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Abstract. As Large Language Models (LLMs) increasingly support and
automate business-critical workflows, the need for robust evaluation frame-
works becomes paramount. This paper proposes a system-level testing
approach designed to assess the performance and reliability of LLM-
based applications integrated into enterprise processes. Moving beyond
model-centric benchmarks, the framework adopts principles from soft-
ware engineering, including black-box and end-to-end testing, to evalu-
ate real-world outcomes in retrieval-augmented generation (RAG) sys-
tems. It features modular performance indicators such as context pre-
cision, hallucination detection, business tonality alignment, and answer
correctness, many harnessing the LLM-as-a-Judge methodology. Answer
correctness is used as a case study for the design of interpretable perfor-
mance indicators grounded in concepts from information retrieval while
considering the objectives of business and technical stakeholders. Empir-
ical evaluations in four use cases demonstrate how this approach enables
organisations to validate not only the accuracy of their systems but also
business relevance.

Keywords: retrieval augmented generation - evaluation - answer cor-
rectness.

1 Introduction

Large Language Models (LLMs) have become a core technology powering mod-
ern Al systems, enabling everything from conversational assistants to code-
generation tools. Robust evaluation is essential to ensure that these models per-
form reliably, safely, and ethically in real-world applications, where failures can
result in misinformation, biased output, or significant business and reputational
risks [BI7]. Traditionally, evaluation efforts have focused on benchmarking LLMs
as standalone entities, using model-centric metrics such as perplexity, BLEU [21],
ROUGE [15], and METEOR |[2]. These metrics assess intrinsic linguistic capa-
bilities, such as text generation, comprehension, and summarisation, and pro-
vide valuable information to improve foundational models [24127]. However, as
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LLMs increasingly become integral components within larger and more com-
plex systems, such as Al copilots, customer service platforms, or domain-specific
assistants, their evaluation must extend beyond isolated performance. In these
integrated systems, users interact not with the raw model outputs but with
a broader ecosystem that includes user interfaces, databases, APIs, and busi-
ness logic. Consequently, evaluation shifts toward extrinsic, system-level metrics
that reflect how effectively the LLM contributes to the overall goals and work-
flows. Key performance indicators include task completion rates, precision and
recall in context-specific tasks, response latency, robustness to diverse inputs,
and user satisfaction [I8]. Moreover, given the inherent nondeterministic nature
of LLM outputs, ongoing monitoring and uncertainty quantification are crucial
to maintaining consistent and reliable system behaviour over time. End-to-end
evaluation treats the entire LLM-powered application as a black box, simulating
real user interactions by providing inputs and assessing outputs against criteria
like relevance, correctness, and factual accuracy. This approach draws parallels
from traditional software testing, unit and integration testing, but adapts to the
dynamic, probabilistic nature of LLMs [10]. Instead of isolated code components,
the evaluators focus on the dynamic behaviour of the system and task-oriented
outcomes, ensuring that it meets user needs effectively and predictably [I1].

Retrieval augmented generation (RAG) is an important type of LLM-based
system which combines information retrieval with generative models to enable
many useful applications. For this reason, ours and many existing evaluation
frameworks have provided useful system-level performance indicators that focus
on different information sources associated with RAG workflows (discussed in
Section . Despite this, RAG evaluation remains an unsolved problem [4]. In
this paper we discuss system-level metrics and how they fit into existing software
testing paradigms (in Section7 but focus our analysis on end-to-end evaluation,
in particular, the comparison of an expected (golden) answer and the response
generated by a RAG system for a given query. This comparison, often referred
to as answer correctness, provides a single indicator which is representative of
the system performance as a whole, implicitly evaluating components such as
information retrieval and text generation. Our analysis highlights the impor-
tance of addressing two broad objectives for system-level testing: (1) identifying
defects and opportunities for improvement, and (2) determining the overall qual-
ity of the system and tracking broad improvements. This translates directly to
two questions to be answered by each individual performance indicator and by
extension the evaluation framework as a whole:

1. Is the system working as expected? Where the interpretability of test re-
sults may be important to developers to identify system issues or areas for
enhancement.

