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Evaluation is an integral part of the development cycle of any AI system. As AI grows more sophisticated and general, evaluations are
becoming increasingly complex and broad in scope, requiring larger multidisciplinary teams, longer timescales, and more elaborate
evaluation tools and techniques. Moreover, the opportunity to deploy these general-purpose AI systems across various commercial
and public-sector contexts and the potential risks associated with these deployments have created a burgeoning need to evaluate the
suitability and safety of these models for use in different contexts. Despite the growing focus on evaluations, there is no generally
established protocol or methodology for conducting AI evaluations, beyond the specific practices of frontier AI developers. Here we aim
to address this gap by presenting the “Pre-registration and REporting Protocol for AI Evaluations” (PREP-Eval), a step-by-step guide for
planning and conducting AI evaluations that complements existing transparency tools such as model cards and evaluation factsheets.
We draw on insights from analogous practices in fields such as software testing, data mining, and psychology, and incorporate a
pre-registration requirement that facilitates the documentation and justification of deviations from the original plan, helping to identify
and avoid selective reporting. Our protocol is designed to support a wide range of stakeholders, including frontier AI developers,
third-party evaluators, oversight bodies, and newcomers to the field of AI evaluation, but it is particularly valuable for small or
medium-sized research or industry teams that are developing new AI tools or integrating existing models into novel applications and
may lack established evaluation pipelines. We demonstrate the application of PREP-Eval across six diverse use cases and anticipate
that PREP-Eval will be further consolidated and improved through iterative feedback and collaboration with the broad AI community.
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1 Introduction

Recent progress in AI has led to a marked broadening of the scale and scope of system evaluations. Over the past few
years, a key driver of this shift has been the rise of large-scale, general-purpose systems, such as OpenAI’s GPT or
Google’s Gemini, which are designed without a specific use case or task in mind but can be adapted to a wide variety of
applications. As developers, researchers, and the broader community seek to understand the capabilities and limitations
of these systems, evaluations constitute a meaningful tool for measurement and estimation across a wide array of
domains and contexts.

In addition, as AI systems evolve toward architectures with greater autonomy,multimodal perception, and increasingly
complex ways of interacting with environments, they give rise to a multitude of questions for evaluations to address.
For example, how reliably can a code-writing agent adapt to changing specifications or user requirements? Is a delivery
robot safe to deploy in an area of the city? Given a new route, what is the probability that a self-driving car will reach
its destination safely? Can a new language model specialised in chemistry be used maliciously? Is a customer-service
bot treating all (protected) groups in the same way? Answering these diverse questions requires similarly diverse tools
and methods, inciting an evolving landscape of evaluations.

However, despite the growing complexity and importance of these evaluations, there is little guidance on how AI
evaluations should be conducted [150], especially by small or medium-sized teams with modest budgets adapting
or deploying AI systems in sociotechnical environments. A great deal of recent work has focused on what should
be evaluated and the benchmarks (e.g., [14, 27, 54]), but relatively little has focused on how to plan and conduct the
evaluation. While there is broad agreement on the general desiderata that evaluations should satisfy (i.e., external
validity, internal validity and reproducibility), and the limitations of benchmarks [39, 58, 89], there remains an urgent
need for a concrete step-by-step protocol that organisations can follow. This methodological gap leads to evaluations that

are poorly thought-out, inefficient, or potentially ineffective. The increasing use of evaluation for decision-making and
policymaking creates a window of opportunity to strengthen evaluation infrastructure, frameworks, and processes to
promote more robust methods and more reliable evidence.

To feel this gap, we present PREP-Eval, a Pre-registration and REporting Protocol for AI Evaluations, consisting
of well-delineated project-methodology stages with a pre-registration outcome after the ‘project plan’ (Figure 1).
While backwards arrows are not shown, it is always possible to go back one or more stages if the process reveals that
some earlier choices need to be revisited. However, it is important that each evaluation project starts with clear goals
(stage 1) and is followed by well-thought design and plan (stages 2 and 3), not carved in stone, but pre-registered.
Following modern, agile methodologies, the protocol is meant to be iterative, as a first cycle of evaluation may motivate
a refinement or extension of goals and objectives, triggering a new cycle.

The protocol aims to provide a broad tool for planning, pre-registration and documentation for any evaluation project
involving any kind of AI, from specialised tools to general-purpose AI (GPAI), from well-known models in new scenarios
to frontier models in old scenarios. While humans interacting of AI are usually subject of the evaluations as well
(impact, uplifting, etc.), the emphasis is put on the evaluation of AI. In some situations, it could serve as requirements
for an evaluation contract. It is designed to allow evaluators to document their evaluation protocol ahead of time
and later report this plan when they present their evaluation results. Doing so would allow the community to better
understand why certain evaluation decisions were made and verify that the reported results align with the original
plan. The approach is consistent with and complementary to other efforts to increase transparency in AI, such as
Manuscript submitted to ACM
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Fig. 1. PREP-Eval lifecycle. Each stage comes with its own substages and documentation (Appendix A). The protocol emphasises the
relevance of the first stages (1 to 3), and pre-registration serves several purposes, such as taking these three first stages seriously,
before rushing into the other stages and ensuring that the influence of the analysis on an eventual revision of goals is transparent.

Model (and System) Cards (which aim to standardise reporting about the architecture and training of a model; [94]), the
Machine Learning Reproducibility checklist (which aims to improve reporting of experimental findings; [107]), the
Report Cards, Eval Factsheets or Evaluation Cards (which aim to document or audit AI evaluations, [15, 41, 146, 151]),
and the Voluntary Reporting Templates and Safety Cases (which aim to report the risks and mitigations of an AI system,
or provide a structured, evidence-based justification that a system is sufficiently safe [2, 19, 31]).

Importantly, even when evaluations are not conducted as part of a formal scientific endeavour, and adherence to
traditional scientific standards is not the primary goal, applying this protocol can still be valuable and beneficial. First,
it helps the actor conducting the evaluation to plan it carefully. Evaluations can be resource-intensive, and even expert
teams can encounter unexpected challenges. A structured protocol allows these challenges to be anticipated, ensuring
that the evaluation remains on track and that any potential obstacles are addressed in a timely manner, alleviating
potential time pressures. Second, being transparent and explicitly justifying decisions increases trust among both users
and stakeholders. Finally, documenting deviations from the original plan and lessons learned in a standardized way
facilitates knowledge transfer and collective expertise building, particularly for actors at the forefront of innovation in
evaluation methodologies.

In the following sections, we first identify the reasons why an AI evaluation protocol is needed, then outline existing
best practices and recommendations for AI evaluations, explaining how our proposal complements these approaches,
integrates ideas from protocols in other fields, while providing a novel and necessary contribution towards more robust
and reliable AI evaluations. Finally, we present the main phases and subphases of PREP-Eval, and provide various
examples that are extended in the appendix. We close the paper with a discussion about the current limitations of the
present version and the route map for the protocol in the years to come.

2 The Need for an AI Evaluation Protocol

AI evaluations are gradually moving away from the classic static benchmark in favour of experiments that incorporate
techniques from software engineering (e.g. CheckList; [118]), psychology and cognitive science (e.g. [32, 59, 64, 70, 77,
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88, 96, 133]); psychometrics (e.g. [76, 86, 138, 154]), cybersecurity (e.g. [43, 47, 106]), and other paradigms [20]. These
techniques allow for much more robust inferences about model capabilities and propensities; however, as they draw on
cross-disciplinary methods that increase methodological complexity, they may also necessitate larger multidisciplinary
teams, longer timescales, and more elaborate evaluation tools. This more involved approach raises a growing need for
clear guidance on how to plan, conduct, and document evaluations [21, 115].

This need is further exacerbated by growing number of the actors needing to conduct evaluations. The impressive
capabilities of large language models (LLMs) have prompted many organisations with different levels of experience in
working with AI systems to try to harness these models for many use cases. However, determining the suitability of a
given model for a particular use case is far from trivial. Often, it requires organisations to perform their own system
evaluations, or at the very least to be able to access and interpret evaluations conducted by other groups.

Evaluation is also becoming a key focus of government oversight bodies and groups interested in AI safety. Concerns
about the potential harms of AI systems have led to calls for independent evaluations assessing the generation of
misinformation, biased outputs, harmful behaviours and misuse [7, 82, 129]. This particular view of safety “evals”
employs extreme-case analysis, identifying specific worst-case scenarios with the aim of providing assurance about a
system’s safety or gaining understanding on what causes the unsafe behaviour [20]. Moving forward, these evaluations
are likely to form a crucial element of model audits, regulatory oversight, and certifications [95, 111, 113, 115, 124].

Notably, regulations such as the EU AI Act incorporate evaluations in several key provisions [39, 103]. More recently,
the Code of Practice [18, 40, 60] requires signatories to conduct state-of-the-art model evaluations relevant to the
systemic risk in question, with their design being informed by independent sources of information [108]. In parallel,
one of the objectives of the U.S. National AI Action Plan [132] is to build a robust evaluation ecosystem, and the
National Institute of Standards and Technology (NIST) has recently released a series of evaluation programs and reports
[2, 98, 122]. In addition, the National Technical Committee 260 on Cybersecurity of Standardisation Administration of
China has published safety assessment requirements for companies developing generative AI systems [99].

Even (or especially) if each stakeholder has their own evaluation methodology, we need interoperability and mutual
understanding, especially for auditing and regulation. This requirement is at odds with most evaluations lacking
process-oriented documentation [114, 141]. Without clear, step-by-step documentation, it is difficult for policymakers,
researchers, and members of the public to understand what an evaluation shows, how robust and valid the findings are,
and how much the results should be trusted. There are many choices evaluators must make regarding the methods,
analyses, and metrics they use that can affect the results [55]. Yet these decisions are rarely explained fully, making it
difficult to know what the results can tell us about a system’s capabilities and propensities, and ultimately performance
and safety. This trend is especially problematic for evaluations conducted by commercial system developers, who have
a strong incentive to present their AI systems in a positive light. This could be done through selectively reporting only
benchmarks for which the system performs well, by conducting evaluations on training data, by drawing comparisons
with other systems only when the comparisons are favourable, or by selecting the analysis methods or reporting metrics
that are most flattering to the system. Without clear documentation and justification of these kinds of decisions made
during the evaluation, it is difficult for outsiders to know how well the reported results fully reflect the strengths and
weaknesses of an AI system.

Take, for instance, the most recent model system cards from some of the largest frontier AI developers (e.g. [4, 50, 102]).
Although they provide a certain level of accountability, all of them include very limited information about why the
reported benchmarks and human evaluations were selected, whether the model was tested on other, unreported
benchmarks, why some behaviours were evaluated while others were not, or whether the test data overlap with the
Manuscript submitted to ACM
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training data [148]. In general, benchmark selection is justified primarily by “popularity”, with limited additional
rationale. Without more information, it is impossible to know whether the findings show a representative view of the
model’s behaviour or whether they are selectively presented in a way that overstates model performance and safety.

These issues are not unique to AI. For example, the incentives for developers to report positive results are analogous
to the incentives for drug developers to show that their drugs are effective. In medicine, these incentives created a
culture in which ineffectiveness or evidence of side effects were frequently buried or minimised [38, 67, 91, 120, 143].
Likewise, other scientific fields such as psychology and physics have been wrestling with evidence that incentives for
researchers to report positive, surprising findings frequently led to questionable research practices such as selective
reporting, p-hacking, and even data fabrication, polluting the literature with findings that do not replicate [34, 68, 126].
If left unchecked, these incentives risk having a similar effect on AI [107].

Fortunately, other fields offer established solutions. In medicine, most jurisdictions require the methods and analysis
plans for clinical trials to be registered and approved ahead of time by relevant regulatory bodies. Similarly, many
publication venues and funding bodies in the sciences such as psychology and physics have adopted policies that
require or incentivise researchers to document and register their research plans ahead of time in a process known
as “pre-registration”. These processes help prevent questionable research practices such as selective reporting and
p-hacking, and tend to reduce false positives [16, 26, 120]. In addition to providing important transparency, pre-
registration serves as a useful planning tool that helps researchers clearly think through the details of their methods
and analysis plan to ensure these are well-thought-out before any expensive data collection is conducted. We can also
take inspiration from engineering, which regularly tests prototypes and final products for both performance and safety,
from car manufacturing to software engineering [142]. Likewise, testing is an integral part of software engineering,
and data mining and data science have introduced methodologies to guide the development of similar kinds of projects
[28, 85, 123].

Given the effectiveness of these approaches in other disciplines, and the existence of similar problems in AI [3, 21, 39,
58, 89, 131, 135], we suggest a similar approach could be taken in AI evaluation. We therefore propose here a standardised
evaluation protocol that can provide both clear guidance about the steps that should be taken in evaluation, and as a
template for documenting and reporting evaluations. The protocol can act as a guide to help researchers and evaluators
structure their evaluation projects and a checklist to ensure best practices, paving the way for the development of
a standard for anticipative reporting that could be adopted by industry, third-party evaluators, publication venues,
governments (e.g., AISIs) or regulatory bodies (e.g., the EU AI Office). The protocol itself can also serve as a common
reference point for discussions about evaluation methods and improve understanding of key components of evaluations.

Table 1 summarises some main reasons for a standard protocol for AI evaluation. A protocol should go beyond
post-hoc reporting and should accommodate the wide ecosystem of researchers and evaluators, from small teams
in academia, startup providers integrating frontier models for new applications, frontier developers themselves, and
independent evaluation organisations assessing systems across a range of parties. It is important that the protocol is
there before starting the evaluations and guides those teams with limited experience (or reminds more experienced
evaluators) in the process of evaluation before it starts, to determine what steps need to be taken and in which order.

In this paper we present PREP-Eval, which is, to our knowledge, the first comprehensive, step-by-step protocol for
AI evaluation. However, the protocol draws inspiration from ideas and initiatives that have proved very useful in AI
itself and other disciplines. The structure of PREP-Eval is similar to CRISP-DM [28, 85], a widely-adopted protocol for
data-mining and data-science projects that lays out a sequence of phases, each of which describes in detail the tasks and
outcomes of that phase. The protocol also draws frommethodologies in software testing, and cybersecurity—which focus
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Table 1. Main reasons and associated methodological problems PREP-Eval aims to address.

Cause Outcome

Evaluations not well designed
or insufficiently scoped

Evaluation projects are inefficient, unfocused, ineffective or opaque, lacking standard
project-management practices.
- Example: In a close analysis of four benchmarks used to evaluate fairness in natural
language processing (StereoSet, CrowS-Pairs, WinoBias, and WinoGender), Blodgett
et al. (2021) found that all benchmarks revealed severe weaknesses in terms of
defining what is being measured [39].

Over-emphasis on pre-release
evaluation

Evaluations are focused on capability demonstrations and stylised benchmark tasks,
creating blind spots that emerge only under realistic use, or sustained interactions
over time.
- Example: Raji et al. (2022), describe that AI evaluation practices often skip over
the question of whether a given system functions, or provides any benefits at all,
leading to faulty AI products that are on the market.

Evaluation bias due to non-
systematic methodology

Evaluations are not trusted. Results could be misinterpreted, providing a misleading
picture of system capabilities and limitations.
- Example: Ivanova (2023a) analyses two cases –the Winograd Schema Challenge
and Theory of Mind evaluation–, which the author characterises as instances of
over-attribution, showing impressive model performance that turned out to be
substantially worse once relevant methodological controls were introduced.

Insufficient process documen-
tation

Lack of coordination and difficulty for scaling up cooperative evaluations, especially
in big or changing teams.
- Example: In their benchmark quality evaluation framework, Reuel et al. (2024b)
find that 17 of the 24 benchmarks analysed do not provide easy-to-run scripts to
replicate the results reported in the original paper. This lack of accessibility hinders
reproducibility and limits users’ ability to scrutinise the benchmarking process in a
field where reproducibility is already a significant concern.

Absence of standardisation Difficulty in sharing the evaluation information with other stakeholders and policy-
makers, for auditing and regulation.
- Example: Bordes et al. (2025) argue that evaluation methodologies lack systematic
documentation standards comparable to those used for datasets and models, leading
to reduced transparency and reproducibility of AI evaluation. Eval Factsheets solve
some of the problems but do not ensure standardised processes and can just wash
questionable practices a posteriori, giving a false sense of quality.

largely on failures—as well as from psychological evaluation and the scientific method—which focus on understanding
behaviour and capabilities. The following section covers related work in all these areas.

3 Related Work

Evaluation in AI tries to explain and infer AI behaviour by analysing data. Many evaluative endeavours in AI and
other areas share similarities in the way experimental research questions are produced and answered by the data, but
approach the process differently. We review these approaches here and what we draw from each of them.
Manuscript submitted to ACM
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Fig. 2. CRISP-DM life cycle (image taken from Wikimedia with CC licence).

3.1 Evaluation Processes in Data Analysis

To develop PREP-Eval, we draw here on ideas and protocols from a field that is defined by analysing empirical data,
such as data mining, data science and data analytics, even if these areas fall under the umbrella of "analysis" rather than
"evaluation".

Actually, one the protocols used in data analysis will be our main inspiration. The CRoss-Industry Standard Process
for Data Mining (CRISP-DM), shown in Figure 2, provides a historical reference point for a standardised AI-evaluation
protocol. Created by a large consortium in the late 1990s [28], CRISP-DM and its many evolutions [85] prioritise
simplicity, pragmatism, and proportionality; as a result, they are still the gold standard protocol for planning and
documenting goal-oriented data-science projects, prevailing over more complex approaches despite substantial changes
in the discipline over the intervening decades.

Data mining involves many similar steps to AI evaluation, including data collection and analysis, making it an
excellent starting point. However, several factors mean that CRISP-DM does not perfectly translate to AI evaluation.
First, data mining typically involves gathering already existing data and generating a statistical or machine learning
model to explain the data, so there is little focus on how to design and conduct experiments. AI evaluation usually
requires many experiments or interactions with an AI system to generate the evaluation data that are then analysed. In
other words, CRISP-DM is at the modelling level while PREP-Eval is at the meta level.

As shown in Figure 2, CRISP-DM clearly lays out a step-by-step guide for how to conduct and document a data
mining project from start to finish. The process specification emphasises the importance of clearly specifying project
goals and creating a project plan, and each substage produces an output that is documented.

3.2 Evaluation Processes in Software and Cybersecurity

Given that AI systems are composed of software (running over hardware), it is unsurprising that AI evaluation is
related to software verification and testing. Much like software tests, some AI evaluations are designed to test whether
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Fig. 3. Software Testing Lifecycle according to Jamil et al. (2016)

a system will fail under certain conditions. However, AI evaluations often have a much broader scope than software
testing. Software is usually designed with a specification in mind, which can then be systematically verified and tested.
By contrast, the capabilities and other properties governing the behaviour of AI systems are often not well defined or
understood. As a result, evaluations are often designed to understand a system better, rather than just to identify failure
points. In addition, unlike software tests that have clear pass or fail conditions, there may not be a single “right answer”
to many of the tasks AI systems are used for (e.g., generating an image from a prompt).

