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Abstract

Supervisory reviews of external audit reports require structured evidence extraction and judgement under 
strict confidentiality and governance constraints. We evaluate retrieval-augmented generation pipelines for 
this task, comparing lexical, semantic, hybrid, and oracle retrieval across on-premise open-weight models 
(Llama 3B, Mistral 7B, Llama 70B) and proprietary cloud models (Kimi, Claude Sonnet 4.6). Using 20 bank 
audit reports and a standardized central bank template of 30 questions, we score operational correctness 
against supervisor-provided ground truth with an independent LLM-as-judge, complemented by expert 
back-to-back checks. The paired design holds each question report pair fixed, separating gains driven by 
retrieval quality from those driven by model capability, and identifying when they operate as complements 
rather than substitutes. Semantic retrieval yields a sizeable and statistically robust uplift within fixed 
models. Under symmetric strong retrieval, Llama 70B becomes statistically indistinguishable from the best 
cloud benchmark, while smaller on-premise models remain constrained on higher complexity judgement 
questions. The results point to a capacity threshold for practical substitution and provide evidence to guide 
deployment trade-offs in regulated settings.

Keywords: large language models, retrieval-augmented generation, financial supervision, audit.

JEL classification: M42, G28, C88.



Resumen

La revisión supervisora de los informes de auditoría externa exige extraer evidencia de forma estructurada 
y emitir juicios expertos, todo ello bajo estrictas exigencias de confidencialidad y gobernanza. En este 
documento evaluamos el uso de los sistemas de generación aumentada por recuperación para esta 
tarea. Es una técnica que combina un modelo de lenguaje con un módulo que recupera previamente los 
fragmentos relevantes de los documentos, de modo que las respuestas se generan a partir de evidencia 
localizada en el propio informe y no únicamente del conocimiento interno del modelo. Comparamos cuatro 
estrategias de recuperación —léxica, semántica, híbrida y oráculo— aplicadas tanto a los modelos de pesos 
abiertos desplegables en infraestructura interna (Llama 3B, Mistral 7B y Llama 70B) como a los modelos 
propietarios accesibles en la nube (Kimi y Claude Sonnet 4.6). El ejercicio se realiza sobre 20 informes de 
auditoría bancaria y un cuestionario estandarizado de un banco central con 30 preguntas. La calidad de las 
respuestas se evalúa frente a una referencia elaborada por supervisores, utilizando un modelo extenso 
de lenguaje independiente como juez y complementando esa evaluación con revisiones cruzadas por 
parte de los expertos. El diseño emparejado fija cada combinación de pregunta e informe, lo que permite 
distinguir las mejoras atribuibles a la recuperación de las que provienen de la capacidad del propio modelo, 
e identificar en qué casos ambas dimensiones actúan como complementarias y no como sustitutivas. 
Los resultados muestran que la recuperación semántica produce, manteniendo fijo el modelo, una mejora 
sustancial y estadísticamente robusta. Cuando todos los sistemas operan con una recuperación fuerte y 
simétrica, Llama 70B alcanza un rendimiento estadísticamente indistinguible del mejor modelo en la nube, 
mientras que los modelos abiertos de menor tamaño siguen mostrando limitaciones en las preguntas que 
exigen un mayor juicio interpretativo. En conjunto, los resultados apuntan a la existencia de un umbral de 
capacidad a partir del cual los modelos internos pueden sustituir, en la práctica, a las alternativas en la 
nube, y ofrecen evidencia útil para orientar las decisiones de despliegue en entornos regulados.

Palabras clave: modelos grandes de lenguaje, generación aumentada por recuperación, supervisión 
financiera, auditoría.

Códigos JEL: M42, G28, C88.
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1 Introduction

Textual data have long played a central role in accounting, economics, and finance. Financial statements, audit 

reports, regulatory filings, and supervisory communications contain rich information that is only partially captured 

by traditional structured variables. Over the past decade, the literature on text as data has formalised methods to 

extract systematic evidence from such documents and has shown their value for measurement, classification, and 

inference in settings where structured data are incomplete or unavailable (Gentzkow et al., 2019; Ash and Hansen, 

2023). These approaches are now well established and form part of the standard empirical toolkit of economists.

Recent advances in generative artificial intelligence (GenAI), and in particular large language models 

(LLMs), extend this paradigm. Beyond enabling quantitative text analysis, LLMs allow natural language interaction 

with documents, analytical pipelines, and professional workflows. In accounting and auditing, they are viewed 

as productivity enhancing tools that can support documentation, report drafting, and analytical tasks that are 

traditionally time intensive and costly (Kokina and Davenport, 2017; Austin et al., 2021; Fedyk et al., 2022). This 

potential is especially relevant in audit markets characterised by fee pressure, growing data volumes, and increasing 

documentation requirements.

Productivity gains, however, are economically meaningful only if the outputs produced by LLMs are 

reliable and fit for professional use. Prior research highlights several risks associated with their deployment 

in accounting contexts, including hallucinated content, lack of transparency, and the risk of overreliance on 

automated outputs (Bommasani et al., 2021; Vasarhelyi et al., 2023; Street and Wilck 2023; Huang et al. 2024). 

From an audit perspective, these risks relate directly to core concepts such as the sufficiency and appropriateness 

of audit evidence, professional scepticism, and accountability for judgement (Commerford et al., 2022; IAASB, 

2009). Recent evidence from external auditing reinforces this point: auditors perceive LLMs as valuable for routine 

tasks, yet external general purpose systems struggle with audit specific deliverables and raise concerns around 

confidentiality, liability, and hallucinations (Fotoh and Mugwira, 2025). As a result, evaluating the quality of content 

generated by LLMs is not a secondary concern, but a prerequisite for their responsible use.

These concerns shape how LLMs are deployed in practice. Rather than relying exclusively on fully external, 

general-purpose models, audit firms and public institutions often favour controlled architectures that combine 

language models with curated internal document repositories. Retrieval-augmented generation (RAG) frameworks 

operationalise this approach by retrieving potentially relevant passages before generation, thereby grounding outputs 

in institution-specific regulations, reports, and historical documentation (Lewis et al., 2020). By construction, RAG 

can improve factual accuracy and reduce hallucinations, while allowing institutions to flexibly combine retrievers 

and generators depending on task complexity and governance constraints. This modularity supports confidentiality, 

reduces dependence on external providers, and facilitates auditable deployments (Eilifsen et al., 2020). From a 

technical perspective, it builds on advances in domain-specific representations tailored to financial and accounting 

language (Devlin et al., 2019; Yang et al., 2020).

While RAG architectures address key institutional and governance constraints, they introduce a distinct 

challenge for evaluation. In these systems, output quality depends on two separable components: the ability of 

the retriever to identify and supply relevant information, and the ability of the language model to reason over that 

information and generate coherent, complete outputs. In professional accounting and audit settings, failures 

in retrieval and failures in reasoning have different implications for reliability, accountability, and professional 
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judgement. Moreover, the relative importance of these components may vary across tasks of different complexity: 

routine supervisory queries may depend primarily on access to the correct contextual information, whereas 

analytically demanding questions may require advanced reasoning capabilities even when relevant information 

is available. Disentangling these margins is therefore essential for assessing the feasibility of internally deployed 

systems.

