rather than optional add-ons (Es
et al. 2025; Kim, Shin et al. 2024; Lin 2004; Y. Liu et al. 2023; Papineni et al. 2001).

• Gap B (judge reliability, bias, and calibration) → RQ1 and RQ2. Judge methods
are scalable but require debiasing, evaluator validation, and uncertainty-aware calibration
before they are suitable for operational gating or minimum-requirements decisions (Fandina
et al. 2025; Gu et al. 2025; Jain et al. 2025; Landesberg and Narayan 2026; Verga et al. 2024;
L. Zheng et al. 2023).

• Gap C (lack of integrated, model-agnostic enterprise architecture) → RQ1. Existing
work offers components, but fewer complete designs that integrate orchestration, scoring,
governance, and release decisions in one deployable pipeline (Criscione and Lekies 2024;
Khattab et al. 2023; Sohapy 2024).

• Gap D (insufficiently standardised minimum safety and consistency checks) →
RQ2. Safety and hallucination studies indicate what should be tested, but do not yet define
a broadly accepted minimal operational test set for enterprise release gating (Azaria and
Mitchell 2023; Binkowski et al. 2025; Zhang, Cui et al. 2025).



Chapter 3
Research Objective and Questions

3.1 Research Objective

The objective is to design and evaluate a supervision pipeline intended to be scalable, case agnostic,
and model agnostic, and able to make material behavioural changes in enterprise GenAI applications
visible on fixed benchmarks across model, prompt, or system updates.

3.2 Main Research Question

How can an automated supervision pipeline for non-deterministic GenAI applications be designed
and evaluated to provide structured benchmark-based comparison of behavioural change in enterprise
settings?

3.3 Sub-Questions

• RQ1: What architectural components are necessary for a scalable, model-agnostic, and
case-agnostic evaluation pipeline that can support both code-based and interactive GenAI
applications in cloud-native environments?

• RQ2: What minimum viable tests are needed to make material behavioural inconsistency
visible in a concrete enterprise GenAI use case across model, prompt, or system updates?

To address RQ1, the thesis proposes a modular supervision architecture consisting of source-
system adapters, a canonical evaluation schema, and audit-ready export mechanisms. While the
architecture is designed to be conceptually model- and case-agnostic, it is instantiated and tested
within the KPN corporate environment using OpenLayer as the benchmark engine and Dataiku as
the workflow integration layer.

To address RQ2, the research relies on an empirical threshold-calibration study applied to a
sensitive corporate call-summary dataset. By comparing the performance of academic semantic
metrics against platform-visible proxies across both local enterprise data and a public sample, the
study defines a procedure for establishing minimum viable evaluation tests. Crucially, this approach
focuses on providing a reusable, privacy-safe calibration methodology rather than asserting that
any specific numeric threshold constitutes a universal standard.

7



Chapter 4
Supervision Pipeline Design

4.1 Design Principles

The pipeline is designed around modularity, reproducibility, auditability, and bounded automation.
Modularity ensures that source-specific extraction logic, benchmark configuration, scoring logic,
and governance outputs can evolve independently rather than collapsing into one tool-specific
workflow. Reproducibility matters because score changes are only interpretable if the evaluated
scenarios, evaluator settings, and runtime metadata can be reconstructed later. Auditability matters
because the intended output is not merely a metric dashboard, but a benchmark evidence package
that can be inspected after review, comparison, or incident analysis. Bounded automation means
routine evidence generation should be automated while borderline or high-impact cases remain
reviewable rather than silently auto-resolved. Components should therefore be replaceable (for
example, swapping judge models) without rewriting orchestration logic, and design choices must
support enterprise governance requirements and traceable evaluation outcomes.

4.2 Architecture Overview

The architecture follows a reusable supervision workflow integrated with surrounding engineering
systems. Its purpose is not to prescribe one platform, but to standardise how heterogeneous GenAI
applications hand off data for evaluation, how benchmark settings are versioned, and how results
are returned as auditable benchmark evidence. In the company setting, OpenLayer is currently the
benchmark engine used to execute this workflow, but the surrounding architecture is broader than
any single tool.

Figure 4.1 summarises the implemented workflow abstraction used in the thesis. The diagram
focuses on the key workflow points that already exist in the project: source adapters, normalisation
to a canonical evaluation schema, versioned benchmark configuration, execution, and outputs. This
framing is important for RQ1 because it keeps platform-specific integrations separate from the
reusable supervision pattern.

8
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Source adapter layer
Code-based applications, interactive tools, or platform

workflows export records for evaluation. In the cur-
rent project, these adapters include a code-based tem-
plate repository and a documented Dataiku workflow.

Canonical evaluation schema
Source-specific fields are normalised into a shared

structure such as input, context, ground truth, gen-
erated output, plus optional traceability fields.

Versioned benchmark configuration
Benchmark profiles, thresholds, mappings, and runtime
metadata are stored in code so evaluation settings re-

main reproducible and reusable across runs and use cases.

Execution layer
Local scripts or CI/CD workflows prepare data-

sets, run OpenLayer benchmarks, collect semantic
scores and integrity checks, and capture run logs.

Outputs and governance layer
The pipeline exports history tables, failure diagnostics,
review artefacts, and benchmark evidence that can feed
dashboards, platform workflows, and human inspection.

Figure 4.1: Thesis-authored abstraction of the implemented supervision workflow. The reusable
architecture is organised around adapters, a canonical evaluation schema, versioned benchmark
configuration, execution, and audit-ready outputs rather than around one specific platform.

4.3 Why These Components Are Necessary

RQ1 asks which architectural components are necessary for scalable supervision, not merely which
components are convenient in one implementation. The five-layer design is treated as a minimal
viable supervision architecture because each layer addresses a distinct enterprise evaluation need
and removing any one of them weakens reuse, reproducibility, or governance.

Source adapters are necessary because application surfaces differ materially in how they structure
evaluation data. Without adapters, each new system would require a unique evaluation workflow
and the architecture would not scale beyond one integration path. The canonical evaluation schema
is necessary because score interpretation cannot be reused if every source defines its own field
semantics. Without schema normalisation, thresholds, benchmark profiles, and reports would
remain tied to one application format rather than to the evaluation logic itself.

Versioned benchmark configuration is necessary because non-deterministic evaluation is only
credible when scenario sets, mappings, thresholds, and evaluator settings can be reconstructed for
later comparison. Without configuration versioning, a changed score could reflect benchmark drift
rather than a genuine behavioural shift. The execution layer is necessary because an architecture
that cannot be exercised through local runs, CI/CD workflows, or structured platform flows remains
a documentation pattern rather than an operational supervision system.

Finally, outputs and governance artefacts are necessary because enterprise supervision is not
complete when a score is computed. Meaningful comparison requires interpretable evidence, failure
diagnostics, and records of what was evaluated under which settings. Without this output layer,
the pipeline would produce analytics, but not a governable evaluation process. For this reason, the
architecture is intentionally defined as a chain from ingestion to auditable evidence rather than as
a benchmark runner alone.
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4.4 Software Quality Attributes

As a software engineering artefact, the pipeline should be judged not only by whether it runs,
but also by which architectural quality attributes it preserves when the environment changes. In
this thesis, the most important attributes are scalability, adaptability, reusability, maintainability,
portability, and traceability. These terms are used in an architectural sense rather than as blanket
claims about organisation-wide scale or universal benchmark transfer.

Scalability means that additional application surfaces can be integrated without redesigning the
supervision core. The architecture supports this by isolating source-specific extraction in adapters
and by normalising records into a canonical evaluation schema. As a result, growth in the number
of use cases should primarily require new mappings at the boundary rather than a new evaluation
workflow for each system.

Adaptability and portability mean that local execution details may change while the core
interpretation of evaluation remains stable. In the current project, this applies to changes in
benchmark engines, platform environments, and orchestration surfaces such as repository workflows
or Dataiku flows. The design goal is therefore not to freeze one toolchain, but to keep the
architectural invariants stable: the schema, benchmark configuration, interpretation logic, and
audit-ready outputs.

Reusability and maintainability follow from modular separation. Benchmark profiles, thresholds,
adapters, execution logic, and reporting artefacts are not collapsed into one script or one platform
configuration. This separation reduces the cost of changing one concern at a time, such as replacing
a judge model, updating a dataset mapping, or tightening a comparison rule, without forcing a full
redesign of the rest of the workflow.

Traceability is treated as a first-class quality attribute because enterprise supervision is only
useful if results can be linked back to the evaluated input, benchmark version, execution context,
and final evaluation outcome. For that reason, the architecture stores canonical fields, versioned
settings, and exported evidence together rather than treating them as optional metadata. In
practice, this allows the pipeline to support both engineering reuse and governance review.

4.5 Reusable Interfaces and Platform Adapters

The key RQ1 design decision is to separate the reusable supervision core from platform-specific
adapters. A code-based application can create evaluation rows from a repository workflow, while an
interactive application can hand off the same information through a platform flow such as Dataiku,
which is widely used in the current KPN workflow environment. In this context, a platform is a
managed workflow environment that organises datasets, recipes, execution steps, and user-triggered
runs behind a higher-level interface rather than exposing only source code or service endpoints
(Dataiku 2025). In both cases, the adapter layer maps source-specific fields into the canonical
evaluation schema before benchmark execution. This allows the same benchmark profiles, score
interpretation rules, and reporting logic to be reused without rewriting the full pipeline for each
application type.

Figure 4.2 shows one concrete Dataiku instantiation of this adapter pattern in the current
project. Separate model-version datasets are first prepared inside the platform and then merged
through a Python step into a shared benchmark output that can be synchronised downstream. The
important architectural point is not the specific recipe icons or dataset names, but the preservation
of the adapter boundary: Dataiku performs source-local preparation while the exported output
still acts as a canonical handoff surface for shared benchmark logic.
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Figure 4.2: Illustrative Dataiku evaluation flow used as an interactive-platform adapter in the
current project. Separate model-version datasets are prepared inside the platform and merged into
a shared benchmark output before downstream synchronisation.

In a Dataiku-style flow, that also means users can inspect how results shift across prompt
versions, prompt parameters, model versions, and dataset versions instead of treating each run
as an isolated score snapshot. Figure 4.3 illustrates such a comparison view for two prepared
model-version runs, where benchmark-visible metrics are grouped by dataset version inside the
platform. This kind of view is practically useful because it gives non-developer users a quick way
to inspect whether a new run changes proxy quality signals before those outputs are handed back
into the wider supervision process. The screenshot is therefore an illustrative workflow example
rather than the ranked evidence used later to identify the strongest local and public alignment
signals. It does not replace the offline semantic reference layer used elsewhere in the thesis, but it
does provide a practical comparison surface inside the interactive workflow.

Figure 4.3: Illustrative Dataiku comparison view for two prepared benchmark runs. The platform
groups benchmark-visible metrics by dataset version so users can inspect how model-version changes
affect observed signals without leaving the workflow environment.

Enterprise GenAI systems are not all operated in the same way. Some are code-first applications
that can export evaluation rows directly from a repository, script, or service pipeline. Others are
embedded in interactive data or ML platforms where users prepare datasets, run recipes, and
publish outputs through a managed flow. The thesis treats these operational differences as adapter
concerns rather than as reasons to redesign the evaluation core for each use case.
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The adapter boundary is intentionally strict. Adapters may change how raw source fields are
extracted, renamed, enriched with traceability metadata, or batched for evaluation, but they do
not redefine benchmark semantics, threshold policy, or reporting structure. Those remain in the
shared configuration and interpretation layers. This boundary is what allows a Dataiku workflow
and a code-based template repository to reuse one evaluation core instead of merely sending data
to the same reporting destination.

This boundary also constrains how benchmark meaning is represented. In the current call-
summary use case, the authoritative 45-case benchmark is not just a table of transcripts and
summaries; it also contains structured reference fields about key business questions and outcomes.
Those fields contribute to the offline calibration target, while the later public comparison remains
analytically separate from the local comparison configuration. An adapter is therefore semantically
faithful only if it preserves that structure in the schema, for example through explicit reference
columns or a versioned reference bundle consumed by custom metrics. Collapsing the benchmark
to a single free-text ground-truth summary may be operationally convenient, but it changes the
evaluated object and weakens direct comparability with the calibrated offline reference configuration.

The current implementation already demonstrates two adapter styles for the same KPN call-
summary use case. One is a code-based template repository around OpenLayer, including local
execution, CI/CD execution, and exported result tables for code-based projects. The other is a
documented Dataiku workflow that prepares the same canonical fields before running benchmark
logic for interactive projects. In practical KPN terms, the current deliverable is therefore not only
architectural text, but two concrete summary-evaluation deliverables built on the same supervision
core: a code-based template repository and a documented Dataiku workflow. The planned broader
template repository should therefore be understood as future generalisation of an architecture that
is already visible in the working project, rather than as the first moment at which the architecture
exists.

The packaging story is therefore partial rather than absent. A fully generic template repository
is still future work, but the current project already exposes reusable packaging surfaces in practice:
a standard minimum-benchmark process note, a reusable benchmark template, and a privacy-safe
RQ2 bundle that captures the current calibration logic and audit artefacts without exposing
sensitive benchmark content.

One concrete use case considered in this project is summary evaluation, in particular enterprise
call summaries. Therefore, scenario design and evaluation criteria include summary-specific checks
such as factual faithfulness to source transcripts, coverage of key decisions and action items, and
concise but accurate phrasing. The point of the architecture, however, is that these task-specific
checks sit on top of a reusable pipeline rather than defining a specific pipeline for summaries only.

4.6 Metric Rationale: Beyond Lexical Overlap

Traditional metrics such as BLEU and ROUGE estimate quality by lexical overlap with reference
texts (Lin 2004; Papineni et al. 2001). This is useful for constrained generation tasks, but it is
insufficient as the main comparison basis for open-ended LLM applications.

In non-deterministic tasks, several outputs can be equally valid while using different wording. A
strict overlap metric can therefore under-score correct paraphrases. The inverse failure mode also
exists: an output may share many words with a reference yet still be factually wrong, unsafe, or
misaligned with instructions. For enterprise supervision, this creates unacceptable false negatives
and false positives if lexical matching is used alone (Chang et al. 2023).

Semantic and source-grounded evaluation address this limitation by scoring meaning-level
quality dimensions, such as faithfulness, instruction following, usefulness, and reasoning quality,
without relying on exact lexical match to one gold phrasing (Kim, Shin et al. 2024; Y. Liu et al.
2023). For retrieval-augmented or summary workflows, specialised checks can further separate
retrieval quality, answer grounding, and factual consistency (Es et al. 2025; Fabbri et al. 2022).
Accordingly, this thesis treats lexical overlap metrics as optional supporting diagnostics and uses
semantic, judge-based, and rule-based signals as the primary basis for behavioural comparison and
benchmark interpretation.

Architecturally, these metric choices are attached to benchmark profiles rather than hardwired
into adapters or orchestration. This matters for RQ1 because it keeps the supervision core metric-
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flexible: the summary use case can emphasise factual consistency today, while future use cases
can introduce different semantic or rule-based checks without redesigning ingestion, execution, or
reporting.

4.7 Governance Integration and Audit Rationale

The architecture is designed not only to compute quality metrics, but also to create evidence for
governance review. This is the rationale for design choices such as scenario versioning, stored
prompts and outputs, score traces, human escalation, and evaluation evidence packages. These
design choices support traceability, human oversight, demonstrable accountability, and operational
risk management in line with EU AI Act, GDPR, and NIS2 expectations (Commission 2026a,b,c;
Parliament and European Union 2016, 2022, 2024). The detailed requirement-to-control mapping
is placed in Appendix A.6 to keep the core architecture readable.

Each architectural component therefore carries a governance function in addition to a technical
one. Adapters and the canonical schema support traceability from the source system to the
evaluated record. Versioned benchmark configuration supports accountability by freezing the
exact test logic behind an evaluation conclusion. Execution logs and exported diagnostics support
auditability and post-incident analysis. Review routing supports human oversight by ensuring
uncertain cases remain contestable rather than silently auto-resolved. Governance is therefore
embedded in the workflow itself rather than appended after scoring.

4.8 Operationalisation in the Target Environment

In this thesis, the pipeline is operationalised in the KPN environment with OpenLayer as the current
benchmark engine and with a code-based template repository plus documented Dataiku-based
interactive workflows (Dataiku 2025). These platforms are examples of the current company
setting, not requirements of the research design. More generally, the architecture is intended to
remain usable wherever an organisation can export evaluation records, normalise them into the
canonical schema, execute benchmark logic, and feed the resulting artefacts back into evaluation or
review processes. The same architecture can therefore support both code-based and interactive
applications as long as records can be mapped into the canonical evaluation schema and the
resulting evaluation artefacts can be consumed by the surrounding workflow environment. The
implementation emphasises compatibility with CI/CD practices, containerised execution, and later
packaging into a reusable template repository.

For that reason, the current evidence should be read in two layers. The implemented workflow
already supports repeatable execution, traceable exports, and privacy-safe packaging of the current
RQ2 benchmark logic. What remains future work is broader generic packaging for faster onboarding
of additional use cases.

The architecture remains portable because only some elements are allowed to vary locally.
Source extraction, environment-specific runners, and downstream workflow integration may change
from one organisation or platform to another. The architectural invariants are the canonical
evaluation schema, the versioned benchmark configuration, the interpretation logic for benchmark
outputs, and the audit-ready export structure. In other words, changing the operating environment
should change adapters and invocation details, not the meaning of the evaluation.