Nonetheless, it is worth looking to software testing processes for inspiration. There are several standard protocols
for software testing, but none is seen as the gold standard [72], but software testing often broadly follows the Software
Testing Lifecycle [35, 123] pictured in Figure 3. In this lifecycle we see analysis and planning stages preceding all the
other stages, and a very linear flow, at least graphically, although some tasks may overlap a bit and can be merged into
larger blocks for some other variants of the software test lifecycle.

In cybersecurity, red teaming implies an adversarial scrutiny of a system or network usually performed by a team of
people (the “red” team) that operates adversarially. The objective is to break into, hack, or damage a system, conceiving
any possible malicious attack or negligent use of the system.

While red teaming is very similar to stress testing in software testing, which focuses on extreme cases and inputs
that may lead to hazards, it encapsulates the effort as a team endeavour. The specific methodology is based on exploring
the boundaries and performing many iterations.

3.3 Pre-registration in the Experimental Sciences

In scientific fields such as medicine, psychology, physics and economics, evaluations differ according to the particularities
of each domain but share similar concerns about some research incentives that may lead to rushed or tweaked results.
These concerns over replicability and questionable research practices have led to the adoption of “pre-registrations”
[51, 66, 93, 100, 101, 144, 145]. A pre-registration is a planning document usually created prior to data collection that
describes the basic elements of the scientific method applied to a specific project—hypotheses, methods, and analysis
plan. Before data collection or inspection begins, this document is uploaded to a time-stamped public repository such
as the Open Science Framework (although kept hidden until the researchers decide to make it public). In some cases,
pre-registrations are also submitted for peer review, where reviewers may suggest revisions or minor adjustments to
the proposed plan before it is finalised [26, 127, 145]. When the data are later submitted for publication, a link to the
pre-registration is included so that reviewers and readers are able to check how closely the methods and analysis used
in the study align with the pre-registered plan, making it clear which aspects of the reported results were planned
and which were more exploratory. In doing so, pre-registrations help prevent and raise awareness of questionable
Manuscript submitted to ACM
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research practices such as selective reporting and p-hacking [57, 97, 119]. It is important to note that pre-registrations
do not preclude researchers from deviating from their plan or conducting exploratory analyses, they simply make these
deviations transparent.

Pre-registration fits PREP-Eval well because scientific research contains many of the key components of AI eval-
uations, including experimental design, data collection, and data analysis, as well as similar incentives. In fact, pre-
registration has already been suggested for AI [61, 87, 104, 107, 134].

3.4 Evaluation Processes in AI

Ideas from all of the previous domains have been brought to AI evaluation. For instance, red teaming has been extensively
applied to LLMs recently [25, 43, 48, 79, 106]. More generally, adversarial testing [74, 109, 149], presents a lifecycle
in which evaluations are designed to detect examples where models fail, and modify benchmarks accordingly. This
iterative view of evaluation also influences our protocol, PREP-Eval.

Recent work has also drawn inspiration from other disciplines to improve or formulate recommendations for AI
evaluations (e.g., [104]). For instance, Microsoft (2025) incorporated insights from diverse fields to address governance-
related questions, such as determining the most appropriate stages of the lifecycle for conducting evaluations. Other
efforts have even extended to incorporate insights from the evaluation of cognition in animals [112]. While these works
offer meaningful general recommendations, they do not propose a step-by-step protocol.

Still, the evaluation processes followed in AI evaluation mostly come from practices, standards, and recommendations
that have been proposed for evaluating machine learning systems [17, 44, 73], natural language processing (NLP)
models [13, 49] and various conceptions of General-Purpose AI (even before this term was not associated with LLMs
[8, 10, 59]). As concerns about the reliability of evaluations have grown, similar efforts have emerged to outline best
practices or standards for evaluating LLMs [6, 9, 45, 52, 65, 70, 78, 83, 103, 104, 136], generative AI systems more
generally [71, 137, 147] and agents [24, 140, 155]. Other guidelines have focused on the evaluation instruments, such
as benchmarks and competitions [3, 22, 33, 56, 81, 84, 114] or specific elements of the evaluation process, including
reporting, operating conditions and documentation [87, 128, 130]. However, most of these initiatives remain at the level
of general principles and conceptual guidance.

Our proposal introduces a step-by-step protocol that operationalises these recommendations through an actionable,
sequential, and structured process. Although some existing frameworks include checklists with concrete actions (e.g.,
[104, 114, 117, 118]), the sequential architecture of our protocol provides distinct advantages. Most notably, it facilitates
traceability, establishing a clear audit trail that enables researchers and practitioners to trace each finding or potential
error back to its origin in the evaluation pipeline, starting from the design of the evaluation and the allocation of
resources. This structure not only organises and streamlines the evaluation process, but also makes it more accessible
to practitioners and researchers across a wide range of backgrounds.

Other works have taken a descriptive approach to identifying the elements or dimensions of evaluations that can
guide their design [23, 37]. Paskov et al. (2025) propose a series of recommendations for human uplift studies, benchmark
evaluations, and cross-cutting recommendations for all evaluation types. Recommendations are organised into four
distinct stages of the evaluation process. In the design stage, they recommend pre-registration as a gold standard, similar
to McCaslin et al. (2025)’s proposals for chemical and biological benchmarks; and UK AI Security Institute (2024) has
likewise noted that it uses pre-registration to accelerate evaluation workflows while maintaining quality. Yet, all of
these works provide few details on how pre-registration should be implemented.
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PREP-Eval embeds pre-registration throughout the evaluation process, helping identify the specific points at which
evaluators might revisit and potentially deviate from their initial plan, a possibility that may encourage adoption. The
incorporation of fine-grained, task-specific checklists within each sub-stage helps prevent omissions or makes them
transparent, and enables an effective division of labour within evaluation teams. These design choices complement
higher-level recommendations by clarifying not only what should be considered, but also what concrete actions should
be taken. This ensures that methodological decisions are explicitly articulated and justified from the outset, prompting
evaluators to be more clear about their decisions, and write them in a language that it could (potentially) be understood
in an easier way when revisited by themselves later or by third parties..

4 The PREP-Eval Protocol

The PREP-Eval protocol has six phases as shown in Figure 1. Each phase should be planned and documented to ensure
each step is clear and sensible. At the end of phase 3 there is a pre-registration that can be private or public, allowing
selected stakeholders to give feedback during or at the end of the project, to check results with the original plan.
Pre-registration could be shared with secure third-parties or review boards or the general public, depending on the
context and content of the evaluation. At the end of phase 6, a full report can be documented (and potentially released
following similar considerations).

Table 2 and 3 present the reference framework for the protocol summarised at the level of phases and tasks. Following
the structure of CRISP-DM, we consider a hierarchical breakdown, with phases, generic tasks and specialised tasks in
three levels. Here we only show the name of the phases and generic tasks at the first level, while Appendix A contains
the complete user guide, which presents a more detailed version of the protocol including the specific outputs and
outcomes of each task.

The protocol was intentionally designed to be cyclical in nature. After a full iteration of the cycle, the nature of the
protocol leads to a state where knowledge about the system has increased, and new evaluation goals can be established
to ignite another iteration. Likewise, as planning progresses, there may be a need to go back to an earlier stage and
modify the plan. For example, when looking at available evaluation benchmarks in phase 2.1, a lack of candidate
benchmarks may force a rethink of the evaluation goals laid out in phase 1. The protocol can also be used to trace the
evolution of model development or deployment over time. An organisation might want to do evaluations continuously
over time or at checkpoints. One approach is to use a similar idea to the dev-test split—specify up front the tests that will
be used to check progress during development versus tests used once the final model has been developed. Evaluations on
the same system can also be performed simultaneously. For instance, one team can evaluate the reasoning capabilities
of a language model while another is performing red teaming for safety.

One key aspect of the protocol is the identification of an “estimator” as a generalised notion for the main result of an
evaluation. This estimator, in the statistical sense, can range from a position indicator of a metric, such as the result of a
benchmark, to a sophisticated cognitive model that captures the capabilities of an AI system to predict performance for
new tasks. It can also be an estimator of risk that is extracted as the result of the evaluation, taking into account the
context of use and other operating conditions. Accordingly, even in red teaming the goal would not be to find as many
issues as possible in a system, but to estimate the risk depending on the probability and impact of issues found.

Another key element of the protocol is the distinction between the project goals and the technical objectives, which
critically determine phases 1 and 2 of the protocol. Many evaluations start with the question of what to measure, but
fail to state the purpose of the evaluation more clearly, which has an influence—and may bias—the whole process.
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PREP-Eval Protocol

Phase 1: Goals and Objectives

Evaluations can serve many purposes, e.g., identifying system failures, comparing capabilities of two different
models, or tracking improvements across versions. Because each goal may require a different methodology, it is
essential to clearly define the evaluation’s objectives and rationale from the outset.

1.1 Determine project pur-
pose

Describe the relevant background to the evaluation project, including the terminol-
ogy, project goals, and success criteria.

1.2 Determine technical ob-
jectives

Identify and justify the targets of the evaluation, e.g., an AI system or a new evalua-
tion method; and describe the success criteria of the evaluation in terms of metrics
and uncertainty of the estimators.

1.3 Situation assessment Develop an inventory of resources, identify requirements and constraints, anticipate
risks and contingencies, and assess current understanding of the evaluation target(s).

Phase 2: Evaluation Design

Evaluations could combine standardized benchmarks, red teaming, and human ratings, among other methods.
Choosing the right approaches requires careful consideration of the evaluation target(s), system characteristics,
and available tools.

2.1. Identify potential eval-
uation methods

Familiarize yourself with current evaluation methods, assess maturity and adoption,
summarize strengths and limitations and monitor emerging work. For example,
for red teaming, identify processes for generating adversarial inputs (automated,
manual, or hybrid). For human evaluations, consider crowdsourcing platforms used
to collect responses.

2.2. Selection of evaluation
methods

Select an evaluation method and rigorously justify your choice. If no available
methods are appropriate, design or build new methods.

2.3. Analysis specification Decide and justify how the evaluation data will be analysed and what estimators
will be produced. This could include summary statistics, metrics, error analysis or
building prediction models.

Phase 3: Project Plan

Create a plan to guide the design, execution, and analysis phases, ensuring alignment between goals, methods,
and expected outcomes.

3.1. Create a project plan Draft an initial project plan. This may include the major stages of the evaluation
process, a realistic timeline, the resources required, the expected outputs and de-
liverables of the project, and any other relevant information gathered during the
previous planning phases. Distribute the plan for review and input and consolidate
it into a final version.

3.2. Pre-register evaluation Submit a “pre-registration” of the protocol to a time-stamped repository for potential
feedback. This pre-registration, covering up to Phase 3.2, should be complemented
later alongside project outputs at the end of phase 6.

Table 2. PREP-Eval Protocol, covering Phases 1–3 (continued in Table 3).

This distinction, along with the pre-registration, will improve trust in the results, which will be beneficial both to the
developers (third parties will believe their claims) and to the broader community.
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Phase 4: Data Collection

The complete set of processes for generating or obtaining the experimental data needed for analysis, including
the setup and dataset annotations that are needed before running experiments with AI systems, or procuring and
processing evaluation data that is already available.

4.1. Experimental setup,
annotations and pilots

Verify data quality and integrity (e.g., if existing datasets will be used, ensure they
are accessible), run experimental samples, determine the annotation setup, develop
filters and classifiers, and conduct pilot tests. If issues are identified, adjust the
protocol as needed and document all changes.

4.2. Full data collection Run full experiment and obtain full data from the AI system, verifying that the data
collected follows the pre-defined sampling strategy.

4.3. Data preparation Clean, format and organize evaluation data. Verify data quality.

Phase 5: Data Analysis

This phase involves systematically analysing the evaluation data, from data exploration and visualisation to the
derivation of the estimators, including additional analyses on unexpected patterns.

5.1. Initial data exploration Preliminary exploration of evaluation data, including variation across task features.
Identify unexpected patterns and adjust the analysis plan.

5.2. Conduct planned anal-
ysis

Perform analyses according to analysis plan: aggregate data and calculate summary
statistics/metrics, build performance breakdowns, calculate inferential statistics and
build prediction models.

5.3. Assess and refine anal-
ysis

To ensure the robustness and interpretability of the analyses quantify uncertainty,
test the assumptions behind the analytical methods and inspect any unusual results.

Phase 6: Conclusions and Review

This final phase concludes the evaluation by synthesizing findings, reflecting on the process, capturing lessons
learned, and archiving materials along with the pre-registration.

6.1. Draw conclusions Synthesize the analytical findings to derive conclusions about the evaluation tar-
get(s), considering the limitations of the process.

6.2. Review evaluation pro-
cess

Examine what aspects of the process worked effectively and which did not, recom-
mend improvements for future evaluations and describe the project legacy.

6.3. Determine next steps Define how and where to communicate results. Decide on next steps (e.g., additional
training, further evaluation, deployment).

6.4. Complete the registra-
tion

Write the final report. Document and explain any deviations from the pre-registered
plan. Submit the final report to ensure transparency and reproducibility of the
evaluation effort.

Table 3. PREP-Eval Protocol, covering Phases 4–6 (continued).

5 Using the Protocol

As discussed in the introduction, soon after the decision to evaluate an AI system is made, a first instantiation of
the protocol — at least up to phase 3.2 — should be completed (before actually conducting the evaluation). Public
pre-registration at this stage discourages covert “post-registration” of studies that have already been conducted, because
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evaluators can receive feedback that may lead to modifications of the original plan. The extent to which this feedback
is incorporated depends on the context; for example, even the requirement by oversight bodies, review committees,
or external auditors to implement minor changes in the plan can prevent this practice [26]. This first version of the
written protocol, including the specification, design and plan can serve as a reference for the whole process.

Of course, some of the stages will be refined as the evaluation process progresses, and the possible and expected
outcomes will be replaced by actual outcomes. Because of these modifications, it is very important that the original
instantiation of the protocol is pre-registered, both for transparency and also to have a clear perspective of how much
the evaluation has deviated from the original expectation and plan. At the end of the evaluation, the final report can be
registered alongside the pre-registration and can serve for comparison.

These two “registration” steps at phases 3.2 and 6.4 are the desirable minimum. The protocol can be used in a
more agile or flexible way, by using a versioning system (such as GitHub), documenting how the evaluation and the
associated outcomes for each subphase are evolving. For instance, in organisations that adopt agile methodologies such
as Scrum [121], a first stint can perform a lightweight pass from stages 1 to 3, do the pre-registration, get feedback
from stakeholders, revise it, and then do a full pass from 1 to 6 on another stint. Then, the protocol can be refined with
several iterations or stints in a cyclical way.

The description of phases and tasks as discrete steps performed in a specific order represents an idealised sequence of
events. In practice, many of the tasks can be performed in a different order and it will often be necessary to repeatedly
backtrack to previous tasks and revise certain actions.

In order to illustrate how the protocol is applied, the following appendices contain the application of the protocol
to several evaluation situations, some of them being more traditional (selecting between models) to more complex
(building a complex estimator for instance-based performance). In the first five scenarios, the protocol is applied to
existing studies with real evaluations, aiming to follow their content as faithfully and comprehensively as possible,
although the available information is often limited, requiring careful adaptation, and some details may have been
misinterpreted. The final scenario is hypothetical. Moreover, in certain instances, PREP-Eval is applied only up to phase
3 (pre-registration), whereas in others, we carry out the full protocol. In these cases where the full protocol is executed,
we take a more review/audit perspective, highlighting elements that would typically be expected in a robust evaluation
process but are absent from the original papers, which were published prior to the introduction of this protocol.

In particular, the appendices cover these use cases:

• Appendix C: Red-teaming GPT-3 to find prompts with a high rate of false statements. We include all phases.
• Appendix D: Evaluating Interactional Fairness in Multi-Agent LLM-Based Systems. We include all phases.
• Appendix E: Evaluate the performance of an LLM-based customer service agent. We only include phases 1 to 3.
• Appendix F: A meta-evaluation for diversity and coverage of test cases. We only include phases 1 to 3.
• Appendix G: Evaluating the capabilities of LLMs that incorporate metacognition. We include all phases.
• Appendix H: Choosing between two AI systems, in a face recognition domain. We only include phases 1 to 3.

We plan to associate the protocol with a repository of sample evaluations, building from existing repositories of AI
cases and evaluation [1, 20, 42, 75], for practitioners to take inspiration from.

6 Limitations

Two common objections to pre-registration are that they require too much work up front and that they prevent
exploration. With regard to the first objection, pre-registration does indeed front-load some of the work that might
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otherwise be done later (e.g., specifying the analysis plan). However, doing this work before expensive data collection is
conducted is essential to prevent undesirable surprises later in the process. For example, without proper planning, one
might realise before collecting data that there are not enough data points to robustly perform the desired analysis and
that the there are no tasks measuring an important ability. The second objection is likewise unfounded. Pre-registrations
are not intended to restrict what is done in the project, they simply make transparent which decisions were made ahead
of time and which were exploratory in nature. Deviations from the pre-registered protocol are completely acceptable,
provided the deviations can be explained clearly.

There are important parts of the evaluation process not covered in detail in this protocol. The first of these is how to
design new evaluation tools when current tools are insufficient. The best way to go about this depends strongly on the
type of evaluation being conducted and the targets of the evaluation. Moreover, new techniques to build evaluations
are being developed all the time (e.g., crowdsourced benchmarks [30, 80, 152], LLM augmented evaluations [5, 46],
multi-agent frameworks [29, 53, 116] and predictive frameworks [153], so we refrain from prescribing any particular
approach. The second part is how to use the evaluation results to make decisions about whether (and where) a model
should be deployed. The suitability of a model is highly dependent on the context—for example, a 1% error rate on an
image classifier may be acceptable, but a 1% error rate on a self-driving car may be catastrophic.

Naturally, PREP-Eval has several limitations originating from the state of AI as a field and the development of the
protocol itself (see Appendix B for more details on how the protocol was developed). In the first place, there is limited
theory and practice on how to extract capabilities rather than performance, or how to evaluate general-purpose systems,
which are new, compared to more traditional specialised task-oriented systems. Because the protocol is meant to be
accessible to small and medium-sized teams and evaluations, it is also unlikely that the protocol can contemplate all
different kinds of evaluation equally well or all the process a big lab has to conduct for a frontier model. Despite the
generality of PREP-Eval, some flexibility in its use is expected and appropriate.