Most empirical work on LLM applications in accounting and auditing evaluates end-to-end output quality 

(Gu et al., 2024) or provides conceptual assessments of opportunities and risks (Vasarhelyi et al., 2023; Fotoh 

and Mugwira, 2025). Yet evidence that decomposes both margins in realistic audit and supervisory tasks remains 

limited. By contrast, the RAG evaluation literature more explicitly diagnoses retrieval and generation components 

and develops metrics tailored to the modular structure of RAG systems (Ru et al., 2024; Krishna et al., 2025; Es et al., 

2023). Prior studies often rely on expert judgement by experienced auditors to assess accuracy or completeness, 

an approach that provides valuable insights but is costly and difficult to scale (Gu et al., 2024). As LLM-based 

systems become more deeply integrated into audit and supervisory workflows, there is a growing need for 

evaluation frameworks that are both systematic and scalable, while remaining anchored in professional standards 

of judgement.

Against these backdrops, this paper advances the accounting and auditing literature along two dimensions, 

and it does so in a setting that is directly relevant for supervisory technology (SupTech) in central banks, where 

innovative analytical tools are applied to supervision under strict governance constraints (Castri et al., 2019).1 First, 

we implement an experimental design that explicitly separates retrieval and reasoning margins in a supervisory RAG 

pipeline applied to an auditing and supervisory setting. We benchmark multiple retrieval strategies (lexical BM25, 

embedding-based Semantic retrieval, hybrid retrieval, and an oracle retriever that supplies the relevant context by 

construction) across a range of generation models spanning on-premise open-weight systems (Llama 3B, Mistral 

7B, Llama 70B) and proprietary cloud models (Kimi, Claude Sonnet). The design identifies the retrieval contribution 

by holding the model fixed and varying retrieval, and it isolates the model contribution by holding retrieval fixed 

and varying the model under symmetric retrieval. This decomposition clarifies when improvements in retrieval can 

narrow performance gaps and when model capability remains binding.

Our results point to a capacity threshold for practical substitution. Within-model comparisons show that 

moving from BM25 to Semantic retrieval increases accuracy by about 6.2–6.3 percentage points for both Kimi 

and Llama 70B. Under symmetric Semantic retrieval, Kimi substantially outperforms smaller on-premise models 

(Llama 3B and Mistral 7B), while Llama 70B becomes statistically indistinguishable from Kimi in overall accuracy. We 

further document that prompt shifts can materially affect evaluation outcomes, and that this sensitivity is strongly 

model dependent: under a prompt challenge that reduces prompt tailoring, Kimi exhibits a small performance drop, 

whereas several on-premise configurations experience substantially larger degradations.

Second, we introduce a scalable evaluation strategy that uses an independent LLM as a judge to score 

operational correctness against a ground truth provided by supervisors, complemented by back-to-back evaluations 

from human experts as a robustness check. To support inference in a setting with many ties, we complement 

1 �An external evaluation by leading international SupTech experts, followed by a formal action plan (Packard and Prenio, 2023; Banco de España, 
2024), shaped the SupTech agenda at the Banco de España. In response to these recommendations, in 2025 the Banco de España, in collaboration 
with the European Commission, delivered an advanced training programme in generative artificial intelligence that combined capacity building with 
the development of proof-of-concept tools, including the system evaluated in this paper (see also Puig and Tarancón, 2026).
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aggregated accuracy with paired question-level comparisons and exact tests that focus on discordant outcomes. 

This design enables systematic measurement at scale while maintaining a clear link to established standards of 

professional judgement in accounting and auditing.

Overall, by providing a structured decomposition of retrieval and reasoning effects across tasks of varying 

complexity, our analysis offers guidance not only on model performance, but on the strategic design of artificial 

intelligence systems under institutional and regulatory constraints. This contribution is also directly aligned with 

the SupTech vision of transforming supervisory data into actionable knowledge that helps supervisors better serve 

citizens (Banco de España, 2025).2

The remainder of the paper is organised as follows. Section 2 describes the institutional setting and the 

supervisory task. Section 3 presents the experimental design and evaluation framework. Section 4 reports the main 

results. Section 5 discusses paired comparisons and robustness analyses. Section 6 concludes.

2 �Supervisors draw on confidential microdata (such as inspection reports), large structured registries (such as central credit registers, including 
AnaCredit), and unstructured sources (such as news, audit documentation, and other narrative material). A key opportunity lies in linking unstructured 
signals to structured supervisory information; for example, Alonso-Robisco et al. (2025) develop early warning indicators for firms using news text. 
This mix of sensitive sources and accountability requirements makes confidentiality, traceability, and deployment governance first-order constraints 
when designing and evaluating RAG systems for supervision.
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2 Institutional setting: supervisory inspection of external audit reports

External audit reports play a central role in the supervision of banks, also subject to specific requirements that 

apply to public-interest entities in the European Union (European Parliament and the Council of the European 

Union 2014). Audits of financial institutions are typically conducted on an annual basis and cover a broad 

set of financial statements, internal controls, and risk disclosures. Given the size and complexity of banking 

organisations, audit reports are lengthy documents that integrate accounting judgements, risk assessments, 

and compliance with regulatory standards. Supervisors rely on these reports as a key input to assess the 

quality of financial reporting, the adequacy of internal controls, and the overall reliability of information used for 

prudential oversight (DeFond and Zhang, 2014; Eilifsen et al., 2020).

In banking supervision, the audit report is not treated as a binary certification, but as a source of detailed 

evidence. Central banks and supervisory authorities routinely perform structured inspections of audit reports to 

evaluate whether the external audit has been conducted with sufficient depth, independence, and professional 

scepticism. This process is particularly important in the banking sector, where weak audit quality can amplify 

information asymmetries and undermine market discipline (Nier and Baumann, 2006). As a result, supervisory 

authorities complement the statutory audit opinion with their own internal assessments of audit quality, 

using standardised procedures that can be applied consistently across institutions and over time. This use 

of external audit outputs as supervisory inputs aligns with the broader expectation that supervisors rely on 

multiple sources of information and verification to assess prudential soundness (Basel Committee on Banking 

Supervision, 2024).

These supervisory inspections are typically operationalised through evaluation templates. Supervisors 

are required to answer a series of questions based on the content of the external audit report and related 

documentation. The questions explicitly cover Key Audit Matters, consistent with the international auditing 

standard that formalised their communication in the auditor’s report (IAASB, 2015). All of them comprise 

factual elements, such as the identification of the audit firm or the signing auditor, as well as more substantive 

issues related to the scope of the audit, the treatment of key risks, and the clarity of judgements disclosed in the 

report. The objective is not only to verify compliance, but also to assess whether the audit provides sufficient 

and appropriate evidence to support supervisory conclusions. This setting is well suited for evaluating retrieval-

augmented generation (RAG) systems because it combines high document length, repeated query structures, 

and professionally meaningful ground truth.