This distinction is also what keeps the thesis case agnostic and service provider agnostic. If
OpenLayer were replaced by another benchmark engine, or if Dataiku were replaced by another
managed workflow platform, the research claim would still stand as long as the replacement could
consume the shared schema, execute the intended benchmark logic, and return equivalent evaluation
artefacts. The architecture is therefore defined at the level of interfaces, workflow rules, and evidence
packages rather than at the level of vendor features.



Chapter 5
Methodology

5.1 Research Design

This thesis uses Technical Action Research, combining artefact construction with practical interven-
tion in an enterprise context. The method follows an iterative regulatory cycle: diagnose, design,
implement, and evaluate.

This approach is appropriate because the research problem is not only whether a metric performs
well on a static benchmark, but whether a supervision pipeline can be made useful for repeatable
benchmark-based inspection of behavioural change. Technical Action Research supports this by
linking design choices to observed organisational needs: diagnose the current evaluation gap, design
a pipeline response, implement a prototype, and evaluate whether the artefact makes model, prompt,
or system differences inspectable on a fixed benchmark. The cycle also fits the KPN context, where
scenario selection, governance expectations, and workflow constraints are likely to be refined as the
prototype is tested.

Because the two research questions are methodologically different, the evaluation is split into
two explicit tracks. RQ1 is treated as a development and architecture-validation question, while
RQ2 is treated as a benchmark-calibration and benchmark-comparison question for one concrete
use case. Keeping these two tracks separate is necessary to avoid presenting architectural design
evidence, threshold evidence, and benchmark comparison as if they were the same kind of result.

5.2 Methodology for RQ1

RQ1 asks which architectural components are necessary for a scalable, case-agnostic supervision
pipeline. This question is not answered by optimising one benchmark score on one dataset. Instead,
it is answered through artefact-oriented design validation: the architecture is considered adequate
if it isolates the reusable evaluation core from platform-specific handoff logic and if the same
supervision pattern can be instantiated across different application surfaces without changing the
result.

For that reason, the unit of analysis for RQ1 is the workflow architecture itself. The main evidence
is implementation and configuration evidence rather than benchmark performance. The evaluation
examines whether the current project provides a stable separation between source adapters, a
canonical evaluation schema, versioned benchmark configuration, execution paths, and exported
artefacts. These components were not just defined; they were traced in the implemented template-
repository structure, repo-managed benchmark profiles, local runners, CI/CD flow, exported result
tables, and the documented Dataiku workflow path.

The RQ1 procedure had four steps. First, architectural evaluation criteria were derived from
the literature and enterprise evaluation constraints: modularity, reproducibility, auditability, model
agnosticism, and support for both code-based and interactive application workflows. Second, these
criteria were translated into explicit interface boundaries, especially the separation between source
adapters and the evaluation schema. Third, the implemented project was examined to determine
whether the same benchmark logic could be exercised through more than one operational path,
namely a code-based template repository and a Dataiku-oriented interactive workflow. Fourth,
the architecture was assessed at the artefact level by checking whether benchmark configuration,
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execution, and exports remained stable across these entry points. As a limited practical validation
of the interactive-platform path, one researcher also used the Dataiku workflow for a summary-
evaluation use case to compare and contrast run results, providing direct evidence that the
user-facing comparison flow could be operated in the intended setting.

The resulting RQ1 claim is intentionally bounded. The thesis does not claim that every
future enterprise use case has already been onboarded, nor that a broader cross-use-case template
repository is already complete. Instead, it claims that the current implementation already exhibits
a reusable supervision pattern that can be packaged further without changing its architectural core.

5.3 Methodology for RQ2

RQ2 asks which minimum viable tests are needed to screen for material behavioural inconsistency
in one concrete enterprise GenAI use case. Unlike RQ1, this question requires use-case-specific
empirical calibration and an explicit check of how platform-visible benchmark signals relate to the
same acceptability pattern. The methodological objective is therefore twofold: calculate local results
with the current academic industry standard processes, and examine which OpenLayer-visible
metrics best approximate semantic acceptability under both the local enterprise benchmark and a
separate public comparison surface.

The threshold-setting source of truth for RQ2 is a 45-case benchmark for the KPN call-summary
use case stored in an internal benchmark workbook maintained in the project artefacts. Each case
represents one summary evaluation built around a source call transcript, a candidate generated
summary, and structured reference information used to assess whether key facts, actions, and claims
were preserved faithfully. In that sense, the dataset is not just a collection of summaries, but a
fixed calibration table that allows the same enterprise cases to be scored under different metrics,
thresholds, and decision rules.

More specifically, the benchmark is not based on an unconstrained judgement of whether a
summary sounds generally good. Each case is anchored in predefined business information questions
encoded through structured reference fields, such as the call reason, the follow-up action, the
outcome, and related issue-specific fields. The evaluation task is therefore whether a generated
summary preserves the answers to those concrete questions faithfully enough for benchmark-based
comparison across system changes.

Because the source material contains sensitive internal company information, the benchmark
remains inside the company environment and the thesis reports only privacy-safe derived outputs.
This makes the study deliberately bounded, but still methodologically defensible. The calibration
is anchored in UIEFID and QAFactEval, treated here as the best-available academic and industry-
relevant reference standards for factual summary assessment in the present thesis context (Fabbri
et al. 2022; Li and Yu 2025). The research contribution therefore lies in the calibration procedure,
the resulting minimum-requirements benchmark configuration, and the benchmark-to-platform
comparison logic rather than in publication of raw customer examples.

In addition to the local 45-case threshold-setting source, RQ2 includes a second comparison
surface: a sampled 100-case public dataset branch derived from a 34-row QAConv base sample (Wu
et al. 2022). This branch is used to study how OpenLayer built-in metrics behave under a different
benchmark structure. In that branch, the same semantic metric families, UIEFID and QAFactEval,
are used as reference signals for acceptable versus not-acceptable comparisons, and OpenLayer
single metrics, pairwise combinations, and three and four metric combinations are ranked with
Cohen’s kappa as the primary comparison criterion, while AUC and balanced accuracy are retained
as supporting diagnostics. In this thesis, kappa is prioritised because the practical objective is
agreement with benchmark acceptability labels rather than score separation alone, and kappa
adjusts that agreement for chance on a modest binary subset with some label imbalance. Plain
correlation would capture continuous score co-movement, but it would not express the thresholded
acceptable-versus-not-acceptable agreement that matters for this comparison task. The OpenLayer
metric names referenced in these comparisons follow the platform’s official tests overview and
aggregate-metrics documentation (OpenLayer 2026a,b). This public comparison branch is not used
to tune the KPN thresholds; its role is to test whether the OpenLayer signals that appear useful on
one benchmark surface remain useful on another.
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The core local-calibration procedure had seven steps. First, the fixed 45-case benchmark
was scored with the two selected semantic factuality metric families, UIEFID and QAFactEval.
Second, after manual review of the benchmark cases, the final human labels were consolidated
into pass, fail, and review outcomes. The 32 cases with explicit binary pass/fail decisions were
used for threshold fitting, while the 13 cases that remained review were retained as deliberately
ambiguous cases and excluded from the binary calibration subset. Third, candidate thresholds were
swept across the observed score distribution for each metric, reusing the existing per-case metric
scores so the recalibration could be refreshed without rerunning the expensive semantic backends.
Fourth, thresholds were selected using an explicit policy: prefer the lowest threshold satisfying
the recall-on-bad and good-case-fail-rate constraints, and otherwise fall back to the threshold with
the best Cohen’s kappa, with balanced accuracy retained as a secondary diagnostic. The targets
were manually chosen for this use case to catch most bad summaries while limiting unnecessary
escalation of good ones, rather than taken from the metric papers themselves. The broader
calibration-and-validation logic follows recent work on calibrated surrogate metrics, judge-bias
control, and evaluator validation (Fandina et al. 2025; Jain et al. 2025; Landesberg and Narayan
2026). Fifth, bootstrap resampling was used to test whether the selected thresholds were stable.
Sixth, the thresholds were turned into a review-oriented screening configuration by adding integrity
checks and a review margin. In other words, the final reported threshold results come from semantic
scores calibrated against explicit human pass/fail labels on the binary subset, while the review
cases remain a separate ambiguity category rather than being forced into the binary fit. Seventh,
OpenLayer was used to see which parts of this configuration could be reflected reliably on the
platform surface.

Two additional comparison procedures were then run. First, the same 45-case benchmark was
analysed at the OpenLayer-metric level by ranking built-in single metrics, pairwise combinations,
and three and four metric combinations against the local acceptable versus not-acceptable pattern
on the 32 binary human-labelled cases, again with Cohen’s kappa treated as the primary ranking
criterion. Second, a sampled 100-case public branch was prepared, scored with the same metric
families, and subjected to the same OpenLayer ranking analysis. The resulting local-versus-public
comparison tables then measured how far metric relevance rankings shifted across the KPN
enterprise benchmark and the public comparison surface.

This design produces four linked evidence layers. The first is the authoritative KPN calibration
result from the fixed 45-case benchmark. The second is the local benchmark-to-OpenLayer alignment
analysis that measures which built-in signals best approximate the local semantic acceptability
pattern. The third is the 100 case public benchmark-to-OpenLayer comparison branch, which tests
how strongly those metric rankings transfer to a different environment. The fourth is a reusable
method package, consisting of a standard minimum-benchmark process note, a benchmark template,
and a privacy-safe audit bundle that captures the current calibration artefacts without exposing
raw company data.

The review-packet workflow remained methodologically important because it provided the path
by which borderline cases were inspected and merged back into a consolidated evaluation workbook
with stable identifiers and provenance fields. In the final rerun, those merged human labels became
the authoritative source for calibration. At the same time, the completed review did not collapse
every case into a binary label: 13 cases remained review. Those cases therefore stay inside the final
benchmark-level comparison analysis, but they are excluded from the binary threshold fit itself.

The reuse claim is therefore methodological rather than threshold based. The workflow shape
can be reused for future summarisation use cases, but the selected semantic metrics, numeric cutoffs,
review margin, and platform-safe fallback checks must be recalibrated against each new benchmark
rather than copied forward unchanged.

5.4 Validity and Ethics

Threats to validity differ across the two questions. For RQ1, the main threats are overgeneralisation
from one company implementation, confusion between platform-specific convenience and general
architectural necessity, and premature reliance on future packaging work as if it were already
completed evidence. These risks are mitigated by keeping the RQ1 claim at the level of reusable
architecture rather than universal benchmark performance, by separating the core pipeline from
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its current adapters, and by treating the planned template repository as future work rather than
current proof.

For RQ2, the main threats are judge bias (for example verbosity, position, or agreeableness bias),
limited scenario coverage, residual ambiguity in the 13 cases that remained review, domain transfer
effects, and comparison-surface mismatch (Jain et al. 2025). Mitigations include transparent scoring
criteria, explicit reporting of the reviewed-label calibration subset, bootstrap stability checks, kappa-
first threshold selection, and a recorded review-packet workflow with merge-back provenance for the
borderline cases (Landesberg and Narayan 2026). The benchmark-to-platform comparison work is
additionally constrained by implementation-surface differences between the reviewed local 45-case
branch and the 100-case public branch. That means the public-versus-local metric contrast should
be read as evidence of transfer instability, not as a perfect ceteris paribus experiment. Enterprise
privacy and governance constraints are treated as first-class design requirements, which is why the
RQ2 calibration uses sensitive internal company data only inside the company environment and
the exported thesis evidence is privacy-safe and avoids raw customer text.



Chapter 6
Experimental Setup

6.1 System and Environment

The experimental environment targets enterprise GenAI applications in the KPN setting. The
prototype is implemented in Python and executed through containerised workflows so it can integrate
with CI/CD pipelines, code-based automation through the template repository, and interactive
platforms. For RQ1, the relevant system evidence is the implemented OpenLayer-centred template
repository plus its documented adapter paths. For RQ2, the empirical work was operationalised in
two main comparison cases rather than as a single benchmark run. A second comparative case is a
100-case public sample derived from a 34-row QAConv base sample (Wu et al. 2022), used to study
how OpenLayer built-in metrics align with the same semantic metric families under a different
benchmark surface. Because the KPN workbook contains sensitive internal company information,
the thesis reports only privacy-safe derived outputs.

6.2 RQ1 Implementation Surface

RQ1 was evaluated on the implemented architecture rather than on one benchmark score. The
current project exposes a reusable supervision pattern with five concrete layers: source adapters, a
canonical evaluation schema, versioned benchmark profiles, execution paths, and exported result
artefacts. Two adapter styles are already documented. The first is a code-based template repository
that prepares datasets locally or in CI/CD and runs OpenLayer benchmarks through versioned
configuration. The second is a documented Dataiku workflow that maps source columns to the
same canonical evaluation schema before benchmark execution. This means the research claim is
platform-agnostic even though the current company setting uses specific tools.

The broader cross-use-case template repository is not yet complete, so the current RQ1 evidence
comes from these working delivery surfaces rather than from a fully generic reusable scaffold. The
thesis therefore evaluates the architectural pattern that is already implemented and documented,
while treating later packaging work as future engineering consolidation.

6.3 RQ2 Development Logic

RQ2 was developed as the point where the general supervision architecture had to be translated
into a concrete release-control rule. The underlying problem was practical: a reusable pipeline is
not sufficient for deployment governance unless it can be reduced to a bounded set of checks that
distinguishes clearly acceptable outputs, clearly unacceptable outputs, and ambiguous outputs that
should be escalated. For that reason, RQ2 was framed not as a search for a universal benchmark,
but as a calibration problem for one concrete enterprise use case together with a comparison
problem about which platform-visible benchmark signals remain relevant across different benchmark
surfaces.

The development of RQ2 followed six deliberate design choices. First, the question was narrowed
to the KPN call-summary use case, because this task combines high operational relevance with a
realistic failure mode: summaries can look fluent while still skipping key actions or introducing
unsupported claims. Second, the evaluation was anchored in semantic factuality rather than lexical
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overlap, because the use case allows multiple valid phrasings but does not accept unsupported
content. Third, the study used a fixed local benchmark rather than ad hoc manual examples, so the
resulting gate could be justified by repeatable evidence rather than retrospective judgement. Fourth,
the design separated semantic calibration from platform enforcement, because the benchmark should
determine what quality means before the serving platform is allowed to constrain what can be checked
operationally. Fifth, the result was intentionally framed as a candidate minimum-requirements
gate, since the available evidence was strong enough for bounded calibration but not yet strong
enough for a universal or sharply automated standard. Sixth, the study did not stop at threshold
setting: it also analysed which OpenLayer-visible metrics and multi-metric combinations best
approximate semantic acceptability in both the 45-case local benchmark and a separate 100-case
public comparison sample.

In practical terms, this means the benchmark does not treat the summary as a free-form artefact
judged only holistically. The use case is already structured around predefined business information
questions, and a summary is acceptable only if it preserves the answers to those questions well
enough for operational use, for example what the call was about, what follow-up was required, and
what outcome was reached.

This development logic matters for interpretation. The thesis is not claiming that RQ2
discovered a final generic test suite for all enterprise LLM systems. It is claiming that minimum
viable tests can be derived in a disciplined way: start from a real use case, choose metric families
for defensible reasons, calibrate on a fixed benchmark, add explicit review routing, package the
resulting artefacts in a reusable minimum-benchmark format, and then test both what remains
operationally enforceable in-platform and which OpenLayer-visible signals are actually relevant on
local and public benchmark surfaces.

Accordingly, RQ2 is not presented as a threshold sweep alone. It yields a local screening gate, a
benchmark-to-OpenLayer alignment study on the KPN benchmark, a matched public comparison
branch, and a privacy-safe audit bundle. A standard process note and reusable template keep
the workflow reusable for future use cases, while leaving the actual thresholds, review rules, and
proxy-signal rankings benchmark specific.

1) Local 45-case semantic case
KPN benchmark

threshold calibration + bootstrap

2) Local OpenLayer alignment
single, pairwise, 3/4-metric combos
ranked against local acceptability

3) Public 100-case semantic case
sampled public rows

same metric families as reference

4) Public OpenLayer alignment
single, pairwise, 3/4-metric combos

ranked against public labels

5) Cross-benchmark comparison
public vs local metric rankings

transfer of proxy relevance

Figure 6.1: RQ2 two-case design: local threshold setting, local and public OpenLayer alignment
studies, and cross-benchmark comparison.

6.4 Metrics

The RQ2 calibration focused on two semantic factuality metrics: UIEFID and QAFactEval. For
each metric, the calibration workflow computed candidate thresholds over the observed score
distribution and recorded recall on bad cases, good-case fail rate, balanced accuracy, Cohen’s
kappa, and pass rate. The explicit selection policy was: choose the lowest threshold satisfying
recallbad ≥ 0.8 and good_fail_rate ≤ 0.25; if no threshold satisfies both constraints, fall back to
the threshold with the best Cohen’s kappa. These values were manually chosen as pragmatic
operating targets for this use case rather than taken from the metric literature or platform defaults:
the 0.8 recall target prioritises catching most materially bad summaries, while the 0.25 good-case
fail-rate cap limits how many acceptable summaries are unnecessarily escalated to review. They are
therefore study-specific operating targets for a conservative screening gate on the reviewed binary
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subset, not literature-derived constants. The broader use of explicit calibration targets, bias-aware
evaluator control, and post-selection stability checking is consistent with recent work on calibrated
surrogate metrics and evaluator validation (Fandina et al. 2025; Jain et al. 2025; Landesberg and
Narayan 2026). Threshold stability was then checked with 300 bootstrap samples.