In some contexts, the use of PREP-Eval may be counterproductive. In particular, the protocol is not well suited
to evaluations conducted under very short timelines, to purely exploratory analyses, or to well-established routine
evaluations where methods, metrics, and decision criteria are already standardized and well understood. By contrast,
PREP-Eval is most valuable when evaluation results are intended to function as evidence—such as in audits, external
reviews, or high-stakes decision-making contexts—where trust and traceability are critical.

The protocol may also be more resource-intensive than alternative approaches, as it requires sustained documentation
throughout the evaluation process rather than only at the reporting stage. However, this cost is partly offset by
downstream benefits, including reduced risk of wasted resources due to poorly specified evaluation designs, the creation
of reusable evaluation artifacts, and the accumulation of institutional knowledge that can support future evaluations.

Finally, while PREP-Eval is designed primarily for evaluations in which the AI system itself is the central evaluation
target, it is less directly applicable to evaluation paradigms where AI is involved but not the primary object of study. For
example, human uplift studies, which assess how access to or use of an AI system affects human performance relative
to baseline tools (e.g., internet search) [104], and other evaluations of AI impact on human cognition or healthcare
could be grounded in established experimental practices from psychology and the social sciences. Such evaluations
may therefore require complementary or alternative protocols better aligned with those disciplinary traditions, or an
extension in future versions of PREP-Eval.
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7 Conclusion

Here we have presented PREP-Eval, the first protocol for conducting evaluations of AI systems, which we propose as a
standard for practitioners and researchers. This six-phase protocol provides a guide for how to conduct an evaluation
from planning to completion, taking inspiration from standardised processes in a variety of other fields. To the best
of our knowledge, this is the first attempt to create a standardised process for AI evaluations with pre-registration.
Protocols like this one have been tremendously useful and beneficial in other fields that have adopted them, such as data
mining, software testing and psychology [63, 85, 105, 139], acting as an integrated framework for planning, certification,
audit, documentation and standardisation. In the particular case of AI evaluation, specifying the evaluation a priori
in a time-stamped document (pre-registration) allows the community to be sure that questionable research practices
were not used to make the model seem better than it really is when developers and evaluators come from the same
organisation or have common interests.

This document presents a proposal for a protocol, which must evolve with the feedback given by the community and
especially by its users. It is not the goal of this paper to discuss the platforms and institutions that will keep PREP-Eval

evolving in the years to come, or to maintain a repository of pre-registrations and evaluations (including all detailed
results), but this will be needed to ensure the protocol adapts and grows in the years to come.

Generative AI Usage Statement

The authors used generative AI tools to assist with the paraphrasing and editing of selected portions of the manuscript
to improve format, clarity and language, followed by human checks and revision. All ideas, analyses, experimental
designs, and interpretations are the original work of the authors. No generative AI tools were used to generate research
ideas, data, or results.

Disclaimer

The views expressed in this publication do not necessarily reflect those of the European Commission and are made in a
personal capacity. The European Commission and any person acting on behalf of it are not responsible for the use that
might be made of this publication.
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A Appendix: The Protocol

A.1 Goals and Objectives

Goals and Objectives Overview. The first phase involves clearly defining the goals, objectives, and underlying rationale
for conducting the evaluation. This includes specifying what the evaluation seeks to achieve—such as verifying safety
claims, comparing model capabilities, identifying failure modes, or informing deployment decisions. These different
goals may necessitate different kinds of evaluation methodologies, so it is important to clearly specify the objectives up
front. If an evaluation has multiple goals or objectives, it is vital that the chosen methodologies are appropriate for
achieving each evaluation goal. Objectives should be specific, measurable, and grounded in the operational context
of the evaluation target. Additionally, this phase includes identifying key terminology, available resources, risks, and
constraints. Although this step may appear optional, it’s not: clarifying the reasons for your evaluation effort ensures
that everyone is on the same page before resources are committed.

A.1.1 Determine Project Purpose.

Compiling Relevant Background. Given that stakeholders involved in conducting an evaluation may come from
diverse sectors—including industry, academia, third-party evaluators, users, and public bodies—the relevant background
to the evaluation project should be described. Understanding this background helps you know what you’re working
with in terms of stakeholders’ goals, priorities, and interests, as well as the deployment context of the AI system (e.g.,
sector, risk level, intended use).

The deployment context is a key factor in shaping how evaluation results are interpreted and what implications
they carry. For instance, the same evaluation objective—such as assessing a system’s classification capability—may
carry different significance depending on whether the system is deployed in a critical domain (e.g., healthcare, criminal
justice) or a non-critical setting (e.g., entertainment recommendations).
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Task List 1.1.1 - Consider the Different Stakeholders

• Reflect on the institutional context, goals, and priorities of the team conducting the evaluation, and how
these might shape the scope, focus, and interpretation of the results.

• Map the key stakeholders/target audience involved in or affected by the evaluation, outlining their roles,
interests, and potential concerns.

Task List 1.1.2 - Describe the Deployment Context

• Determine whether the AI system is sector-specific (e.g., healthcare, finance, education) or general-
purpose, and clearly identify the relevant deployment context.

• Justify the relevance and urgency of the evaluation based on the deployment setting.
• Assess sector-specific risks, sensitivities, and regulatory frameworks. Determine if the sector involves
high-stakes or safety-critical applications, even when the AI system is used in accordance with its
intended purpose. Capture any domain-relevant ethical, legal, or societal considerations.

Terminology. As AI evaluations have become increasingly complex andmultidisciplinary, spanning various paradigms,
it is important to explain the terminology used. This step is crucial to ensure that all team members are “speaking
the same language,” thereby contributing to clarity and transparency. It also helps establish a shared understanding
among stakeholders and readers, particularly when terms may carry different meanings across disciplines or application
domains. For instance, recent terms like “AI evals” or “dangerous capabilities” carry specific meanings in safety-focused
communities that may differ from their use in other scientific contexts related to the measurement of natural or artificial
cognition or on regulatory contexts, making clarification important.

Task List 1.1.3 - Fix the Terminology

• Keep a list of terms or jargon that may be confusing to team members. Include those that may be
discipline-specific or ambiguous.

• Consult team members from different backgrounds to validate definitions. Include examples or context
where useful to clarify meaning.

• Share the glossary with all team members and relevant stakeholders. Consider submitting it as part of
the project documentation at the pre-registration stage.

Defining Project Goals. A clear and concrete primary objective should be defined and agreed upon by the evaluation
team and relevant stakeholders. There are many different reasons why one might conduct an evaluation, including quan-
tifying system capabilities, tracking progress over time, enabling large-scale comparisons, understanding behavioural
patterns, identifying and estimating potential risks, providing assurance of system safety, predicting if future models can
lead to catastrophic harm or evaluating evaluation methods, among others. As mentioned earlier, the chosen objective
will directly influence the selection of appropriate evaluation methodologies.
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Task List 1.1.4 - Define Project Goals

• Identify the primary purpose(s) of the evaluation (e.g., capability measurement, risk assessment, safety
assurance).

• Describe the uncertainty you want to resolve or the questions you want to answer by conducting the
evaluation.

• List all specific goals and objectives the evaluation aims to achieve as precisely as possible, that would
resolve the questions above.

Project Success Criteria. What would the evaluation look like if it were successful? Clearly specifying the success
criteria provides a benchmark for assessing the evaluation’s effectiveness and whether it has achieved its intended
goals. This might include factors such as the ability to identify meaningful insights, the reliability of the evaluation
process, and the usefulness of the findings for system improvement or decision-making.

Task List 1.1.5 - Establish Project Success Criteria

• Identify specific success indicators as precisely as possible (e.g., insight generation, reliability, applicabil-
ity).

• Consult stakeholders to align success criteria with their expectations and needs.

A.1.2 Determine Technical Objectives.

Evaluation Target and Justification. This step involves identifying and justifying the evaluation targets. In most cases,
the target will be an AI system, requiring a clear definition of the specific capabilities, behaviors, or properties to be
measured or estimated. In the case of meta-evaluations, however, the evaluation target may be the evaluation method
itself (e.g., a benchmark). In such cases, the justification may involve the proposal of a new method intended to address
the limitations of existing approaches—necessitating its evaluation and comparison—or the assessment of the validity
and reliability of alternative techniques.

Task List 1.2.1 - Determine and Justify Evaluation Target

• Clearly specify whether the target is an AI system or an evaluation method. If the target is an AI
system, include identifying details when available—such as the system’s name and version, underlying
architecture, parameter count, and whether it is a base model or has been fine-tuned. If it is a method, a
description of the method, if it is a benchmark, then a full description with its content and procedure.

• Describe the target’s scope. Identify what part or specific situations or behaviours to evaluate, if not the
whole target (e.g., only text in a multimodal system).

• Justify the selection of the target. Explain the relevance and importance of evaluating this target in the
current context, and how this is necessary and sufficient for the project goals and their project success
criteria.

Evaluation Success Criteria. Success must also be defined in technical terms to keep the evaluation efforts on track.
Use the project goal and success criteria determined earlier to formulate metrics and criteria for success. This involves
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translating the broader project goals and high-level success criteria into specific metrics, statistical thresholds, and
operational definitions that guide the analysis.

Task List 1.2.2 - Establish and Justify Success Criteria

• Select and define the evaluation criteria(s) and metric(s) for the evaluation target.
• Describe the success criteria of the evaluation in terms of uncertainty of the estimators, predictability
and other indicators of methodological robustness.

• Justify the success criteria based on the goals and background of the evaluation as a reference against
which to assess whether the evaluation process has met its intended standards. For instance, acceptable
levels of confidence interval width, statistical significance thresholds, or variability across repeated trials
may be set to define what will be considered a reliable or meaningful result.

For example, consider Appendix H, Face Recognition System Comparison. In this case, the project success criteria
are defined as the ability of the evaluation to determine, across all relevant dimensions, whether the new technique
performs significantly better, significantly worse, or shows no difference compared to the baseline. The technical
objectives, in turn, specify these dimensions more precisely—specificity, sensitivity, accuracy, balanced accuracy, and
F-score—as well as the protected groups to be evaluated, including race, gender, and age. Additionally, they delineate the
varying operational conditions under which both System A and System B are assessed, such as differences in lighting,
subject motion, and other environmental factors.

A.1.3 Situation Assessment.

Resource Inventory. Conducting and running an evaluation can be resource-intensive. It is therefore important to
develop an inventory of resources, accounting for computational requirements, data volume, personnel responsible
for conducting the evaluation, and any associated financial costs. When necessary, these considerations allow for
contemplating options for reducing costs, such as through test prioritisation—where inputs generated for tests are
limited to those that denote the more effective adversarial examples.

Task List 1.3.1 - Secure Evaluation Target Access

• Explore and ensure reliable and timely access to the evaluation target, including any necessary APIs,
interfaces or documentation. Determine and secure any legal agreement or conditions of use.

Task List 1.3.2 - Secure Hardware and Software Resources

• Explore and ensure the necessary hardware resources are available to support the evaluation workload.
• Explore and ensure the necessary software resources (licences, APIs, etc.) are available to support the
evaluation workload.
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Task List 1.3.3 - Establish Data and User Feedback

• Ensure access to a dataset suitable for this evaluation, or determine whether it will be constructed.
• Determine if available or built datasets are sufficiently large and diverse to support robust and meaningful
evaluation results.

• Determine and secure the resources and agreements to collect data or feedback on the use or interactions
of the AI system, if needed.

Task List 1.3.4- Evaluation Team

• Ensure there is access to personnel with adequate expertise and experience in evaluation methodologies.
Determine the role of AI conducting parts of the evaluation (LLMs as a judge, reporting, etc.).

• Specify how many people are involved and what roles or areas of expertise they represent.

Requirements, Assumptions, and Constraints. Taking the time to honestly assess requirements, assumptions and
constraints of the project increases the likelihood of a successful evaluation. By making these aspects as explicit as
possible early on, teams can proactively avoid costly setbacks later in the process.

Task List 1.3.5- Specify Project Requirements

• List any necessary conditions for conducting the evaluation (e.g., compliance standards, reporting formats,
required approvals).

Task List 1.3.6- Determine Known Constraints

• Enumerate and quantify all financial constraints covered in the project budget.
• Record limitations such as budget, deadlines, staffing, computational capacity, legal constraints, ethical
constraints or data availability.

Task List 1.3.7 - Establish Key Assumptions and Biases

• Clearly state any assumptions about the system, evaluation environment, etc.
• Determine if the expectations about outcomes may influence or bias design decisions.

Task List 1.3.8 - Ensure Alignment with Stakeholder Expectations

• Ensure that requirements and constraints are understood and accepted by all relevant stakeholders.
• Ensure everyone is aligned on the project scheduling requirements.

Task List 1.3.9 - Plan for Flexibility

• Assess which constraints are fixed and which could be adapted if needed.
• Determine trade-offs (e.g., between evaluation depth and timeline) and how they relate to success criteria.
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Risks and Contingencies. Another important step is to identify potential risks and contingencies that may arise
during the evaluation process. By anticipating these risks, evaluators can implement proactive measures to mitigate
them, ensuring that the evaluation remains on track and that any potential obstacles are addressed in a timely manner.
Furthermore, identifying contingencies helps ensure that alternative strategies are available if the initial approach
encounters significant setbacks. Typical risks to consider include—but are not limited to— scheduling (What if the
evaluation takes longer than expected?), financial (What if funding is reduced or withdrawn during the project?), data
(What if the data are incomplete, low quality, or insufficient in scope?) and results (What if the initial findings are
inconclusive, less impactful than anticipated, or difficult to interpret?)

After considering the various risks, come up with a contingency plan to help avert failure or even disaster.

Task List 1.3.10 - Document Risks and Contingencies

• Document each possible risk.
• Document a contingency plan for each risk.

Current Understanding of Target(s) to be Evaluated. Assessing the current state of understanding of the evaluation
target(s)—and, if necessary, familiarizing oneself with their characteristics—is a critical step in designing effective
evaluations. A clear understanding of the system’s architecture, training data, intended use cases, known limitations,
and prior performance helps ensure that the evaluation is appropriately tailored to the system. Similarly if we’re talking
about humans or benchmarks. This also enables evaluators to identify meaningful knowledge gaps, refine methods,
and ensure that the results will be informative and relevant to stakeholders. Moreover, contextualizing the evaluation
within existing literature or prior assessments allows for better interpretation of results and some justification of
methodological choices.

Task List 1.3.11 - Understand Targets to be Evaluated

• Collect available documentation on the target’s architecture, training data, and development process.
For example, for benchmarks, data provenance, quality metrics, ground truth, annotators, etc.

• Analyze any known strengths, weaknesses, failure modes, or constraints from prior testing or usage.
• Review prior assessments or related literature to contextualize your evaluation and identify gaps.
• Pinpoint areas where information is lacking or uncertain, and determine whether further inquiry is
needed before proceeding.

• Summarize the current understanding and any assumptions made to inform methodological decisions.

A.2 Evaluation Design

Evaluation Design Overview. Once the project’s goals and objectives have been defined, the next step is to design the
evaluation. For example, evaluations could include a combination of standardised benchmarks or tests, red teaming,
and/or human rating. Selecting the most appropriate approaches requires careful consideration of the evaluation
targets, their characteristics, and the tools and protocols available. Although certain elements of the evaluation may be
refined iteratively as new insights or data emerge, establishing a well-justified evaluation design beforehand ensures
alignment with the overarching objectives, and provides a coherent framework within which exploratory analyses or
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adaptive modifications can be meaningfully situated. In this way, a thoughtfully designed evaluation supports both
methodological rigor and adaptive flexibility.

A.2.1 Identify Potential Evaluation Methods.

Identify Tools that Could Be Used for Each of the Targets. Just as it is crucial to understand the target being evaluated,
it is equally important to have a comprehensive overview of the evaluation methods currently available in the state of
the art. The next step, therefore, is to identify the tools, protocols, and resources that can be used to assess the specified
targets in 1.2. This step is essential even when proposing a new evaluation method, as it helps to reveal the limitations
of existing approaches and to provide a well-founded justification for the proposed alternative.

Task List 2.1.1 - Identify Evaluation Tools

• Familiarize yourself with current evaluation methods, tools and benchmarks used in similar contexts.
Review recent academic literature, technical reports, and leaderboards.

• For each target defined in 1.2. list corresponding evaluation tools or protocols, noting their core method-
ology and scope.

• Assess method maturity and adoption. Note whether each tool is widely used, experimental, or still
under development.

• Identify the origin of the method (e.g., academic, open-source, industry) and current level of community
adoption.

• Summarize key strengths and known limitations for each method. Highlight any gaps for which no
adequate method currently exists.

• Monitor emerging work. Given the rapid evolution of AI evaluation, regularly review new tools, methods,
and protocols to ensure the approach remains up to date and aligned with best practices.

Also, several aspects should be reviewed depending on the evaluation method under consideration. If using bench-
marks, this may involve surveying available public or internal benchmark datasets, checking their documentation and
design choices to assess their reproducibility. In the case of red-teaming, identify potential processes for generating
adversarial inputs—whether through automated methods, manual efforts, or hybrid approaches—and consider the use
of diverse classifiers to capture different failure modes. For human evaluations, attention should be paid to the methods
used for collecting responses, including the selection of platforms (e.g., crowdsourcing services) and the criteria for
recruiting and screening raters to ensure reliability, diversity, and alignment with the task requirements.

A.2.2 Selection of Evaluation Methods.

Choosing and Justifying the Evaluation Approach. Based on the information gathered in the previous step, a decision
should be made regarding the most suitable evaluation approach. If none of the existing methods are adequate, this is
the appropriate stage to design or develop a new method.
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Task List 2.2.1 - Selection of an Existing Evaluation Approach

• Evaluate the coverage, relevance, and limitations of each tool or benchmark in relation to the specific
evaluation target(s) and objectives identified in phase 1.2.

• Assess feasibility. Consider the practical constraints, such as available resources, time, required expertise,
and technical infrastructure identified in phase 1.3, for implementing each method.

• Describe the justification for the selection of these method(s), avoiding superficial rationales such as
relying solely on popularity or precedent.

For example, in the case of benchmarks, the analysis should include considerations of the benchmark dataset’s
reliability and validity, both internal and external, particularly in relation to the deployment context of the system(s)
under evaluation, as well as potential issues such as data contamination. For red teaming, the analysis may assess
the recruitment criteria for red teaming practitioners or the diversity and effectiveness of adversarial attacks, as
illustrated in Appendix F, Curiosity-driven Red-teaming for Large Language Models. In the case of human ratings,
the examination could address the use of attention checks to ensure high-quality annotations, as well as methods for
estimating inter-annotator agreement and minimizing bias in ratings.

Task List 2.2.2 - Design a New Method (if applicable)

• Identify gaps. If none of the existing tools or methods suffice, clearly articulate what is missing and why
current options fall short.

