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Abstract
This doctoral research investigates how Case-Based Reasoning (CBR) principles can wrap modern Large Lan-
guage Model (LLM) pipelines to deliver calibrated, grounded and revisable predictions for industrial document
understanding at scale. The PhD began with CBR combined with Retrieval-Augmented Generation (RAG) and
Genetic Algorithm optimisation for resource allocation in waste management, but quickly converged onto a more
fundamental bottleneck observed at the industry partner WM Nicol: organisational insights are locked inside
heterogeneous, unstructured legacy documents. To unlock them, a human-in-the-loop Intelligent Document
Processing (IDP) platform was built, in which multi-label classification acts as the routing gate for downstream
extraction. Three convergent research contributions follow. (1) An LLM-RAG clarification mechanism for the iSee
XAI platformwith a Reasonabilitymetric andMarkov-chain revision-knowledge discovery (ICCBR 2025). (2) RAPT,
a retrieval-augmented post-hoc thresholding wrapper that calibrates label-set selection for metric-learning and
transformer backbones without retraining. (3) A CBR adaptation and Self-Reflection Prompting extension that
transfers RAPT ’s calibration principles to prompt-elicited LLM scores. Together, these works establish CBR as
a lightweight wrapper layer for trustworthy LLM-based document understanding across waste-management,
energy and adjacent regulated sectors processing hundreds of thousands of documents.
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1. Introduction

Decision-support systems in regulated industrial sectors such as waste management and energy must
integrate decades of operational knowledge with real-time data, yet most of that knowledge sits
inside heterogeneous, unstructured documents (waste transfer notes, hazardous waste prenotifications,
weighbridge tickets, purchase orders, cleanliness certificates, email correspondence). At the industry
partner WM Nicol, this document backlog is the single largest bottleneck preventing downstream
resource allocation, scheduling and compliance analytics from operating at scale.

This doctoral research began with the ambition of combining CBR, LLM-based RAG [1] and Genetic-
Algorithm optimisation to schedule fleet and engineering resources at WM Nicol. In the first year,
attempts to instantiate this framework collided with a data-readiness problem: no upstream pipeline
could reliably turn the document estate into the structured attributes the downstream optimiser needed.
The trajectory therefore converged onto building an Intelligent Document Processing (IDP) platform [2],
with multi-label classification as the decision gate that routes each document to its appropriate down-
stream extractor. This pivot kept the original CBR-LLM thesis intact, but reframed it around a problem
with much higher operational leverage and broader applicability across waste-management and energy
sectors.

In parallel, work on the iSee XAI platform [3] contributed a complementary CBR-LLM strand:
detecting when end-user explanation intents evolve during an interaction, so that the CBR revise step
can update the recommended explanation strategy. Both strands share the same research question,
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restated as: How can CBR principles (retrieval, reuse, adaptation, revision) wrap modern LLM pipelines to
deliver calibrated, grounded and revisable predictions for industrial document understanding at scale?

The PhD answers this question through three convergent contributions (Section 3): an LLM-RAG
clarification and revision-knowledge mechanism for iSee [4]; the RAPT post-hoc thresholding wrapper
for multi-label classifiers [5]; and a CBR adaptation plus Self-Reflection Prompting extension that trans-
fers these calibration principles to LLM-based multi-label classifiers. The methodological foundation
across all three strands is the CBR-RAG [6] formulation, which established that the CBR vocabulary,
case-base and similarity knowledge containers can be reused as the retrieval scaffolding of LLM systems.

2. Background and Related Work

CBR and LLM integration. The classical CBR cycle of retrieve, reuse, revise and retain [7] provides a
natural scaffold for wrapping LLMs. A recent research manifesto [8] identifies prompt-based adaptation
accuracy, output validation and the absence of robust external retrieval mechanisms as key open
challenges for hybrid CBR-LLM systems. Wilkerson and Leake [9] report that direct LLM-based
retrieval matches external 𝑘-NN selection only 20–28% of the time and that LLMs hallucinate case
attributes, motivating designs in which CBR contributes verifiable retrieval and adaptation infrastructure
rather than asking the LLM to do everything.
Multi-label thresholding. Converting per-label scores into a final label set is the operational

decision in multi-label classification [10]. Static label-wise strategies such as SCut [11] and gap-based
cutoffs such as MCut [12] improve on a fixed global threshold but remain static at test time, motivating
instance-adaptive alternatives. LLMs in multi-label settings additionally exhibit token distributions
concentrated on a single label as model scale increases [13], making prompt-elicited scores particularly
hard to threshold.
LLM calibration and revision. LLM responses can be hallucinated, miscalibrated or inconsis-

tent [14], and Self-Refine [15] shows iterative self-feedback can improve outputs. However, a critical
survey of self-correction in LLMs [16] finds that purely internal feedback often introduces self-bias and
can degrade outputs; methods such as CRITIC [17] are more reliable when feedback is grounded in exter-
nal evidence. LLM-as-judge methodologies [18] provide one external signal, and CBR neighbourhoods
provide another – which this PhD exploits.

3. Research Aims and Methodology

The three contributions below share a common design pattern: a labelled case base is constructed
from existing training (and verified) data, neighbours of the query are retrieved through an embedding
similarity, and their solutions or score residuals are reused and adapted to produce a calibrated or revised
output for the query. Each contribution instantiates this pattern at a different layer of an LLM-driven
document understanding stack.