This supervisory workflow operates under strict confidentiality and governance constraints that 

shape feasible deployment choices. The General Data Protection Regulation imposes requirements on data 

minimization, purpose limitation, and cross-border data transfers (Regulation (EU) 2016/679 of the European 

Parliament and of the Council). In Europe, the European AI Act introduces obligations concerning risk 

management, transparency, documentation, and human oversight for high-risk Artificial Intelligence (AI) systems 

(European Parliament and the Council of the European Union, 2024). In the United States, federal initiatives such 

as the Executive Order on the Safe, Secure, and Trustworthy Development and Use of Artificial Intelligence and 

the U.S. National Institute of Standards and Technology (NIST) AI Risk Management Framework emphasise 

governance controls, documentation standards, and accountability (The White House 2023; National Institute 

of Standards and Technology 2023). At the international level, the OECD AI Principles provide a shared reference 

for responsible AI governance (Organisation for Economic Co-operation and Development, 2019).
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The template used in this study reflects actual supervisory practice. From an analytical perspective, 

the questions posed in supervisory inspection templates vary substantially in their level of complexity. Table  1 

categorises these questions into four levels according to the cognitive demands they impose on a language model. 

Level 1 questions are objective and factual, typically requiring a binary or highly constrained answer, such as yes or 

no, or the extraction of a specific identifier. Level 2 questions require retrieval of relevant information and correct 

aggregation, but involve limited interpretation. Level 3 questions require contextual understanding and the integration 

of multiple pieces of information to form a coherent assessment. Finally, Level 4 questions are judgemental, context 

dependent, and open ended, requiring an evaluation of audit quality that closely mirrors professional supervisory 

judgement.

SOURCE: Banco de España supervisory inspection template for external audit reports.

a  Question complexity classification.
b  The ID column reproduces the original numbering of the supervisory template; sub-IDs (1.a, 4.1, etc.) are conditional follow-up questions activated by the answer 

to the parent question.
c  Complexity follows the classification reported in Table 2.

y (c)tixelpmoC)gnidrow etalpmet( noitseuQD (b)I

1 Audit firm signing the individual financial statements audit report 1

1.a Conditional question. If the answer to Question 1 is “Other”: identify the audit firm 2

2 Signing auditor of the individual financial statements audit report: registration number (ROAC) 1

3 Signing auditor of the individual financial statements audit report: full name 1

4 Whether the audit was performed under a joint audit arrangement 1

4.1 Conditional question. If joint audit applies: identify the co-auditing firm 2

4.1.a Conditional question. If the answer to Question 4.1 is “Other”: identify the co-auditing firm signing the 
individual financial statements audit report 2

4.2 Conditional question. If joint audit applies: co-auditor registration number (ROAC) 2

4.3 Conditional question. If joint audit applies: co-auditor full name 2

6 Whether the report refers to individual or consolidated financial statements 1

7 Date of the audit report 1

12 Number of Key Audit Matters disclosed in the audit report 2

13.a Key Audit Matter: Impairment of financial assets 3

13.b Key Audit Matter: Provisions and contingent liabilities 3

13.c Key Audit Matter: Credit risk 3

13.d Key Audit Matter: Revenue recognition 3

13.e Key Audit Matter: Fair value measurement 3

13.f Key Audit Matter: Impairment of goodwill 3

13.g Key Audit Matter: Related party transactions 3

13.h Key Audit Matter: Actuarial liabilities 3

13.i Key Audit Matter: Classification of financial instruments 3

13.j Key Audit Matter: Internal control environment and information systems 4

13.k Key Audit Matter: Regulatory requirements and capital adequacy 4

13.l Key Audit Matter: Recoverability of deferred tax assets 3

13.m Key Audit Matter: Recoverability of tax credits 3

13.n Key Audit Matter: Hedge accounting 3

13.o Key Audit Matter: Expected Credit Loss (ECL) estimation 4

13.p Key Audit Matter: Going concern assessment 4

13.q Other Key Audit Matters 4

13.q.a Conditional question. If other matters apply: specify the issue 4

Full set of questions used by the central bank to inspect external audit reports of banks (a)
Table 1
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This classification is directly relevant for the evaluation of RAG systems in supervisory settings and is 

summarised in Table  2. Lower complexity questions place relatively more weight on the retrieval component 

because the relevant information is typically explicit in the report and errors often reflect missing or incorrect 

access to the appropriate section. Higher complexity questions place greater weight on model capability because 

they require interpretation, synthesis, and the application of supervisory criteria, even when relevant information is 

available. Distinguishing between these types of questions allows us to characterise where automated systems 

support professional judgement and where their limitations remain most pronounced.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Complexity levels of supervisory questions and corresponding cognitive demands on language models
Table 2

noitpircseDleveL

Level 1 Objective and factual questions that require direct information extraction from the audit report. Answers are binary or highly 
constrained, such as yes or no, dates, names, or identifiers.

Level 2 Questions that require information extraction combined with minor reasoning or conditional logic, such as resolving dependencies 
across questions or aggregating clearly defined information.

Level 3 Contextual questions that require soft reasoning and synthesis across multiple sections of the audit report. Answers involve 
interpreting disclosures and integrating information, but do not require fully open-ended professional judgement.

Level 4 Judgemental and context-dependent questions that closely mirror professional supervisory or audit judgement. Answering these 
questions requires evaluating relevance, completeness, or quality of disclosures and applying supervisory criteria rather than 
extracting explicitly stated facts.
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3 Experimental design and evaluation framework

The experimental setting is grounded in a realistic supervisory use case: the inspection of external audit reports of 

banks by a central bank. The dataset consists of publicly available audit reports corresponding to 20 supervised 

entities. These reports are lengthy and heterogeneous documents that integrate financial statements, audit 

opinions, and detailed disclosures on key audit matters. For each report, experienced financial supervisors complete 

a standardised inspection template comprising 30 questions (see Table 1) that cover factual information, audit 

scope, and the treatment of material risks. These completed templates constitute the supervisory ground truth used 

throughout the analysis and reflect expert professional judgement.

The objective of the study is not to train or fine-tune language models, but to evaluate the operational 

performance of retrieval-augmented generation (RAG) systems in supporting this supervisory task. The ground 

truth provided by supervisors is therefore used exclusively as a reference to assess whether automated outputs 

are correct, rather than as training data. This design mirrors a practical deployment scenario in which a system is 

expected to assist supervisors by pre-filling inspection templates, while final responsibility and judgement remain 

with human experts. Figure 1 provides an overview of the end-to-end retrieval, generation, and evaluation workflow 

underlying the experimental design.

We then proceed to evaluate a standard RAG pipeline that processes audit reports and generates answers 

to supervisory questions. Audit reports are first parsed and converted into text, addressing the heterogeneity of PDF 

formats that include scanned pages, tables, and mixed layouts. Document preprocessing refers to this conversion 

SOURCE: Banco de España.