2. Is the system improving or regressing? Where the alignment between test
scores and product owners’ (business) expectations regarding system quality
is important to evaluate the system as a whole.

Given these objectives, the contributions of this paper are summarised as
follows:
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1. The above goals are motivated by contextualising system-level testing within
the domains of LLM evaluation and software engineering, leading to an eval-
uation framework which addresses interpretability and alignment.

2. The implementation of RAG performance indicators with interpretability
grounded in concepts from information retrieval while aligning with human
evaluation is explored by considering answer correctness as a case study.

3. An empirical analysis of these implementations is presented across four dif-
ferent RAG applications, to validate their correlation with business-driven
quality expectations and the degree to which intermediate representations
such as factual statements agree with manual evaluation.

We begin with the contextualisation of this work in Sections [2] and [3] This
is followed by a more focused description of our evaluation framework and a
general perspective on the application of system-level metrics such as answer
correctness in Section [d} Lastly, we present our empirical work with results in
Section [5] followed by conclusions and recommendations in Section [6]

2 System-level LLM evaluation

In the previous section, we highlighted the distinction between model-level and
system-level evaluation and motivated our focus on system-level evaluation. In
this section, we thus briefly describe key approaches to LLM system-level eval-
uation.

2.1 LLM as a judge

The LLM-as-a-Judge approach to evaluation was formally introduced and empir-
ically validated in early works such as [35], which proposed using strong LLMs
like GPT-4 to evaluate chatbot responses via pairwise comparisons in bench-
marks like MT-Bench and Chatbot Arena. Their study demonstrated over 80%
agreement between LLM judgments and human preferences, establishing LLMs
as viable proxies for subjective evaluations[35].
Subsequent research expanded this paradigm, with surveys [I38] compiling foun-
dational methodologies and applications. For instance, comprehensive overviews
classify LLM-as-a-Judge into pointwise (single-output scoring), pairwise (com-
parative ranking), and listwise (multi-output ordering) evaluation modes, high-
lighting its flexibility across tasks like question answering and summarisation[I3]8].
Recent advancements have focused on enhancing the robustness of LLM-as-
a-Judge through fine-tuning and ensemble methods[I3]. For example, models like
Themis have been developed as specialised LLM judges, fine-tuned to provide
context-aware evaluations with improved interpretability[9]. Other innovations
include reference-guided scoring|[I], where judges use ground-truth examples for
calibration, and multi-agent panels|31] (e.g., ensembles of smaller LLMs) to re-
duce intra-model bias and costs.
Empirical studies in 2024-2025 have also explored domain-specific adaptations,
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such as in code generation[22] or query parsing[3], where LLM judges correlate
highly with expert assessments.

Empirical analyses underscore the paradigm’s efficacy across domains. In
question-answering tasks, LLM judges achieve Spearman correlations of 0.6-
0.7 with human annotations, outperforming traditional metrics like ROUGE or
BLEU for open-ended responses [16]. Applications extend to enterprise settings,
such as evaluating generative Al in chatbots[8] or judicial decision-making, where
platforms like Amazon Nova leverage LLM-as-a-Judge for automated quality
checks. However, domain-specific benchmarks reveal varying performance, with
higher alignment in general tasks but challenges in expert domains like mental
health[I2] or mathematics.

Despite its strengths, the LLM-as-a-Judge paradigm is not without limita-
tions. Inherent biases, such as position bias [32] (favouring outputs in specific
prompt orders), verbosity bias (preferring longer responses), and self-bias (pre-
ferring responses from similar models), can undermine reliability [34]. Studies
highlight non-transitivity in preferences and sensitivity to prompt variations,
leading to inconsistent judgments. In expert knowledge tasks, LLM judges often
fail to align with subject matter experts, achieving only 60-70% agreement in
domains like dietetics or law. Resource intensity and adversarial vulnerabilities
further complicate deployment.

Looking ahead, meta-evaluation frameworks like RobustJudge [14] aim to
benchmark LLM judges’ reliability across scenarios, emphasising the need for
standardized prompts and bias mitigation. Hybrid approaches combining LLM
judges with human oversight or programmatic metrics could further enhance
trustworthiness, paving the way for broader adoption in high-stakes applications.