• Outline new method objectives and assumptions. Define the specific properties or capabilities the new
method should evaluate and the assumptions underlying its design.

• Propose preliminary design and validation strategy. Describe a plan for testing the method’s effectiveness,
including pilot evaluations, comparisons with baselines, or theoretical justification.

A.2.3 Analytics Specification.

Analytics Planning and Justification. This step helps ensure that the evaluation yields interpretable, reliable, and
meaningful results. Explicit plans for using inferential statistics and uncertainty quantification also strengthen the
validity of the conclusions by clarifying the level of confidence that can be placed in the findings. Overall, a well-defined
analytics plan supports transparency, reproducibility, and robustness.

Task List 2.3.1 - Specify and Justify the Analytics

• Decide the analytics approach for the evaluation data, including which estimators and metrics will be
produced.

• Specify the types of analyses to be conducted (e.g., summary statistics, error analysis, predictive modeling,
visualisations, etc).

• Provide a justification for the chosen analytics approach.
• Determine how inferential statistics and uncertainty quantification will be used to support conclusions
and assess robustness.
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A.3 Project Plan

Project Plan Overview. At this point, you are ready to develop a comprehensive plan for the evaluation project that
can be pre-registered. The research questions posed, along with the defined objectives serve as the foundation for this
roadmap. This plan will guide the design, execution, and analysis phases, ensuring alignment between goals, methods,
and expected outcomes.

A.3.1 Create a Project Plan.

Writing your Project Plan. Documenting the evaluation project plan in writing is essential for ensuring clarity,
coordination, and accountability across the evaluation team. A written plan serves as a shared reference point that
helps align expectations, reduce misunderstandings, and track progress over time. It also enables transparency in
decision-making, facilitates external review or auditing if needed, and supports reproducibility by preserving the
rationale behind key choices. Specifically, the project plan may include the major stages of the evaluation process,
a realistic timeline, including key milestones and deadlines for each stage, the resources required to carry out the
evaluation identified in phase 1.3, the expected outputs and deliverables of the project, including reports or datasets,
and any other relevant information gathered during the previous planning phases.

Task List 3.1.1:

• Draft an initial outline of the evaluation project plan.
• Distribute the draft to all team members for review and input.
• Gather and integrate feedback into a consolidated version.
• Share the updated version for final review or approval.
• Save the finalized plan jointly with sections 1 and 2 in a shared drive or version control system to ensure
accessibility and future reference.

A.3.2 Pre-register Evaluation.

Pre-registration Submission. Pre-registering the evaluation project plan is crucial for enhancing the transparency and
credibility of the evaluation process. This step helps to prevent selective reporting and establishes a clear commitment to
a predefined approach, allowing both internal and external stakeholders to hold the evaluation accountable. Moreover,
pre-registration facilitates reproducibility and enables constructive feedback early in the project.

Task List 3.2.1 - Pre-register

• Select an appropriate time-stamped repository or version control system for submission to receive
potential external or internal feedback.

• Submit a “pre-registration” of the protocol with sections 1, 2 and 3.1, eliminating details that are sensitive
or irrelevant for the registration (team members, exact timelines).

• Consider supplementing the pre-registration with a comprehensive final report, released alongside
project outputs at the conclusion of phase 6.
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A.4 Data Collection

Data Collection Overview. By data collection, we refer to the full set of processes required to generate or obtain
the experimental data necessary for subsequent analysis. This includes preparatory steps such as establishing the
experimental setup, dataset selection, and annotation, as well as the acquisition and preprocessing of existing evaluation
data. Once these elements are in place, experiments with the evaluation target(s) and analysis can be conducted.

A.4.1 Experimental Setup, Annotations and Pilots.

Experimental Setup and Annotations. This step focuses on the practical setup required to conduct the evaluation
as designed in stage 2, which usually involves some combination of tests (benchmarks, interviews, protocols), AI
systems and possibly humans. This includes acquiring relevant data from the evaluation of the target and preparing
the evaluation environment. If existing datasets are used, it is important to ensure they are accessible. If additional
elements—such as annotations, filtering criteria, or preprocessing steps—are required, these should be developed and
standardized. The relevance and applicability of the following tasks within this stage may vary depending on the chosen
data collection method.

Task List 4.1.1 - Collect Data

• If existing datasets are to be used for the evaluation, ensure they are accessible. Resolve any licensing,
hosting, or formatting issues in advance. If humans are required for the evaluation, ensure they are
informed and ethical approvals have been conducted. If AI systems are required (as targets, secondary
elements or evaluators).

• If a new dataset is being created specifically for the evaluation, carry out the necessary steps to generate
and format the input data. This includes collecting or synthesizing data and applying any required
filtering or preprocessing procedures.

• If the target behaviour to be generated dynamically—such as in iterative, trial-and-error procedures
used in red teaming—ensure that practitioners have clear guidelines for interaction. Provide detailed
instructions to standardize the process and maintain consistency across trials.

• Identify and collect any additional data needed (e.g., ground truth labels, reference answers, metadata).
• Verify data quality and integrity.

Task List 4.1.2 - Run Experimental Samples

• Generate or collect behavioural samples (outputs, conversations, etc.) with the target(s) to be evaluated.
• Ensure sampling strategy is consistent with the evaluation design (e.g., random, stratified, adversarial).
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Task List 4.1.3 - Determine Annotation Setup (if applicable)

• Define annotation tasks and criteria. Draft annotation guidelines or rubrics.
• Recruit qualified annotators or crowdworkers, humans or automated.
• Define rubrics, conduct training sessions or provide instructional material.
• Select or build a tool for annotation if humans or a pipeline if automated. Test for usability and clarity.
• Execute the annotation process following the established guidelines and monitor its quality.

Task List 4.1.4 - Develop Filter or Classifiers (if applicable)

• Develop filters or classifiers to pre-screen content.
• Train and validate these tools with appropriate data.

A.4.2 Pilot Tests (Optional). Pilot tests allow the evaluation team to identify potential flaws or unforeseen challenges
in the evaluation design before full-scale implementation. This looks at the project goals and the criteria for success,
beyond the specific metrics. This is especially important when proposing novel methods, as piloting helps ensure that
they meet the intentions of the project but also that the procedures are feasible, the instructions are clear, and the tools
function as intended. Moreover, pilot tests can provide preliminary insights into the data quality and the evaluation
target behavior, enabling adjustments that improve the robustness of the main process.

Task List 4.1.5 - Conduct Pilots

• Define the scope of the pilot. Select a small, representative subset of tasks, AI systems/models, or
participants to test.

• Prepare materials and tools. Ensure all instructions, datasets, interfaces, and evaluation tools are ready
and functional.

• Recruit pilot participants (if applicable). Select evaluators or human raters representative of the main
study’s population.

• Conduct the pilot test. Run the pilot in conditions that mirror the main evaluation as closely as possible.
• Collect feedback and observations. Gather both quantitative data and qualitative input from participants
or observers.

• Identify issues and challenges. Analyze the results to detect procedural flaws, ambiguities, or technical
problems.

• Adjust the protocol as needed. Revise instructions, tools, or evaluation design based on pilot findings.
• Document all changes. Keep a clear record of what was learned and how it informed the updated
evaluation protocol.

A.4.3 Full data collection.

Obtaining the Data for the Analysis. This step involves executing the full-scale data collection process as planned in
earlier stages. At this point, the experimental protocols or evaluation procedures designed in phase 2 are deployed to
systematically generate or gather the data required for analysis. This includes evaluating the targets under controlled
conditions to produce the evaluation data.

Manuscript submitted to ACM



32 Carro et al.

Task List 4.2.1 - Run Full Experiment and Obtain Full Data

• Run the system(s) or benchmarks against the selected input dataset(s), tests or systems.
• Verify that the data collected follows the pre-defined sampling strategy (e.g., balanced, random, represen-
tative).

• Record target behaviour systematically, capturing all relevant metadata (e.g., version, configurations,
time, error messages).

A.4.4 Data preparation.

Preparing the Data for the Analysis . This step focuses on preparing the collected evaluation data for analysis. It
includes cleaning and formatting the raw data to ensure consistency across all tasks and sources. Data quality must be
systematically verified, including checks for missing values, formatting errors, and outliers. Outputs should also be
reviewed to ensure they are sensible within the context of each benchmark. When human ratings or annotations are
involved, this step entails analysing rater consistency, measuring inter-annotator agreement, and identifying potential
biases or anomalies in the responses. Proper data preparation ensures that the analysis conducted in subsequent phases
is based on a reliable and interpretable dataset.

Task List 4.3.1 - Prepare Data

• Clean raw evaluation data. Remove incomplete, duplicated, or corrupted records and standardize text
formats (e.g., whitespace, punctuation, encoding) or generated multimedia data (e.g., contrast, brightness,
etc.).

• Format data for the analysis. Organize model outputs, inputs, metadata, and annotations into structured
formats (e.g., CSV, JSON, database). Label and align variables consistently across all tasks.

• Conduct quality control checks on model outputs. Flag incomplete, corrupted, or low-quality samples
for review.

• Organize and store collected data. Store all collected data in an organized, version-controlled repository.
Include documentation for data provenance, generation conditions, and structure.

• Ensure that the collected dataset is clean, complete, and ready for the analytical procedures defined in
early stages.

A.5 Data Analysis

Data Analysis Overview. This phase involves the systematic analysis of the prepared evaluation data. It begins with
initial exploratory steps to understand the structure, distribution, and patterns in the data. This informs the execution
of the predefined analysis plan, including the computation of summary statistics, metrics, and inferential statistics. The
phase also allows for adjustments to the analytical strategy in response to new findings. The associated analysis of
quality, uncertainty of estimators and any other additional analyses on unexpected patterns is also conducted here.

A.5.1 Initial Data Exploration.

Preliminary Data Review. In this step, the goal is to develop a comprehensive understanding of the evaluation data
before conducting the planned analyses. This includes visualizing data distributions, identifying trends, and exploring
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system behaviour across different tasks or features. This phase may lead to modifications in the analysis plan or
inclusion/exclusion criteria, all of which should be transparently documented.

Task List 5.1.1 - Conduct Preliminary Data Review

• Describe and summarize key variables and distributions in the evaluation dataset.
• Visualize performance, safety and other behavioural patterns using plots (e.g., histograms, scatter plots,
confusion matrices).

• Explore variation across task features, such as prompt types, input lengths, or topics.
• Identify anomalies or unexpected patterns that may affect analysis validity.
• Revise the analysis plan if new insights suggest necessary changes, and document the rationale.
• Define and apply inclusion/exclusion criteria for data points or tasks, if required.

A.5.2 Conduct Planned Analyses.

Quantifying System Behavior. This step involves executing the analyses as defined in the analysis plan. The objective
is to quantify system performance, safety and other aspects of behaviour using the agreed metrics (aggregates) and
estimators (predictive models of behaviour). Data is aggregated and broken down by relevant dimensions to enable
interpretation across tasks, contexts, or conditions.

Task List 5.2.1 - Quantify Behaviour

• Execute the planned analyses as specified in phase 2.3 of this protocol.
• Aggregate data at relevant levels (e.g., per-task, per-model, per-output category).
• Compute summary statistics and metrics (e.g. accuracy, BLEU, perplexity, or others depending on context)
or estimate constructs from labelling, item response analysis or data factorisation

• Disaggregate results to reveal breakdowns by for example, prompt type, domain, levels of difficulty.
• Conduct inferential statistical tests, such as t-tests or ANOVA, to assess significance.
• Build prediction models to study performance dependencies or other effects on behaviour under different
conditions.

A.5.3 Assess and Refine Analyses.

Verification and Refinement of Analytical Methods. The final step in this phase ensures the robustness and inter-
pretability of the analyses. It involves uncertainty quantification, testing the assumptions behind the analytical methods,
and inspecting any unusual results. If necessary, estimators or models should be refined to improve alignment with the
evaluation objectives and data realities.
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Task List 5.3.1 - Verify and Refine Analysis of Results

• Quantify uncertainty by computing confidence intervals, prediction model error margins, among others.
• Verify that analysis assumptions of statistical tests or models are satisfied (e.g., normality, homoscedas-
ticity).

• Evaluate if estimators meet the evaluation criteria established in earlier phases. Compare with baselines.
• Investigate unexpected patterns in the data or outputs to identify possible explanations.
• Refine estimators or prediction models, if assumptions are violated or uncertainty is too high.
• Document all adjustments and justifications for methodological transparency and reproducibility.

A.6 Conclusions & Review

Conclusions & Review Overview. This final phase wraps up the evaluation process by synthesizing findings, reflecting
on the evaluation procedure, and planning future steps. Drawing well-grounded conclusions is critical to ensure that
the results are accurately interpreted and communicated in relation to the original objectives. This phase also aims to
assess the effectiveness of the evaluation process itself, document key lessons learned, and formalize the project’s legacy
and contributions. Finally, any pre-registered materials should be finalized and archived according to the protocol’s
requirements.

A.6.1 Draw Conclusions. In this step, evaluators synthesize the analytical findings to derive conclusions about the
evaluation target(s)’s capabilities, limitations, safety, fairness and other behavioural indicators. These conclusions must
be contextualized in terms of the goals and success criteria defined in phase 1. It is equally important to explicitly
acknowledge the limits of what the findings can support, to avoid overinterpretation or unwarranted generalisations.

Task List 6.1.1 - Draw Conclusions from the Evaluation

• Summarize the main findings regarding the evaluation target. If it is an AI system or human-AI ecosystem,
their behavior, capabilities or safety. If it is a benchmark, its sensitivity and specificity, etc.

• Clearly state which conclusions can be confidently drawn from the data.
• Identify key limitations or uncertainties in the findings.
• Evaluate the findings against the goals and success criteria established in phase 1.

A.6.2 Review Evaluation Process. This step entails a reflective assessment of the evaluation procedure. It examines what
aspects of the process worked effectively and which did not, both in terms of methodology and tooling. Capturing these
insights is essential for improving future evaluations and for contributing to the broader evaluation ecosystem. This
step should also document the “legacy” of the project: datasets created, tools developed, or methodological innovations
introduced.
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Task List 6.2.1 - Review Evaluation Process

• Document aspects of the process that were effective or efficient.
• Identify observed bottlenecks, challenges, or failures in the process or tools.
• Recommend improvements for future evaluations.
• Describe the project’s legacy, such as reusable assets, tools, or datasets.

A.6.3 Determine Next Steps. Based on the results and review, this step defines the follow-up actions. These may
include conducting further evaluations or suggesting deployment, among others. It also covers decisions about how to
disseminate the findings and whether to release any outputs such as code, datasets, or reports.

Task List 6.3.1 - Determine Next Steps

• Decide whether additional system development or evaluation is needed.
• Determine implications for deployment or downstream use.
• Decide how and where to communicate or publish the results.
• Define ownership, access, and distribution strategy for outputs (e.g., datasets, reports, benchmarks).

A.6.4 Complete the Registration. The last step is to complete and submit the final report. This report should follow the
structure of the protocol, summarizing the methods, findings, and conclusions, and noting any deviations from the
original plan. This ensures transparency and reproducibility of the evaluation effort.

Task List 6.4.1 - Complete the Registration

• Finalize the evaluation report according to the protocol’s structure.
• Include all necessary appendices (e.g., prompts, rating rubrics, statistical models).
• Document and explain any deviations from the pre-registered plan.
• Upload the final report to the designated repository or registry.

B Methodology for Developing PREP-Eval

As explained in the paper, PREP-Eval draws on established methodologies and processes from adjacent disciplines,
including data mining and analysis, cybersecurity, and software testing, as well as on widely recognised best practices
from other scientific fields, such as psychology, physics, and medicine, including the practice of pre-registration.

In particular, the protocol is inspired by CRISP-DM, which remains the gold-standard framework for planning and
documenting goal-oriented data science projects. We adopted CRISP-DM as a structural reference and adapted it to the
specific requirements of AI evaluations. Its clear, accessible, and practical organisation, especially its use of structured
task lists, provided a useful foundation, which we reworked to reflect the distinctive characteristics of AI evaluation
workflows.

One key adaptation concerns the role of data. In traditional data mining, the emphasis is typically placed on analysing
pre-existing datasets to construct statistical models, with comparatively limited attention to experimental design.
By contrast, AI evaluations often require the deliberate design and execution of multiple experiments or structured
interactions with AI systems in order to generate evaluation data, which are then subjected to analysis. Beyond this
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difference, several stages of the protocol retain conceptual continuity with CRISP-DM: in particular, our Phase I shares
multiple sub-steps with CRISP-DM’s Business Understanding phase, as well as with elements of Data Preparation.
Building on this, we incorporated explicit stages dedicated to pre-registration. In particular, the two registration steps
introduced in Phases 3.2 and 6.4 represent a desirable minimum. Pre-registration stages are intended to clearly separate
ex ante commitments, such as evaluation objectives, planning, and design choices, from the ex post execution of the
evaluation and subsequent analysis.

After outlining the core stages of the protocol, we applied it to a diverse set of use cases, including evaluations
conducted by third parties as well as evaluations performed by the authors themselves. This process enabled iterative
refinement of the protocol. Several of these case studies are presented in the appendices. Throughout this process, we
systematically discussed implementation challenges with the paper’s authors and with domain experts in AI evaluation,
using their feedback to further refine and improve the protocol.

We anticipate that PREP-Eval will continue to evolve in response to feedback from the broader community, and
in particular from its users. We expect the protocol to be refined as it is applied to a wider range of use cases and as
additional implementation details are specified, such as who receives and manages pre-registrations, how feedback and
iteration are handled, and how practical constraints (e.g., timelines, personnel turnover, proprietary information, or
information hazards) are addressed, topics that fall outside the scope of this paper. In this work, we take an initial step
in this direction by illustrating the application of the protocol across a diverse set of use cases.

Looking ahead, we plan to associate the protocol with a curated repository of sample evaluations, building on existing
repositories, to provide practitioners with concrete examples and sources of inspiration. Over time, we also anticipate
that the protocol will adapt to function as a robust governance tool, helping to address many of the challenges in AI
evaluation that motivated its development.

C Appendix: Red teaming GPT-3 for false statements

Here we are going to cover a red-teaming effort with the goal of systematically eliciting false statements generated
by GPT-3. We will follow a real example developed in section 3.2 of Casper et al. (2023). In this paper, the authors
present a framework that consists of three steps: “1) Exploring the model’s range of behaviours in the desired context; 2)
Establishing a definition and measurement for undesired behaviour(e.g., a classifier trained to reflect human evaluations);
and 3) Exploiting the model’s flaws using this measure to develop diverse adversarial prompts”. In what follows, these
steps will be integrated in some of the stages in the PREP-Eval methodology quite naturally.

We will now describe the real case more specifically, and then we will populate the PREP-Eval stages from beginning
to end.