RAG and evaluation workflow for supervisory inspection of external audit reports
Figure 1

Retriever
(lexical, semantic, hybrid)

Step 4

Reasoning model 
(on-premise or cloud-based)

Step 5

Generated answers
for audit template

Step 6

Retrieval and reasoning

Audit reports

Step 1

Parsing and OCR
Document preprocessing

Step 2

Knowledge base
Chunking and embeddings

Step 3

Processing

LLM-based judge

Step 7

Model evaluation and selection

Performance metrics 
Accuracy

Step 8
Supervisory ground truth 
(Human-in-Loop assessment)

Supervisory ground truth 
(Human-in-Loop assessment)
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of heterogeneous PDF audit reports into machine-readable text, including OCR for scanned pages, layout cleaning, 

segmentation, and normalisation before chunking. The processed text is segmented into chunks and indexed in 

a vector database. For each question, a retriever selects relevant text segments that are provided as context to 

the generation model. In all baseline configurations, the retriever returns the top k ranked chunks, which we pass 

verbatim to the generator as contextual input. In our setting, chunks correspond to segmented portions of the audit 

report produced during preprocessing, typically at paragraph level. We set k = 5 throughout as a balanced choice 

that increases contextual coverage while limiting noise and context-length saturation. For the Oracle condition, 

we provide the supervisor-identified relevant paragraph by construction, which we denote as k = –1. We consider 

multiple retrieval strategies, including lexical retrieval based on term frequency (Robertson and Zaragoza, 2009), 

Semantic retrieval using contextual embeddings (Karpukhin et al., 2020; Reimers and Gurevych, 2019), hybrid 

approaches that combine lexical and Semantic signals (Wang et al., 2021), and an oracle retriever that supplies the 

relevant context by construction. Table 3 summarises the main characteristics and intended role of each retrieval 

strategy in the evaluation.

On the generation side, we evaluate different language models that span a range of deployment and 

reasoning capabilities, from smaller, on-premise models designed to be cost-effective and privacy preserving, 

to larger, cloud-based models with more advanced reasoning capacity. Prompt templates are tailored to each 

supervisory question and include role definition, task instructions, valid output formats, and explicit constraints 

on the use of retrieved context. This design reflects the need for precise and auditable outputs in professional 

accounting and supervisory environments (Eilifsen et al., 2020; Vasarhelyi et al., 2023). Table 4 summarises the 

main characteristics of the generation models considered in the evaluation.

For each audit report and each question in the supervisory template, the RAG system generates an answer 

conditioned on the retrieved context. All generation models are queried using a common instruction template that 

defines the professional role of the model, constrains the admissible output space, and enforces exclusive reliance 

on the retrieved evidence. The prompt frames the model as an auditor at the Banco de España and requires answers 

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Retrieval strategies considered in the RAG pipeline
Table 3

noitpircseDdohtem laveirteR

BM25 (lexical) Sparse lexical retrieval based on term frequency and inverse document frequency. It retrieves document chunks that 
share exact or near-exact tokens with the query and serves as a strong baseline for keyword-driven information 
needs, though it can miss relevant passages when terminology differs or synonyms are used.

Semantic (dense) Embedding-based retrieval using dense vector representations of queries and document chunks. It captures 
semantic similarity beyond exact keyword overlap and is particularly suited for paraphrased or conceptually related 
queries, though it may miss exact or rare term matches.

Hybrid (BM25 + Semantic) Combination of lexical and dense retrieval scores, typically through linear weighting or rank fusion (Cormack et al. 
2009). This approach balances precision on exact terms with Semantic recall and is often more robust across 
heterogeneous query types.

Oracle retrieval An upper-bound benchmark used for comparison, in which the retriever is forced to return the ground-truth relevant 
chunk(s) when available. By eliminating retrieval noise, it isolates generation errors and serves as a reference for the 
best performance a RAG system can achieve.
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to be clear, concise, and grounded in current regulation (see Figure 2) (Banco de España, 2017). The trace includes 

the supporting excerpt from the document together with page number and block identifiers, thereby enabling 

auditability and ex post verification of the reasoning process.

We deliberately hold the main prompt template fixed across models and retrieval strategies in the benchmark 

to reduce confounding from prompt tuning and to reflect an institutional constraint: supervisory deployments 

typically rely on stable, compliance oriented instruction templates rather than model specific prompt optimisation. 

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Generation models considered in the RAG pipeline
Table 4

noitpircseDdesu )s(ledoMledom noitareneG

On-premise open-
weight LLM

Llama 3B; 
Mistral 7B; 
Llama 70B

Deployed in a controlled on-premise environment. This setup supports strong data governance, 
auditability, and reproducibility, which are critical in supervisory contexts, at the cost of higher 
infrastructure and maintenance requirements (Khatri and Brown 2010).

Cloud-based 
proprietary LLM

Kimi (K2 Instruct); 
Claude Sonnet 4.6

Commercial  accessed through cloud APIs. These models typically offer stronger general-purpose 
performance and advanced reasoning capabilities, but involve external data processing and raise 
additional considerations regarding confidentiality, data protection, and regulatory compliance 
(European Parliament and the Council of the European Union 2016; European Banking Authority 2019).

SOURCE: Banco de España.

Prompt used for all generation models

You are an auditor at the Banco de España, expert in report drafting
and audit analysis.

The question to be answered is: ["question", as provided in the input JSON].

Answers to the audit questions must be clear and concise, based on the
definitions of the concepts in Annex 9 of Circular 4, published in the
Spanish Official Gazette (BOE), No. 296, Wednesday 6 December 2017,
Section I, p. 119987.

If no answer is available, respond with "No Information".

Respond ONLY using the information contained in the provided context.

The valid values for the answer are: [valid values].

The context is: [content].

Format the output as valid JSON, escaping double quotation marks when
necessary, with two fields:

— the answer under the key "answer"
— the traceability under the key "trace"

The trace must not exceed 500 characters and must include metadata
containing the original text that justifies the answer, the page
number, and the specific block from which the text is extracted.

The response must contain ONLY parseable JSON using json.loads() in Python.

Example of a valid response:
{"answer": "Yes", "trace": "The answer is yes because the document states that a key audit matter exists."}

Prompt template used for all generation models in the supervisory RAG pipeline. The prompt enforces role definition, 
constrained outputs, exclusive reliance on retrieved context, and structured traceability requirements

Figure 2
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This choice should be interpreted accordingly. A single prompt may interact differently with heterogeneous models, 

particularly smaller on-premise models, which can be more sensitive to formatting requirements and instruction 

granularity. Therefore, the reported performance levels do not necessarily represent each model’s best-case 

outcome. To quantify this sensitivity, Appendix A reports a prompt-shift robustness exercise that evaluates how 

accuracy changes when we reduce prompt tailoring while keeping the retrieval configuration fixed. Appendix B 

reproduces the full New prompt.