2.2 Validating the validators

Despite the appeal of using LLMs as evaluators, several open questions remain
regarding the strengths and weaknesses of this paradigm, including their align-
ment with human expert-driven evaluations [30]. Prior studies have explored
this alignment using metrics such as Cohen’s Kappa [30] and Spearman’s rank
correlation [I7]. When evaluations are task-specific, an empirical analysis can
be valuable in determining the suitability of LLMs as judges, as previously de-
scribed for software engineering tasks such as code translation, code generation,
and code summarization [33]. Beyond measuring alignment, the design of evalu-
ator functions and prompts is also a topic of active research. For instance, Eval-
Gen is an interface designed to assist in evaluating LLM outputs by automating
the generation of evaluation criteria and implementing them as Python func-
tions or LLM grader prompts [29]. It incorporates human feedback on a subset
of outputs, refining and selecting implementations that align better with user
preferences. Using a collaborative, mixed-initiative approach, EvalGen allows
humans to iteratively align LLM-generated evaluation functions with their re-
quirements, effectively “validating the validators”. Furthermore, it addresses the
phenomenon of “criteria drift” by supporting users in adapting evaluation crite-
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ria as they grade outputs, acknowledging that criteria may evolve and sometimes
depend on specific LLM outputs observed.

3 Evaluation through software engineering principles

Evaluating LLM-based systems presents challenges that require the adaptation
of traditional software engineering testing methodologies. Unlike conventional
software components with deterministic behaviour, LLM-based systems exhibit
nondeterministic outputs, opaque internal processes, and complex interactions
between retrieval, generation, and domain-specific logic.

Before introducing our evaluation framework, we situate it within the estab-
lished test pyramid framework to assess the reliability and performance of LL.M-
based applications. Our approach integrates well-recognised testing methodolo-
gies, specifically black-box testing, that are adapted to address the unique char-
acteristics of Al systems, such as nondeterministic outputs and evolving models.

Together, these methodologies underpin our end-to-end evaluation frame-
work. Finally, we relate these approaches to the broader concepts of verification
and validation, highlighting their roles in systematically assuring the correctness
and quality of LLM applications.

3.1 Software testing pyramid

The software testing pyramid is a model used in software engineering to organise
and prioritise various types of automated tests [6]. The primary objective of this
model is to motivate developers and testers to consider various levels of testing
and to distribute their efforts proportionately among these levels. This means
that emphasis is placed on a large foundation of low-level tests and progressively
fewer tests at higher levels (see Figure [1)).

End-to-End

/TN

Integration Tests

Size and Cost of Test

Unit Tests

A
\4

Number of Tests

Fig. 1. The software testing pyramid [6]
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Unit Tests form the base of the pyramid and represent the largest number of
tests. These tests focus on verifying the smallest individual pieces of code, such
as functions or methods, in isolation. They are inexpensive to develop and run
quickly, thereby providing developers with timely feedback on the integrity of
individual components. However, these tests are deterministic and only test the
low-level functionality of the system.

The middle layer consists of integration tests. These tests ensure that various
software components or modules function correctly when integrated. Because
these tests usually involve multiple components of the system, they tend to
be more complex and take longer to execute compared to unit tests. Although
they assess the interactions between components, they do not evaluate the entire
system as a whole. As a result, it is not possible to fully measure business-relevant
metrics.

At the top of the pyramid are end-to-end (E2E) tests. These tests validate
the entire application from the user’s perspective, simulating real user scenarios
to ensure the software meets business requirements and functions as expected.
These tests are the most expensive to develop and the slowest to execute and
represent the most complex layer of the testing pyramid. However, E2E tests
often suffer from flakiness due to shifting requirements, resulting in a signifi-
cant maintenance burden [28]. This challenge becomes even more pronounced in
systems that incorporate Al or machine learning components, as these are inher-
ently nondeterministic. Even before the proliferation of large language models
(LLMs), software quality practitioners had been exploring various Al techniques
to tackle this persistent issue [28/26]. The emergence of LLM-as-a-Judge evalua-
tion paradigms offers another promising solution. Rather than relying on rigid,
exact-match assertions that fail when outputs vary slightly, LLM judges can as-
sess semantic correctness and functional adequacy across diverse but acceptable
variations in system responses.