The two metrics were chosen because they capture complementary parts of the failure surface.
UIEFID operates at a structured inconsistency level and is useful when a summary preserves the
general topic but distorts specific information. QAFactEval approaches the same problem from a
question-answering perspective and is useful when the key issue is whether concrete claims in the
generated summary can be supported by the source transcript. Using both avoids treating one
metric family as a complete theory of summary quality while still keeping the calibration narrow
enough to be operational.

In RQ2 these metric families play two different roles. In the 45-case local case, the existing
per-case semantic scores were reused in a fast recalibration path after manual review so thresholds
and local ranking analyses could be refreshed without rerunning the expensive semantic backends.
In the 100-case public comparison case, the same metric families were used as the semantic reference
surface for the sampled public rows. The resulting public-versus-local comparison should therefore
be interpreted at the level of metric families and benchmark surfaces rather than as a strict
backend-controlled ablation.

For reproducibility, the calibration logic can be written in compact form. Let i ∈ {1, . . . , N}
index benchmark cases and let zi ∈ {0, 1} denote the calibration target label, where zi = 1 indicates
a bad case and zi = 0 a good case. For metric m with score si,m and candidate threshold t, define
a fail prediction

ẑ
(m,t)
i = 1[si,m < t].

The threshold sweep evaluates at least three quantities:

Recallbad(m, t) =
∑

i 1[zi = 1 ∧ ẑ
(m,t)
i = 1]∑

i 1[zi = 1] ,

GoodFailRate(m, t) =
∑

i 1[zi = 0 ∧ ẑ
(m,t)
i = 1]∑

i 1[zi = 0] ,

BA(m, t) = TPR(m, t) + TNR(m, t)
2 .

In the reviewed rerun, Cohen’s kappa κ(m, t) from the same confusion matrix was treated as the
primary fallback selection score, while balanced accuracy was retained as a secondary diagnostic.
The selection policy is then

t∗
m = min{t : Recallbad(m, t) ≥ 0.8 ∧ GoodFailRate(m, t) ≤ 0.25}

when the feasible set is non-empty; otherwise

t∗
m = arg max

t
κ(m, t).

If multiple thresholds attain the same maximum κ, the lowest threshold is retained. After selecting
(t∗

UIEFID, t∗
QAFactEval), the review margin uses δ = 0.02 with absolute-distance routing: review if

∃m : |si,m − t∗
m| ≤ δ or if exactly one semantic metric passes.

These evaluator-side questions should not be confused with the business structure of the
benchmark itself. In the current use case, the summary is already assessed against predefined
information needs captured in the reference fields; QAFactEval adds a QA-based factuality check
on top of that structure rather than defining the use case on its own.

Table 6.1 gives the simplified operational scoring sketches used in this thesis, where x denotes
the source transcript and y the candidate summary. These are included for interpretive clarity
rather than as full reimplementations of the original papers; Appendix A.2 provides the fuller
breakdown and benchmark distinction.
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Table 6.1: Operational definitions of the RQ2 semantic metrics.
Metric Operational scoring sketch Role in this thesis

UIEFID

UIEFID(x, y) ≈ 1
|U(y)|

∑
u∈U(y)

Consistent(u, x)
where U(y) are extracted information units from
the summary.

Structured
factual-consistency
signal for distorted,
unsupported, or missing
details.

QAFactEval

QAFactEval(x, y) ≈ 1
|Q(y)|

∑
q∈Q(y)

Agree(ax(q), ay(q))
where Q(y) is a question set generated from
summary claims.

QA-based factuality
signal for testing
whether concrete claims
in the summary are
supported by the
transcript.

6.5 Baselines and Variants

The semantic calibration compared the recommended thresholds against the previous OpenLayer
defaults of UIEFID = 0.55 and QAFactEval = 0.45. The final decision rule combined the calibrated
semantic thresholds with hard integrity checks (null rows, duplicate rows, and maximum summary
length) and a review band around borderline cases. A separate alignment study then compared
OpenLayer built-in single metrics, pairwise combinations, and three- and four-metric combinations
against semantic comparison labels in both the local 45-case benchmark and the 100-case public
sample. OpenLayer was therefore evaluated in two ways: as an operational safeguard layer for the
fixed gate, and as a comparative proxy-signal surface whose relevance had to be measured rather
than assumed.

This baseline comparison served two purposes. First, it tested whether the inherited defaults
were already adequate for the use case or whether they needed recalibration. Second, it prevented
the final thresholds from appearing arbitrary: the recommended values were not only selected
from the observed benchmark distribution, but also compared against the pre-existing operational
defaults that a team might otherwise have accepted without validation.

6.6 Calibration Target

Final human review produced 45 adjudicated benchmark rows: 12 were labelled pass, 20 were
labelled fail, and 13 remained review. For binary threshold fitting, the 32 explicit pass/fail cases
were used as the calibration subset, while the 13 retained review cases were excluded from the
binary fit and carried forward as an explicit ambiguity category in the operational analysis.

Earlier proxy labels remained useful as reviewer-prioritisation signals and historical context, but
they are no longer the source of the reported thresholds. The final calibration is therefore more
credible than the provisional rerun because it is grounded in explicit human labels, yet it is also
more conservative because the reviewer did not force all ambiguous cases into binary closure.

6.7 Procedure

The RQ2 procedure had three linked phases. First, the fixed 45-case benchmark was scored
with UIEFID and QAFactEval, and those stored per-case scores were then reused during the
reviewed rerun. Manual review supplied 12 pass, 20 fail, and 13 review outcomes. The script swept
candidate thresholds on the 32 binary cases, selected recommended cutoffs using the policy above,
and combined those cutoffs with a review margin of 0.02 and hard integrity checks to produce a
pass-review-fail triage rule on the full 45-case table. Second, the same 45-case benchmark was
analysed at the OpenLayer-metric level by ranking built-in single metrics, pairwise combinations,
and three- and four-metric combinations against the local acceptable versus not-acceptable pattern
on the 32 binary reviewed cases. Third, a sampled 100-case public comparison set was scored
with the same metric families, the same OpenLayer ranking analysis was repeated there, and
local-versus-public comparison tables were generated to test transfer of metric relevance across
benchmark surfaces.
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The manual review and merge-back workflow is therefore not a downstream add-on in the final
reported version of RQ2; it is the source of the reported calibration labels. What remains separate
is the decision to preserve 13 cases as review rather than forcing them into pass or fail.

The ordering of these steps was intentional. The local benchmark had to be scored before
manual review and threshold recalibration could be linked to stable case identifiers; reviewed labels
had to be consolidated before thresholds could be recalibrated; and the decision rule had to exist
before either the OpenLayer cross-check or the benchmark-comparison analysis could be interpreted
correctly. Reversing this order would have allowed the current platform implementation or public
benchmark behaviour to dictate the semantic definition of quality, which would have weakened
the academic claim. By keeping the order fixed, the thesis ensures that platform limitations
and public-transfer effects are treated as findings about proxy relevance and enforcement, not as
definitions of quality.

The resulting design deliberately separates three layers. The offline semantic gate is the
authoritative quality gate for RQ2. The OpenLayer alignment analyses study which built-in signals
are good or bad proxies for that gate under different benchmark surfaces. OpenLayer itself provides
only the platform-side operational checks that proved reliable enough in the benchmark run:
null-row count, duplicate-row count, maximum summary length, and a row-count smoke-test floor.
This separation became necessary because platform row-count behaviour remained unreliable across
the available logs, and because metrics that look highly discriminative on the public comparison
surface do not necessarily behave the same way on the local enterprise benchmark.

The more important limitation, however, is representational rather than purely operational.
The offline 45-case calibration table contains structured reference information about the business
outcomes that the summary must preserve, whereas the current OpenLayer export reduces each
case to a transcript, one reference summary, and one generated summary. Because of that schema
collapse, OpenLayer can currently reproduce only a narrower summary-to-summary check and
not the full structured calibration target that underlies the offline pass-review-fail rule. A direct
repair path is to change the use-case adapter instead of weakening the gate: preserve the structured
reference fields in the canonical export, either as dedicated columns or as a versioned reference
bundle that custom metrics can parse, and then point the OpenLayer profile at that richer target.
Under that design, the same 45 case identifiers would be evaluated against semantically comparable
evidence on both sides, while public datasets would remain comparison surfaces rather than
substitutes for the local benchmark.

Local 45-case
benchmark

Structured KPN cases
with source transcript,

candidate summary,
and reference fields

Authoritative
local labels

Manual review yields
12 pass, 20 fail, and

13 review cases
32 binary cases
used for fitting

Semantic reference layer
UIEFID and QA-

FactEval scored on
the same local cases

Offline semantic gate
Threshold sweep, review

band, and integrity
checks produce the
local screening rule

OpenLayer proxy layer
Built-in metrics scored on
exported benchmark rows

Local proxy ranking
Built-ins ranked against the
same 32 binary local labels

Public com-
parison branch

Same ranking workflow on
100 sampled public cases

Cross-benchmark
contrast

Compare local and public
proxy relevance rather than

retuning the KPN gate

Figure 6.2: RQ2 procedure role separation: the reviewed local benchmark provides the authoritative
labels, UIEFID and QAFactEval define the offline semantic gate, and OpenLayer built-ins are
evaluated separately as proxy signals on local and public benchmark surfaces.



Chapter 7
Results

7.1 Primary Outcomes

Results are organised around the two research questions. RQ1 is answered by the implemented
supervision architecture and its reusable workflow components. RQ2 is answered through two linked
empirical outputs: a reviewed-label recalibration on the 45-case KPN call-summary benchmark,
in which 32 binary human labels are used for threshold fitting while 13 retained review labels
remain outside the binary fit, and a comparative OpenLayer-alignment study that ranks which
built-in single metrics and metric combinations best approximate semantic acceptability on both
the local benchmark and a separate 100-case public sample. Because the KPN benchmark remains
the threshold-setting source of truth, the section first summarises the final reviewed calibration
setup, then reports the local and public alignment analyses, and finally relates the reusable process
outputs and operational cross-check back to the broader architectural contribution.

Table 7.1: RQ2 local benchmark and calibration setup.
Item Result
Benchmark cases 45
Final human-reviewed cases 45
Binary calibration cases 32
Retained review cases 13
Binary human pass labels 12
Binary human fail labels 20
Semantic metrics calibrated UIEFID, QAFactEval

Table 7.1 shows that the final reported calibration was performed on a fixed dataset and with
explicit human-reviewed labels rather than with hidden manual tuning. This matters because the
earlier proxy-based rerun is now only a provisional predecessor. The reported cutoffs come from
the reviewed rerun, while the separate public comparison branch remains transfer evidence rather
than a source of threshold fitting.

7.2 RQ1 Architecture Outcome

RQ1 is answered by the implemented supervision workflow described across Chapters 4–6. The key
result is not one benchmark score, but the successful decomposition of supervision into reusable
layers that can be applied across different application surfaces. Table 7.2 summarises the current
architecture components and the concrete project evidence supporting each one.
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Table 7.2: Implemented RQ1 architecture components and current evidence.
Component Case-agnostic role Current project evidence
Source adapters Accept evaluation records

from heterogeneous
application surfaces

Code-based template repository and documented
Dataiku summary-evaluation workflow

Canonical
evaluation schema

Keep benchmark execution
independent of the
originating system

Shared fields such as input, context, ground truth,
generated output, and traceability metadata

Versioned
benchmark
configuration

Make tests, mappings,
thresholds, and runtime
metadata reproducible

Repo-managed OpenLayer profiles, rendered
configs, and versioned run metadata

Execution paths Support repeatable local
and CI/CD benchmarking

Local scripts, OpenLayer CLI flow, and GitHub
Actions workflow

Result exports Return audit-ready
evidence to the
surrounding delivery
process

History CSV tables, logs, benchmark outputs,
failure diagnostics, and review artefacts

Packaging path Support future onboarding
without changing the
architecture

Standard minimum-benchmark process note,
reusable template, and privacy-safe bundle;
broader generic packaging still future work

The answer to RQ1 is that a scalable supervision pipeline with case-agnostic design goals
requires five core architectural components:

1. source adapters that accept evaluation records from heterogeneous application surfaces;
2. a canonical evaluation schema that normalises those records into shared benchmark fields;
3. versioned benchmark configuration that freezes mappings, thresholds, and evaluator settings;
4. repeatable execution paths that run the same benchmark logic locally, in CI/CD, or through

controlled platform flows; and
5. audit-ready exports that return scores, diagnostics, logs, and review artefacts to the surround-

ing delivery process.

In the current implementation, these five components are instantiated through a code-based
OpenLayer template repository and a documented Dataiku workflow. For the KPN call-summary
use case, this means the deliverable already exists in two concrete forms: a template repository
for code-based projects and a documented Dataiku summary-evaluation workflow for interactive
projects. A broader packaging surface already exists through the standard minimum-benchmark
process note, the reusable template, and the privacy-safe bundle, but a fully generic cross-use-case
template repository remains future work.

These results show that the reusable core is not OpenLayer or Dataiku themselves, but the
interface pattern that allows different application surfaces to flow through the same benchmark
and reporting logic. In the company context, OpenLayer serves as the benchmark engine and
Dataiku as one interactive-platform adapter. The same architecture can also supervise code-based
applications that generate evaluation records directly from a repository or service workflow.

The interactive-platform path also received a limited user-oriented validation. One researcher
used the Dataiku workflow for a summary use case to compare and contrast run outputs across
prepared benchmark runs. The screenshots shown earlier in Chapter 4 were captured from that use
and indicate that the comparison surface was usable for inspecting model-version differences within
the intended workflow context.

7.3 RQ2 Threshold Calibration Outcomes

The RQ2 findings should be read as the outcome of a staged development process rather than as
isolated threshold numbers. Literature justified the metric families, the local benchmark supplied
the calibration target, an earlier proxy-based rerun made the first gate explicit, and the final
reviewed rerun then reused the stored per-case semantic scores and recalibrated thresholds on the
32 binary human-labelled cases while preserving 13 cases as review. The quantitative results below
therefore describe the final human-reviewed outcome rather than the earlier provisional summary.
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Figure 7.1 summarises the main internal path from the fixed benchmark to the final reviewed
rerun. It is intended to make the dependency structure explicit: the final thresholds come from
the manually reviewed label set, the retained review cases remain visible as an explicit ambiguity
category, and the calibrated outputs are surfaced back as benchmark evidence for comparison and
human inspection.

Fixed 45-case KPN benchmark
Authoritative calibration table used for RQ2 threshold fitting.

Manual review and merge-back
45 reviewed labels: pass = 12, review = 13, fail = 20.

Binary recalibration subset
32 pass/fail cases used for threshold fitting;
13 review cases excluded from the binary fit.

Threshold sweep and stability checks
Kappa-first fallback selected UIEFID = 0.00 and
QAFactEval = 0.01 with 300 bootstrap samples.

Benchmark surfacing and review routing
Semantic thresholds, hard integrity checks, and a 0.02 review
band surface borderline cases and comparison-ready outputs.

Current evidence state
The final reported result is a reviewed benchmark
evidence package that supports inspection and es-

calation rather than a strong autonomous separator.

Figure 7.1: RQ2 evidence flow from manual review to reviewed benchmark surfacing.

For RQ2, the central quantitative finding is no longer a sharp automatic separator but a
conservative reviewed-label screening configuration that mainly surfaces ambiguous benchmark
behaviour for inspection. Table 7.3 reports the selected thresholds together with the binary-fit
diagnostics on the 32 reviewed pass/fail cases. No threshold met the strict recall and good-case
fail constraints simultaneously, so both recommendations came from the documented kappa-first
fallback rule rather than from hidden manual selection.

Table 7.3: Reviewed-label RQ2 semantic thresholds and binary-fit diagnostics.
Metric Recommended Selection status Recallbad Good fail rate BA κ

UIEFID 0.00 fallback best κ 0.0000 0.0000 0.5000 0.0000
QAFactEval 0.01 fallback best κ 0.8000 0.5833 0.6083 0.2281

The reviewed-label threshold sweep reveals why the final configuration becomes conservative.
For UIEFID, the kappa-maximising fallback is already at 0.00, with recall on bad cases of 0.0 and
balanced accuracy of 0.5, which means that the metric provides no useful binary separation on the
reviewed subset. This should not be read as evidence that 0.00 is an inherently meaningful quality
boundary; it means that the reviewed rerun did not justify any stricter standalone UIEFID cutoff
on the binary subset. For QAFactEval, threshold 0.01 reaches recall on bad cases of 0.8, but only
with a good-case fail rate of 0.5833. In other words, QAFactEval still retains some binary separation
because it distinguishes a substantial share of bad cases from good ones, but not cleanly enough
to support a low-escalation gate. The reviewed rerun therefore does not identify a sharp binary
boundary; instead, it shows that once human reviewers preserve a substantial review category, the
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calibrated benchmark surface is better suited to exposing borderline behaviour for inspection than
to automatically separating clean pass and fail cases.

7.4 RQ2 Stability and Review-Oriented Screening

Bootstrap resampling no longer supports a strong claim of tight threshold stability. UIEFID is
centred at 0.00 with a wide upper tail to 0.84, while QAFactEval has a median of 0.01 but a very
wide upper tail to 4.6384. These distributions indicate that threshold selection is unstable on the
small binary reviewed subset and reinforce the conservative interpretation of the final gate.