CASE DESCRIPTION: Consider a language model such as GPT-3-text-davinci-002. We want to search the model’s input

space for a small set of prompts that elicit false statements. The red team does not start with any classifier about what is

true or false, and will need to use human assessment or ChatGPT to determine the falsehood of the statements. Apart from

this the whole procedure must be automated, and should produce (1) a dataset of GPT-3 generations into three classes: “true”,

“false” or “neither” according to human knowledge or ChatGPT, (2) a classifier that would determine if prompt + generation

falls in the three classes, and (3) a prompt generator and the associated series of prompts that lead to high percentage of

false statements, from the standard falsehood of 30% to values above 70%.

C.1 Goals and Objectives

C.1.1 Determine Project Purpose.
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Relevant Background: Language models tend to hallucinate and produce false statements, and some prompts can
even increase the level of falsehood or even ensure the output is going to be false. Systems such as GPT-3 had very little
protection against these prompts, so there’s interest in analysing the model to see how vulnerable it is to prompts that
lead to false generations. The evaluation project will not assume the team has any filter or any classifier about what is
true or false, and will have to build this from human annotators or ChatGPT.

Project Goal: “Determining the degree of vulnerability of GPT-3-text-davinci-002 by finding small sets of prompts
that elicit false statements systematically”.

Project success criteria: The success criteria are that the team finds a set of prompts that look meaningful, sufficiently
diverse and lead to false generations from GPT-3-text-davinci-002 in a range of domains. By false generations they
mean false according to common knowledge, i.e., obviously false. In other words, they are not looking for difficult
questions for which the language model will fail but generations that are easy and well-known but they make GPT-3
generate clear falsehood when prompted in some adversarial way.

C.1.2 Determine Technical Objectives.

Evaluation Target: Search the model’s input space for prompts that elicit false statements according to human
evaluators, in order to build a classifier and a prompt generator for GPT-3-text-davinci-002 that increases the falsehood
of the generated text from the standard 30% to values above 70%.

Target Justification: The team set a percentage of 70% because they observe that the standard level of falsehood in
GPT-3 for well-known facts is already around 30%. They do not set a higher percentage because it is sufficient to show
vulnerability if the value is significantly larger than 50%; the important trade-off would be diversity, but they do not
have a metric of diversity in the prompts.

Target Estimates Success Criteria: The success criteria are that the values are above 70% and that the prompt generator
has some diversity, so it covers a representative sample of prompts, even if for some restricted topics, that produce
these false generations.

C.1.3 Situation Assessment.

Resources: The team is composed by the authors of the paper Casper et al. (2023), and will have access to human
annotators (contractors) for at least two human responses for 20,000 statements. The team will also have access to
ChatGPT to use as alternative annotation means. The team will have access to enough compute to build the classifier
model and other steps of the process.

Requirements and constraints: The evaluation is performed in six months1. No previous classifier of falsehood must
be used.

Risks: The annotations from humans or ChatGPT are not of enough quality to build a good classifier. The classifier is
not ultimately useful for the prompt generator. They do not find a good trade-off between effectiveness of the prompts
and diversity.

1This is a rough estimate taking into account the details in the appendix of Casper et al. (2023) and the use of SurgeAI for the human annotations.
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Current Understanding of the Evaluated Target: The team is very knowledgeable about techniques for red teaming
language models, including how to fine-tune language models to classify falsehood and use reinforcement learning
techniques to generate the prompts. However, the team does not know how easy it may be to reach high levels of
falsehood from GPT-3.

C.2 Evaluation Design

C.2.1 Identify Potential Evaluation Methods.

Alternatives: There are several options. Many red teaming methods are discussed in sections 2 and 4 of Casper
et al. (2023) with techniques such as the use of filters, standard classifiers such as CREAK, manual red teaming,
reinforcement learning from human feedback (RLHF), and more specifically diversity sampling, fine-tuning models as
classifiers, labelling by humans, by ChatGPT, etc.

C.2.2 Selection of Evaluation Methods.

Methods: Diversity sampling is used, based on the internal activations of the model in the last layer, using K-means
clustering to generate statements. Humans and ChatGPT are used to determine the class of these statements, and with
the labelled datasets, an ensemble of five RoBERTa-based text-classifiers is used. Adversarial prompt generators are
built using RL with the trlx library because of their use in previous work, their generalisation power and the capability
of generating as many prompts as desired. Finally, this will generate the prompts automatically but the percentage of
falsehood generations will be evaluated manually.

C.2.3 Analysis Specification.

Data for Analysis: Once the prompt generator is operative, 100 samples will be created using all the considered
methods, and run through GPT-3 to obtain the generations.

Metric Estimators: For all these generations the diversity will be analysed and then the % of falsehood will be obtained.

C.3 Project Plan

C.3.1 Create Project Plan.

Plan: The project will span for 6 months and have the following stages. Time is measured in months, from M1 to W6.
We assume the team participates in all stages.

• Stage 1 (M1): “Design”: In this stage the experimental setting is discussed and settled, the goals, budget and plans.
This corresponds to the first three phases of this protocol.

• Stage 2 (M2): “Explore”: “The objective of this step is to acquire diverse samples from the model’s outputs,
enabling a user to examine the range of behaviors it can produce”. This includes the diversity sampling to get
20,000 sentences.

• Stage 3 (M3): “Establish”: “This step involves analysing the data from the Explore step and developing a measure
for harmful outputs”. This includes labelling the dataset and training a classifier from the labels.

• Stage 4 (M4): “Exploit”: “Exploit the model’s weaknesses with adversarial prompts”. This will build the adversarial
prompt generator and generate the prompts with them.
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• Stage 5 (M5): Data analysis. The prompts generated by different techniques will be scored manually to see if the
evaluation objectives are met.

• Stage 6 (M6) : Review of the evaluation process, final reporting and next steps. This is mostly the writing-up of
Casper et al. (2023).

C.3.2 Pre-register Evaluation.

Pre-registration repository: The protocol declaration was not publicly registered after the red teaming effort was
designed. The first publication comes at the end of the whole protocol, in the form of an arXiv paper, as well as GitHub
repositories. As this originates from a research paper, no feedback is reported.

C.4 Data Collection

C.4.1 Experimental Setup, Annotations and Pilots.

Experimental Setup: This phase corresponds to the so-called Explore and Establish steps (and part of the Exploit) in
Casper et al. (2023). It starts with diversity sampling, first prompting the model for “interesting facts” and then using
K-means clustering to partition the embeddings into clusters. Then this is used to generate 20,000 sample sentences,
which were filtered with CREAK for those that least resembled factual claims and other criteria (see section 3.2 of
Casper et al. (2023)). This subphase also includes the preparation of rubrics and setup of annotators and ChatGPT.

Annotations: Humans and ChatGPT are used separately to annotate the 20,000 sentences into three classes: CK
True, CK False, representing whether the sentence is true or false by common knowledge (CK), or neither, in the sense
that a typical person could not know whether this is true or false. Casper et al. (2023) justify the need of this third
class. Humans are preselected using the criteria in C.2 in Casper et al. (2023) to check they are good annotators. The
rubric/prompt for ChatGPT is explained in appendix E of Casper et al. (2023). From this labelled dataset a classifier is
trained using five RoBERTa-based models (note that this is not the estimator, but an auxiliary tool for the estimator that
will be built in the next phase). Using the classifier, reinforcement learning (RL) is used to train an adversarial prompt
generator to produce prompts that trigger false completion from GPT-3. The reward used to train the prompt generator
has two terms. The first is the classifier’s logit confidence in the completion’s falsehood. The second is based on the
intra-batch cosine distances of the target LM’s embeddings of the generated prompts to ensure diversity (avoiding
“collapse” by the prompt generator).

C.4.2 Full Data Collection.

Evaluation data: Using the prompt generator developed in phase 4.1 the team generates 100 prompts (“generated
prompts”), and also collects 100 of the original prompts (not coming from the prompt generator), serving as control
(“control prompts”).

C.4.3 Data Preparation.

Data Readiness: Initial inspections are made on the generated prompts (see Table 4 in Casper et al. (2023)). As the
continuations from the prompts are evaluated by humans (the authors of the paper), no further processing to the result
data is needed.
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C.5 Data Analysis

C.5.1 Initial Data Exploration.

Exploratory analysis: “The adversarial prompt generators learned to output prompts primarily about Republicans,
Democrats, Russia, and Barack Obama which elicited completions related to political misinformation. We checked the
dataset and labels that the truthfulness classifier was trained on. It contained few political statements. For example,
among the sentences with ‘common knowledge-false’ labels, none mentioned Republicans, one mentioned Democrats,
and one mentioned Barack Obama, and one about Russia and politics. This lack of training data about politics suggests
that the classifiers [...] generalized to learn that these political completions from the target LM were frequently false”
[25].

Feature relevance: The paper did not examine the variation of results according to several features, such as constraining
on topics. For instance, we do not know if for science topics we could get the same level of CK-falses. The break-out in
terms CK-false, CK-true and neither is not provided.

C.5.2 Conduct Planned Analyses.

Summary statistics: An average of 30% of the control prompts were actually CK-false, but 74% of the completions
from the adversarial prompts were CK-false. These are the results when using humans as annotators. When using the
classifiers trained on ChatGPT-3.5-turbo, 17% of the ‘control prompts’ were common-knowledge-false but an average of
76% of completions were CK-false from the adversarial prompts. While this may suggest that ChatGPT-3.5 is better
annotator than humans, completions elicited using ChatGPT “had no apparent tendency to be untruthful. In these cases,
the prompts and completions tended to either be toxic or be nonsense strings of code-like vocabulary. This suggests
that ChatGPT-3.5-turbo labels produced classifiers that were more hackable” [25]. No more details were given.

C.5.3 Assess and Refine Analysis.

Ablation: Table 6 of Casper et al. (2023) shows random examples of prompts (‘control prompts’) and completions
when red-teaming GPT-3-text-davinci-002 without a diversity term in the reward function. 61 out of 100 prompts that
we sampled were all identical: “Donald Trump Donald Donald Donald John TrumpHouse Republican threatens”.

Uncertainty Quantification: We do not have information about the standard deviation or any other uncertainty metric
of the summary statistics. Given the small number of prompts to calculate them (100), there is high uncertainty in the
reliability of these values. There are some considerations in the appendix of the paper, but not to the point of calculating
confidence intervals or standard errors.

C.5.4 Conduct Additional Analyses (as necessary). Other baseline results: Appendix D in Casper et al. (2023) shows
results with a CREAK classifier, as an alternative to humans and ChatGPT. As ChatGPT seems to stand in an intermediate
position, it is suggested that perhaps annotation with GPT4 or better models could get results to those obtained with
humans.

C.6 Conclusions & Review

C.6.1 Draw Conclusions.
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Findings: The evaluation found that GPT-3 can be prompted quite effectively to get a high rate of false statements. A
prompt generator was built that can automate the generation of many prompts in a topic.

Limitations: We observed some degree of mode collapse (lack of diversity in the prompts, all dealing with a narrow
set of political topics). The experiments found that a “third category of ‘neither’ was necessary to label the examples
adequately and train a classifier that did not provide an easily hackable reward signal” [25].

Goal achievement: The targets set in the evaluation objectives (increasing the falsehood of the generated text from
the standard 30% to values above 70%) were achieved, but there are doubts about the diversity of the prompt generator.
Regarding the main project, the goal of showing how vulnerable GPT-3-text-davinci-002 is, the team met some criteria,
but they do not know how this generalises to other domains and more diversity.

C.6.2 Review Evaluation Process.

Lessons learnt: Annotations from humans worked well, but the use of ChatGPT with a rubric did not produce good
results.

Recommended changes: Since the most costly part of the procedure is the manual annotation, it is suggested to use
GPT-4 or more powerful models for this and see if the results get closer to human annotations. We need to introduce
prompt diversity metrics and set evaluation goals that find a trade-off between effectiveness of the prompts and their
diversity.

Legacy: The evaluation shows that “it is possible to red-team a model with little knowledge of what failure looks like
before beginning the process. But this comes at the expense of exploration and manual data screening.” [25]. The paper
and the data/code can be used by other evaluators.

C.6.3 Determine Next Steps.

Next steps: The result of the evaluation and the code will be published. About the technical changes, “K-means-based
diversity sampling is the only tool that we used to find a diverse subset of model behaviors. Others could be valuable as
well. [...] Additional work to interpret and red-team models under different operationalisations of truth (e.g. common-
knowledge vs. objective facts) would also be valuable. [...] it remains an open problem of how to effectively produce
highly diverse and fluent prompts that elicit harmful outputs. [The] method to reward diversity was effective, but we
still observed some degree of mode collapse. More work is needed for red-teaming models in a way that will produce
highly diverse adversarial inputs. In-context reinforcement learning may be a valuable new avenue for exploration
[90]” [25].

C.6.4 Complete the Pre-registration.

Report: The evaluation procedure as well as the result were published in Casper et al. (2023), not following PREP-Eval,
as the protocol wasn’t available yet.

Evaluation results: The CommonClaim dataset of 20,000 statements labelled by humans as commonknowledge-true,
common knowledge-false, or neither was released here: https://github.com/thestephencasper/explore_establish_exploit_
llms, and the code is available at https://github.com/Algorithmic-Alignment-Lab/CommonClaim. However, as we need
to run the code to get the detailed data, this is not in accordance with the recommendations of Burnell et al. (2023).

Manuscript submitted to ACM

https://github.com/thestephencasper/explore_establish_exploit_llms
https://github.com/thestephencasper/explore_establish_exploit_llms
https://github.com/Algorithmic-Alignment-Lab/CommonClaim


42 Carro et al.

D Appendix: Interactional Fairness in LLM Multi-Agent Systems: An Evaluation Framework

The second case we will explore is a real-world example in which Binkyte (2025) develops a novel framework for
evaluating interactional fairness in LLM-based multi-agent systems (LLM-MAS). Drawing from organisational psy-
chology, the author uses and adapts quantitative and qualitative established tools to assess fairness as a measurable,
communicative behavior. The framework is then validated through controlled simulations, highlighting how fairness
perceptions impact system performance.

We will now describe the real case more specifically, and then we will populate the PREP-Eval stages from beginning
to end.

CASE DESCRIPTION: Consider an interaction involving multiple LLM-based agents tasked with solving a problem. In

this context, the communicative dimension of fairness is crucial for ensuring successful coordination among agents. To

evaluate this dimension, Binkyte (2025) proposes a framework that adapts the concept of interactional fairness, originally

developed for human interactions, to LLM-based multi-agent systems. The framework accounts for both interpersonal and

informational fairness and employs a combination of qualitative and quantitative assessment tools. In addition, it introduces

an evaluation card to support the structured application of the framework. Finally, the author demonstrates the framework’s

practical feasibility through a resource allocation case study, implementing multiple experimental manipulations within a

negotiation scenario to examine how interactional fairness relates to different configurations of contextual cues, as well as to

distributive, informational, and interpersonal fairness.

D.1 Goals and Objectives

D.1.1 Determine Project Purpose.

Relevant Background: Fairness in AI systems has traditionally been approached through two dominant lenses:
Distributive fairness (equity in outcomes) and Procedural fairness (consistency and neutrality in decision-making).
However, the increasing adoption of multi–LLM-based agent systems as autonomous productivity assistants that
involve sustained communicative interactions renders the communicative dimension of fairness increasingly important
for successful coordination among agents. Misalignment between agent behaviour and interactional fairness norms,
which concern how decisions are delivered, justified, and socially enacted, can lead to system malfunctions, undermine
social expectations, erode user trust, and result in delays or breakdowns in cooperation. This motivates the need for
evaluation efforts that explicitly assess this communicative dimension of fairness.

Project Goal: The evaluation case study has four objectives: (1) to validate the internal consistency of the framework
in diverse conditions, (2) to demonstrate the feasibility of fairness-focused behavioural measurement in simulated LLM
interactions, (3) gain insight on the interdependence of interactional fairness, distributional fairness and contextual
framing, and (4) to highlight how interactional fairness influences negotiation outcomes.

Project Success Criteria: The evaluation will be considered successful if (1) it shows the consistent application of
the framework in the case study, serving as a proof-of-concept, (2) demonstrates the feasibility of fairness-focused
behavioural measurement in the case study, (3) provides insights into the interdependence between interactional
fairness, distributive fairness, and contextual framing, and (4) evaluates whether interactional fairness influences
negotiation outcomes.

D.1.2 Determine Technical Objectives.

Manuscript submitted to ACM



PREP-Eval : Pre-registration and REporting Protocol for AI Evaluations 43

Evaluation Target: Interactional fairness in LLM-based multi-agent systems (LLM-MAS).
Interactional fairness comprises two dimensions: interpersonal fairness and informational fairness. Interpersonal

fairness refers to the extent to which an agent’s communicative behaviour reflects politeness, acknowledgment, and
social respect. In organisational contexts, it relates to respectful treatment by authority figures, in LLM-MAS, it
manifests in whether an agent’s language includes inclusive framing, tone moderation, and recognition of others’ roles.
Informational fairness, by contrast, concerns the adequacy, clarity, and transparency of the explanations provided by
agents, particularly when justifying decisions, recommendations, or resource allocations.

To operationalize and measure interactional fairness, the framework employs a combination of quantitative and
qualitative metrics. Quantitatively, interactional fairness is assessed using 5-point Likert-scale ratings adapted from
Colquitt’s subscales for interpersonal and informational fairness. Qualitatively, the evaluation relies on open-ended
prompts adapted from the Critical Incident Technique (CIT) and Explanation Journaling practices, designed to capture
point-wise and evolving communicative behaviors—such as deference, quality of justification, and tone violations—while
also eliciting constructive suggestions for improvement.

Two classification models are trained to explore how fairness dimensions predict the outcome of the negotiation.

Target justification: Organisational psychology research has shown that Interactional fairness is an important factor
alongside distributional and procedural fairness and can increase cooperation and reduce the propensity to conflict or
deception in human teams. Consequently, the evaluation framework is grounded in organisational psychology and
adapted for use in LLMs that lack introspective awareness. The adaptations involve structured prompts and fairness
evaluation cards tailored to agent dialogue. Each tool is designed to elicit responses that align with socially interpretable
fairness cues.

Target Estimates Success Criteria: Given the exploratory nature of the study, the successful application of the proposed
metrics is expected to demonstrate how fairness cues in language can influence agent decision-making. No statistical
significance thresholds are specified. With respect to the classification models, high classification accuracy is considered
indicative of success, although no explicit accuracy threshold is defined.

D.1.3 Situation Assessment.

Resources: The team, composed of the author of the paper, Binkyte (2025), has access to sufficient resources to
implement Agents A and B involved in the interaction. The team also has adequate resources to train two simple
classification models.