The generated answer is then evaluated against the supervisory ground truth using an independent large 

language model (LLM) acting as a judge. In our setup, we use Kimi as the judging model. As shown in Figure 3, 

the judge assesses whether the generated answer is correct with respect to the expert provided reference and 

assigns a binary label indicating correctness or incorrectness. The supervisory ground truth is used as an external 

professional benchmark for the task, based on assessments provided by central-bank stakeholders involved in the 

project.3 This approach follows recent work that uses language models to evaluate model outputs at scale when 

direct human evaluation is costly or impractical, while remaining anchored in a reference defined by experts (Gu et 

al., 2024; Zheng et al., 2023; Liu et al., 2023).

Importantly, evaluation is based on operational correctness rather than textual similarity. Answers are not 

compared at the token or string level, but assessed according to whether they convey the correct information required 

by the supervisory template. This is particularly relevant in accounting settings, where the same information can be 

3 �These answers are used only for evaluation, not for model training, fine-tuning, or prompt optimisation. This separation limits the risk that the 
benchmark reflects training-contamination bias rather than genuine task performance.

SOURCE: Banco de España.

Prompt used for Kimi as LLM-based judge

You are a senior AI quality assurance evaluator. Your task is to assess
whether the model has answered the question correctly.

You must return 0 if the answer is incorrect and 1 if the answer is correct.

Expected answer:
[ground truth]

Model-provided answer:
[model truth]

When evaluating the answer, take into account the following rules:

     1) Punctuation such as '.' and ',' is not important.
     2) Ignore differences between uppercase and lowercase letters.
     3) Singular and plural forms are considered equivalent.
         For example, if the provided answer is "Individuals" and the expected
         answer is "Individual", the answer is correct and the output must be 1.
     4) If the expected answer is "No" and the provided answer is "No",
         the answer is correct and the output must be 1.
     5) If the expected answer is "Not applicable" and the provided answer is
         "Not applicable", the answer is correct and the output must be 1.
     6) Ignore minor errors such as a single incorrect letter or number when
         the answer consists of more than one word.

The answer is valid EXCLUSIVELY if it is either 0 or 1.

Prompt used to instruct Kimi as an independent LLM-based judge for binary evaluation of generated answers against 
supervisory ground truth

Figure 3



BANCO DE ESPAÑA 18 DOCUMENTO OCASIONAL N.º 2613

expressed using different wording without affecting its substantive meaning. By reducing each question to a binary 

correctness outcome, the evaluation framework allows results to be aggregated across questions, reports, retrieval 

strategies, and generation models.

Therefore, model performance is summarised using standard classification metrics computed over binary 

correctness labels. Accuracy is reported as the primary metric and captures the proportion of supervisory questions 

that are correctly answered. Performance is analysed separately for each combination of generation model, retrieval 

strategy, and retrieval depth, and further examined by question complexity, as defined in Table 2. This enables a 

structured decomposition of retrieval and model contributions under comparable conditions, although retrieval and 

generation can interact in practice. To support inference in a setting with many tied outcomes, we complement 

aggregated accuracy with paired question-level comparisons and exact tests that focus on discordant pairs.

Overall, the evaluation framework is designed to assess whether RAG systems can reliably support 

supervisory inspection of audit reports under realistic institutional constraints. Rather than focusing on learning or 

generalisation in a statistical sense, the analysis measures whether such systems can automate routine components 

of the inspection process with sufficient accuracy to generate meaningful productivity gains for supervisors, while 

preserving the role of expert judgement in the final evaluation.
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4 Aggregated results

We focus on two central questions. First, what level of accuracy can be achieved, on average, when answering 

supervisory questions based on external audit reports? Because average accuracy can mask errors in specific 

inspections or question types, Section  5 complements aggregate results with complexity-level patterns and 

paired comparisons of discordant outcomes. Second, how do retrieval quality and model capacity jointly shape 

performance in a supervisory retrieval-augmented generation pipeline?

Performance is evaluated using accuracy, defined as the proportion of supervisory questions that are 

correctly answered according to the LLM-based judge. Results are aggregated across audit reports and questions, 

and reported by generation model and retrieval strategy for a comparable setting with retrieval depth k = 5 (as 

defined in Section 3).4 Table 5 summarises the main results for standard retrieval strategies.

Table 5 points to two descriptive patterns. First, retrieval quality materially affects average performance. 

Across models, Semantic retrieval improves accuracy relative to lexical BM25, with particularly large gains 

for stronger models. Second, under strong retrieval (Semantic), model capacity remains a key determinant of 

performance. Kimi achieves the highest aggregated accuracy (0.873), closely followed by Llama  70B (0.870). 

Smaller on-premise models remain materially below this level even with Semantic retrieval (0.797 for Mistral 7B 

and 0.753 for Llama  3B). These gaps are economically meaningful given the operational objective of pre-filling 

supervisory templates with minimal expert correction.

To clarify where these differences arise, charts 1–5 report accuracy by retrieval strategy and question type. 

Question types correspond to the four complexity levels introduced in Section 2. Three features stand out. First, 

Types 1–2 exhibit high accuracy for most models even under BM25, indicating that a large share of routine factual 

extraction can be automated reliably when the relevant information is explicit in the report. Second, performance 

drops sharply for Type  4 under non-oracle retrieval, and the magnitude of this drop varies substantially across 

models. This pattern is consistent with Type 4 questions requiring interpretation and supervisory judgement, which 

4 � We focus on k=5 as a balanced configuration that provides contextual coverage while limiting noise and context-length saturation.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Baseline retrieval uses k = 5 chunks; Oracle uses the gold paragraph (k = -1).
b Accuracy is computed against supervisory ground truth using an independent LLM-based judge (Kimi).

Aggregated accuracy by generation model and retrieval strategy (a) (b)
Table 5

elcarOdirbyHcitnameS52MBledom noitareneG

298.0527.0357.0337.0B3 amalL

049.0867.0797.0247.0B7 lartsiM

369.0258.0078.0708.0B07 amalL

549.0078.0378.0218.0imiK

059.0387.0597.0257.06.4 tennoS edualC
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places greater weight on model capability even when retrieval provides relevant context. Third, the relative benefit 

of retrieval improvements is concentrated in Types 3–4: Semantic retrieval raises performance compared to BM25, 

while hybrid retrieval is not systematically superior to Semantic retrieval in this setting and can be slightly worse for 

some models.

The charts also report an oracle benchmark that supplies the gold paragraph by construction. Oracle 

retrieval compresses performance differences for low-complexity questions and substantially lifts Type 4 accuracy, 

yet it does not eliminate cross-model gaps. This suggests that both retrieval quality and model capability contribute 

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Accuracy is the share of supervisory questions answered correctly according to the LLM-based judge.
b k denotes the number of retrieved chunks at generation time; ORACLE uses the gold paragraph (k = –1).
c Question types correspond to the four complexity levels defined in Section 2.