Table 7.4: Bootstrap stability summary for the selected RQ2 thresholds.
Metric Recommended Mean Median p05 p95
UIEFID 0.00 0.169935 0.00 0.00 0.84
QAFactEval 0.01 0.686123 0.01 0.01 4.6384

Applied to all 45 cases, the calibrated configuration combined the semantic thresholds, a review
margin of 0.02, and hard integrity checks into a heavily review-oriented benchmark screen with only
a small number of clean automatic passes and no automatic fail outcome. Most cases remained
threshold-adjacent, and many passed exactly one semantic metric, which is the clearest sign that
the reviewed rerun materially changed the earlier story: the final benchmark surface is informative
as an escalation and comparison mechanism, but not as a strong autonomous pass/fail separator.

7.5 RQ2 Local OpenLayer Alignment Outcomes

Threshold fitting is only one part of the RQ2 result. The current repository also evaluates which
OpenLayer-visible signals best track the same local acceptable-versus-not-acceptable pattern in the
45-case benchmark. This matters because OpenLayer is not only the current benchmark engine;
it is also the main candidate operational surface where enterprise teams would like proxy signals
to be meaningful without re-implementing the full offline semantic workflow. The built-in metric
names reported below follow the official OpenLayer tests and aggregate-metrics documentation
(OpenLayer 2026a,b).

Table 7.5 compares the strongest local and public alignment signals at a glance. Table 7.6 isolates
the locally strongest built-in OpenLayer signals for the KPN call-summary use case. Appendix A
summarises the final reviewed calibration outputs, and Appendix B reproduces the full local and
public ranking tables.

Table 7.5: Compact cross-benchmark comparison of the strongest RQ2 alignment signals.
Surface Best built-in single Best built-in pair Best built-in 3-metric

combo
Reference-family example

Local
45-case

answerRelevancy /
answerCorrectness (tie)
κ = 0.2941, BA = 0.6667

answerRelevancy +
faithfulness
(tie with
answerCorrectness +
faithfulness)
κ = 0.4098, BA = 0.7083

answerRelevancy +
answerCorrectness +
contextRecall
κ = 0.3231, BA = 0.6750

proxy QAFactEval
κ = 0.9344, BA = 0.9750

Public
100-case

answerCorrectness /
meanSemanticSimilarity
(tie)
κ = 1.0000, BA = 1.0000

answerCorrectness +
meanBleu2 (one of
several ties)
κ = 1.0000, BA = 1.0000

meanSemanticSimilarity
+ answerCorrectness +
meanEditDistance
κ = 0.9356, BA = 0.9688

paper UIEFID
κ = 0.5846, BA = 0.7941

The reviewed-label local alignment study shows two things at once. First, the semantic reference-
family scores remain the defining signals of the local benchmark logic: the local QAFactEval reference
score still tracks the reviewed labels far more strongly than any OpenLayer built-in. Second, even
after refreshing the rankings against human labels, no OpenLayer built-in signal becomes a decisive
local proxy. The best built-in single metrics, answerRelevancy and answerCorrectness, reach only
κ = 0.2941; the best built-in pair reaches κ = 0.4098; and the best built-in three-metric combination
reaches κ = 0.3231. In practical terms, OpenLayer built-ins can assist interpretation, but they do
not replace the local semantic layer.
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Table 7.6: Most relevant built-in OpenLayer signals for the local 45-case KPN call-summary
benchmark.
Signal class Local OpenLayer highlight κ Bal. acc.
Single metric answerRelevancy / answerCorrectness (tie) 0.2941 0.6667
Pairwise
combination

answerRelevancy + faithfulness (tie with
answerCorrectness + faithfulness)

0.4098 0.7083

Three-metric
combination

answerRelevancy + answerCorrectness + contextRecall 0.3231 0.6750

This built-in-only local profile is also substantively plausible for the KPN call-summary use
case. AnswerRelevancy and answerCorrectness are the strongest single built-ins because acceptable
summaries must stay focused on the customer interaction and reflect the source content without
materially misstating what happened. The strongest local pairs add faithfulness, which is consistent
with a benchmark in which unsupported details, distorted claims, and source-summary mismatches
matter more than stylistic fluency alone. This explanation should still be read cautiously: the
built-ins capture some task-relevant aspects of local acceptability, but they remain only partial
proxies for the fuller benchmark-specific judgement preserved by the local semantic reference layer
and human review.

7.6 RQ2 Comparative Public OpenLayer Alignment Case

The second empirical RQ2 case repeats the same benchmark-to-platform alignment question on
a public comparison surface. In this branch, a 34-row QAConv base sample (Wu et al. 2022)
was expanded into a 100-case comparison surface, scored with the same semantic metric families
using the project’s paper-style real backends, and then analysed through the same OpenLayer
single-metric, pairwise, and multi-metric ranking workflow.

This public case behaved very differently from the local 45-case benchmark, as Table 7.5 already
suggests. Several OpenLayer built-ins, especially meanSemanticSimilarity and answerCorrectness,
become extremely strong separators on the public case, and even the best built-in pairwise results
reach perfect separation on the sampled surface. The best three-metric public combination also
remains highly discriminative.

The public branch therefore does not weaken the local result; it clarifies it. On the sampled
public surface, several OpenLayer built-ins look excellent. On the local enterprise benchmark,
the same platform-visible signals are far weaker. This is exactly the kind of transfer gap that a
deployment-oriented supervision workflow has to make visible rather than hide behind one global
metric choice.

7.7 RQ2 Cross-Benchmark Metric-Relevance Contrast

The repository now contains direct local-versus-public comparison tables that quantify how strongly
metric relevance shifts across benchmark surfaces. Table 7.7 shows the four highest-local-kappa
single-metric contrasts from the local ranking, including the two reference-family signals and the
two strongest OpenLayer built-ins. This keeps the subsection anchored on the local benchmark
while still retaining the public values needed for cross-benchmark contrast.

Table 7.7: Top four local single-metric local-versus-public contrasts by local Cohen’s kappa.

Metric Local
AUC

Pub. AUC Local
kappa

Pub. kappa

QAFactEval family (proxy local
/ paper public)

0.9500 0.6618 0.9344 0.3202

UIEFID family (proxy local /
paper public)

0.9438 0.7941 0.8667 0.5846

answerRelevancy 0.6563 0.5207 0.2941 0.1073
answerCorrectness 0.6458 1.0000 0.2941 1.0000
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Table 7.7 makes two points visible immediately. First, the highest local single-metric kappas
belong to the semantic reference-family scores rather than to the OpenLayer built-ins. Second, the
public values do not preserve that same ordering cleanly: answerCorrectness is only a modest local
proxy but becomes a perfect public separator, whereas the QAFactEval family is the strongest
local signal but much weaker on the public branch.

Figure 7.2 mirrors the same four metrics as direct local-to-public links at the level of Cohen’s
kappa. Read together, the table and figure show that the two reference-family metrics dominate
the local ranking, while the public branch especially rewards answerCorrectness and, to a lesser
extent, UIEFID.

κ0.00 0.25 0.50 0.75 1.00

QAFactEval
family

UIEFID
family

answer
Relevancy

answer
Correctness

local public

Figure 7.2: Local-versus-public Cohen’s kappa gaps for the four highest-local-kappa single-metric
signals. Each line connects the local and public kappa values for the same signal family or OpenLayer
built-in metric.

Taken together, the table and figure show that the metric contrast is not just a matter of
small numeric drift. On the reviewed 45-case enterprise benchmark, the strongest local single
metrics overall are the semantic reference families, while the strongest local OpenLayer built-ins
are answerRelevancy and answerCorrectness at only 0.2941 kappa. By contrast, answerCorrectness
becomes a perfect public separator, whereas the QAFactEval and UIEFID families lose substantial
relative strength on the public branch. The same instability appears in the pairwise and higher-order
comparison outputs: the strongest local built-in pairs reach only roughly the 0.30–0.41 kappa range,
whereas corresponding public pairs rise to values near 1.0, and the best local built-in three-metric
combination reaches only 0.3231 versus 0.9356 on the public branch. The OpenLayer metric
labels referenced in the built-in rows follow the platform’s official aggregate-metrics documentation
(OpenLayer 2026a).

This gap is consistent with the two benchmarks asking for different things: the public cases and
the KPN 45-case enterprise benchmark encode different quality requirements, critical information
fields, and tolerance for omissions, so the same built-in metrics do not retain the same relevance
across both settings.

This comparison should be interpreted carefully. The public branch uses paper-style UIEFID
and QAFactEval backends, whereas the local 45-case comparison files use calibrated proxy variants
for the same metric families. Even with that caveat, the ranking shift is too large to ignore. The
safest interpretation is therefore not that one global OpenLayer metric has been found, but that
metric relevance is strongly benchmark-dependent and must be established locally.

7.8 RQ2 Operational Cross-check

The OpenLayer cross-check provided an operational validation result rather than a replacement
for the semantic gate. Across the available logs, two row-count issues were observed: one earlier
completed log reflected misleading row-count metadata caused by multiline CSV handling, while
the successful benchmark-profile run returned 21 test items, of which 20 passed and 1 failed. The
single failing item in that successful run was still the exact row-count check: OpenLayer reported
a subpopulation row count of 10 even though the local benchmark slice contained 45 rows. This
confirms that platform-side row-count enforcement is not yet reliable enough to serve as the primary
quality gate for this use case.
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The resulting minimum-requirements design has two layers that form the current minimum
viable test set. The authoritative semantic gate consists of two calibrated semantic factuality tests
(UIEFID ≥ 0.00 and QAFactEval ≥ 0.01), three hard integrity checks (null rows, duplicate rows,
maximum summary length), and explicit review routing for borderline cases. This set is minimal
in the practical sense used by the thesis: each element covers a distinct failure mode that should be
controlled in a pre-release screening decision. In the final reviewed rerun, however, this authoritative
gate operates mainly as a conservative escalation policy rather than a strong autonomous pass/fail
filter. The platform gate serves as a narrower second layer, providing a row-count smoke-test floor.
As demonstrated by the subpopulation-row-count failure, the platform result remains valuable
as an operational safeguard, but it is not treated as part of the authoritative semantic minimum
because current platform behaviour was not reliable enough for full enforcement.

In other words, RQ2 is answered in three linked steps: first by deriving the minimum gate on
the fixed KPN benchmark, second by testing which OpenLayer-visible signals best approximate
semantic acceptability on both the local benchmark and a separate public comparison surface, and
third by showing how that gate is handled operationally through review routing and an OpenLayer
cross-check.

Overall, these results answer RQ2 with a bounded but concrete outcome: the thesis now provides
a human-reviewed benchmark-derived control rule for KPN call summaries, a local benchmark-
to-OpenLayer alignment analysis refreshed against reviewed labels, a 100-case public comparison
that exposes strong benchmark dependence in OpenLayer metric relevance, a reusable process
package that explains how such a gate should be produced, explicit recalibration logic, stability
diagnostics, a documented operational cross-check, and a traceable review-packet workflow. What it
still does not provide is a sharp autonomous separator, a pure backend-controlled local-versus-public
comparison, or proof that the KPN thresholds transfer unchanged to other use cases, because 13
cases remain in the explicit review category and the final rerun is intentionally conservative.



Chapter 8
Discussion

8.1 Interpretation of Findings

The current findings should be interpreted as a linked answer to RQ1 and RQ2. RQ1 is answered
at the level of artefact design: the thesis defines and documents a supervision architecture intended
to be case agnostic, built around adapters, a canonical evaluation schema, versioned benchmark
configuration, execution, and audit-ready outputs. RQ2 provides the strongest completed empirical
evidence, where the thesis moves from a generic idea of minimum viable testing to a documented
benchmark-based comparison configuration for the KPN call-summary use case, a final reviewed-
label recalibration on a 32-case binary subset with 13 retained review outcomes, a benchmark-to-
platform alignment study on the same 45-case surface, a comparative 100-case public alignment
study, and a reusable minimum-benchmark package. The result therefore supports the research
objective at the level of bounded evaluation-design evidence, even though only RQ2 is calibrated on
one concrete use case and neither question yet constitutes exhaustive validation across all intended
application classes.

The interpretation must preserve one central distinction. The literature supports the metric
families and the evaluation design: QAFactEval as a dedicated factual-consistency axis, UIEFID as
a structured inconsistency detector, and conversation-summary work as justification for task-specific
evaluation beyond lexical overlap (Fabbri et al. 2022; Gupta et al. 2025; Li and Yu 2025; Tang et al.
2024; Wan et al. 2025). The exact numeric cutoffs, however, are not literature-derived. They are
benchmark-derived thresholds fitted on the local reviewed benchmark, specifically on the 32 binary
human-labelled cases while 13 cases were retained as review. This is precisely why the resulting
configuration should be presented as a human-reviewed, use-case-specific comparison setup rather
than as a universal benchmark standard.

A second distinction concerns benchmark transfer. The 45-case enterprise benchmark and the
100-case public comparison surface do not reward the same OpenLayer proxies in the same way. On
the public sample, metrics such as meanSemanticSimilarity and answerCorrectness nearly perfectly
separate acceptable from not-acceptable cases, whereas on the local enterprise benchmark their
kappa values remain low and no built-in combination becomes a decisive local proxy. This shows
that public success of a platform metric does not license direct reuse as a local enterprise quality
gate.

8.2 Evaluator Fit for the KPN Use Case

The local ranking results are also interpretable in use-case terms rather than only as abstract metric
comparisons. The KPN benchmark is a structured enterprise call-summary task in which a summary
is acceptable only if it preserves operationally relevant facts such as the call reason, the agreed
follow-up, the outcome, and other issue-specific fields. In that setting, the main failure mode is not
unusual wording by itself, but omission, distortion, or unsupported invention of business-critical
content. A metric family that is more directly tied to source-grounded factual support should
therefore be expected to fit the local benchmark better than a generic platform-visible proxy.

This is why the reference-family signals are stronger local evaluators in the present study.
QAFactEval is well matched to the benchmark because it tests whether concrete claims expressed
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in the summary can be supported by the source transcript through structured question-answer
agreement. UIEFID is similarly well matched because it operates at the level of structured
information-unit consistency and is sensitive to summaries that preserve the overall topic while still
distorting specific facts or actions (Fabbri et al. 2022; Li and Yu 2025). Because the benchmark
labels are anchored in predefined business questions and structured reference fields, the reviewed
subset is likely closer to question-level factual support than to a more generic inconsistency notion;
this helps explain why QAFactEval supports a cleaner standalone cutoff in the final rerun, while
UIEFID remains locally relevant yet does not yield a strong standalone threshold. Table 7.7 and
Figure 7.2 are consistent with that expectation: the QAFactEval and UIEFID families occupy the
top local single-metric positions, whereas the strongest local OpenLayer built-ins, answerRelevancy
and answerCorrectness, remain far lower.

This should still be interpreted as local evaluator fit rather than as proof of universal superiority.
The same results chapter shows that metric relevance shifts on the public comparison surface, and
the final configuration still requires explicit review routing and additional integrity checks. The
defensible conclusion is therefore narrower: for this industry-specific call-summary benchmark,
source-grounded semantic factuality evaluators provide the most appropriate local reference layer,
while OpenLayer built-ins remain secondary operational approximations.

8.3 Practical Implications

For organisations evaluating GenAI systems, the practical contribution of RQ1 is that supervision
no longer needs to be redesigned from scratch for each application surface. A code-based service
and an interactive platform workflow can share the same evaluation core if both can map their
records into the canonical schema and consume the exported result artefacts. In the company
context, OpenLayer and Dataiku are therefore examples of integrations, not the full definition of
the pipeline.

RQ2 adds a bounded benchmark-comparison pattern instead of only a metric discussion. In
the final reviewed rerun, the calibrated semantic thresholds, the review band, and the narrower
platform checks form a deliberately conservative configuration: only clearly unambiguous cases
pass automatically, while most cases are routed to human review rather than being auto-failed.

In the summary use case, this is especially important because concise and persuasive summaries
can still miss crucial action items or introduce unsupported details. The calibrated thresholds
and review band respond directly to that risk. The final reviewed rerun shows that, once human
reviewers preserve a substantial ambiguity category, conservative review routing is preferable to
brittle automatic closure.

The comparative alignment branch adds a second practical implication. Teams should not
assume that OpenLayer built-ins which look excellent on public benchmarks will behave the same
way on enterprise data. In the present study, answerCorrectness and meanSemanticSimilarity are
almost perfect separators on the 100-case public surface but weak local proxies on the 45-case KPN
benchmark. For local evaluation practice, that means platform metrics must be validated against
the local benchmark rather than promoted from public benchmark success into benchmark-facing
conclusions by default.

More generally, benchmark design should follow the operational risk of the use case: tasks with
little tolerance for omitted, unsupported, or distorted information need stricter local benchmarks
anchored in explicit business-critical reference fields, whereas less critical tasks can justify lighter
benchmark structures and wider acceptance margins.

The review packet and merge artefacts matter because they turned human adjudication into a
governed calibration input rather than leaving it as an informal afterthought. Borderline cases can
be isolated, inspected, and written back into governed artefacts with explicit provenance, and the
final label set can preserve review as a genuine category instead of forcing uncertain cases into
artificial binary closure.

From a governance perspective, the practical value of the pipeline is that it transforms evaluation
from an opaque model-quality check into an auditable evaluation process. The calibrated config-
uration is documented, the selection policy is explicit, and the platform limitations are recorded
rather than hidden. This directly supports regulatory expectations around traceability, oversight,
and demonstrable accountability in EU enterprise contexts (Parliament and European Union 2016,
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2022, 2024). The architecture rationale is therefore not only technical efficiency, but also reduction
of compliance and assurance risk during benchmark-based change assessment.