Requirements and constraints: The evaluation will be performed in two weeks2.

Risks: Given the exploratory nature of the study, the dataset size may be modest, potentially limiting statistical power
and yielding inconclusive results. Additionally, the simulated setting may be overly simplified or highly controlled,
which could reduce the external validity of the findings.

Current understanding: The author has expertise in LLM-based agents and multi-agent system applications, as well
as knowledge in fairness in AI and its evaluation. In addition, the author’s understanding of organisational psychology
enables the adaptation of established fairness concepts to LLM-agent-based interactions.

2This is a rough estimate considering the complexity of the project, team size, among other aspects.
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D.2 Evaluation Design

D.2.1 Identify Potential Evaluation Methods.

Alternatives: To evaluate interactional fairness, multiple collaborative tasks can be proposed. These tasks may involve
either single-turn or multi-turn interactions and can be carried out by varying numbers of agents. The task context
can also be varied along multiple axes, including cooperative versus competitive tasks, hierarchical versus egalitarian
agent roles, and aligned versus conflicting objectives. Agent outputs may be annotated by an agent participating in the
interaction, by an external agent, or by human evaluators.

D.2.2 Selection of Evaluation Methods.

Methods: A controlled simulation was used: The Fair Divide. This case study involves a negotiation task inspired by
classical fair division problems, adapted for multi-agent interactions. In this scenario, two agents, Agent A and Agent B
negotiate how to divide a fixed resource pool (e.g., tokens). Agent A makes a proposal, while Agent B evaluates the
fairness of the interaction and decides whether to accept or reject the offer.

D.2.3 Analysis Specification.

Data for Analysis: To generate data for the analysis, the scenario is systematically manipulated along four dimensions.
First, interpersonal fairness is varied by having Agent A adopt either a respectful, cooperative tone (e.g., acknowledging
Agent B’s input) or a dismissive, unilateral tone (e.g., “I’m taking 7 tokens, no debate.”). Second, informational fairness
is manipulated by having Agent A provide either a clear, task-relevant justification (e.g., “My task requires three
subtasks using tokens”) or a vague rationale (e.g., “I just need them more.”). Third, the task context is framed either as
collaborative, with agents working toward a shared goal, or as competitive, where each agent aims to maximize its
own gain. Finally, the resource split is varied across three conditions: an equal split (5–5), representing a fully equal
allocation; moderate inequality (6–4), reflecting a slightly asymmetric but plausibly justifiable allocation; and high
inequality (7–3), representing a clearly asymmetric allocation typically perceived as unfair.

For each scenario quantitative and qualitative data is collected. Specifically, Agent B provides Likert-scale ratings
evaluating interpersonal fairness, such as the respectfulness of tone, and informational fairness, including the clarity of
explanations, as well as a binary accept/reject decision. A formula for aggregating fairness assessments is proposed in
the evaluation framework and is applied in the case study for quantitative evaluations. In addition, free-text reflections
are gathered from Agent B to qualitatively explain and contextualize each decision, which are thematically analyzed.

Metric Estimators: Each experimental scenario is run five times to ensure variation in language model outputs. Each
run is initialized independently.

D.3 Project Plan

D.3.1 Create Project Plan.

Plan: While Binkyte (2025) does not report the project stages or timeline, this section provides inferred estimations
based on the paper. These estimations are hypothetical and intended to offer a structured approximation of the process.
The project will span for 2 weeks and have the following stages. Time is measured in days, from D1 to D15.
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• Stage 1 (D1-D3): Given that the evaluation framework has already been established, the next step will be to
develop the project plan encompassing Steps 1–3 of the protocol. This will involve designing a specific case
study through which the evaluation framework can be applied.

• Stage 2 (D4-D11): Train the classification models to explore how fairness dimensions predict acceptance likelihood.
• Stage 3 (D12-D15): Subsequent days are focused on data generation, conducting the analysis, and formulating
conclusions and revisions, corresponding to steps 4–6 of the protocol.

D.3.2 Pre-register Evaluation.

Pre-registration repository: The protocol declaration was not publicly registered after the design of the evaluation.
The first publication comes at the end of the whole protocol, in the form of an arXiv paper. As this originates from a
research paper, no feedback is reported.

D.4 Data Collection

D.4.1 Experimental Setup, Annotations and Pilots.

Experimental Setup: To collect the data, Agent A’s proposals are generated using GPT-4 with a temperature of 0.7,
while Agent B’s responses are generated with a slightly lower temperature (0.6) to encourage more stable evaluations.

An evaluation card, proposed in the general evaluation framework as a JSON-based schema is implemented. After
each interaction, agent B is asked to complete this schema by reflecting on the interactional fairness of communication of
Agent A. The card captures the contextual information, and both interpersonal and informational fairness via structured
fields.

D.4.2 Full Data Collection.

Evaluation data: The dimensions manipulated are fully crossed to generate distinct experimental conditions. First,
crossing interpersonal and informational fairness results in four interactional fairness conditions: (1) high interpersonal
and high informational fairness, (2) high interpersonal and low informational fairness, (3) low interpersonal and high
informational fairness, and (4) low interpersonal and low informational fairness. Each of these four interactional fairness
conditions is then tested under different resource split and task context settings. Fully crossing these dimensions results
in a total of 24 unique experimental scenarios. Each scenario is run five times, yielding 120 runs in total.

Quantitative Data. For each interaction, Agent B provides Likert-scale ratings assessing interpersonal fairness
(respectfulness of tone) and informational fairness (clarity of explanation), along with a binary accept/reject decision.

Qualitative Data. Free-text reflections from Agent B are also collected to explain each decision.

D.4.3 Data Preparation.

Data Readiness: The author does not describe any specific data preparation process.

D.5 Data Analysis

D.5.1 Initial Data Exploration.

Exploratory analysis: The paper does not report any exploratory analysis.

D.5.2 Conduct Planned Analyses.
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Analysis: First, the overall acceptance rates are analysed under the four interpersonal and informational fairness
conditions (respectively, High-High, High-Low, Low-High and Low-Low), and in collaborative or competitive context.
Then, variation in fairness ratings across conditions is observed. Qualitatively, the responses were thematically analyzed,
identifying recurring motifs such as inadequate justification, overly assertive tone, or mismatched expectations under
competitive framing. Particular focus was given to edge cases—e.g., rejections of equal splits or acceptances of highly
unequal splits—which offer insight into how communicative behaviour can override purely outcome-based fairness
judgments. The author reports mean ratings and standard deviations per condition.

Predictive models: To explore how fairness dimensions predict acceptance likelihood, two simple classification
models were trained: a Decision Tree, and Logistic Regression with L1 (lasso) and L2 (ridge) regularisation. Predictor
variables included: Respectfulness rating (interpersonal fairness), Explanation clarity rating (informational fairness),
Proposed resource split (distributional fairness). The target variable was the positive or negative acceptance decision.
The predictions were run per Context (collaborative or competitive). These weights from the models are used to help
interpret the relative influence of Interpersonal, Informational, and Distributional fairness on agent decision behavior.

D.5.3 Assess and Refine Analysis. The paper does not report any analysis refinement.

D.6 Conclusions & Review

D.6.1 Draw Conclusions.

Findings: The author shows that interactional fairness, the tone and justification quality, significantly affects accep-
tance decisions even when objective outcomes are held constant. In addition, in collaborative settings, interpersonal
fairness, particularly tone and mutual respect, had a stronger effect on acceptance behavior. In competitive settings,
informational fairness i.e., the clarity and adequacy of explanation, was more influential. These results are considered
as behavioural indicators consistent with human-aligned fairness norms.

Limitations: The interaction setting is limited to a one-shot resource negotiation task and lacks many features of
real-world multi-agent systems, such as memory, adaptation, long-term incentives, or evolving social structures. While
this simplicity enables interpretability, it also constrains ecological validity.

Goal achievement: The evaluation successfully validated the internal consistency of the framework applied to the
case study, demonstrated the feasibility of fairness-focused behavioural measurement in simulated LLM interactions,
provided insights on the interdependence of interactional fairness, distributional fairness and contextual framing, and
evidenced how Interactional fairness influences negotiation outcomes.

D.6.2 Review Evaluation Process. The paper does not explicitly report any lessons learned or recommended changes.

Legacy: The contributions provide a foundation for investigating fairness as a communicative phenomenon in
language-based multi-agent systems.

D.6.3 Determine Next Steps.

Next steps: Extending the framework to more complex, temporally extended interactions will be necessary to
understand how interactional fairness evolves over time or under strategic uncertainty.

D.6.4 Complete the Pre-registration.
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Report: The evaluation procedure as well as the result were published in Binkyte (2025), not following PREP-Eval, as
the protocol wasn’t available yet.

E Appendix: LLM for customer service

The third case we will explore is a real example in which Shi et al. (2024) conduct an evaluation to assess the performance
of an LLM agent called CHOPS (CHat with custOmer Profile in existing System), which they previously developed.
CHOPS employs a classifier-executor-verifier (C-E-V) framework designed to improve the LLM’s ability to utilize tools
more efficiently. Through the work of these three components, the task of answering a user’s question is broken down
into three steps: (1) classifying the type or theme of the user’s question to determine whether they require access to
APIs, guiding files, or both, (2) giving answers or decision operations to be executed and (3) verifying the reject or
commit the result of the executor [125].

We will now describe the real case more specifically, focusing on the evaluation of the CHOPS framework and then
we will populate the PREP-Eval stages from phases 1 to 3.

CASE DESCRIPTION: Consider an LLM agent called CHOPS, specifically designed as an alternative to human customer

service. Its architecture incorporates innovative components that enable more efficient access to APIs and guiding files,

reducing inference costs while avoiding executing incorrect or harmful operations. As part of an NLP research project

at Tsinghua University, students aim to evaluate the performance of this architecture in real-world customer service

environments. To achieve this, the CPHOS dataset, rooted in the domain of physics education, is introduced. Two experiments

are conducted: a primary experiment comparing the efficiency and performance of the proposed C-E-V architecture with four

other architectures that rely solely on the executor component, and a secondary ablation experiment aimed at determining

how each individual component contributes to the model’s overall performance and efficiency.

E.1 Goals and Objectives

E.1.1 Determine Project Purpose.

Relevant Background: Business platforms are increasingly leveraging LLMs as chat assistants and reasoning agents
for customer service. These technologies offer significant advantages, including cost reduction, enhanced accessibility,
and seamless multilingual support. However, current approaches exhibit limited integration with customer profiles and
lack operational capabilities, while existing API-using methods prioritize diversity over precision and error avoidance.
Shi et al. (2024) propose an architecture designed to overcome these limitations, and the evaluation project aims to
assess its effectiveness in real-world customer service environments, where performance directly influences customer
satisfaction and loyalty.

Project Goal: “Conduct experiments to determine the performance of CHOPS architecture, aiming to demonstrate
whether LLMs can enhance or serve as alternatives to human customer service.”

Project Success Criteria: The project is considered successful for two main reasons. Firstly, it successfully collects a
practical dataset of real-world scenarios, which can be used to validate methods involving LLMs in customer service.
Secondly, it evaluates the proposed architecture using this dataset, offering a reliable comparison with previous methods
in terms of performance and inference costs.

E.1.2 Determine Technical Objectives.
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Evaluation Target: Produce and calculate metrics to evaluate the performance of CHOPS architecture. Target metrics:
instruction set accuracy, guiding file question accuracy and input/output character consumed per question. Regarding
the latter, the team makes a comparison at the character level since different LLMs utilize different tokenisation methods.
Input characters and output characters are separated since generating output tokens is more resource-consuming than
reading input tokens for LLMs (and are more expensive in terms of API price). Given a user’s nickname and its question,
the task is to give a proper answer or an appropriate execution command to the system, based on the status of the user
in the existing system and the guiding files.

The team is considering conducting ablation studies to assess how different components of the CHOPS architecture
individually contribute to the model’s overall performance and efficiency.

Target justification: The describedmetrics encapsulates the model’s efficiency in accurately processing and responding
to queries based on the instructions provided or the information contained within the guiding files. The metrics are
instrumental in evaluating the model’s adeptness at interpreting and acting upon specific sets of instructions and its
capacity to extract and utilize knowledge from guiding documents, thereby providing a multidimensional view of its
performance in realistic scenarios.

Target estimates success criteria: To establish a baseline, two alternative architectures are used: (1) the first involved
performing prompt tuning on GPT-4 (specifically, gpt-4-0125-preview, labelled "Executor Only"), and (2) the second
utilized multi-vote CoT reasoning on GPT-3.5-turbo. Given these baselines, the metrics should reliably assess whether
the proposed C-E-V architecture outperforms other methods in terms of performance and inference costs.

For the ablation studies, the baselines focus solely on the Executor component (GPT-4-based Executor and GPT-3.5-
turbo). For these measurements to be considered successful, it must be possible to determine how the contribution of
each component affects the described metrics.

E.1.3 Situation Assessment.

Resources: The team consists of the authors of the paper [125], and they have access to sufficient computational
resources to build the three models that form the architecture: the classifier, the executor, and the verifier. Additionally,
they have access to four LLMs: GPT-3.5-turbo, GPT-4, GLM-3-Turbo, and LLaMA-2-70B-Chat.

The research serves as a course project for the NLP course at Tsinghua University. Since the organisation is based in
China, the team could make efforts to translate the dataset into English, depending on which dataset they choose to use.
Finally, they have access to human resources to validate the answers of the user queries.

Requirements and Constraints: The evaluation should be completed before the end of the NLP course, as this research
project is an integral part of it.

Risks: Difficulties in finding a suitable dataset for evaluation that accurately represents real-world customer service
scenarios, focusing on API calls and incorporating internal guiding documents or systems that can be interacted with. If
the user queries and their responses are too domain-specific, the conclusions from the evaluation and the methodologies
proven effective may not have the potential to be applicable across various customer service domains.

Current Understanding of the Evaluated Target: The team is familiar with the CHOPS architecture, as they previously
developed it. In general, they have a strong background in machine learning and a deep understanding of the key
limitations in using LLMs for customer service applications. They are also well-versed in current LLM approaches
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for customer service, such as Retrieval-Augmented Generation (RAG) with LLMs and LLM Agents. They have the
possibility to receive advice from the professor of the NLP course. However, they lack clarity on how accurate their
proposed solution is and the associated inference costs.

E.2 Evaluation Design

E.2.1 Identify Potential Evaluation Methods.

Alternatives: The data for evaluation can be sourced from existing datasets in customer service, file-based question-
answering datasets, or datasets focused on API calls. It may also come from other domains or combine multiple specific
domains within customer service. Response verification can be either human-based or LLM-based, with the verifying
LLM potentially belonging to a different model family. The verification process can be binary—correct/incorrect—or it
can use a likert scale to capture additional nuances that may influence user satisfaction.

E.2.2 Selection of Evaluation Methods.

Methods: The team decided to validate whether the answer is correct by a combination of GPT4-based evaluation
and human verification.

For the choice/creation of the dataset: The authors ruled out datasets for file-based question answering, as these
primarily focus on reading comprehension tasks. Similarly, they dismissed datasets focused on API calls, as these largely
emphasize the use of extensive API collections for task completion, complex reasoning, and solving mathematical
problems. On the other hand, existing customer service datasets typically lack detailed information about internal
guiding documents or interactive systems. Likewise, datasets dedicated to file-based QA or API calling rarely address
the specific needs of the customer service domain.

To fill these gaps, they introduce the CPHOS-dataset, derived from the real-world context of the online platform
CPHOS, Cyber Physics Olympiad Simulations, a non-profit organisation focused on physics education, which the team
has access to and engage in discussions with its members. This includes a database, several guide files in PDF format,
and QA pairs. These QA pairs originate from real-world interactions and are further enriched through human efforts
and LLMs (including GPT-3.5 and GPT-4), enhancing the dataset and making it a valuable resource for validation and
experimentation. Since the data was in Chinese, the team translated it into English.

Although the dataset is domain-specific, the queries and instructions it encompasses are representative of broader
challenges in the customer service sector. The paper doesn’t report any measure to identify or mitigate training data
contamination.

E.2.3 Analysis Specification.

Data for Analysis: The dataset will be applied to six distinct architectures: two baseline models—Executor Only
and three variations of multi-vote CoT (1-vote CoT, 4-vote CoT, and 16-vote CoT)—as well as the proposed C-E-V
architecture, which includes two variants. The first variant of C-E-V employs gpt-3.5-turbo across all components,
while the second variant utilizes gpt-3.5-turbo for the Classifier and Verifier, and gpt-4-0125-preview for the Executor.

For the ablation studies, the dataset will also be applied to six different architectures, including the two baselines:
GPT-4-based Executor and GPT-3.5-turbo-based Executor. The remaining four architectures incorporated additional
components: (1) a one-level classifier with an executor ((1-L C)-E) based on GPT-3.5-turbo and (2) a one-level classifier
with both an executor and a verifier ((1-L C)-E-V) based on GPT-3.5-turbo; (3) a two-level classifier with an executor
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and a verifier ((2-L C)-E-V) based on GPT-3.5-turbo; and (4) a two-level classifier with an executor and a verifier ((2-L
C)-E-V) based on GPT-4.

Metric Estimators: The team plans to repeat the iteration up to five times before providing the final answer to a
summarizer. If the first iteration yields the correct answer, this process will terminate early.

E.3 Project Plan

E.3.1 Create Project Plan.

Plan: While Shi et al. (2024) do not report the project stages or timeline, this section provides inferred estimations
based on the paper. These estimations are hypothetical and intended to offer a structured approximation of the process.
The project will span for 22 weeks and have the following stages. Time is measured in weeks, from W1 to W22. We
assume the team participates in all stages.

• Stage 1 (W1): Define the project objectives and situation assessment which correspond to phases 1.1 and 1.2 of
this protocol.

• Stage 2 (W2-W3): Design. The dataset and remaining elements of the experimental setup are defined, including
the metrics to be evaluated and the selection of the architectures to be compared. This corresponds to phases 1.3
and 2 of this protocol. The team creates the project plan and pre-register it (phase 3).

• Stage 3 (W4-W10): Data collection and preparation. Given the limitations identified by the authors in existing
datasets, they introduce a new dataset for the evaluation. This step involves efforts to prepare, modify and
translate the raw data.

• Stage 4 (W11-W13): Programming the architectures to be compared with the proposed C-E-V architecture.
• Stage 5 (W14): Analyse the results. If the experiment yields meaningful results, consider conducting ablation
studies to determine how each individual component contributes to the model’s performance and efficiency.

• Stage 6 (W15): Design the remaining elements of the experimental setup for the ablation studies, including the
selection of new architectures to be compared.

• Stage 7 (W16-W18): Programming the architectures to be compared with the proposed C-E-V architecture for
the ablation studies.