In fact, many testing frameworks exist across all levels of the pyramid; how-
ever, most of these frameworks work on binary pass/fail metrics. In this work
we thus explore an end-to-end testing framework that scores the system using
business-relevant metrics.

3.2 Black-box testing

Any testing technique within the pyramid (Figure [1)) can be considered on a
white-box to black-box axis. In our framework, we emphasise a black-box ap-
proach because it is particularly well-suited to LLM evaluation as it aligns with
the fundamental opacity of neural language models. Black-box testing examines
an application’s functionality without inspecting its internal structures. In con-
trast to white-box testing, the black-box method focuses solely on inputs and
outputs [25]. Testers can identify discrepancies between expected and actual re-
sults by inputting various inputs into the system and observing the output. This
process does not require understanding the complexities of the underlying model
or infrastructure. As an example, the context precision metric (described in Sec-
tion examines chunks of text returned by the retrieval system, but does not
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consider implementation details such as the associated text embeddings. One
further advantage of black-box testing is that it generalises well and allows us
to dynamically evaluate different business applications.

3.3 Verification & validation testing

The final distinction to consider is between verification and validation. Verifica-
tion refers to the set of tasks ensuring the software system implements a specified
function correctly. Validation refers to a set of tasks that ensure the software
system meets the requirements and expectations of end-users and stakeholders
[20025]. In the context of a RAG application, we can phrase this as:

Verification: “Are we answering the questions correctly?”
Validation: “Are we answering relevant questions?”

The former assesses the accuracy, completeness, and relevance of generated
responses against ground truth or expert expectations, offering measurable qual-
ity indicators over time. The latter ensures the system meets user needs, operates
effectively within its domain, and aligns with business requirements.

4 Proposed framework

Many evaluation frameworks for RAG and other LLM-based systems are avail-
able, with many still being created and refined, such as RAGAS, E| DeepEval, E|
Galileo E| and others. They often focus on providing flexible, modular metrics for
assessing aspects like faithfulness, context recall, answer relevance, and factual
correctness. Other frameworks, including CCRS (a zero shot LLM-as-a-Judge
approach) [19] and THELMA (holistic task-based evaluation) [23], extend this
by incorporating LLM reasoning for nuanced assessments, often without the
need for labeled data. While these tools are similar to our work in their use
of LLM-as-a-Judge for scalable metrics that evaluate retrieval and generation
components of RAG systems, they can fall short in providing tailored, time-
and cost-saving guidelines or best practices for specific organisational contexts.
The result is that LLM-based systems practitioners often encounter challenges
related to the implementation and scalability decisions requisite for evaluating
their systems. Furthermore, after implementation, practitioners are often left
unsure of the coverage and accuracy of their solutions.

With these challenges in mind we propose a framework based on three fun-
damental design principles: Firstly, the framework addresses these gaps through
organisation specific defaults, suggestions, and standardised best practices, en-
suring that teams across use cases can efficiently evaluate without reinventing the

4https ://www.ragas.io/
5https ://www.confident-ai.com/
6https ://galileo.ai/
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wheel. For example, reusable definitions of tonality and security that are appro-
priate for the organisation and built-in prompts, models, and hyperparameters
that avoid some of the pitfalls of using LLM-as-a-Judge.

Secondly, the framework is a comprehensive toolkit designed to evaluate the
reliability and veracity of these systems. It streamlines the testing process by
providing a suite of metrics specifically tailored for assessing various aspects of
RAG implementations. The core functionality revolves around a set of metrics
that measure key performance indicators such as answer correctness, hallucina-
tion, and tonality. These metrics leverage LLM-as-a-Judge to provide scalable
evaluations, enabling developers to identify areas for improvement and ensure
that their systems meet the desired quality standards.