The process packaging also has a practical implication for future onboarding. A standard
minimum-benchmark process note, a reusable template, and a privacy-safe bundle lower the
documentation and audit burden for the next use case, even though they do not remove the need
for fresh calibration on that next benchmark.

8.4 Architecture Trade-offs

The main advantages of the architecture are scalability, repeatability, auditability, and model
agnosticism. Here, scalability should be read mainly at the architecture and workflow level: the
same supervision core can be reused across adapters, run locally or in CI/CD-style workflows, and
extended to new use cases without redesigning the evaluation logic each time. It allows teams to
evaluate many scenarios more often than manual review would allow, while still preserving evidence
for review and later inspection.

The trade-offs are cost, latency, calibration effort, comparison complexity, and residual depend-
ence on human judgement. On the RQ1 side, the architecture gains reuse by enforcing a canonical
schema and versioned configuration, but this also creates onboarding work for each new adapter. On
the RQ2 side, the most visible trade-off is between semantic fidelity and operational enforceability.
The offline semantic reference layer is stronger and better aligned with the use case, but it currently
cannot be delegated completely to the platform. OpenLayer adds valuable operational safeguards,
yet its row-count behaviour in the benchmark run and its unstable cross-benchmark proxy relevance
show that platform convenience cannot substitute for the benchmark-derived semantic layer. The
newer process packaging reduces repetition for future use cases, but it does not remove the need
for local benchmark preparation, local calibration effort, or recalibration. Human review therefore
remains necessary for borderline or high-risk cases, and the pipeline should be treated as structured
review support rather than a complete replacement for expert judgement.

8.5 Limitations

A key limitation on the RQ1 side is that the architectural claim is supported by one working
company implementation, namely a code-based template repository plus documented adapter
flows, not yet by a completed cross-organisational generalisation of that template repository or by
comparative validation across many application categories. The thesis therefore claims reusable
design logic, not definitive proof that every future use case will integrate at the same cost.

The user-oriented validation of the interactive Dataiku path is also limited in scope. It consisted
of one researcher using the workflow to compare and contrast summary-evaluation runs, which is
useful as evidence that the interface can be operated in context, but should not be interpreted as a
formal usability study or a broad user-acceptance evaluation.

A key limitation on the RQ2 side is no longer the absence of human review, but the fact that the
final human review preserves 13 cases as explicit review outcomes. That improves label honesty,
yet it leaves only 32 binary cases for threshold fitting and prevents the benchmark from behaving
like a clean binary calibration set.

Further limitations follow from sample size, implementation surface, and scope. The 45-case
benchmark size is intentionally modest: evaluating sensitive enterprise data requires costly expert
annotation and the manual establishment of ground-truth structured reference fields, so the dataset
was designed for density and quality rather than raw scale. Even so, both selected thresholds came
from the fallback-best-cohen-kappa rule rather than from satisfying the strict recall target, UIEFID
contributed almost no binary separation in the reviewed rerun, and the resulting configuration
was calibrated on one concrete enterprise summary task. This limits how strongly the results can
be generalised beyond the evaluated use case. Accordingly, the current configuration should be
read as a conservative review-oriented comparison setup, not as proof that future updates will
remain behaviourally consistent under all operating conditions. Platform behaviour is an additional
limitation: the successful OpenLayer run provided a valuable cross-check, but the row-count issue
showed that the platform cannot yet reflect the full semantic benchmark on its own. A related
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limitation is that the thesis does not yet include a dedicated throughput, latency, or resource-
usage benchmark under larger workload sizes. The scalability claim is therefore architectural and
workflow-oriented rather than a full runtime-scaling study.

The benchmark-comparison branch has its own limitations. The 100-case public comparison case
is sampled rather than exhaustive, and metric coverage is incomplete for some OpenLayer signals.
More importantly, the public branch uses paper-style real UIEFID and QAFactEval backends,
whereas the local 45-case comparison files use calibrated proxy variants for the same metric families.
The public-versus-local contrast should therefore be interpreted as evidence of benchmark and
implementation-surface transfer instability rather than as a pure ceteris paribus comparison. The
broader literature surface remains wider than the executed artefacts in the repository: for example,
AUTOSUMM remains useful contextual literature, but it was not operationalised as an evaluation
benchmark in the present study.

8.6 Lessons Learned

A central lesson is that evaluator governance must be treated as a product component, not only as
an analysis step. Another lesson is that benchmark calibration and platform validation should be
kept analytically separate: one establishes the candidate benchmark configuration, while the other
determines which parts of that configuration can actually be reflected in the serving environment.
A third RQ2 lesson is that public benchmark wins do not identify a universal OpenLayer proxy.
Metric relevance has to be established against the local benchmark that actually represents local
evaluation risk. A further RQ1 lesson is that case agnosticism depends less on abstract claims
than on explicit interface contracts: canonical evaluation fields, versioned benchmark profiles,
and exportable evidence. For RQ2 specifically, the reusable part is the calibration and alignment
process, not the numeric thresholds themselves. Finally, both the calibration workflow and the
review-packet workflow should be treated as reusable infrastructure, because the same artefacts
can be rerun later with updated human adjudications or alternative handling of retained review
cases without rescoring every case.



Chapter 9
Conclusion and Future Work

9.1 Conclusion

The main research question can be answered as follows: an automated supervision pipeline for non-
deterministic enterprise GenAI applications can be designed as a reusable evaluation architecture
intended to be case agnostic and model agnostic, and evaluated through a benchmark-calibrated
workflow that combines semantic scoring, hard integrity checks, explicit review routing, and
audit-ready evidence export.

This thesis now answers two sub-questions. RQ1 is answered by a supervision architecture
designed to be case agnostic, built around source adapters, a canonical evaluation schema, versioned
benchmark configuration, execution paths, and audit-ready outputs. In the current company
implementation, this architecture is instantiated through a code-based template repository around
OpenLayer and documented Dataiku workflows, while the broader design target remains support
for both code-based and interactive GenAI applications.

RQ2 is answered by a bounded empirical result for the KPN call-summary use case. The answer
combines three linked elements: calibration of a minimum review-oriented comparison configuration
on the fixed 45-case KPN benchmark after manual review, a comparative benchmark-to-platform
alignment study on the 45-case benchmark and a separate 100-case public sample, and a practical
comparison path built around review routing and platform cross-checking.

On the fixed 45-case benchmark derived from sensitive internal data, manual review produced
12 pass, 13 review, and 20 fail labels. The final recalibration fit thresholds on the 32 binary pass/fail
cases, selected UIEFID ≥ 0.00 and QAFactEval ≥ 0.01 via the fallback-best-cohen-kappa rule, and
combined them with a 0.02 review band into a heavily review-oriented comparison configuration
rather than a balanced automatic triage rule. Concretely, the resulting minimum viable test set still
consists of two semantic factuality tests, three hard integrity checks, and explicit review routing for
borderline cases, but in its final reviewed form it functions mainly as a conservative review-routing
mechanism and benchmark-inspection aid.

The comparative alignment study adds an important transfer result. On the 100-case public
comparison surface, OpenLayer built-ins such as meanSemanticSimilarity and answerCorrectness
separate acceptable from not-acceptable cases almost perfectly, and the best three-metric public
combination reaches kappa 0.9356. On the local 45-case enterprise benchmark, by contrast, the
strongest built-in single metrics remain below 0.30, the best built-in pair reaches 0.4098, and the
best built-in three-metric combination reaches 0.3231. This shows that OpenLayer metric relevance
is strongly benchmark-dependent and should be established locally rather than inferred from
public benchmark success. More broadly, the benchmark itself must be shaped by the operational
demands of the specific use case, because each domain brings different critical fields, failure risks,
and acceptance criteria.

Beyond the local calibration itself, the current RQ2 output also includes a reusable minimum-
benchmark process note, a reusable template, and a privacy-safe audit bundle, which turn the
calibration into a rerunnable method package rather than a one-off benchmark exercise. The
review-packet and merge-back workflow fed directly into the final rerun and confirmed that the
review-routing branch can be operated with stable provenance.

However, because 13 cases were deliberately retained as review and excluded from binary
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threshold fitting, the current artefacts still do not behave like a clean binary calibration set. The
benchmark-comparison branch also remains bounded by implementation-surface differences: the
public comparison uses paper-style real UIEFID and QAFactEval backends, whereas the local
45-case comparison files use calibrated proxy variants for some of the local ranking outputs. The
thesis therefore argues that minimum viable testing for a non-deterministic enterprise GenAI task
can be derived empirically inside a reusable supervision architecture rather than asserted only
through generic best practice. This configuration is intended as a benchmark-based comparison and
review-routing mechanism for future model, prompt, or system updates on the fixed benchmark,
even though the thesis does not yet claim exhaustive longitudinal validation across many update
variants. The result is bounded rather than universal, but it is already strong enough to support
structured assessment of update effects, review prioritisation, and local validation of platform-visible
proxy metrics for the concrete use case studied.

9.2 Future Work

The most immediate RQ1 next step is not to create the first repository from scratch, but to
generalise the current code-based template repository into a broader reusable template repository so
new use cases can adopt the same canonical schema, benchmark-profile structure, and export logic
with less setup effort. That packaging work no longer starts from zero: the current project already
includes a standard minimum-benchmark process note, a reusable template, and a privacy-safe
audit bundle. The next step is to package those artefacts beyond the present KPN summary use
case while keeping the result platform agnostic, with adapters for repository-based, CI/CD, and
interactive-platform workflows rather than hardwiring one company tool chain.

The most important RQ2 next step is to expand the human-reviewed benchmark and test
alternative treatments of the retained review cases. The current reviewed rerun shows that
preserving ambiguity is methodologically honest, but it also weakens binary threshold fitting and
pushes the operational rule toward near-total escalation. Future work should therefore evaluate
whether a larger reviewed sample, a ternary calibration design, or a confidence-aware decision policy
can preserve the explicit review category without collapsing the automatic gate. Beyond that,
future work should focus on recalibration on at least one additional enterprise use case, repeated-run
stability analysis, broader cross-version validation, backend-parity reruns of the public-versus-local
alignment study, and tighter integration of the public-comparison and review workflows into the
main evaluation package. As models, prompts, and business processes evolve, the scenario set and
evaluator configuration should remain living artefacts rather than fixed one-off benchmarks. An
additional priority is governance evolution: maintaining a living control mapping between pipeline
components and regulatory expectations (for example AI Act implementation guidance, GDPR
accountability practices, and NIS2 operational requirements) as these frameworks and sector-specific
interpretations evolve over time.



Appendix A
Project Artefacts

This appendix stores operational detail that supports reproducibility without overloading the main
thesis. The values below reflect the current RQ2 benchmark package and the broader supervision
design. Where the appendix reports reusable controls or rerun structures rather than measured
outputs, that role is stated explicitly instead of implying unsupported numeric results.

A.1 RQ1 Canonical Evaluation Schema and Adapter Pattern

The current RQ1 architecture separates reusable supervision components from platform-specific
adapters.

Source adapters Code-based applications, CI/CD workflows, or interactive platforms export
records for evaluation.

Canonical fields The shared evaluation schema centres on input, context, ground_truth,
generated_summary, and output, with optional traceability fields such as conversation_id,
model_name, dataset_version, and timestamps.

Versioned benchmark configuration Profiles, thresholds, dataset mappings, and run metadata
are stored in code so the same evaluation logic can be reused across use cases.

Execution paths The current project supports local execution, CI/CD execution, and documented
Dataiku workflows that prepare the same canonical schema before benchmarking.

Exported artefacts The pipeline returns run histories, threshold tables, logs, failure diagnostics,
and review artefacts so results can feed dashboards and release decisions.

A broader generic template repository remains future packaging work, but the current project
already includes partial packaging surfaces in the form of a standard minimum-benchmark process
note, a reusable benchmark template, and a privacy-safe RQ2 bundle. The Dataiku-oriented
adapter implementation discussed in this thesis is available at https://github.com/enekoreto/
scalable-oversight-dataiku-adapter.

A.2 RQ2 Metric Definitions and Scoring Sketches

The RQ2 calibration combines several artefact layers that should not be conflated.

Reusable process artefacts A standard minimum-benchmark process note, a reusable bench-
mark template, and a privacy-safe RQ2 bundle document the rerun and audit structure
without exposing raw KPN benchmark content.

Local 45-case calibration benchmark The fixed internal benchmark slice from MI_GT_final.xlsx
is the authoritative dataset used to derive thresholds and review logic.

Semantic metrics UIEFID and QAFactEval are the two summary-level factuality signals com-
puted for each benchmark case.

OpenLayer benchmark-profile cross-check The OpenLayer run is a platform-side operational
test used to determine which checks remain enforceable in-platform; it is not a third semantic
metric.
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Post-calibration review artefacts The 13 review-band cases were exported into a dedicated
review packet and merged back into a consolidated workbook and final human-adjudication
export. In the final rerun, those merged labels became the authoritative local calibration
source. Because all inspected borderline cases remained review, the reviewed artefacts
improve provenance and label honesty while preserving an explicit ambiguity category.

Auxiliary public evidence The QMSum and TofuEval runs reuse the already-fixed KPN thresholds
on public summarisation data. They provide secondary triangulation only and do not recalib-
rate the KPN gate.

The metric sketches below are simplified operational summaries used to explain how the scores
behave in this thesis. They are not substitutes for the full published methods.

UIEFID Let x denote the source transcript, y the candidate summary, and U(y) the set of
structured information units extracted from the summary. A simplified scoring sketch is

UIEFID(x, y) ≈ 1
|U(y)|

∑
u∈U(y)

Consistent(u, x).

Here, Consistent(u, x) ∈ [0, 1] represents whether an extracted information unit from the
summary is supported by the source after universal information extraction and LLM-assisted
reasoning. In the thesis, higher values indicate stronger structured factual alignment and
fewer summary-level inconsistencies.

QAFactEval Let Q(y) be the question set generated from the claims expressed in the candidate
summary, let ax(q) be the answer to question q from the source transcript, and let ay(q) be
the answer from the candidate summary. A simplified scoring sketch is

QAFactEval(x, y) ≈ 1
|Q(y)|

∑
q∈Q(y)

Agree(ax(q), ay(q)).

Here, Agree(ax(q), ay(q)) ∈ [0, 1] represents answer agreement between the source-grounded
answer and the summary-grounded answer. In the thesis, higher values indicate that the
claims made in the summary are better supported by the transcript.

After metric scoring, the thesis does not use either semantic score in isolation. The benchmark-
derived thresholds are combined with hard integrity checks and explicit review routing, as detailed
in Appendix A.4. This means the operative RQ2 gate is a composite screening rule rather than a
single-metric benchmark.

A.3 RQ2 Artefact Roles and Boundaries

The current RQ2 artefacts have different roles and should not be mixed.

Calibration source MI_GT_final.xlsx is the authoritative KPN benchmark source used for
threshold setting.

Threshold outputs The earlier provisional rerun outputs and the final reviewed-label threshold-
selection directory store the threshold-selection outputs, bootstrap summaries, and decision-
rule summaries reported in the thesis.

Review packet The review-packet workbook is a convenience subset for manual review of the 13
retained review-band cases and forms part of the final provenance chain; it is not a separate
benchmark.

Merged review outputs The merged review workbook and related CSV and JSON summaries
document provenance-preserving human review results and feed the final reviewed-label
recalibration reported in the thesis.

Auxiliary public evidence The QMSum and TofuEval folders under auxiliary_public_evidence/
are fixed-threshold external checks only. They do not retune the KPN gate.
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Auxiliary human-agreement metric In auxiliary public runs, human_agreement_rate is the
aggregate share of cases where the automated decision agrees with the available human signal
used by the export workflow. In those runs, that human signal is proxy based (derived from
dataset ground truth and other available human-authored reference fields) rather than explicit
per-case adjudicated pass/fail labels.

Privacy-safe bundle The RQ2 bundle packages code, tests, configs, and privacy-safe derived
artefacts for audit or transfer of method, while intentionally excluding sensitive benchmark
content and auxiliary public evidence.

A.4 Final RQ2 Minimum Requirements and Reviewed Calibration
Outputs

The final reviewed-label RQ2 gate for the KPN call-summary use case is:

Primary semantic thresholds UIEFID ≥ 0.00 and QAFactEval ≥ 0.01.
Hard integrity checks Null-row count ≤ 0, duplicate-row count ≤ 0, and generated-summary

maximum character length ≤ 350.
Review routing Human review is required when either metric is within 0.02 of its threshold or

when exactly one semantic metric passes.
Final human-review distribution On the 45-case benchmark, manual review produced 12 pass

labels, 13 review labels, and 20 fail labels.
Binary calibration subset The threshold fit used the 32 explicit pass/fail cases, while the 13

retained review cases were excluded from the binary fit.
Final benchmark surface Applied to all 45 benchmark cases, the resulting configuration routed

almost the entire benchmark into review, with only a small number of clean automatic passes
and no automatic fail outcome.

Platform-safe checks The current OpenLayer operational layer is limited to null rows, duplicate
rows, maximum summary length, and a row-count smoke-test floor, because exact row-count
enforcement did not remain reliable in the successful benchmark run.

The appendix tables below collect the reviewed-label calibration outputs in one place, while
Appendix B reproduces the full ranked local and public metric tables.