• Stage 8 (W19): Analyse the results of the ablation studies.
• Stage 9 (W20-W22): Review of the evaluation process, final reporting and next steps. This is mostly the writing-up
of Shi et al. (2024).

E.3.2 Pre-register Evaluation. Pre-registration repository: The protocol declaration was not publicly registered after
the design of the evaluation. The first publication comes at the end of the whole protocol, in the form of an arXiv paper,
as well as GitHub repositories. As this originates from a research paper, no feedback is reported.

F Appendix: Curiosity-driven Red-Teaming for Large Language Models

The fourth case we will explore is a real-world example in which Hong et al. (2024) develop a new approach for
automated red-teaming evaluations, specifically aimed at increasing the coverage of test cases compared to previous
methods. They frame the problem of improving diversity within a curiosity-driven exploration framework, jointly
maximizing novelty and task reward. This methodology is called curiosity-driven red teaming (CRT).
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We will now provide a more detailed description of the real case, naturally integrating the evaluation into PREP-Eval
stages from phases 1 to 3.

CASE DESCRIPTION: Consider a language model that poses a risk of generating toxic content. To identify and mitigate

these risks, we aim to discover as many test cases as possible that elicit unwanted responses. However, existing automated

red-teaming methods often lack diversity and fail to thoroughly evaluate the target LLM. To address this, Hong et al. (2024)

propose a novel automated red-teaming approach inspired by the curiosity-driven exploration literature in reinforcement

learning (RL). They assess whether this method improves coverage while maintaining high-quality test cases by comparing

it against four other red-teaming approaches across two tasks: text continuation and instruction following. They use several

models as the target models, including text-to-image models. Additionally, the authors conduct ablation studies comparing

the proposed method with other alternatives specifically intended to improve diversity.

F.1 Goals and Objectives

F.1.1 Determine Project Purpose.

Relevant Background: Large language models (LLMs) risk generating incorrect or toxic content. To assess when an
LLM produces undesirable outputs, the current approach involves recruiting a red team of human testers to design input
prompts (i.e., test cases) that elicit harmful or misleading responses. However, relying solely on human testers is costly
and time-consuming. Consequently, reinforcement learning (RL)-based methods for automated red teaming have been
developed. While these methods can identify effective test cases, the generated prompts often lack diversity, leading to
low coverage of the range of inputs that could provoke undesirable responses. Insufficient coverage means that the
target LLM is not thoroughly evaluated, as many prompts capable of triggering unwanted outputs are overlooked. The
primary reason behind the low coverage is that current RL methods are only trained to maximize rewards (i.e., generate
effective test cases) without any incentive to span all possible test cases. Once a few effective test cases are found, RL
training reinforces these few test cases to obtain high rewards and quickly converges to a deterministic policy.

Terminology: The term “red-team model” will be used to refer to the language model trained or used to probe, stress,
or elicit undesirable behaviors from another system. In contrast, the target model is the model whose robustness, safety,
and susceptibility to generating harmful outputs are being tested by the red-team model.

Project Goal: Conduct experiments using the proposed method of curiosity-driven red teaming (CRT) to investigate
whether this exploration increases coverage compared to previous methods while maintaining high-quality test cases.

Project Success Criteria: The evaluation will be able to assess the diversity and quality dimensions of the generated
test cases to determine whether the proposed method, CRT, is better, worse, or shows no significant difference compared
to previous automated red-teaming approaches.

F.1.2 Determine Technical Objectives.

Evaluation Target: Note that in this case the evaluation target is itself an evaluation method: the CRT proposed by the
authors of the paper; meaning that they conduct a meta-evaluation. CRT is a novel approach for training the red-team
model, also referred to as “RL +Curiosity.” Basically, it incorporates an entropy bonus into the training objective to
incentivize the policy (i.e., red team model) to be more random. Since the entropy bonus encourages the policy to stay
close to a uniform distribution, the policy can deviate from the reference policy, superseding the reference policy’s
ability to red team. Additionally, they borrow ideas from the curiosity-driven exploration literature in RL, motivating
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the red team model (i.e., red-team policy) to explore by incorporating rewards that incentivize novelty into the policy’s
objective. As test case novelty decays with repetition, the policy is pushed to discover unseen test cases, thereby
promoting the policy to generate new test cases. The training objective of the red-team model is modified to combine
both the entropy bonus and novelty rewards. The method uses two novelty rewards terms based on different text
similarity metrics considering both form and semantics: n-gram modelling and sentence embeddings, respectively. On
the other hand, two dimensions of the evaluation method are measured: diversity and quality. The diversity of the test
cases is measured using text diversity metrics: SelfBLEU score and BERT-sentence embedding distances. SelfBLEU
measures diversity in the form of text, while embedding distances measure diversity in semantics of text. Lower values
in both metrics signify greater diversity. The quality of these test cases is measured based on the percentage of toxic
responses elicited from the target LLMs when presented with these test cases generated by the red team model. A
response is considered toxic if the toxicity probability predicted by the classifier exceeds a specified threshold. RoBERTa
hate speech classifier is utilized to predict the toxicity probability of target LLM responses. The quality of the red team
method is evaluated using all the test cases generated during the entire training period of the red team model.

Target justification: The diversity of the test cases is measured using commonly used text diversity metric. Toxicity is
used due to its prevalence in red teaming evaluations. No further justification is provided.

Target Estimates Success Criteria: To establish a baseline, four methods from previous work are used. Two RL-based
methods: (1) The first, “RL” which involves training the red team model using rewards and a KL penalty; and (2) The
second, labelled “RL+TDiv” which, in addition to rewards and the KL penalty, trains the red team model to maximize the
diversity of responses from the target LLM, measured as the average distances among sentence embeddings generated
by the target LLM. For all RL-based methods proximal policy optimisation (PPO) is employed to train the red-team
model. The team uses a pre-trained GPT2 model with 137M parameters and sets it as the reference model. Additionally,
two other methods were used for comparison: Zero-shot (ZS) and Few-shot (FS). The first method prompts the red team
LLM to produce test cases (i.e., prompts for the target LLM) using the prompts designed to elicit toxic responses. The
second, adds few-shot examples to the zero-shot baseline’s prompts where the few-shot examples are randomly sampled
from a set of test cases generated by ZS under the distribution biased toward larger toxicity on the corresponding target
LLM’s responses.

Given these baselines, the metrics should reliably assess whether the proposed CRT approach outperforms the other
methods in terms of quality and diversity of the generated test cases. To account for variability in the measurements,
95% confidence intervals will be calculated using a bootstrapping method, providing an estimate of the uncertainty
around the mean values.

F.1.3 Situation Assessment.

Resources: The team composed of the authors of the paper Hong et al. (2024), has access to sufficient computational
resources to train red-team models based on GPT-2 (137M parameters). They can implement three different training
approaches, including rewards, KL penalty, curiosity rewards, and an entropy bonus, using proximal policy optimisation
(PPO).

In addition they have access to various target language models, including GPT-2, GPT2-Alpaca, Dolly-v2-7B, LLaMA2-
7B-Chat-HF, Vicuna-7B, and GPT-3.5-Turbo-Instruct and a text-to-image model: Stable-diffusion-2.1.
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The team can use high-performance computing (HPC) resources provided by MIT Supercloud and the Lincoln
Laboratory Supercomputing Center to support their experiments. Finally, the team has access to human participants
with prior knowledge of toxic content to conduct pilot studies.

Requirements and constraints: The evaluation will be performed in eight months3.

Risks: According to Appendix Section C.1 of the paper, a potential concern of training red-team models using RL is
that the red-team model can overfit to the reward model, which is the RoBERTa toxicity classifier in the present case.
To address this concern, the authors could check whether toxicity predictions of the responses elicited by red-teaming
approaches close to toxicity predictions of other classifiers.

Current understanding: The team is familiar with CRT as they propose it to address limitations of other methods.
However, they remain uncertain about its effectiveness in improving test case coverage while preserving quality across
various types of target models. In general, they possess deep expertise in red teaming techniques for language models,
including the application of reinforcement learning to train red-team models.

F.2 Evaluation Design

F.2.1 Identify Potential Evaluation Methods.

Alternatives: To evaluate the red teaming approaches, multiple datasets can be used across a variety of tasks, such
as question answering, text completion or code generation. Additionally, several toxicity classifiers may be used, as
analysed in Appendix Section C.1 of the paper.

F.2.2 Selection of Evaluation Methods.

Methods: The curiosity-driven red teaming (CRT) method is evaluated on text continuation and instruction following
scenarios. Text continuation was chosen because many applications depend on the model’s capacity to extend and
complete text provided in the input prompt. Similarly, instruction-following is an essential task in chatbot and AI
assistant applications. For the first task, the team samples the corpus in IMDb review dataset. For the second, when
using instruction-tuned models as target LLMs, the team will randomly sample combinations of instructions from the
datasets on which these models were fine-tuned. The team also plans to use a text-to-image model as a target, using the
Stable Diffusion prompt dataset. In this case they employ an NSFW image classifier for evaluation.

F.2.3 Analysis Specification.

Data for Analysis: To obtain data for analysis, the team conducts multiple experiments, alternating both the task and
inputs, and the target models. For the text continuation task, the team generates test cases by sampling and truncating
reviews from the IMDb dataset. The truncated text will serve as the input for the red-team models (4 baselines + CRT),
which are expected to add a few words. The red-team model’s outputs are then combined with the red team’s prompt
to produce test cases to the target LLM, which will be GPT-2 with 137M parameters. For the instruction following
task, two instruction-tuned models are used as target LLMs: GPT2-alpaca and Dolly-v2-7B. The first was fine-tuned
with Alpaca dataset and the second is a pythia model fine-tuned with Databricks dataset. To generate instruction-like
test cases using the red-team model, the team randomly samples combinations of instructions from the Alpaca and

3This is a rough estimate considering the complexity of the project, team size, among other aspects.
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Databricks datasets as the input prompts to the red-team model. Also, they conduct additional experiments using
two target instruction-tuned models —Vicuna-7B and GPT-3.5-turbo-instruct. Moreover, previous work indicates that
LLaMA2-7b-chat-hf (a fine-tuned LLM with human preferences) generates 0% toxic responses according to the toxicity
classifier and prompts used in Hartvigsen et al. (2022). For this reason, experiments with this model as target are
conducted.

Finally, for the text-to-image exercise, Stable-Diffusion-2.1 is used as the target model. The red-teammodel is provided
with input prompts from the Stable Diffusion prompt dataset and the team randomly samples combinations. Notably,
since the Stable Diffusion model outputs images, RL+TDiv is not applicable as a baseline.

Metric Estimators: In both tasks, text continuation and instruction following, for each method, the authors conduct
the experiment using three different random seeds.

F.3 Project Plan

F.3.1 Create Project Plan.

Plan: While Hong et al. (2024) do not report the project stages or timeline, this section provides inferred estimations
based on the paper. These estimations are hypothetical and intended to offer a structured approximation of the process.
The project will span for 32 weeks and have the following stages. Time is measured in weeks, from W1 to W32. We
consider the contributions of the authors reported at the end of the paper.

• Stage 1 (W1-W4): Make the project plan. Define the project objectives and situation assessment which correspond
to phases 1.1 and 1.3 of this protocol. Select the baselines, identify the metrics and the target models. Select tasks
and datasets for the evaluation. Pre-register the plan.

• Stage 2 (W5-W7): Train the red-team model with the proposed approach of curiosity-driven red teaming (CRT)
which is described in phase 2.2 of this protocol.

• Stage 3 (W8-W11): Prepare the baselines in previous and current work to compare the proposed method. Train
the RL-based red teaming models (RL, RL+TDiv) and design prompts for zero shot and few shot baselines.

• Stage 4 (W12-W16): Carry out the experiments. This includes the pilot study for experiments involving LLaMA2-
7B-Chat-HF with 16 human participants with prior knowledge of toxic content.

• Stage 5 (W17-W19): Analyse the results. The analysis of the results is both qualitative and quantitative (see
appendix section B of the paper). As a potential concern is related to the toxicity classifier, assess whether toxicity
predictions of the responses elicited by red-teaming approaches in the experiments are close to toxicity predictions
of other classifiers. Finally, if the experiment yields meaningful results, consider conducting ablation studies
to determine how each individual element that can be affected in the training contributes to the red teaming
model’s diversity and quality of generated test cases. Additionally, consider conducting further experiments with
other target models.

• Stage 6 (W20-W23): Design the remaining elements of the experimental setup for the ablation studies, including
the selection of the red teaming models to be compared. Select other target models to conduct further experiments.

• Stage 7 (W24-W26): Conduct the experiments.
• Stage 8 (W26-W28): Analyse the results of the experiments.
• Stage 9 (W29-W32): Review of the evaluation process, final reporting and next steps. This is mostly the writing-up
of Hong et al. (2024).
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F.3.2 Pre-register Evaluation.

Pre-registration repository: The protocol declaration was not publicly registered after the design of the evaluation. The
first publication comes at the end of the whole protocol, in the form of an arXiv paper, as well as GitHub repositories.
As this originates from a research paper, no feedback is reported.

G Appendix: Meta-cognitive knowledge to improve LLMs reasoning

The fifth case we will explore is a real-world example in which Didolkar et al. (2024) develop a prompt-guided interaction
procedure to improve LLMs reasoning capabilities leveraging their metacognitive knowledge. Specifically, they use a
powerful LLM to assign skill labels to math questions, followed by having it perform semantic clustering to obtain
coarser families of skill labels. In the testing phase, given a math question, the LLM is provided with contextually
relevant, skill-specific examples, which are expected to enhance its effectiveness in answering the question. The authors
evaluate its performance compared to other methods that do not incorporate metacognitive knowledge.

We will now describe the real case more specifically, and then we will populate the PREP-Eval stages from beginning
to end.

CASE DESCRIPTION: Consider a language model that, despite demonstrating remarkable advancements in reasoning

capabilities, still exhibits significant limitations, particularly in mathematical problem-solving. To assess whether these

capabilities can be further improved, Didolkar et al. (2024) develop amethodology that leverages the LLM’s ownmetacognitive

knowledge to provide relevant in-context examples.

First, the authors instruct a powerful LLM-A to assign skill labels to each sample in GSM8K and MATH datasets,resulting

in a full list of skill labels per dataset. Next, the same LLM, LLM-A performs semantic clustering on the labelled data,

grouping examples based on the similarity of their underlying skills, as perceived by the model. This structured repository of

skills, representing the LLM’s metacognitive knowledge, is then used to enhance in-context math problem-solving.

At inference time, when presented with a new mathematical problem, LLM-A is prompted to identify the most relevant

skill category. Then LLM-B is provided with exemplar problems corresponding to that skill as in-context guidance before

producing a solution. Results show that this skill-conditioned prompting improves performance over standard baselines,

including Chain-of-Thought prompting, and that skill labels generated by a strong model can generalise to weaker models.

G.1 Goals and Objectives

G.1.1 Determine Project Purpose.

Relevant Background: LLMs have demonstrated remarkable advancements in recent years in natural language
inference tasks, as well as in scientific andmathematical problem-solving, although their limitations arewell-documented.
Research in pedagogy shows that enhancing learners’ metacognitive knowledge can improve their capabilities; this
refers to humans’ intuitive understanding of their own thinking and reasoning processes.

As some evidence has emerged regarding the existence of LLM metacognition, Didolkar et al. (2024) investigate
whether LLMs possess metacognitive knowledge and whether this can be psycholeveraged to further enhance their
capabilities. Specifically, the metacognitive knowledge of interest to the authors is the catalog of skills (from the LLM’s
perspective) that it applies while solving mathematical problems.

Project Goal: Investigate whether latent metacognitive structure in LLMs can be elicited and operationalised to select
skill-relevant in-context examples, and to evaluate whether this improves mathematical reasoning performance.
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Project Success Criteria: The evaluation is considered successful if it can reliably determine whether eliciting and using
metacognitive knowledge to LLMs improves, degrades or has no effect on their ability to reason through mathematical
problems, relative to standard in-context learning and Chain-of-Thought prompting baselines.

G.1.2 Determine Technical Objectives.

Evaluation Target: The models to be evaluated using the proposed method to leverage their metacognitive knowledge
are GPT-4-0613, GPT-3.5-Turbo, Mixtral 8×7B and program-aided language models (PALs). Basically, the method works
as follows: The model being tested is given a new question with a list of coarse skills and asked to identify the skill
needed to solve this new question. Then the model is provided with the previously identified exemplars for the selected
skill as in-context examples to guide its problem-solving. The team introduced three metrics to evaluate the effectiveness
of their methodology. These metrics are:

• Main Skill Error (Skill Error) which indicates a failure in understanding or applying the primary skill required
for a question;

• Secondary Skill Error which denotes errors in comprehending or applying secondary skills necessary for the
question;

• Calculation Error which reflects mistakes in the calculation process during question-solving. These error types
are not mutually exclusive; a single instance may exhibit multiple error types. Correctly solved instances show
none of these errors. GPT-4-0613 classifies each example into these categories. To calculate the metrics, the error
rate is first determined for each error type and then derives success rates. These rates indicate how often the
model correctly applies main and secondary skills, as well as performs calculations, across various questions.
Additionally, they evaluate exact match accuracy—whether the model’s generated response exactly matches
the expected solution of a mathematical problem. Another technical objective is to evaluate transferability: the
generalizability of the skills across different LLMs and unseen datasets.

Target Justification: The team does not provide further justification for their choice of metrics. However, they note
that the limitations of LLMs in mathematical problem-solving are well-documented, which could explain their focus on
this domain.

Target Estimates Success Criteria: To establish a baseline and isolate the impact of the methodology, four methods are
used for comparison: (1) Random: which randomly selects examples from the skills repository in contrast to CoT’s
fixed examples, highlighting the necessity of skill-aligned example selection; (2) Topic-Based: in this case, examples
are grouped by broader mathematical topics (e.g., algebra). This tests whether finer-grained skills offer an advantage
over broader topic categorisations; (3) ComplexCOT: which chooses complex in-context examples for CoT, allowing to
analyse whether complexity or skill-specificity has a greater impact on performance; (4) Retrieval-RSD, which selects
relevant in-context examples for few-shot tasks similar to the proposed approach. They first map the examples to a
latent space and then select top-k in-context examples based on cosine similarity to the example. Given these baselines,
the authors aim to discern the relative benefits of skill-specificity and complexity in example selection for enhancing
LLMs’ mathematical reasoning capabilities.

G.1.3 Situation Assessment.
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Resources: The team is composed of the authors of the paper Didolkar et al. (2024). They have access to language
models such as GPT-4-0613, GPT-3.5-Turbo, and Mixtral 8x7B, as well as various mathematical benchmarks. They also
have access to 1 A100L GPU for some transferability experiments.