Finally, our framework recognises the fact that different use cases may pri-
oritise different evaluation criteria. To address this, it follows a modular design,
allowing users to select and combine relevant metrics based on their specific
requirements. For example, applications focused on typical RAG systems may
emphasize metrics related to answer correctness and factual accuracy. In con-
trast, conversational agents can prioritize a tonality metric to ensure natural and
engaging interactions.

4.1 Framework metrics

In combination with the design priniciples, the framework offers a comprehensive
suite of metrics to evaluate various aspects of a RAG system’s reliability. Some
of the key metrics included are:

— Answer Correctness Metric: Evaluates the overall correctness of a gen-
erated answer against an expected answer, providing a holistic assessment
of response quality.

— Analytic Answer Correctness Metric: Breaks down the generated re-
sponse into individual statements and evaluates each statement’s factual
alignment with the expected answer, offering precision and recall metrics.

— Context Precision Metric: Assesses the relevance of the source documents
retrieved by the RAG system for constructing the answer, ensuring that the
most pertinent information is sourced.

— Hallucination Metric: Identifies factual inconsistencies through detecting
unsupported or fabricated content in the generated response by comparing
it against the content from the retrieved sources.

— Tonality Metric: Verifies the stylistic and tonal consistency of the gener-
ated text based on predefined guidelines, ensuring that the output adheres
to the desired brand voice or tone.

4.2 Applying system-level metrics

As mentioned, many evaluation frameworks include predefined performance in-
dicators that are, in principle, generally applicable to different types of systems
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such as RAG. However, acknowledging the important considerations for apply-
ing LLM-as-a-Judge that affect the agreement with manual evaluators (such as
biases and domain-specific sensitivity), most frameworks recommend that users
create their own prompts for evaluation, putting the onus and responsibility back
on practitioners. Due to the often complex considerations discussed in Section
this means that practitioners need to conduct due diligence to test the reliability
of their LLM-as-a-Judge implementations and to clearly define their evaluation
goals regardless of which framework is used.

Performance indicators (based on LLM-as-a-Judge or otherwise) can be char-
acterised in terms of which sources of information are being compared and which
criteria are used for comparison. For example, in typical RAG systems, for a
given query, it may be useful to compare the generated response with the re-
trieved knowledge sources to determine the prevalence of false positives which
indicates the propensity of the generative model for hallucination in the appli-
cation context, or to compare an expected set of knowledge sources with what
was actually retrieved to evaluate the retrieval component. The standard infor-
mation retrieval (IR) measures including precision, recall, and F-score can be
applied in many of these scenarios.

Ideally, evaluators would select and combine an appropriate set of perfor-
mance indicators to answer the two system-level questions (involving validation
and verification as discussed in Section :

1. Is the system working as expected? The interpretability of scores for individ-
ual test cases may be important to developers to identify system issues or
areas for enhancement.

2. Is the system improving or regressing? The relationship between aggregate
scores and product owners’ (business) expectations regarding system quality
is important here as they often evaluate outcomes as a whole.

4.3 Answer correctness as a case study

Due to the burden of verifying the alignment of multiple LLM-as-a-Judge tasks,
it is useful to consider the most direct way to determine the overall system
performance, that is, to compare the generated response with an expected answer
— answer correctness — as a case study. Figure[2]shows answer correctness applied
to a RAG system with a simple Venn diagram. This illustrates that to answer
the two system-level questions may require understanding the larger context
of the comparison. For example, to accurately assess the answer correctness
one may have to consider inadequacies such as underspecification of expected
outputs or the relative importance of individual statements or facts in each of the
data sources. Furthermore, in addition to the quantitative information-centred
aspects, the relative quality of different outputs may also depend on qualitative
aspects such as fluency, coherence, or style, depending on the application.
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Fig.2. A quantitative information-centred view of answer correctness applied to a
RAG system with characterisation of system behaviours. This illustrates a number
of considerations when arriving at a score which may agree with business-level assess-
ments. Firstly, the set of statements constituting an acceptable answer is almost always
larger than defined expectations and is often not restricted to the formal knowledge
sources; leading to acceptable statements that may be scored as false positives (shown
as “benign fabrication”). Secondly, inaccuracies in the information retrieval process may
lead to false negatives or false positives (respectively indicated as “imperfect retrieval”
and “irrelevant fact”). Lastly, unsubstantiated statements that are not part of an ac-
ceptable answer are often grouped together as “hallucinations”.