Type 4

Type 3

Type 2

Type 1

0

20

40

60

80

100

BM25 Semantic Hybrid Oracle

%

Model: Kimi

Accuracy by retrieval strategy and question type (a) (b) (c)
Chart 1

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Accuracy is the share of supervisory questions answered correctly according to the LLM-based judge.
b k denotes the number of retrieved chunks at generation time; ORACLE uses the gold paragraph (k = –1).
c Question types correspond to the four complexity levels defined in Section 2.
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to errors, and it motivates the paired comparisons in Section 5, where we isolate (i) retrieval uplift holding the model 

fixed and (ii) model differences holding retrieval fixed, using exact tests on discordant pairs.

Taken together, aggregated accuracy and type-level patterns suggest that strong retrieval is necessary but 

not sufficient for high performance in supervisory inspection tasks. The next section examines these mechanisms 

through paired question-level comparisons and robustness analyses, including prompt robustness under a prompt 

shift.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Accuracy is the share of supervisory questions answered correctly according to the LLM-based judge.
b k denotes the number of retrieved chunks at generation time; ORACLE uses the gold paragraph (k = –1).
c Question types correspond to the four complexity levels defined in Section 2.
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SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Accuracy is the share of supervisory questions answered correctly according to the LLM-based judge.
b k denotes the number of retrieved chunks at generation time; ORACLE uses the gold paragraph (k = –1).
c Question types correspond to the four complexity levels defined in Section 2.
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SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Accuracy is the share of supervisory questions answered correctly according to the LLM-based judge.
b k denotes the number of retrieved chunks at generation time; ORACLE uses the gold paragraph (k = –1).
c Question types correspond to the four complexity levels defined in Section 2.

Type 4

Type 3

Type 2

Type 1

0

20

40

60

80

100

BM25 Semantic Hybrid Oracle

%

Model: Llama 3B

Accuracy by retrieval strategy and question type (a) (b) (c)
Chart 5



BANCO DE ESPAÑA 23 DOCUMENTO OCASIONAL N.º 2613

5 Robustness and deployment implications

The robustness analysis is designed to check whether the main policy conclusions survive more demanding 

comparisons at the question-report level. The core idea is simple: each comparison holds the underlying supervisory 

case fixed and asks whether performance changes when we vary the retriever, the model, or the prompt. This design 

is useful for deployment decisions because it distinguishes three operational margins: better evidence access, 

stronger reasoning capacity, and sensitivity to institutional prompt design. Appendix A reports the exact paired-test 

formulation and the full set of tables.

Three results are most relevant from a policy-oriented standpoint. First, retrieval quality is not a secondary 

engineering detail. Holding the model fixed, switching from BM25 to Semantic retrieval increases accuracy by about 

6.2–6.3 percentage points for both Kimi and Llama 70B, and the gains are concentrated in discordant cases where 

Semantic retrieval is correct and BM25 is not. Second, model capacity still matters once retrieval is aligned: under 

the same Semantic retriever, Llama 70B is statistically indistinguishable from Kimi, whereas Mistral 7B and Llama 3B 

remain clearly weaker. Third, the practical substitution margin is present only for the large on-premise model in 

this benchmark: 70B+Semantic beats Kimi+BM25 in discordant pairs, while the smaller on-premise models do not 

deliver the same margin. Table 6 summarises this condensed robustness evidence.

This condensed evidence supports a threshold view of deployment. Retrieval improvements generate 

systematic gains, but they are complements rather than full substitutes for reasoning capacity. In the present 

benchmark, a large on-premise model with strong retrieval can match or exceed a cloud configuration with weaker 

retrieval, which is directly relevant for institutions facing confidentiality, auditability, and vendor-dependence 

constraints. By contrast, smaller on-premise models remain more exposed on higher-complexity questions and 

under prompt changes. The policy implication is therefore not that one architecture dominates universally, but that 

deployment should be matched to the complexity of the supervisory task, the quality of evidence retrieval, and the 

acceptable level of human review.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.
NOTE: Detailed paired tests are reported in Annex 1.

Condensed robustness evidence for deployment interpretation
Table 6

noitaterpretni lanoitarepOecnedive yeKdetset nigraM

Retrieval quality Semantic retrieval raises accuracy by 6.2–6.3 percentage 
points for Kimi and Llama 70B relative to BM25.

Evidence access is a first-order design lever for supervisory 
RAG systems, especially for template pre-filling and factual 
extraction.

Model capacity Under Semantic retrieval, Llama 70B and Kimi are 
statistically indistinguishable, while 7B and 3B models 
remain below Kimi.

Strong retrieval narrows gaps, but does not fully offset 
limited reasoning capacity on more demanding supervisory 
questions.

Substitution margin 70B+Semantic beats Kimi+BM25 in discordant pairs; the 
same pattern does not generalise to smaller on-premise 
models.

On-premise substitution is plausible only when retrieval 
quality and model capacity are jointly sufficient.

Prompt robustness Reduced prompt tailoring substantially lowers accuracy for 
on-premise models, while Kimi changes little and Claude 
improves in this exercise.

Model selection should include prompt-sensitivity checks, 
not only a single optimized benchmark.
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6 Conclusions, policy discussion and further research

This paper evaluates retrieval-augmented generation (RAG) systems for supervisory inspection of external audit 

reports and provides an experimental decomposition of retrieval and model contributions to operational accuracy. 

Using a real supervisory dataset and a standardized inspection template, we compare alternative retrieval strategies 

and language models that span on-premise open-weight systems and proprietary cloud models. The paired design 

allows us to distinguish performance changes driven by retrieval quality from those driven by model capability, and 

to assess where these components act as complements rather than substitutes. Methodologically, we also show 

how an independent LLM-as-judge protocol can scale operational scoring against supervisor-provided ground truth, 

complemented by expert back-to-back checks as a robustness guardrail.

Three findings emerge. First, retrieval quality is a robust and economically meaningful driver of performance. 

Holding the model fixed, switching from lexical BM25 to Semantic retrieval yields a statistically robust uplift of 

about 6.2–6.3 percentage points for both Kimi and Llama  70B, and improves performance for smaller models 

as well. In some configurations, this retrieval uplift offsets a substantial share of the gap associated with weaker 

model capability, although higher-capacity models remain advantaged on judgement-intensive questions. This 

result indicates that retrieval improvements can generate large marginal returns even when the generation model is 

already strong, and it supports a design focus on robust evidence selection as a prerequisite for reliable supervisory 

assistance.

Second, model capability remains binding once retrieval is aligned. Under symmetric Semantic retrieval, 

Kimi substantially outperforms smaller on-premise models such as Llama 3B and Mistral 7B, with gaps that are both 

economically meaningful and concentrated in discordant cases. By contrast, Llama 70B with Semantic retrieval 

becomes statistically indistinguishable from Kimi with Semantic retrieval, suggesting a capacity threshold above 

which on-premise systems can match cloud performance in this benchmark. This pattern clarifies the limits of 

retrieval-based substitution: better retrieval narrows gaps and eliminates many avoidable errors, yet it does not fully 

compensate for limited reasoning capability on analytically demanding supervisory questions.