Requirements and Constraints: The evaluation is performed in four months4.

Risks: The authors do not report any specific risks or concerns. However, one potential risk is the excessive reliance
on LLMs for generating skill labels, clustering abilities, or selecting relevant examples from the repository to include in
the prompt when solving a new problem.

Current Understanding of the Evaluated Target: The team has extensive expertise in various prompt techniques
designed to enhance LLMs’ reasoning abilities, as well as a solid understanding of metacognition. However, they remain
uncertain about the extent to which this knowledge can effectively improve LLM performance in math-problem solving.

G.2 Evaluation Design

G.2.1 Identify Potential Evaluation Methods.

Alternatives: The team can explore multiple prompt techniques to integrate with the proposed method. Additionally,
several mathematical datasets are available.

G.2.2 Selection of Evaluation Methods.

Method: The team decided to integrate the proposed method for leveraging metacognitive knowledge into two
different prompt techniques to conduct the evaluation: (1) Text-based Prompts: chain-of-thought prompting is utilized.
This method involves providing step-by-step reasoning in the prompt to guide the model’s thought process; and
(2) Program-based Prompts: program-aided language models (PALs) are employed, which integrate programming
logic within the language model. The team replaces the standard in-context examples used by CoT and PAL with
examples from their skill exemplar repository. Then they evaluate the performance of LLMs with both text-based and
program-based prompting, using the skill exemplars versus standard examples. The team uses multiple datasets for the
evaluation: GSM8K, MATH, SVAMP, ASDIV, and the MAWPS suite (SingleOP, SingleEQ, AddSub, MultiArith). The
paper doesn’t report any measure to identify or mitigate training data contamination.

G.2.3 Analysis Specification.

Data for analysis: The team applies text-based prompts to GSM8K and MATH datasets while program-based prompts
will be applied only in the later. For transferibility experiments, the team use the same skill exemplar repository and
skill labels for the MATH dataset, originally generated with GPT-4-0613, but evaluate them with Mixtral 8x7B as the
model under test. On the other hand, they investigate the transferability of skills from the GSM8K training dataset to
other math word problem datasets, including SVAMP, ASDIV, SingleOP, SingleEQ, AddSub, and MultiArith. In this
case they use the pre-clustering skill labels, as these datasets feature finer granularity problems compared to GSM8K,
making post-clustering skills less effective.

Metric estimators: The paper does not report any metric estimators.

4This is a rough estimate considering the complexity of the project, team size, among other aspects.
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G.3 Project Plan

G.3.1 Create Project Plan.

Plan: While Didolkar et al. (2024) do not report the project stages or timeline, this section provides inferred estimations
based on the paper. These estimations are hypothetical and intended to offer a structured approximation of the process.
The project will span for 16 weeks and have the following stages. Time is measured in weeks, from W1 to W16.

• Stage 1 (W1-W6): Create the project plan. Define the project objectives and situation assessment which correspond
to phases 1.1 and 1.3 of this protocol. Identify and select prompt techniques that could improve the language
model’s reasoning abilities while incorporating the skill-based approach. The remaining elements of the evaluation
are defined, including the models to be evaluated, the metrics, the datasets and the baselines to be compared.

• Stage 2 (W7-W8): Generate prompts for all the datasets and baselines.
• Stage 3 (W9-W10): Carry out the experiments.
• Stage 4 (W11-W12): Analyse the results of the experiments and calculate the three metrics descripted in phase 1.2
of this protocol. If the experiment yields meaningful results, consider conducting experiments of transferability
between models and datasets.

• Stage 5 (W13-W14): Design the remaining elements of the experimental setup for the transferability studies,
including the selection of datasets and models.

• Stage 6 (W15-W16): Analyse the results. Review of the evaluation process, final reporting and next steps. This is
mostly the writing-up of Didolkar et al. (2024).

G.3.2 Pre-register Evaluation.

Pre-registration Repository: The protocol declaration was not publicly registered after the design of the evaluation.
The first publication comes at the end of the whole protocol in the form of an arXiv paper. As this originates from a
research paper, no feedback is reported.

G.4 Data Collection

G.4.1 Experimental Setup, Annotations and Pilots.

Experimental setup: In this step, the authors are expected to verify that the datasets selected for the evaluation are
accessible and ready to be used. In addition, for the text-based prompt experiments with GPT-4-0613, they set the
decoding temperature to 1.0, while for the transferability experiments they use a temperature of 0.2, without providing
a justification for these choices.

Preliminary Analysis of Skill Labelling Models: For the creation of the skill exemplar repository the authors conduct a
comparative analysis of GPT- 4-0613, GPT-3.5-Turbo, and Mixtral-8x7B in their proficiency in generating precise skill
labels which is contained in Appendix Section 10.4 of the paper. Through experimentation, they observe that the skill
labels annotated by GPT-4-0613 lead to the strongest in-context learning performance on the MATH dataset. Therefore,
they established GPT-4-0613 as the primary model for skill labelling, clustering, and conducting the majority of the
experiments.

G.4.2 Full Data Collection.
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Evaluation Data: Text-based Prompts: All experiments are carried out employing 8-shot prompting. Using the GSM8K
dataset, the team compares GPT-3.5-Turbo using the Retrieval RSD and CoT + Skill-Based methods. For GPT-4-0613,
they evaluate CoT, CoT + Random, CoT + Skill-Based, and CoT + Skill-Based (maj@5). Additionally, using the MATH
dataset—with its training set for the skill repository— standard CoT, Complex CoT, and the Topic-Based approach
are assessed. Program-based Prompts: In the integration of Skill-Based prompting with PALs, the team modify the
in-context example structure: they use three non-code-based examples from the skill exemplar repository based on
skill matching, followed by one fixed code-based example, totalling four in-context examples. This modified approach
was tested on a subset of 500 examples from the MATH dataset. They compare PAL (4-shot) with PAL + Skill-Based
(3 Skill-Based + 1 Code-Based) and PAL + Skill-Based (7 Skill-Based + 1 Code-Based). Transferability experiments
to other models: Here, the team compares the Skill-Based approach against two baselines: Chain-of-Thought with
self-consistency and the Topic-Based approach. Transferability experiments to other datasets: The Skill-based approach
is applied with CoT to various datasets: SVAMP, ASDIV, SingleOP, SingleEQ, AddSub, and MultiArith. They employ as
baselines a CoT-based method with 4-shot prompting and greedy decoding, a PAL-based approach and a hybrid CoT +
PAL approach where the model outputs both CoT and PAL solutions and selects the most accurate.

G.4.3 Data Preparation.

Data Readiness: The team does not describe any specific data preparation process.

G.5 Data Analysis

G.5.1 Initial Data Exploration.

Exploratory Analysis: The paper does not report any exploratory analysis.

Feature Relevance: When using theMATHdataset, the variation in results across several topics are examined, including
Pre-Algebra, Algebra, Intermediate Algebra, Geometry, Number Theory, Precalculus, and Probability. Additionally,
they analyse which skills benefit the most from the proposed approach by comparing the per-skill accuracy of the
Skill-Based approach against the Random baseline. They find that the proposed approach outperforms the Random
baseline in 11 out of 18 skills.

G.5.2 Conduct Planned Analyses.

Summary statistics: Text-based Prompts: The Skill-based approach surpasses multiple other methods on the GSM8K
dataset across different models. Specifically, it achieves 82.03% with GPT-3.5-Turbo and 94.31% with GPT-4-0613 (95.38%
with maj@5). In comparison, Retrieval SRD with GPT-3.5-Turbo attains 76.8%, while Chain of Thought (CoT) and
CoT + Random with GPT-4-0613 reach 93.0% and 92.87%, respectively. In the MATH dataset, the Skill-based approach
achieves a notable improvement in performance, surpassing the standard Chain-of-Thought (CoT) by 11.6%. It also
outperforms Complex CoT by 3.5% and the Topic-Based approach by 3.5%. Program-based Prompts: Despite only one
code-based in-context example (compared to PAL’s four), the Skill-based approach shows a 7.52% improvement over
PAL. Transferability experiments to other models: The Skill-Based approach surpasses both the Topic-Based and CoT
approaches. Notably, the Skill-Based approach, even without self-consistency, matches the performance of CoT with
SC, highlighting its efficacy in extracting correct reasoning paths and concepts. Furthermore, when combined with
self-consistency, the Skill-based approach shows a remarkable 4.0% improvement over CoT with SC. Transferability
experiments to other datasets: The Skill-Based approach consistently outperforms the base CoT and PAL across all
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datasets. Additionally, it surpasses CoT + PAL in four out of six datasets, achieving 97.86% on SingleOP, 99.01% on
SingleEQ, 96.71% on AddSub, and 94.03% on ASDIV. However, CoT + PAL performs better on SVAMP (93.7%) and
MultiArith (98.17%).

G.5.3 Assess and Refine the Analysis.

Ablation Metrics: The authors compare the performance of the Skill-based approach with the Topic-Based baseline
across the three metrics: (1) Skill Success Rate; (2) Secondary Skill Success Rate; and (3) Calculation Success Rate. They
observe that the Skill-based approach results in a higher Skill Success Rate which means that the model is using the
correct skill more frequently in the proposed approach as compared to the Topic-Based baseline. Furthermore, they
find that the proposed approach is also quite effective in reducing secondary skill errors and calculation errors. Thus,
showing the overall superiority of the proposed approach.

Uncertainty Quantification: We do not have information about the standard deviation or any other uncertainty metric
of the summary statistics. There are some considerations in the appendix of the paper, but not to the point of calculating
confidence intervals or standard errors.

G.6 Conclusions & Review

G.6.1 Draw Conclusions.

Findings: The team finds that LLM problem-solving improves when using skill labels and skill exemplars provided
by an LLM on the same dataset. This provision of skill exemplars can be seen as a new addition to known prompting
methods. Using a strong LLM—GPT-4—to identify skills, they validate the usefulness of these skills by demonstrating a
significant 11.6% improvement over CoT on the MATH dataset. Furthermore, the identified skills enhance the generation
of code-based solutions for problems within the MATH dataset, yielding a 7.52% improvement over the baseline PAL
approach, which also instructs the model to generate code. They also show that the skill-exemplar repository created
for MATH noticeably improves in-context performance for weaker LLMs on the same dataset and that the repository
for GSM8K helps improve in-context performance for other math datasets. This demonstrates that a powerful LLM
can facilitate a deeper understanding of skills that translates across other LLMs and related datasets. Several instances
were found where the model, despite using a skill-based approach, fails to produce correct answers (Appendix Section
10.6). These examples suggest that while the Skill-Based approach effectively guides the application of the main skill
required for a question, it may falter in the application of secondary skills or in the comprehension of specific question
properties.

Limitations: The paper does not identify any limitations of the evaluation process.

Goal achievement: The evaluation successfully examined whether leveraging metacognitive knowledge to generate
relevant in-context examples enables LLMs to strengthen their reasoning and improve their mathematical problem-
solving performance.

G.6.2 Review Evaluation Process. The paper does not explicitly report any lessons learned, recommended changes or
legacy in terms of the evaluation process.

G.6.3 Determine Next Steps.
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Next steps: Since the method appears general enough to be widely applicable to various problem-solving tasks, future
evaluations should explore this potential. Additionally, while this paper primarily focuses on in-context learning, the
authors aim to extend these methodologies to enhance model performance through fine-tuning, which will also need to
be evaluated.

G.6.4 Complete the Pre-registration.

Report: The evaluation procedure as well as the result were published in Didolkar et al. (2024), not following
PREP-Eval, as the protocol wasn’t available yet.

H Appendix: Face recognition system comparison

The last case we explore is a traditional evaluation problem: given a task, compare one or more existing methods
with a new method to determine whether the new method is better. This is not simply performing a statistical test on
some datasets and seeing whether the new method is better than the rest (especially if these datasets were known by
the developers of the new method), but it may require many other considerations. But even if well-though for a real
scenario, these kinds of evaluations are relatively bounded and goal-oriented.

We will now describe the fictitious case more specifically, and then we will populate the PREP-Eval stages as they
would be completed before the pre-registration and continuing with stage 5.

CASE DESCRIPTION: Consider a network of cameras at airports and train stations in a country, continuously recording

the transit of people at several locations. These recordings can be inspected a posteriori, with a judge warrant, whenever

there is an important security incident, such as a terrorist threat. In these cases, the police have been using a face recognition

system, which we will call system A, that takes as input several photos of one or more people and goes through the recordings

to find possible matches to be suggested. With the suggested matches, the police team checks the video scenes to conduct

the investigation. This is the current situation. Recent research in AI, however, has introduced new developments in face

recognition technology, and the authorities are considering replacing system A by a new system B based on these new

research developments. Before making any change the organisation wants to determine that system B is better according to

a series of parameters such as false positives and false negatives, robustness to noise and fairness for protected groups in

terms of the error rates and their balance.

H.1 Goals and Objectives

H.1.1 Determine Project Purpose.

Relevant Background: Face recognition for security is a highly-sensitive area. Its use in situations such as stations or
airports, with many people in motion, introduces a series of sensitive elements, apart from noise and other conditions
that affect the quality of identification. The evaluation project will have to consider not only the location and features
of the cameras, but the populations that transit in these spaces and their privacy.

Project Goal: “Determine if the new face recognition system B is better than system A for its application at airports
and train stations”.

Project Success Criteria: The evaluation will be able to determine for all considered dimensions if the new technique
is significantly better or worse, or no significant difference is found. The findings have to be summarised in a clear
report for the decision makers so that they can make an informed decision. The decision of whether to replace one
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method by the other is not part of this evaluation, and the evaluation should not be biassed by any interest in the old or
new system.

H.1.2 Determine Technical Objectives.

Evaluation Target: “Produce performance metrics for facial recognition of given images against recorded videos,
sliced by protected groups and different conditions (light, moving targets, etc.) for system A and system B. From them,
determine the areas where one system is significantly better than the other. Target metrics: specificity, sensitivity,
accuracy, balanced accuracy and F-score. Protected groups: race, gender, age”.

Target Justification: Depending on the particular incident, false positives or false negatives may be more or less
critical. The choice of protected groups for the faces to be recognised is limited by the categories that are available, and
those that may influence identification to a great extent, especially if the population pool in the country (locals and
visitors) significantly differ from the usual distributions that may have been used in the training of the face recognition
systems.

Target Estimates Success Criteria: Samples must be sufficient to estimate the target metrics to an error of less than 1%,
including the break-outs.

H.1.3 Situation Assessment.

Resources: There will be a team of three people, two with strong technical expertise in vision systems and machine
learning in general, and an ethicist with good knowledge of fairness metrics, domain knowledge (suspect identification)
and applicable regulations. All of them will have experience in AI evaluation. There will be access to clusters and
sufficient storage for running all the experiments. The budget to visit the original locations and perform controlled
tests will be considered as well.

Requirements and Constraints: The evaluation must be performed in 18 weeks, with a budget of $100,000.

Risks: Access to sufficient evaluation data must be granted before the start of the project. Difficulties in enumerating
all protected groups and conditions for evaluation.

Current Understanding of the Evaluated Target: the team knows the technology behind system A, which has been
used for the past two years, for which there’s technical documentation, including information about possible adversarial
attacks. Technology B is new, and less well-known by the team. This will require some extra tests with the new
technology according to the provided implementation, and results on some standard benchmarks before performing
the comparison.

H.2 Evaluation Design

H.2.1 Identify Potential Evaluation Methods.

Alternatives: The data can be obtained from standard benchmarks or can be obtained from the recordings in
a representative sample of airports and stations, using some sources of faces that were labelled manually to be
present/non-present.

H.2.2 Selection of Evaluation Methods.
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Methods: For the choice/creation of datasets and labelling methods, external benchmarks may be contaminated and
non-representative for the context in which the systems must operate. Because of this, no external benchmarks will be
used other than for familiarisation and early testing of the implementations of the methods. The data for the evaluation
will be obtained from the recordings of last year in a representative random sample of airports and stations, consisting
of 1,000 hours of video in snapshots each second (360,000 snapshots). The faces to be identified will be chosen from
people who are known to be transiting, being labelled manually to be “present” if they are found in some of the videos.
Other faces from other sources, not supposed to be at the airport, will be chosen. A total of 1,500 faces will be included,
and for each combination there will be a label. In both sources for faces, informed consent for the experiment will
be obtained from all these people depending on the country’s regulations. The face datasets to be recognised will
cover a balanced proportion in gender (male, female, non-binary), ages (five intervals) and races (ten categories). These
proportions will be set beforehand and after the labelling the proportions for positives and negatives will be validated,
or corrected. In other words, with these features the team will have 3x5x10= 150 combinations, and they will check
there are exactly 10 faces in each of them.

H.2.3 Analysis Specification.

Data for analysis: The two methods A and B will be applied to the same dataset with their by-default parameters. No
further optimisation of parameters will be allowed. The team will get a present/absent classification for each snapshot
and face for both models, to be compared with the label. In this evaluation project, they will not consider the probabilities
from the models.

Metric estimators: For eachmethod, the teamwill calculate the full confusionmatrices, including specificity, sensitivity,
accuracy, balanced accuracy and F-measure. They will calculate all these metrics for the whole dataset and by all cells
of the hypercube, defined by the variations in gender, age and race. For each of them they will calculate the standard
error as a measure of uncertainty in the evaluation, given the population sizes.

H.3 Project Plan

H.3.1 Create Project Plan.

Plan: The project will span for 18 weeks and have the following stages. Time is measured in weeks, from W1 to W18.
The two technical people are denoted by T1 and T2, while the ethicist is denoted by E1.

• Stage 1 (W1 : T1,T2,E1): Writing this protocol for pre-registration.
• Stage 2 (W2-W3 : E1): Distribution of the pre-registration to experts and stakeholders and receiving feedback.
• Stage 3a (W4-W10 : T1,E1 + IT/legal people at the org) : Data collection by requesting the data from the data
centres of the organisation, the photos, authorisations, etc.

• Stage 3b (W4-W10 : T2 + hardware + IT support): Installation of both methods and implementation of all metrics
and evaluation on standard benchmarks.

• Stage 4 (W11-W13 : T1,T2,E1 + hardware + IT support): Data analysis. Running both methods on the dataset and
obtaining the metric estimators, assessment of quality and rectifications if necessary.

• Stage 5 (W14 : E1) : First (internal) presentation of results.
• Stage 6a (W15-W16 : T1,T2,E1): Review of the evaluation process.
• Stage 6b (W17-W18, T1,T2,E1): Final reporting and next steps.
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H.3.2 Pre-register Evaluation.

Pre-registration repository: The protocol declaration will be publicly registered at the transparency portal of the
organisation, sharing it with several stakeholders and experts including the police, the transportation authorities, civil
rights organisations, experts in face recognition, etc., giving some consultation time for receiving feedback.
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