5 Experiments

We evaluate two classes of implementations of answer correctness that we expect
to align with the broad goals of different stakeholders (discussed in the previous
section):

1. Scored Answer Correctness is based on a single-prompt task description
which requests a graded score ranging from 0 to 10 (normalised to the range
[0.0,1.0]) to represent the appropriateness of a response given a query and
expected answer (also including a generated “reason”). This approach is ex-
pected to leverage the judge model’s sophisticated internal representations
to weigh different relevant aspects given the query context.

2. Analytic Answer Correctness proceeds in two independent steps to (1) split
the expected answer and response into factual statements, and (2) generate
verdicts as to whether the statements are aligned to determine true positives,
false positives, and false negatives from which an F-score is calculated.

3. Contextualised Analytic Answer Correctness is conceptually identical to (2)
but is implemented with a single prompt to generate statements with verdicts
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Fig. 3. Mean Pearson correlation coefficients for the different methods compared to
manually provided scores (error bars indicate 95% confidence intervals). On the left
are results for the stronger GPT-4x models and on the right for the smaller “mini”
models.

in a single step. We expect this contextualised implementation to perform
more appropriate (relevant) factual segmentation if the model is capable of
following the more complex instructions.

We then perform two distinct analyses: firstly, we determine the degree to
which human and generated scores are correlated, and secondly, we consider
different trends in manual and generated factual statement splitting. Details are
presented in the following sub-sections.

5.1 Setup

Four generative Al use case (UC) owners were asked to provide test sets with
queries and golden answers for their respective RAG-based systems. The content
ranged from quantitative data to legal and operational descriptions in English
and German:

UC1: A “search and chat” interface to business intelligence data.
UC2: A customer-facing chatbot relating to product specifications.
UC3: A human resources question answering system.

UCY: A procurement question answering system.

Each test set consisted of 50 test scenarios for a total of 200 test cases which
were then presented to each of the systems to generate responses for evaluation.
For each of the responses, a member of the respective team was also asked to
provide an independent score indicating the quality of the response of the their
respective system. For three of the use cases (UC1, UC2, UC3) we also performed
manual splitting of the expected answers and responses into factual statements
as well as classification into true positives, false positives, and false negatives.
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We then evaluated the test cases over 5 runs with 4 LLMs (GPT-40, GPT-
40Mini, GPT-4.1, and GPT-4.1Mini) and temperature setting of O.1E| Ideally,
more deterministic outputs are preferrable but a temperature of 0.0 can cause
practical problems in the case where an output format cannot be parsed and
needs to be regenerated.

5.2 Results

For the business score correlation analysis we calculated the Pearson correlation
coefficient over all scores in each run. For the analytic implementations we calcu-
lated the Fl-score which weighs the importance of precision and recall equally.
Finally correlations over runs and models were aggregated for each use case with
95% confidence intervals, see Figure [3} When considering the results averaged
over all four LLM judge models, the simple graded score prompt was significantly
more correlated with manually assigned scores for all four use cases and the two
analytic implementations perform similarly with no justification for preferring
one over the other. However, if one excludes the “mini” models and only con-
siders the stronger models (Figure [3| - left) the contextualised implementation
has comparable or better correlation with manual scores (significantly better in
three out of four UCs). Regarding GPT-40 compared to GPT-4.1 models, we
did not observe consistent improvements using the newer models.

Next we focussed on the different characteristics of the two analytic imple-
mentations in terms of the number of statements extracted from the two texts,
i.e., the generated responses and expected answers. For the analysis, we consider
the manual statement splitting of each test case as the reference and thus deter-
mined the difference in number of generated statements in each of the following
three categories needed to calculate the F-score (illustrated in Figure :

— True positives (TP): statements which are present in both the generated
response and expected answer.

— False positives (FP): statements which are only found in the generated re-
sponse.