Table A.1: Final reviewed-label RQ2 semantic thresholds and binary-fit diagnostics.
Metric Recommended Selection status Recallbad Good fail rate BA κ

UIEFID 0.00 fallback best κ 0.0000 0.0000 0.5000 0.0000
QAFactEval 0.01 fallback best κ 0.8000 0.5833 0.6083 0.2281

Table A.2: Bootstrap stability summary for the final reviewed-label thresholds.
Metric Recommended Mean Median p05 p95
UIEFID 0.00 0.169935 0.00 0.00 0.84
QAFactEval 0.01 0.686123 0.01 0.01 4.6384
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Table A.3: Final reviewed-label calibration and decision-rule counts.
Quantity Value
Reviewed benchmark cases 45
Final human pass labels 12
Final human review labels 13
Final human fail labels 20
Binary pass/fail cases used for calibration 32
Review cases excluded from binary fitting 13
Automatic pass cases under final rule 3
Review cases under final rule 42
Automatic fail cases under final rule 0
Threshold-adjacent cases 42
Exactly-one-metric-pass cases 31
Overlength cases 0

A.5 Disagreement Attribution Taxonomy

The disagreement taxonomy below assigns one primary cause label to each material mismatch
between automated scores and human ratings.

Judge agreeableness bias The automated judge accepts a fluent or confident output despite
weak evidence, missing facts, or unsupported claims.

Rubric mismatch The human expert and automated judge apply different interpretations of the
scoring criteria.

Ambiguous scenario The prompt, source context, or expected behaviour leaves multiple reason-
able interpretations.

Human inconsistency Human ratings differ because of fatigue, unclear instructions, or incon-
sistent application of the rubric.

Model-quality error The generated output contains a factual, safety, instruction-following, or
usefulness error that one evaluator misses.

For each material disagreement, the report should store the scenario identifier, automated
rationale, human rationale, cause label, and adjudication decision.

A.6 Governance Control Mapping

The governance mapping links regulatory or audit expectations to concrete pipeline controls.

Traceability Versioned scenarios, prompts, retrieved context, model settings, generated outputs,
scores, and release decisions are retained for later inspection.

Human oversight Low-confidence, high-impact, or contradictory results are escalated to a human
reviewer, with final override decisions logged.

Accountability Each release decision package records the evaluated version, scoring configuration,
responsible reviewer or owner, and pass/fail rationale.

Operational risk management Failures are categorised by severity and type so they can support
incident review, root-cause analysis, and future test-set updates.

A.7 Summary Evaluation Rubric

For the call-summary use case in this project, the following rubric dimensions serve as scoring
anchors.

Factual faithfulness Claims in the summary are supported by the call transcript or source
context.

Coverage The summary captures key decisions, issues, customer needs, and action items.
Relevance The summary excludes distracting or low-value details.
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Actionability Follow-up tasks, owners, deadlines, or commitments are clear when present in the
source.

Clarity The summary is concise, readable, and suitable for enterprise use.
Compliance sensitivity The summary avoids unsupported sensitive claims and respects domain

policy constraints.



Appendix B
Full RQ2 OpenLayer Ranking Tables

This appendix reproduces the full ranked local and public OpenLayer alignment outputs underlying
the compact RQ2 comparison table in the main text. All tables are ordered by Cohen’s kappa
in descending order. Single-metric tables report AUC, balanced accuracy, and kappa at the best
threshold; pairwise and three-metric tables report coverage, balanced accuracy, and kappa for the
corresponding combination rule.

B.1 Local 45-case benchmark rankings

These local rankings reproduce the final reviewed-label rerun. The ranking fit uses the 32 binary
human-labelled cases from the 45-case benchmark, while the 13 retained review cases remain
outside the binary ranking fit but are still part of the operational decision analysis reported in
the main text. The full tables below therefore include both OpenLayer built-ins and the local
proxy reference-family scores, whereas the compact comparison table in the results chapter isolates
built-in-only highlights separately.

B.1.1 Single metrics
Table B.1: Full local reviewed-label 45-case single-metric ranking.

Rank Metric Source Cov. AUC Bal. acc. Kappa
1 proxy_qafacteval_score Proxy 32 0.9500 0.9750 0.9344
2 proxy_uiefid_score Proxy 32 0.9438 0.9333 0.8667
3 answerRelevancy OpenLayer 32 0.6563 0.6667 0.2941
4 answerCorrectness OpenLayer 32 0.6458 0.6667 0.2941
5 contextUtilization OpenLayer 32 0.6000 0.6000 0.2308
6 meanEditDistance OpenLayer 32 0.5375 0.6083 0.2281
7 meanSemanticSimilarity OpenLayer 32 0.5292 0.6083 0.2281
8 contextRecall OpenLayer 32 0.5958 0.6250 0.2239
9 hallucination OpenLayer 29 0.5051 0.5707 0.1493

10 faithfulness OpenLayer 32 0.5292 0.5583 0.1186
11 meanBleu4 OpenLayer 32 0.5042 0.5583 0.1186
12 meanBleu3 OpenLayer 32 0.5042 0.5583 0.1186
13 meanBleu2 OpenLayer 32 0.5042 0.5583 0.1186
14 meanBleu1 OpenLayer 32 0.5042 0.5583 0.1186
15 correctness OpenLayer 32 0.5500 0.5500 0.0968
16 coherence OpenLayer 32 0.5083 0.5083 0.0130
17 contextRelevancy OpenLayer 24 0.5000 0.5000 0.0000
18 meanQuasiExactMatch OpenLayer 32 0.5000 0.5000 0.0000
19 meanJsonScore OpenLayer 32 0.5000 0.5000 0.0000
20 meanExactMatch OpenLayer 32 0.5000 0.5000 0.0000
21 maliciousness OpenLayer 32 0.5000 0.5000 0.0000
22 harmfulness OpenLayer 32 0.5000 0.5000 0.0000

B.1.2 Pairwise combinations
Table B.2: Full local reviewed-label 45-case pairwise ranking.

Rank Metric combination Cov. Bal. acc. Kappa
1 hallucination + proxy_qafacteval_score 29 1.0000 1.0000
2 contextRelevancy + proxy_qafacteval_score 24 1.0000 1.0000
3 proxy_qafacteval_score + proxy_uiefid_score 32 0.9750 0.9344
4 meanSemanticSimilarity + proxy_qafacteval_score 32 0.9750 0.9344

41
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Rank Metric combination Cov. Bal. acc. Kappa
5 meanQuasiExactMatch + proxy_qafacteval_score 32 0.9750 0.9344
6 meanJsonScore + proxy_qafacteval_score 32 0.9750 0.9344
7 meanExactMatch + proxy_qafacteval_score 32 0.9750 0.9344
8 meanEditDistance + proxy_qafacteval_score 32 0.9750 0.9344
9 meanBleu4 + proxy_qafacteval_score 32 0.9750 0.9344

10 meanBleu3 + proxy_qafacteval_score 32 0.9750 0.9344
11 meanBleu2 + proxy_qafacteval_score 32 0.9750 0.9344
12 meanBleu1 + proxy_qafacteval_score 32 0.9750 0.9344
13 maliciousness + proxy_qafacteval_score 32 0.9750 0.9344
14 harmfulness + proxy_qafacteval_score 32 0.9750 0.9344
15 faithfulness + proxy_qafacteval_score 32 0.9750 0.9344
16 correctness + proxy_qafacteval_score 32 0.9750 0.9344
17 contextUtilization + proxy_qafacteval_score 32 0.9750 0.9344
18 contextRecall + proxy_qafacteval_score 32 0.9750 0.9344
19 coherence + proxy_qafacteval_score 32 0.9750 0.9344
20 answerRelevancy + proxy_qafacteval_score 32 0.9750 0.9344
21 answerCorrectness + proxy_qafacteval_score 32 0.9750 0.9344
22 hallucination + proxy_uiefid_score 29 0.9545 0.9254
23 contextRelevancy + proxy_uiefid_score 24 0.9643 0.9155
24 meanSemanticSimilarity + proxy_uiefid_score 32 0.9333 0.8667
25 meanQuasiExactMatch + proxy_uiefid_score 32 0.9333 0.8667
26 meanJsonScore + proxy_uiefid_score 32 0.9333 0.8667
27 meanExactMatch + proxy_uiefid_score 32 0.9333 0.8667
28 meanEditDistance + proxy_uiefid_score 32 0.9333 0.8667
29 meanBleu4 + proxy_uiefid_score 32 0.9333 0.8667
30 meanBleu3 + proxy_uiefid_score 32 0.9333 0.8667
31 meanBleu2 + proxy_uiefid_score 32 0.9333 0.8667
32 meanBleu1 + proxy_uiefid_score 32 0.9333 0.8667
33 maliciousness + proxy_uiefid_score 32 0.9333 0.8667
34 harmfulness + proxy_uiefid_score 32 0.9333 0.8667
35 faithfulness + proxy_uiefid_score 32 0.9333 0.8667
36 correctness + proxy_uiefid_score 32 0.9333 0.8667
37 contextUtilization + proxy_uiefid_score 32 0.9333 0.8667
38 contextRecall + proxy_uiefid_score 32 0.9333 0.8667
39 coherence + proxy_uiefid_score 32 0.9333 0.8667
40 answerRelevancy + proxy_uiefid_score 32 0.9333 0.8667
41 answerCorrectness + proxy_uiefid_score 32 0.9333 0.8667
42 answerRelevancy + faithfulness 32 0.7083 0.4098
43 answerCorrectness + faithfulness 32 0.7083 0.4098
44 contextRecall + hallucination 29 0.6869 0.3379
45 answerRelevancy + hallucination 29 0.6869 0.3379
46 answerCorrectness + hallucination 29 0.6869 0.3379
47 answerRelevancy + meanSemanticSimilarity 32 0.6750 0.3231
48 answerRelevancy + contextRecall 32 0.6750 0.3231
49 answerRelevancy + coherence 32 0.6750 0.3231
50 answerCorrectness + meanSemanticSimilarity 32 0.6750 0.3231
51 answerCorrectness + contextRecall 32 0.6750 0.3231
52 answerCorrectness + coherence 32 0.6750 0.3231
53 contextRecall + faithfulness 32 0.6583 0.3016
54 answerRelevancy + contextRelevancy 24 0.6643 0.2987
55 answerCorrectness + contextRelevancy 24 0.6643 0.2987
56 answerRelevancy + meanQuasiExactMatch 32 0.6667 0.2941
57 answerRelevancy + meanJsonScore 32 0.6667 0.2941
58 answerRelevancy + meanExactMatch 32 0.6667 0.2941
59 answerRelevancy + meanEditDistance 32 0.6667 0.2941
60 answerRelevancy + meanBleu4 32 0.6667 0.2941
61 answerRelevancy + meanBleu3 32 0.6667 0.2941
62 answerRelevancy + meanBleu2 32 0.6667 0.2941
63 answerRelevancy + meanBleu1 32 0.6667 0.2941
64 answerRelevancy + maliciousness 32 0.6667 0.2941
65 answerRelevancy + harmfulness 32 0.6667 0.2941
66 answerRelevancy + correctness 32 0.6667 0.2941
67 answerRelevancy + contextUtilization 32 0.6667 0.2941
68 answerCorrectness + meanQuasiExactMatch 32 0.6667 0.2941
69 answerCorrectness + meanJsonScore 32 0.6667 0.2941
70 answerCorrectness + meanExactMatch 32 0.6667 0.2941
71 answerCorrectness + meanEditDistance 32 0.6667 0.2941
72 answerCorrectness + meanBleu4 32 0.6667 0.2941
73 answerCorrectness + meanBleu3 32 0.6667 0.2941
74 answerCorrectness + meanBleu2 32 0.6667 0.2941
75 answerCorrectness + meanBleu1 32 0.6667 0.2941
76 answerCorrectness + maliciousness 32 0.6667 0.2941
77 answerCorrectness + harmfulness 32 0.6667 0.2941
78 answerCorrectness + correctness 32 0.6667 0.2941
79 answerCorrectness + contextUtilization 32 0.6667 0.2941
80 answerCorrectness + answerRelevancy 32 0.6667 0.2941
81 contextRelevancy + contextUtilization 24 0.6143 0.2500
82 faithfulness + hallucination 29 0.6086 0.2478
83 contextUtilization + hallucination 29 0.6086 0.2478
84 hallucination + meanSemanticSimilarity 29 0.6162 0.2408
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Rank Metric combination Cov. Bal. acc. Kappa
85 hallucination + meanEditDistance 29 0.6162 0.2408
86 faithfulness + meanBleu4 32 0.6000 0.2308
87 faithfulness + meanBleu3 32 0.6000 0.2308
88 faithfulness + meanBleu2 32 0.6000 0.2308
89 faithfulness + meanBleu1 32 0.6000 0.2308
90 contextUtilization + meanSemanticSimilarity 32 0.6000 0.2308
91 contextUtilization + meanQuasiExactMatch 32 0.6000 0.2308
92 contextUtilization + meanJsonScore 32 0.6000 0.2308
93 contextUtilization + meanExactMatch 32 0.6000 0.2308
94 contextUtilization + meanEditDistance 32 0.6000 0.2308
95 contextUtilization + meanBleu4 32 0.6000 0.2308
96 contextUtilization + meanBleu3 32 0.6000 0.2308
97 contextUtilization + meanBleu2 32 0.6000 0.2308
98 contextUtilization + meanBleu1 32 0.6000 0.2308
99 contextUtilization + maliciousness 32 0.6000 0.2308