Third, prompt robustness constitutes an additional operational dimension. Under a prompt shift that 

reduces prompt tailoring while holding retrieval fixed, Kimi exhibits a small performance drop, whereas on-premise 

configurations experience substantially larger degradations. This finding reinforces that governance-relevant 

evaluation should not rely exclusively on a single prompt formulation, particularly when systems are expected to 

operate under stable compliance-oriented templates that may not be optimised for each model.

These results also qualify a simple scaling-law narrative in which larger models are always the dominant 

lever. In supervisory RAG pipelines, performance is a joint function of model capability, retrieval quality, and task 

complexity. This interaction implies that institutions need not optimise solely for parameter count, especially when 

on-premise deployment provides value in privacy, security, auditability, and institutional risk control (Khatri and 

Brown 2010).

Beyond this specific use case, the results contribute to the broader debate in artificial intelligence, and 

in supervisory technology (SupTech) in particular, around proprietary cloud models versus open-weight models 

deployed on-premise. In our benchmark, a large on-premise model and a leading cloud model deliver very similar 

performance once retrieval is aligned: under Semantic retrieval, Kimi reaches 0.873 accuracy and Llama 70B reaches 
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0.870, and paired tests do not reject equality. Under weaker retrieval, the cloud model remains slightly ahead (0.812 

versus 0.807 under BM25). These figures provide a concrete performance trade-off that institutions must balance 

against other considerations, including confidentiality constraints and geopolitical or vendor dependence.

Finally, we identify several promising lines of further research in the Suptech agenda:

• Using large language models (LLMs),  and agentic workflows to link confidential supervisory reports to 

structured information sources such as AnaCredit. This would allow direct benchmarking across models 

on tasks such as default prediction, case prioritisation, or the identification of data-quality issues.

• Applying unsupervised learning techniques, including dimensionality reduction and outlier detection, to 

embeddings produced by domain-adapted or fine-tuned models. This could support anomaly detection and 

clustering of supervisory cases at scale.

• Extending the use of LLMs to the assessment of other risks that rely heavily on unstructured information, 

such as reputational, operational, or geopolitical risk. This direction becomes especially relevant as 

supervisors pursue simplification agendas and seek to reduce reporting burden while improving data 

usability (Banco de España, 2025).
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Annex 1 Detailed robustness analysis

This appendix reports the detailed paired comparisons behind the condensed robustness discussion in Section 5. 

For each comparison, the underlying question–document pair is held fixed, so the test isolates the effect of changing 

the retrieval strategy, the generation model, or the prompt template.

A.1.1 Paired comparisons and exact tests on discordant outcomes

Let YiA and YiB denote the binary correctness outcomes for question i under configurations A and B. Many 

comparisons yield ties, either because both configurations answer correctly or both fail. Ties can dominate 

accuracy differences and can make descriptive non-inferiority shares appear high even when discordant cases 

systematically favour one side. We therefore complement descriptive shares with exact paired tests that focus on 

discordant outcomes only.

Define the discordant counts as

Here, nd = n10 + n01 denotes the number of discordant pairs.

Under the null hypothesis of symmetric performance,

H0: Pr(YiA = 1,YiB = 0) = Pr(YiA = 0,YiB = 1).

The exact McNemar test is equivalent to a two-sided exact binomial test:

n10 ∼ Binomial(nd, 0.5).

We report this exact test throughout (McNemar, 1947). Unless stated otherwise, all robustness checks use 

k = 5 and are evaluated over the same set of paired question-document observations.

A.1.2 Retrieval uplift holding the model fixed

We first quantify the retrieval contribution by holding the generation model fixed and comparing Semantic retrieval 

to lexical BM25. Table A.1 reports paired outcomes for two strong models that anchor the main deployment trade-

off. For both Kimi and Llama 70B, Semantic retrieval yields an accuracy uplift of about 6.2–6.3 percentage points 

relative to BM25 and wins substantially more often than it loses in discordant pairs.

n
10 

= ∑ ∏ (Y
iA 

= 1, Y
iB

 = 0),  n
01 

= ∑ ∏ (Y
iA 

= 0, Y
iB

 = 1).
i i 
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A.1.3 Model differences holding retrieval fixed

We next isolate the model contribution by holding retrieval fixed and comparing models under symmetric Semantic 

retrieval. Table A.2 compares three on-premise open-weight models to Kimi under the same Semantic configuration. 

Kimi substantially outperforms smaller on-premise models under aligned retrieval, while Llama  70B becomes 

statistically indistinguishable from Kimi.

To illustrate where the symmetric gap arises, Table A.3 reports the paired test by complexity for Mistral 7B 

vs. Kimi under Semantic retrieval.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Discordant pairs are question-report observations on which BM25 and Semantic retrieval yield different correctness outcomes.
b Exact p-values follow the McNemar test on discordant pairs.

.ccAledoM  BM25 Acc. Semantic Uplift Discordant

98260.0378.0218.0imiK

29360.0078.0708.0B07 amalL

)10n+01n(/01np tcaxE10n sessoL01n sniWledoM

807.040-e1.16236imiK

607.050-e3.97256B07 amalL

Accuracy and discordant pairs

Discordant outcomes and exact McNemar tests

Accuracy and counts

Retrieval uplift holding the generation model fixed (k = 5)
Table A.1

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Comparison Accuracy (on-premise) Accuracy (Kimi) Gap Discordants

64300.0-378.0078.0.meS+imiK .sv .meS+B07

67770.0-378.0797.0.meS+imiK .sv .meS+B7

601021.0-378.0357.0.meS+imiK .sv .meS+B3

Accuracy gaps and discordant pairs

Accuracy and counts

p tcaxE10n01nnosirapmoC

388.04222.meS+imiK .sv .meS+B07

80-e8.91651.meS+imiK .sv .meS+B7

31-e9.59871.meS+imiK .sv .meS+B3

Discordant outcomes and exact McNemar tests

Model contribution under symmetric Semantic retrieval (k = 5)
Table A.2
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A.1.4 Substitution effect: on-premise strong retrieval vs. cloud basic retrieval

Building on the within-model retrieval uplift, we examine mixed comparisons to assess a practical substitution 

channel: pairing an on-premise model with strong retrieval (Semantic) versus a cloud model with basic retrieval 

(BM25). Table A.4 reports the results of these mixed comparisons.