— False negatives (FN): statements which are only found in the expected an-
swer.

Figure [] shows the resulting distributions comparing the two methods. The
most significant observation is that the two-stage implementation significantly
overgenerates false positive statements, that means that responses that are more
verbose than the expected answer are penalised more heavily and there are test
cases where the approach generated a large number of additional statements
(greater than 25) compared to the manual reference. The contextualised prompt
is able to match the manual consideration of relevant facts in the response more
closely. The number of true positive statements are very similar, tending to over
generate more often than under generate. Lastly, the contextualised prompt

"We initially scanned a temperature range of 0.0 to 0.5, finding a weak trend towards
higher correlations at 0.1.
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Fig. 4. The violin plots compare the distributions (histograms) of the difference in
the number of factual statements, generated compared to manual, organised by their
classification. Positive values indicate over generation of statements while negative
values mean that fewer distinct statements than expected were identified.

generated more false negatives than the two-stage process, meaning that the
current implementation is more strict on ensuring that all details in the expected
answer are contained in the response.

5.3 Discussion

The results confirm our expectations that a single-prompt (holistic) task descrip-
tion has a better chance of aligning with expectations of diverse sets of business
owners (monitoring improvements or regressions in their systems). However, the
more interpretable analytic methods provide a straightforward mechanism to
tune for better alignment by setting the relative importance of precision and
recall which we have not done here. We did notice different levels of correlation
between business scores and precision / recall scores for different use cases; some
scores were more correlated with recall than precision.

Secondly, for evaluators interested in an IR-based metric, we again demon-
strated the advantage of a contextualised implementation even for conceptual
sub-tasks such as factual statement splitting. This allows the LLM judge to use
the task context to determine relevant details in the inputs and thus an appro-
priate granularity of factual statements. We believe that further improvements
are still possible for the analytic approach, for example, to assign an explicit
indication of the relevance of individual statements.

Finally, even as advanced LLMs become more adept at generalising over tasks
and domains, considerable opportunities exist to improve the accuracy of LLM-
as-a-Judge evaluation for any particular use case. The first design consequence
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of retaining flexibility, by allowing evaluators to customise performance indica-
tors to their use case, remains important. However, a potentially undervalued
approach is to ensure that high quality transparent and interpretable evalua-
tion processes are provided where evaluators can understand and adapt outputs
(rather than implementations) to their use cases by examining intermediate rep-
resentations.

6 Conclusion

This work explores the shift in evaluating Large Language Models (LLMs) from
traditional model-centric metrics to system-level performance indicators, em-
phasising their integration into broader applications like RAG-based systems.
We assert the value of the LLM-as-a-Judge paradigm as a scalable dynamic
black-box testing alternative to human-driven evaluations. This requires a mod-
ular design with different performance indicators such as answer correctness,
hallucination detection, and tonality that are applicable to different use cases
(as exemplified in other evaluation frameworks). However, with our framework
we aim to address some of the practical shortcomings of existing frameworks
by explicitly validating its performance against the two system-level objectives:
(1) identifying defects and opportunities for improvement, and (2) determin-
ing the overall quality of the system and tracking broad improvements. To this
end, we presented empirical results that demonstrate the superior correlation of
holistic scoring methods with business expectations and illustrate how analytic
approaches can be designed to provide interpretability and ease of customiza-
tion for different scenarios. We argue that where it is not possible to optimally
address both aspects in a single implementation, there is value in implement-
ing transparent and interpretable variants alongside those that are tuned for
alignment with business expectations of quality.

Future work should extend the types of analyses presented here to further
improve the alignment of especially interpretable evaluation methods for an-
swer correctness, but also to other useful RAG performance indicators such
as hallucination and context precision. We foresee that the implementation of
these alignment efforts will evolve from prompt engineering, to evaluate systems
against pre-defined test cases, to designing evaluation workflows for agentic eval-
uation using dynamic test content. While the fundamental design principles of
our framework would remain the same, the expected advantages of more dy-
namic workflows would be in terms of rapid specialisation to different use cases,
up-to-date test cases, and better contextualisation during evaluation.
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