100 contextUtilization + harmfulness 32 0.6000 0.2308
101 contextUtilization + faithfulness 32 0.6000 0.2308
102 contextUtilization + correctness 32 0.6000 0.2308
103 contextRecall + contextUtilization 32 0.6000 0.2308
104 coherence + contextUtilization 32 0.6000 0.2308
105 meanQuasiExactMatch + meanSemanticSimilarity 32 0.6083 0.2281
106 meanJsonScore + meanSemanticSimilarity 32 0.6083 0.2281
107 meanExactMatch + meanSemanticSimilarity 32 0.6083 0.2281
108 meanEditDistance + meanSemanticSimilarity 32 0.6083 0.2281
109 meanEditDistance + meanQuasiExactMatch 32 0.6083 0.2281
110 meanEditDistance + meanJsonScore 32 0.6083 0.2281
111 meanEditDistance + meanExactMatch 32 0.6083 0.2281
112 meanBleu4 + meanSemanticSimilarity 32 0.6083 0.2281
113 meanBleu4 + meanEditDistance 32 0.6083 0.2281
114 meanBleu3 + meanSemanticSimilarity 32 0.6083 0.2281
115 meanBleu3 + meanEditDistance 32 0.6083 0.2281
116 meanBleu2 + meanSemanticSimilarity 32 0.6083 0.2281
117 meanBleu2 + meanEditDistance 32 0.6083 0.2281
118 meanBleu1 + meanSemanticSimilarity 32 0.6083 0.2281
119 meanBleu1 + meanEditDistance 32 0.6083 0.2281
120 maliciousness + meanSemanticSimilarity 32 0.6083 0.2281
121 maliciousness + meanEditDistance 32 0.6083 0.2281
122 harmfulness + meanSemanticSimilarity 32 0.6083 0.2281
123 harmfulness + meanEditDistance 32 0.6083 0.2281
124 faithfulness + meanSemanticSimilarity 32 0.6083 0.2281
125 faithfulness + meanEditDistance 32 0.6083 0.2281
126 correctness + meanSemanticSimilarity 32 0.6083 0.2281
127 correctness + meanEditDistance 32 0.6083 0.2281
128 correctness + faithfulness 32 0.6083 0.2281
129 contextRecall + meanSemanticSimilarity 32 0.6083 0.2281
130 contextRecall + meanEditDistance 32 0.6083 0.2281
131 contextRecall + correctness 32 0.6083 0.2281
132 coherence + meanSemanticSimilarity 32 0.6083 0.2281
133 coherence + meanEditDistance 32 0.6083 0.2281
134 contextRecall + meanQuasiExactMatch 32 0.6250 0.2239
135 contextRecall + meanJsonScore 32 0.6250 0.2239
136 contextRecall + meanExactMatch 32 0.6250 0.2239
137 contextRecall + meanBleu4 32 0.6250 0.2239
138 contextRecall + meanBleu3 32 0.6250 0.2239
139 contextRecall + meanBleu2 32 0.6250 0.2239
140 contextRecall + meanBleu1 32 0.6250 0.2239
141 contextRecall + maliciousness 32 0.6250 0.2239
142 contextRecall + harmfulness 32 0.6250 0.2239
143 coherence + contextRecall 32 0.6250 0.2239
144 contextRelevancy + meanSemanticSimilarity 24 0.6071 0.2174
145 contextRelevancy + meanEditDistance 24 0.6071 0.2174
146 hallucination + meanBleu4 29 0.6212 0.2030
147 hallucination + meanBleu3 29 0.6212 0.2030
148 hallucination + meanBleu2 29 0.6212 0.2030
149 hallucination + meanBleu1 29 0.6212 0.2030
150 contextRecall + contextRelevancy 24 0.5929 0.1646
151 hallucination + meanQuasiExactMatch 29 0.5707 0.1493
152 hallucination + meanJsonScore 29 0.5707 0.1493
153 hallucination + meanExactMatch 29 0.5707 0.1493
154 hallucination + maliciousness 29 0.5707 0.1493
155 hallucination + harmfulness 29 0.5707 0.1493
156 correctness + hallucination 29 0.5707 0.1493
157 coherence + hallucination 29 0.5707 0.1493
158 coherence + meanBleu4 32 0.5667 0.1429
159 coherence + meanBleu3 32 0.5667 0.1429
160 coherence + meanBleu2 32 0.5667 0.1429
161 coherence + meanBleu1 32 0.5667 0.1429
162 contextRelevancy + hallucination 24 0.5714 0.1220
163 meanBleu4 + meanQuasiExactMatch 32 0.5583 0.1186
164 meanBleu4 + meanJsonScore 32 0.5583 0.1186
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Rank Metric combination Cov. Bal. acc. Kappa
165 meanBleu4 + meanExactMatch 32 0.5583 0.1186
166 meanBleu3 + meanQuasiExactMatch 32 0.5583 0.1186
167 meanBleu3 + meanJsonScore 32 0.5583 0.1186
168 meanBleu3 + meanExactMatch 32 0.5583 0.1186
169 meanBleu3 + meanBleu4 32 0.5583 0.1186
170 meanBleu2 + meanQuasiExactMatch 32 0.5583 0.1186
171 meanBleu2 + meanJsonScore 32 0.5583 0.1186
172 meanBleu2 + meanExactMatch 32 0.5583 0.1186
173 meanBleu2 + meanBleu4 32 0.5583 0.1186
174 meanBleu2 + meanBleu3 32 0.5583 0.1186
175 meanBleu1 + meanQuasiExactMatch 32 0.5583 0.1186
176 meanBleu1 + meanJsonScore 32 0.5583 0.1186
177 meanBleu1 + meanExactMatch 32 0.5583 0.1186
178 meanBleu1 + meanBleu4 32 0.5583 0.1186
179 meanBleu1 + meanBleu3 32 0.5583 0.1186
180 meanBleu1 + meanBleu2 32 0.5583 0.1186
181 maliciousness + meanBleu4 32 0.5583 0.1186
182 maliciousness + meanBleu3 32 0.5583 0.1186
183 maliciousness + meanBleu2 32 0.5583 0.1186
184 maliciousness + meanBleu1 32 0.5583 0.1186
185 harmfulness + meanBleu4 32 0.5583 0.1186
186 harmfulness + meanBleu3 32 0.5583 0.1186
187 harmfulness + meanBleu2 32 0.5583 0.1186
188 harmfulness + meanBleu1 32 0.5583 0.1186
189 faithfulness + meanQuasiExactMatch 32 0.5583 0.1186
190 faithfulness + meanJsonScore 32 0.5583 0.1186
191 faithfulness + meanExactMatch 32 0.5583 0.1186
192 faithfulness + maliciousness 32 0.5583 0.1186
193 faithfulness + harmfulness 32 0.5583 0.1186
194 correctness + meanBleu4 32 0.5583 0.1186
195 correctness + meanBleu3 32 0.5583 0.1186
196 correctness + meanBleu2 32 0.5583 0.1186
197 correctness + meanBleu1 32 0.5583 0.1186
198 coherence + faithfulness 32 0.5583 0.1186
199 contextRelevancy + meanBleu4 24 0.5571 0.1176
200 contextRelevancy + meanBleu3 24 0.5571 0.1176
201 contextRelevancy + meanBleu2 24 0.5571 0.1176
202 contextRelevancy + meanBleu1 24 0.5571 0.1176
203 contextRelevancy + faithfulness 24 0.5571 0.1000
204 correctness + meanQuasiExactMatch 32 0.5500 0.0968
205 correctness + meanJsonScore 32 0.5500 0.0968
206 correctness + meanExactMatch 32 0.5500 0.0968
207 correctness + maliciousness 32 0.5500 0.0968
208 correctness + harmfulness 32 0.5500 0.0968
209 coherence + correctness 32 0.5500 0.0968
210 contextRelevancy + correctness 24 0.5143 0.0270
211 coherence + meanQuasiExactMatch 32 0.5083 0.0130
212 coherence + meanJsonScore 32 0.5083 0.0130
213 coherence + meanExactMatch 32 0.5083 0.0130
214 coherence + maliciousness 32 0.5083 0.0130
215 coherence + harmfulness 32 0.5083 0.0130
216 contextRelevancy + meanQuasiExactMatch 24 0.5000 0.0000
217 contextRelevancy + meanJsonScore 24 0.5000 0.0000
218 contextRelevancy + meanExactMatch 24 0.5000 0.0000
219 contextRelevancy + maliciousness 24 0.5000 0.0000
220 contextRelevancy + harmfulness 24 0.5000 0.0000
221 coherence + contextRelevancy 24 0.5000 0.0000
222 meanJsonScore + meanQuasiExactMatch 32 0.5000 0.0000
223 meanExactMatch + meanQuasiExactMatch 32 0.5000 0.0000
224 meanExactMatch + meanJsonScore 32 0.5000 0.0000
225 maliciousness + meanQuasiExactMatch 32 0.5000 0.0000
226 maliciousness + meanJsonScore 32 0.5000 0.0000
227 maliciousness + meanExactMatch 32 0.5000 0.0000
228 harmfulness + meanQuasiExactMatch 32 0.5000 0.0000
229 harmfulness + meanJsonScore 32 0.5000 0.0000
230 harmfulness + meanExactMatch 32 0.5000 0.0000
231 harmfulness + maliciousness 32 0.5000 0.0000

B.1.3 Three-metric combinations
Table B.3: Full local reviewed-label 45-case three-metric ranking.

Rank Metric combination Cov. Bal. acc. Kappa
1 proxy_qafacteval_score + answerRelevancy + answerCorrectness 32 0.8917 0.7966
2 proxy_qafacteval_score + answerRelevancy + contextRecall 32 0.8750 0.7895
3 proxy_qafacteval_score + answerCorrectness + contextRecall 32 0.8750 0.7895
4 proxy_uiefid_score + answerRelevancy + answerCorrectness 32 0.8500 0.7241
5 proxy_qafacteval_score + proxy_uiefid_score + answerRelevancy 32 0.8500 0.7241
6 proxy_qafacteval_score + proxy_uiefid_score + answerCorrectness 32 0.8500 0.7241
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Rank Metric combination Cov. Bal. acc. Kappa
7 proxy_uiefid_score + answerRelevancy + contextRecall 32 0.8333 0.7143
8 proxy_uiefid_score + answerCorrectness + contextRecall 32 0.8333 0.7143
9 proxy_qafacteval_score + proxy_uiefid_score + contextRecall 32 0.8333 0.7143

10 proxy_qafacteval_score + meanSemanticSimilarity + contextRecall 32 0.7083 0.4717
11 proxy_qafacteval_score + meanEditDistance + meanSemanticSimilarity 32 0.7083 0.4717
12 proxy_qafacteval_score + meanEditDistance + contextRecall 32 0.7083 0.4717
13 proxy_qafacteval_score + answerRelevancy + meanSemanticSimilarity 32 0.7083 0.4717
14 proxy_qafacteval_score + answerRelevancy + meanEditDistance 32 0.7083 0.4717
15 proxy_qafacteval_score + answerCorrectness + meanSemanticSimilarity 32 0.7083 0.4717
16 proxy_qafacteval_score + answerCorrectness + meanEditDistance 32 0.7083 0.4717
17 proxy_uiefid_score + meanSemanticSimilarity + contextRecall 32 0.6667 0.3846
18 proxy_uiefid_score + meanEditDistance + meanSemanticSimilarity 32 0.6667 0.3846
19 proxy_uiefid_score + meanEditDistance + contextRecall 32 0.6667 0.3846
20 proxy_uiefid_score + answerRelevancy + meanSemanticSimilarity 32 0.6667 0.3846
21 proxy_uiefid_score + answerRelevancy + meanEditDistance 32 0.6667 0.3846
22 proxy_uiefid_score + answerCorrectness + meanSemanticSimilarity 32 0.6667 0.3846
23 proxy_uiefid_score + answerCorrectness + meanEditDistance 32 0.6667 0.3846
24 proxy_qafacteval_score + proxy_uiefid_score + meanSemanticSimilarity 32 0.6667 0.3846
25 proxy_qafacteval_score + proxy_uiefid_score + meanEditDistance 32 0.6667 0.3846
26 answerRelevancy + answerCorrectness + contextRecall 32 0.6750 0.3231
27 proxy_uiefid_score + contextUtilization + contextRecall 32 0.6250 0.2941
28 proxy_uiefid_score + answerRelevancy + contextUtilization 32 0.6250 0.2941
29 proxy_uiefid_score + answerCorrectness + contextUtilization 32 0.6250 0.2941
30 proxy_qafacteval_score + proxy_uiefid_score + contextUtilization 32 0.6250 0.2941
31 proxy_qafacteval_score + contextUtilization + contextRecall 32 0.6250 0.2941
32 proxy_qafacteval_score + answerRelevancy + contextUtilization 32 0.6250 0.2941
33 proxy_qafacteval_score + answerCorrectness + contextUtilization 32 0.6250 0.2941
34 answerRelevancy + contextUtilization + contextRecall 32 0.6000 0.2308
35 answerRelevancy + answerCorrectness + contextUtilization 32 0.6000 0.2308
36 answerCorrectness + contextUtilization + contextRecall 32 0.6000 0.2308
37 meanEditDistance + meanSemanticSimilarity + contextRecall 32 0.6083 0.2281
38 answerRelevancy + meanSemanticSimilarity + contextRecall 32 0.6083 0.2281
39 answerRelevancy + meanEditDistance + meanSemanticSimilarity 32 0.6083 0.2281
40 answerRelevancy + meanEditDistance + contextRecall 32 0.6083 0.2281
41 answerRelevancy + answerCorrectness + meanSemanticSimilarity 32 0.6083 0.2281
42 answerRelevancy + answerCorrectness + meanEditDistance 32 0.6083 0.2281
43 answerCorrectness + meanSemanticSimilarity + contextRecall 32 0.6083 0.2281
44 answerCorrectness + meanEditDistance + meanSemanticSimilarity 32 0.6083 0.2281
45 answerCorrectness + meanEditDistance + contextRecall 32 0.6083 0.2281
46 proxy_uiefid_score + contextUtilization + meanSemanticSimilarity 32 0.5000 0.0000
47 proxy_uiefid_score + contextUtilization + meanEditDistance 32 0.5000 0.0000
48 proxy_qafacteval_score + contextUtilization + meanSemanticSimilarity 32 0.5000 0.0000
49 proxy_qafacteval_score + contextUtilization + meanEditDistance 32 0.5000 0.0000
50 contextUtilization + meanSemanticSimilarity + contextRecall 32 0.5000 0.0000
51 contextUtilization + meanEditDistance + meanSemanticSimilarity 32 0.5000 0.0000
52 contextUtilization + meanEditDistance + contextRecall 32 0.5000 0.0000
53 answerRelevancy + contextUtilization + meanSemanticSimilarity 32 0.5000 0.0000
54 answerRelevancy + contextUtilization + meanEditDistance 32 0.5000 0.0000
55 answerCorrectness + contextUtilization + meanSemanticSimilarity 32 0.5000 0.0000
56 answerCorrectness + contextUtilization + meanEditDistance 32 0.5000 0.0000

B.2 Public 100-case benchmark rankings

These public rankings correspond to the 100-case comparison surface derived from the expanded
QAConv sample and scored with the paper-style real UIEFID and QAFactEval backends used in
the public transfer analysis.

B.2.1 Single metrics
Table B.4: Full public 100-case single-metric ranking.

Rank Metric Source Cov. AUC Bal. acc. Kappa
1 meanSemanticSimilarity OpenLayer 63 1.0000 1.0000 1.0000
2 answerCorrectness OpenLayer 62 1.0000 1.0000 1.0000
3 meanEditDistance OpenLayer 63 0.9677 0.9365 0.8730
4 meanBleu4 OpenLayer 63 0.8594 0.8594 0.7155
5 meanBleu3 OpenLayer 63 0.8594 0.8594 0.7155
6 meanBleu2 OpenLayer 63 0.8594 0.8594 0.7155
7 meanBleu1 OpenLayer 63 0.8594 0.8594 0.7155
8 paper_uiefid_score Paper

backend
67 0.7941 0.7941 0.5846

9 hallucination OpenLayer 52 0.6964 0.6964 0.3739
10 contextUtilization OpenLayer 59 0.6897 0.6897 0.3833
11 paper_qafacteval_score Paper

backend
67 0.6618 0.6618 0.3202

12 coherence OpenLayer 63 0.6396 0.6396 0.2766
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Rank Metric Source Cov. AUC Bal. acc. Kappa
13 faithfulness OpenLayer 63 0.6094 0.6094 0.2160
14 correctness OpenLayer 63 0.5313 0.5313 0.0616
15 answerRelevancy OpenLayer 63 0.5207 0.5534 0.1073
16 meanQuasiExactMatch OpenLayer 63 0.5156 0.5156 0.0308
17 meanExactMatch OpenLayer 63 0.5156 0.5156 0.0308
18 contextRelevancy OpenLayer 60 0.5150 0.5150 0.0291
19 contextRecall OpenLayer 63 0.5005 0.5005 0.0010
20 meanJsonScore OpenLayer 63 0.5000 0.5000 0.0000
21 maliciousness OpenLayer 63 0.5000 0.5000 0.0000
22 harmfulness OpenLayer 63 0.5000 0.5000 0.0000

B.2.2 Pairwise combinations
Table B.5: Full public 100-case pairwise ranking.

Rank Metric combination Cov. Bal. acc. Kappa
1 meanSemanticSimilarity + paper_uiefid_score 63 1.0000 1.0000
2 meanSemanticSimilarity + paper_qafacteval_score 63 1.0000 1.0000
3 meanQuasiExactMatch + meanSemanticSimilarity 63 1.0000 1.0000
4 meanJsonScore + meanSemanticSimilarity 63 1.0000 1.0000
5 meanExactMatch + meanSemanticSimilarity 63 1.0000 1.0000
6 meanEditDistance + meanSemanticSimilarity 63 1.0000 1.0000
7 meanBleu4 + meanSemanticSimilarity 63 1.0000 1.0000
8 meanBleu3 + meanSemanticSimilarity 63 1.0000 1.0000
9 meanBleu2 + meanSemanticSimilarity 63 1.0000 1.0000

10 meanBleu1 + meanSemanticSimilarity 63 1.0000 1.0000
11 maliciousness + meanSemanticSimilarity 63 1.0000 1.0000
12 harmfulness + meanSemanticSimilarity 63 1.0000 1.0000
13 hallucination + meanSemanticSimilarity 52 1.0000 1.0000
14 faithfulness + meanSemanticSimilarity 63 1.0000 1.0000
15 correctness + meanSemanticSimilarity 63 1.0000 1.0000
16 contextUtilization + meanSemanticSimilarity 59 1.0000 1.0000
17 contextRelevancy + meanSemanticSimilarity 60 1.0000 1.0000
18 contextRecall + meanSemanticSimilarity 63 1.0000 1.0000
19 coherence + meanSemanticSimilarity 63 1.0000 1.0000
20 answerRelevancy + meanSemanticSimilarity 63 1.0000 1.0000
21 answerCorrectness + paper_uiefid_score 62 1.0000 1.0000
22 answerCorrectness + paper_qafacteval_score 62 1.0000 1.0000
23 answerCorrectness + meanSemanticSimilarity 62 1.0000 1.0000
24 answerCorrectness + meanQuasiExactMatch 62 1.0000 1.0000
25 answerCorrectness + meanJsonScore 62 1.0000 1.0000
26 answerCorrectness + meanExactMatch 62 1.0000 1.0000
27 answerCorrectness + meanEditDistance 62 1.0000 1.0000
28 answerCorrectness + meanBleu4 62 1.0000 1.0000
29 answerCorrectness + meanBleu3 62 1.0000 1.0000
30 answerCorrectness + meanBleu2 62 1.0000 1.0000
31 answerCorrectness + meanBleu1 62 1.0000 1.0000
32 answerCorrectness + maliciousness 62 1.0000 1.0000
33 answerCorrectness + harmfulness 62 1.0000 1.0000
34 answerCorrectness + hallucination 52 1.0000 1.0000
35 answerCorrectness + faithfulness 62 1.0000 1.0000
36 answerCorrectness + correctness 62 1.0000 1.0000
37 answerCorrectness + contextUtilization 58 1.0000 1.0000
38 answerCorrectness + contextRelevancy 59 1.0000 1.0000
39 answerCorrectness + contextRecall 62 1.0000 1.0000
40 answerCorrectness + coherence 62 1.0000 1.0000
41 answerCorrectness + answerRelevancy 62 1.0000 1.0000
42 contextRelevancy + meanEditDistance 60 0.9505 0.9000
43 hallucination + meanEditDistance 52 0.9435 0.8843
44 answerRelevancy + meanEditDistance 63 0.9370 0.8731
45 meanEditDistance + paper_uiefid_score 63 0.9365 0.8730
46 meanEditDistance + paper_qafacteval_score 63 0.9365 0.8730
47 meanEditDistance + meanQuasiExactMatch 63 0.9365 0.8730
48 meanEditDistance + meanJsonScore 63 0.9365 0.8730
49 meanEditDistance + meanExactMatch 63 0.9365 0.8730
50 meanBleu4 + meanEditDistance 63 0.9365 0.8730
51 meanBleu3 + meanEditDistance 63 0.9365 0.8730
52 meanBleu2 + meanEditDistance 63 0.9365 0.8730
53 meanBleu1 + meanEditDistance 63 0.9365 0.8730
54 maliciousness + meanEditDistance 63 0.9365 0.8730
55 harmfulness + meanEditDistance 63 0.9365 0.8730
56 faithfulness + meanEditDistance 63 0.9365 0.8730
57 correctness + meanEditDistance 63 0.9365 0.8730
58 contextRecall + meanEditDistance 63 0.9365 0.8730
59 coherence + meanEditDistance 63 0.9365 0.8730
60 contextUtilization + meanEditDistance 59 0.9322 0.8644
61 contextRelevancy + meanBleu4 60 0.8710 0.7354
62 contextRelevancy + meanBleu3 60 0.8710 0.7354
63 contextRelevancy + meanBleu2 60 0.8710 0.7354
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Rank Metric combination Cov. Bal. acc. Kappa
64 contextRelevancy + meanBleu1 60 0.8710 0.7354
65 hallucination + meanBleu4 52 0.8750 0.7347
66 hallucination + meanBleu3 52 0.8750 0.7347
67 hallucination + meanBleu2 52 0.8750 0.7347
68 hallucination + meanBleu1 52 0.8750 0.7347
69 meanBleu4 + paper_uiefid_score 63 0.8594 0.7155
70 meanBleu4 + paper_qafacteval_score 63 0.8594 0.7155
71 meanBleu4 + meanQuasiExactMatch 63 0.8594 0.7155
72 meanBleu4 + meanJsonScore 63 0.8594 0.7155
73 meanBleu4 + meanExactMatch 63 0.8594 0.7155
74 meanBleu3 + paper_uiefid_score 63 0.8594 0.7155
75 meanBleu3 + paper_qafacteval_score 63 0.8594 0.7155
76 meanBleu3 + meanQuasiExactMatch 63 0.8594 0.7155
77 meanBleu3 + meanJsonScore 63 0.8594 0.7155
78 meanBleu3 + meanExactMatch 63 0.8594 0.7155
79 meanBleu3 + meanBleu4 63 0.8594 0.7155
80 meanBleu2 + paper_uiefid_score 63 0.8594 0.7155
81 meanBleu2 + paper_qafacteval_score 63 0.8594 0.7155
82 meanBleu2 + meanQuasiExactMatch 63 0.8594 0.7155
83 meanBleu2 + meanJsonScore 63 0.8594 0.7155
84 meanBleu2 + meanExactMatch 63 0.8594 0.7155
85 meanBleu2 + meanBleu4 63 0.8594 0.7155
86 meanBleu2 + meanBleu3 63 0.8594 0.7155
87 meanBleu1 + paper_uiefid_score 63 0.8594 0.7155
88 meanBleu1 + paper_qafacteval_score 63 0.8594 0.7155
89 meanBleu1 + meanQuasiExactMatch 63 0.8594 0.7155
90 meanBleu1 + meanJsonScore 63 0.8594 0.7155
91 meanBleu1 + meanExactMatch 63 0.8594 0.7155
92 meanBleu1 + meanBleu4 63 0.8594 0.7155
93 meanBleu1 + meanBleu3 63 0.8594 0.7155
94 meanBleu1 + meanBleu2 63 0.8594 0.7155
95 maliciousness + meanBleu4 63 0.8594 0.7155
96 maliciousness + meanBleu3 63 0.8594 0.7155
97 maliciousness + meanBleu2 63 0.8594 0.7155
98 maliciousness + meanBleu1 63 0.8594 0.7155
99 harmfulness + meanBleu4 63 0.8594 0.7155