Given the central role of the 70B comparison for deployment decisions, Table A.5 stratifies 70B+Semantic 

vs. Kimi+BM25 by question complexity.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Complexity Total pairs Ties Discordant n10 n01 Exact p

761.0316911010211

000.14482110212

90-e4.5632832020423

722.083119010214

Counts and exact p-values

Exact paired tests by question complexity. Mistral 7B + Semantic vs. Kimi + Semantic (k = 5)
Table A.3

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

p tcaxE10n01ntnadrocsiDlatoTnosirapmoC

70B+Semantic vs. Kimi+BM25 600 95 65 30 4.2e-04

7B+Semantic vs. Kimi+BM25 600 119 55 64 0.464

3B+Semantic vs. Kimi+BM25 600 145 55 90 0.005

Each row compares an on-premise model with Semantic retrieval to Kimi with BM25 retrieval

Mixed substitution margin (k = 5)
Table A.4

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Complexity Total pairs Ties Discordant n10 n01 Exact p

40-e9.170373380211

197.068416010212

430.02162832020423

912.05164110214

Counts and exact p-values

Exact paired tests by complexity. Llama 70B + Semantic vs. Kimi + BM25 (k = 5)
Table A.5
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A.1.5 Prompt shift robustness

To assess sensitivity to prompt specification, we run a prompt-shift exercise that keeps retrieval fixed (Semantic, 

k = 5) and varies only the instruction template provided to the generator. We compare an Old prompt that reflects the 

task-specific, supervisor-aligned prompting used in the main experiments to a New prompt that reduces tailoring 

while preserving the same input fields and output constraints. Annex 2 reproduces the full New prompt. Table A.4 

reports the results of these mixed comparisons.

The prompt-shift exercise, as shown in Table A.6, shows substantial heterogeneity in prompt sensitivity. The 

New prompt sharply degrades performance for all on-premise models, while Kimi exhibits a small and statistically 

weak decline and Claude Sonnet 4.6 improves under the New prompt in this benchmark. A paired McNemar test on 

worsen events rejects equality in favour of Claude losing less than Kimi (p = 0.0288).

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

a Results are reported on the 580 question-report pairs common after filtering for Claude Sonnet 4.6 availability. McNemar exact p-values test the null of no 
systematic change between prompts.

b OLD denotes the task-specific prompt used in the main experiments.
c NEW denotes a reduced-tailoring prompt.

)01n ,10n(tnadrocsiDatleDW (c)EN .ccAD (b)LO .ccAn (a)ledoM

Mistral 7B 580 0.790 0.378 -0.412 283 (22.261)

Llama 3B 580 0.745 0.514 -0.231 208 (37.171)

Llama 70B 580 0.866 0.707 -0.159 118 (13.105)

)63 .12(75620.0-548.0178.0085imiK

Claude Sonnet 4.6 580 0.788 0.857 0.069 84 (62.22)

Old denotes the task-specific prompt used in the main experiments; New denotes a reduced-tailoring prompt

Prompt-shift robustness under Semantic retrieval (k = 5)
Table A.6
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Annex 2 Prompts

This appendix reproduces (see Figure A.2.1) the New reduced-tailoring prompt used in the prompt-shift robustness 

exercise reported in Annex 1.

SOURCE: Banco de España.

Full text of the reduced-tailoring prompt (New) used in the prompt-shift robustness exercise. Placeholders in curly braces 
are populated from the input JSON

New prompt used in the prompt-shift robustness exercise

You are an auditor at the Banco de España, expert in report drafting and audit analysis.

The question to be answered is: {question}, as provided in the input JSON.

Answers to the audit questions must be clear and concise.
If no answer is available, respond with "NO INFORMATION".

Respond ONLY using the information contained in the provided context.

The valid values for the answer are: {valid_values}.

The context is: {content}.

Format the output as valid JSON, escaping double quotation marks when necessary,
with two fields: the answer under the key "answer" and the traceability under the
key "trace".

The field "trace" must include the original text that justifies the answer, together
with the page number and the block identifier from which the text is extracted.

Return ONLY parseable JSON using json.loads() in Python, on a single line.
Example of a valid response:
{"answer": "Yes", "trace": "The answer is yes because the document states that a key audit matter exists. Page 12, block 3."}

Within the field "trace", never use double quotation marks or newline characters.
When adding metadata in "trace", never use a dictionary-like format; instead, write
the information in natural text to avoid parsing errors.

Figure A2.1
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Annex 3 Additional robustness results

This appendix reports additional robustness results that complement Section 5. These results are omitted from 

the main text for conciseness. They do not alter the qualitative conclusions, but provide transparency on counts, 

discordant structure, and heterogeneity by question complexity.

A.3.1 Paired retrieval comparison: semantic vs. bm25 (all models)

The table A.3.1 reports paired comparisons of Semantic retrieval versus BM25 for each generation model (k = 5). 

For each model, we report the number of discordant pairs, the counts of Semantic wins (n10) and BM25 wins (n01), 

descriptive dominance shares, and the exact McNemar p-value. The global row aggregates across all models.

A.3.2 Additional stratifications for mixed comparisons (semantic vs. bm25 across deployment)

Section  5 reports stratification by complexity for the central mixed comparison 70B+Semantic vs.  Kimi+BM25. 

For completeness, Tables A.3.2 and A.3.3 report the same stratification for the mid-sized and small open models 

(Mistral 7B and Llama 3B, respectively). These tables clarify where the aggregate patterns arise and highlight cases 

with limited discordant mass. 

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.
NOTE: Semantic wins are (1,0) outcomes; BM25 wins are (0,1) outcomes; exact p-values from McNemar tests on discordant pairs.

Paired comparison of Semantic vs. BM25 by model (k = 5)
Table A3.1

Model Pairs Discordant n10 n01 Semantic >= BM25 Semantic > BM25 Semantic < BM25 Exact p

Claude Sonnet 600 114 70 44 0.927 0.117 0.073 0.019

Kimi 600 89 63 26 0.957 0.105 0.043 1.1e-04

Llama 3B 600 148 80 68 0.,887 0.133 0.113 0.366

Llama 70B 600 92 65 27 0.955 0.108 0.045 9.3e-05

Mistral 7B 600 117 75 42 0.930 0.125 0.070 0.003

All models 3,000 560 353 207 0.931 0.118 0.069 7.2e-10

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Exact paired tests by complexity. Mistral 7B + Semantic vs. Kimi + BM25 (k = 5)
Table A3.2

Complexity Total pairs Ties Discordant n10 n01 Exact p

571.0312253580211

000.178515010212

732.04342852810423

210.0011119010214

Counts and exact p-values
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A.3.3 Additional stratification for symmetric retrieval (70b+semantic vs. kimi+semantic)

Section  5 reports that 70B+Semantic is statistically indistinguishable from Kimi+Semantic in the aggregate. 

Table A3.4 reports the corresponding stratification by complexity. The aggregate null is consistent with balanced 

discordant outcomes overall, while some tiers contain relatively few discordant pairs and therefore limited power.

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Exact paired tests by complexity. Llama 3B + Semantic vs. Kimi + BM25 (k = 5)
Table A3.3

Complexity Total pairs Ties Discordant n10 n01 Exact p

814.0612283280211

000.187515010212

500.00552575610423

40-e8.2611713010214

Counts and exact p-values

SOURCE: Authors' calculations on the external audit supervision dataset of the Banco de España.

Exact paired tests by complexity. Llama 70B + Semantic vs. Kimi + Semantic (k = 5)
Table A3.4

Complexity Total pairs Ties Discordant n10 n01 Exact p

761.0631911010211

000.13473110212

310.0212416220423

000.13364110214

Counts and exact p-values
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