100 harmfulness + meanBleu3 63 0.8594 0.7155
101 harmfulness + meanBleu2 63 0.8594 0.7155
102 harmfulness + meanBleu1 63 0.8594 0.7155
103 faithfulness + meanBleu4 63 0.8594 0.7155
104 faithfulness + meanBleu3 63 0.8594 0.7155
105 faithfulness + meanBleu2 63 0.8594 0.7155
106 faithfulness + meanBleu1 63 0.8594 0.7155
107 correctness + meanBleu4 63 0.8594 0.7155
108 correctness + meanBleu3 63 0.8594 0.7155
109 correctness + meanBleu2 63 0.8594 0.7155
110 correctness + meanBleu1 63 0.8594 0.7155
111 contextRecall + meanBleu4 63 0.8594 0.7155
112 contextRecall + meanBleu3 63 0.8594 0.7155
113 contextRecall + meanBleu2 63 0.8594 0.7155
114 contextRecall + meanBleu1 63 0.8594 0.7155
115 coherence + meanBleu4 63 0.8594 0.7155
116 coherence + meanBleu3 63 0.8594 0.7155
117 coherence + meanBleu2 63 0.8594 0.7155
118 coherence + meanBleu1 63 0.8594 0.7155
119 answerRelevancy + meanBleu4 63 0.8594 0.7155
120 answerRelevancy + meanBleu3 63 0.8594 0.7155
121 answerRelevancy + meanBleu2 63 0.8594 0.7155
122 answerRelevancy + meanBleu1 63 0.8594 0.7155
123 contextUtilization + meanBleu4 59 0.8448 0.6932
124 contextUtilization + meanBleu3 59 0.8448 0.6932
125 contextUtilization + meanBleu2 59 0.8448 0.6932
126 contextUtilization + meanBleu1 59 0.8448 0.6932
127 hallucination + paper_uiefid_score 52 0.8036 0.5879
128 paper_qafacteval_score + paper_uiefid_score 67 0.7941 0.5846
129 contextRelevancy + paper_uiefid_score 60 0.7903 0.5724
130 meanQuasiExactMatch + paper_uiefid_score 63 0.7813 0.5586
131 meanJsonScore + paper_uiefid_score 63 0.7813 0.5586
132 meanExactMatch + paper_uiefid_score 63 0.7813 0.5586
133 maliciousness + paper_uiefid_score 63 0.7813 0.5586
134 harmfulness + paper_uiefid_score 63 0.7813 0.5586
135 faithfulness + paper_uiefid_score 63 0.7813 0.5586
136 correctness + paper_uiefid_score 63 0.7813 0.5586
137 contextRecall + paper_uiefid_score 63 0.7813 0.5586
138 coherence + paper_uiefid_score 63 0.7813 0.5586
139 answerRelevancy + paper_uiefid_score 63 0.7813 0.5586
140 contextUtilization + paper_uiefid_score 59 0.7759 0.5559
141 contextUtilization + hallucination 49 0.7115 0.4077
142 contextRelevancy + contextUtilization 57 0.6964 0.3970
143 contextUtilization + paper_qafacteval_score 59 0.6897 0.3833
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144 contextUtilization + meanQuasiExactMatch 59 0.6897 0.3833
145 contextUtilization + meanJsonScore 59 0.6897 0.3833
146 contextUtilization + meanExactMatch 59 0.6897 0.3833
147 contextUtilization + maliciousness 59 0.6897 0.3833
148 contextUtilization + harmfulness 59 0.6897 0.3833
149 contextUtilization + faithfulness 59 0.6897 0.3833
150 contextUtilization + correctness 59 0.6897 0.3833
151 contextRecall + contextUtilization 59 0.6897 0.3833
152 coherence + contextUtilization 59 0.6897 0.3833
153 answerRelevancy + contextUtilization 59 0.6897 0.3833
154 hallucination + paper_qafacteval_score 52 0.6964 0.3739
155 hallucination + meanQuasiExactMatch 52 0.6964 0.3739
156 hallucination + meanJsonScore 52 0.6964 0.3739
157 hallucination + meanExactMatch 52 0.6964 0.3739
158 hallucination + maliciousness 52 0.6964 0.3739
159 hallucination + harmfulness 52 0.6964 0.3739
160 faithfulness + hallucination 52 0.6964 0.3739
161 correctness + hallucination 52 0.6964 0.3739
162 contextRecall + hallucination 52 0.6964 0.3739
163 coherence + hallucination 52 0.6964 0.3739
164 answerRelevancy + hallucination 52 0.6964 0.3739
165 contextRelevancy + hallucination 51 0.6964 0.3685
166 contextRelevancy + paper_qafacteval_score 60 0.6774 0.3471
167 meanQuasiExactMatch + paper_qafacteval_score 63 0.6719 0.3401
168 meanJsonScore + paper_qafacteval_score 63 0.6719 0.3401
169 meanExactMatch + paper_qafacteval_score 63 0.6719 0.3401
170 maliciousness + paper_qafacteval_score 63 0.6719 0.3401
171 harmfulness + paper_qafacteval_score 63 0.6719 0.3401
172 faithfulness + paper_qafacteval_score 63 0.6719 0.3401
173 correctness + paper_qafacteval_score 63 0.6719 0.3401
174 contextRecall + paper_qafacteval_score 63 0.6719 0.3401
175 coherence + paper_qafacteval_score 63 0.6719 0.3401
176 answerRelevancy + paper_qafacteval_score 63 0.6719 0.3401
177 coherence + contextRelevancy 60 0.6429 0.2803
178 coherence + meanQuasiExactMatch 63 0.6396 0.2766
179 coherence + meanJsonScore 63 0.6396 0.2766
180 coherence + meanExactMatch 63 0.6396 0.2766
181 coherence + maliciousness 63 0.6396 0.2766
182 coherence + harmfulness 63 0.6396 0.2766
183 coherence + faithfulness 63 0.6396 0.2766
184 coherence + correctness 63 0.6396 0.2766
185 coherence + contextRecall 63 0.6396 0.2766
186 answerRelevancy + coherence 63 0.6396 0.2766
187 contextRelevancy + faithfulness 60 0.6129 0.2199
188 faithfulness + meanQuasiExactMatch 63 0.6094 0.2160
189 faithfulness + meanJsonScore 63 0.6094 0.2160
190 faithfulness + meanExactMatch 63 0.6094 0.2160
191 faithfulness + maliciousness 63 0.6094 0.2160
192 faithfulness + harmfulness 63 0.6094 0.2160
193 correctness + faithfulness 63 0.6094 0.2160
194 contextRecall + faithfulness 63 0.6094 0.2160
195 answerRelevancy + faithfulness 63 0.6094 0.2160
196 answerRelevancy + contextRelevancy 60 0.5590 0.1157
197 answerRelevancy + meanQuasiExactMatch 63 0.5534 0.1073
198 answerRelevancy + meanJsonScore 63 0.5534 0.1073
199 answerRelevancy + meanExactMatch 63 0.5534 0.1073
200 answerRelevancy + maliciousness 63 0.5534 0.1073
201 answerRelevancy + harmfulness 63 0.5534 0.1073
202 answerRelevancy + correctness 63 0.5534 0.1073
203 answerRelevancy + contextRecall 63 0.5534 0.1073
204 contextRelevancy + correctness 60 0.5323 0.0625
205 correctness + meanQuasiExactMatch 63 0.5313 0.0616
206 correctness + meanJsonScore 63 0.5313 0.0616
207 correctness + meanExactMatch 63 0.5313 0.0616
208 correctness + maliciousness 63 0.5313 0.0616
209 correctness + harmfulness 63 0.5313 0.0616
210 contextRecall + correctness 63 0.5313 0.0616
211 contextRelevancy + meanQuasiExactMatch 60 0.5161 0.0312
212 contextRelevancy + meanExactMatch 60 0.5161 0.0312
213 meanJsonScore + meanQuasiExactMatch 63 0.5156 0.0308
214 meanExactMatch + meanQuasiExactMatch 63 0.5156 0.0308
215 meanExactMatch + meanJsonScore 63 0.5156 0.0308
216 maliciousness + meanQuasiExactMatch 63 0.5156 0.0308
217 maliciousness + meanExactMatch 63 0.5156 0.0308
218 harmfulness + meanQuasiExactMatch 63 0.5156 0.0308
219 harmfulness + meanExactMatch 63 0.5156 0.0308
220 contextRecall + meanQuasiExactMatch 63 0.5156 0.0308
221 contextRecall + meanExactMatch 63 0.5156 0.0308
222 contextRelevancy + meanJsonScore 60 0.5150 0.0291
223 contextRelevancy + maliciousness 60 0.5150 0.0291
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224 contextRelevancy + harmfulness 60 0.5150 0.0291
225 contextRecall + contextRelevancy 60 0.5150 0.0291
226 contextRecall + meanJsonScore 63 0.5005 0.0010
227 contextRecall + maliciousness 63 0.5005 0.0010
228 contextRecall + harmfulness 63 0.5005 0.0010
229 maliciousness + meanJsonScore 63 0.5000 0.0000
230 harmfulness + meanJsonScore 63 0.5000 0.0000
231 harmfulness + maliciousness 63 0.5000 0.0000

B.2.3 Three-metric combinations
Table B.6: Full public 100-case three-metric ranking.

Rank Metric combination Cov. Bal. acc. Kappa
1 meanSemanticSimilarity + answerCorrectness + meanEditDistance 62 0.9688 0.9356
2 meanSemanticSimilarity + meanBleu4 + meanBleu3 63 0.8594 0.7155
3 meanSemanticSimilarity + meanBleu4 + meanBleu2 63 0.8594 0.7155
4 meanSemanticSimilarity + meanBleu4 + meanBleu1 63 0.8594 0.7155
5 meanSemanticSimilarity + meanBleu3 + meanBleu2 63 0.8594 0.7155
6 meanSemanticSimilarity + meanBleu3 + meanBleu1 63 0.8594 0.7155
7 meanSemanticSimilarity + meanBleu2 + meanBleu1 63 0.8594 0.7155
8 meanBleu4 + meanBleu3 + meanBleu2 63 0.8594 0.7155
9 meanBleu4 + meanBleu3 + meanBleu1 63 0.8594 0.7155

10 meanBleu4 + meanBleu2 + meanBleu1 63 0.8594 0.7155
11 meanBleu3 + meanBleu2 + meanBleu1 63 0.8594 0.7155
12 meanSemanticSimilarity + answerCorrectness + meanBleu4 62 0.8594 0.7121
13 meanSemanticSimilarity + answerCorrectness + meanBleu3 62 0.8594 0.7121
14 meanSemanticSimilarity + answerCorrectness + meanBleu2 62 0.8594 0.7121
15 meanSemanticSimilarity + answerCorrectness + meanBleu1 62 0.8594 0.7121
16 answerCorrectness + meanBleu4 + meanBleu3 62 0.8594 0.7121
17 answerCorrectness + meanBleu4 + meanBleu2 62 0.8594 0.7121
18 answerCorrectness + meanBleu4 + meanBleu1 62 0.8594 0.7121
19 answerCorrectness + meanBleu3 + meanBleu2 62 0.8594 0.7121
20 answerCorrectness + meanBleu3 + meanBleu1 62 0.8594 0.7121
21 answerCorrectness + meanBleu2 + meanBleu1 62 0.8594 0.7121
22 meanSemanticSimilarity + meanEditDistance + meanBleu4 63 0.8281 0.6526
23 meanSemanticSimilarity + meanEditDistance + meanBleu3 63 0.8281 0.6526
24 meanSemanticSimilarity + meanEditDistance + meanBleu2 63 0.8281 0.6526
25 meanSemanticSimilarity + meanEditDistance + meanBleu1 63 0.8281 0.6526
26 meanEditDistance + meanBleu4 + meanBleu3 63 0.8281 0.6526
27 meanEditDistance + meanBleu4 + meanBleu2 63 0.8281 0.6526
28 meanEditDistance + meanBleu4 + meanBleu1 63 0.8281 0.6526
29 meanEditDistance + meanBleu3 + meanBleu2 63 0.8281 0.6526
30 meanEditDistance + meanBleu3 + meanBleu1 63 0.8281 0.6526
31 meanEditDistance + meanBleu2 + meanBleu1 63 0.8281 0.6526
32 answerCorrectness + meanEditDistance + meanBleu4 62 0.8281 0.6488
33 answerCorrectness + meanEditDistance + meanBleu3 62 0.8281 0.6488
34 answerCorrectness + meanEditDistance + meanBleu2 62 0.8281 0.6488
35 answerCorrectness + meanEditDistance + meanBleu1 62 0.8281 0.6488
36 meanSemanticSimilarity + answerCorrectness + paper_uiefid_score 62 0.7813 0.5544
37 meanSemanticSimilarity + meanEditDistance + paper_uiefid_score 63 0.7656 0.5273
38 answerCorrectness + meanEditDistance + paper_uiefid_score 62 0.7656 0.5231
39 meanSemanticSimilarity + meanBleu4 + paper_uiefid_score 63 0.7188 0.4336
40 meanSemanticSimilarity + meanBleu3 + paper_uiefid_score 63 0.7188 0.4336
41 meanSemanticSimilarity + meanBleu2 + paper_uiefid_score 63 0.7188 0.4336
42 meanSemanticSimilarity + meanBleu1 + paper_uiefid_score 63 0.7188 0.4336
43 meanBleu4 + meanBleu3 + paper_uiefid_score 63 0.7188 0.4336
44 meanBleu4 + meanBleu2 + paper_uiefid_score 63 0.7188 0.4336
45 meanBleu4 + meanBleu1 + paper_uiefid_score 63 0.7188 0.4336
46 meanBleu3 + meanBleu2 + paper_uiefid_score 63 0.7188 0.4336
47 meanBleu3 + meanBleu1 + paper_uiefid_score 63 0.7188 0.4336
48 meanBleu2 + meanBleu1 + paper_uiefid_score 63 0.7188 0.4336
49 answerCorrectness + meanBleu4 + paper_uiefid_score 62 0.7188 0.4294
50 answerCorrectness + meanBleu3 + paper_uiefid_score 62 0.7188 0.4294
51 answerCorrectness + meanBleu2 + paper_uiefid_score 62 0.7188 0.4294
52 answerCorrectness + meanBleu1 + paper_uiefid_score 62 0.7188 0.4294
53 meanEditDistance + meanBleu4 + paper_uiefid_score 63 0.7031 0.4024
54 meanEditDistance + meanBleu3 + paper_uiefid_score 63 0.7031 0.4024
55 meanEditDistance + meanBleu2 + paper_uiefid_score 63 0.7031 0.4024
56 meanEditDistance + meanBleu1 + paper_uiefid_score 63 0.7031 0.4024
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