3.1. Contribution 1 – LLM-RAG Clarification and Revision Knowledge in iSee

In the iSee XAI platform, explanation strategies are encoded as Behaviour Trees, and end-user feedback
drives the CBR revise step. We introduced a Clarification Node that triggers an agentic LLM-RAG
workflow when the user signals uncertainty, and a Reasonability Score that aggregates judgments from
over 30 LLM judges to quantify how coherent and context-aligned a clarification is. A Markov chain
over a set of 16 user intents (e.g., transparency, debugging, comprehensibility) is fitted from session
traces and used to detect when the user’s explanation intent has diverged from the originally designed
strategy – a trigger for revision. This work was published at ICCBR 2025 [4] and validated through
experiments with end users across four real-world use cases spanning telecommunications, medical
imaging, manufacturing inspection and loan-approval explanation. The interpretability question it
answers – when does an explanation strategy need to be revised? – is the same instance-adaptive question
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that recurs in the document-understanding strand under the guise of when does a label set need to be
revised?

3.2. Contribution 2 – RAPT: Retrieval-Augmented Post-hoc Thresholding

The IDP platform’s bottleneck is not learning a good per-label ranking but turning that ranking into a
label set. In multi-label document classification, per-class optimal thresholds can range from below 0.1
to above 0.7, yet a fixed global threshold of 𝜏 = 0.5 is the most common default. RAPT addresses
this through a model-agnostic CBR wrapper [5]: a case base is built from training-set predictions and
ground-truth labels, the query’s neighbours are retrieved through an embedding index, and the query’s
label set is computed via dynamic thresholding. Two strategies were introduced: AvgCount, which
estimates the expected label cardinality from similarity-weighted neighbour counts, and RankCal, which
infers a confidence threshold from the minimum true-label scores observed in the neighbourhood. A
score adaptation step transfers per-neighbour residuals (Δ1 alignment, Δ2 residual correction) to the
query’s raw scores before thresholding. RAPT is model-agnostic: it wraps episodic metric learners
(Matching Networks, Prototypical Networks, Relation Networks, SNAIL) and fine-tuned transformer
encoders (BERT, DeBERTa-v3) without retraining. On the WM Nicol industrial dataset it outperfomed
few-shot LLM baselines by approximately ≥ 115× less inference time and 13.5× less GPU memory.
Across 175 model-dataset combinations on six public benchmarks plus the industrial dataset, RAPT
beat the best static thresholding baseline in 74.3% of cases.

3.3. Contribution 3 – CBR Adaptation and Self-Reflection for LLM Multi-Label
Classifiers

RAPT ’s case-based score adaptation transfers naturally to LLMs that emit per-label scores through
prompting, but LLM scores are not calibrated: fine-tuning is rarely cost-effective at scale and token
probabilities are a poor confidence proxy. We therefore elicit scores through structured prompts
(percentage, 5-point Likert, 10-point numerical, binary) and apply two complementary CBR. Score
Adaptation adjusts prompt-elicited LLM scores using ground-truth residuals from retrieved neighbours,
requiring no additional LLM calls. Self-Reflection Prompting feeds aggregated neighbourhood statistics –
expected label cardinality ̄𝑛𝑞, rank threshold 𝜏 rank𝑞 , and similarity-weighted label-frequency distribution
𝑓𝑞 – back to the LLM as external evidence in an iterative generate-refine cycle. This instantiates the
CBR revise step inside the LLM loop, addressing the self-bias problem identified in [16] by replacing
internal critique with external neighbourhood evidence. On the WM Nicol dataset, the best Self-
Reflection configuration with score adaptation reaches 0.803 Micro-F1 and 0.737 Macro-F1, surpassing
strong few-shot baselines [19, 20, 21] at a much lower token budget. The robustness holds under label
anonymisation, which removes semantic label names and therefore simulates proprietary industrial
taxonomies.

4. Industrial Use Case: WM Nicol IDP Platform

The IDP platform deployed at WM Nicol is a human-in-the-loop system in which incoming PDFs are
converted, OCR’d, classified across 10+ document types (Hazardous-waste notes, waste transfer notes,
weighbridge tickets, cleanliness certificates, purchase orders, delivery notes, job tickets, invoices, email
correspondence , SEPA notes and etc.) and routed to document-class-specific extractors. Reviewers
verify or override the extracted fields through the interface shown in Figure 1. Verified documents
become new cases for the RAPT and Self-Reflection case bases, closing the CBR retain loop in production.

The pain point at WM Nicol is shared by the wider waste-management and energy sectors, where
compliance-driven workflows produce hundreds of thousands of documents annually in heterogeneous
templates that evolve over time. The CBR wrapper layer is attractive in this setting precisely because it
adapts to drift without retraining the underlying classifier or LLM: case-base growth is the adaptation
mechanism.
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Figure 1: The WM Nicol HITL Intelligent Document Processing interface reviewing a SEPA hazardous-waste
prenotification. Multi-label classification (top, document categories) is the routing gate for the downstream
class-specific extractors; per-field extraction (left, with confidence) and the OCR overlay drive the reviewer’s
verify-or-override decision. Each approved document becomes a new case that grows the RAPT and Self-
Reflection case bases.

5. Conclusion and Future Work

The PhD has converged on: CBR as a lightweight wrapper layer for calibrating, grounding and revising
LLM outputs in industrial document understanding. The remaining work has three threads. First, the
CBR retain step in production, as verified documents flow back from the IDP, the case base should
grow online, and we will study case-base maintenance and active case-selection policies that bound
the labelling budget while tracking template drift. Second, extreme multi-label settings: RAPT and
Self-Reflection have been evaluated on label spaces of up to a hundred classes, but legal (EUR-LEX) and
biomedical (MIMIC-III, OHSUMED) corpora will stress the neighbourhood-driven design at scale. Third,
and arguably the most important for the IDP setting, is extending the wrapper from text-only LLMs to
Vision-Language Models (VLMs). Industrial documents are inherently visual: stamps, signatures, table
structure, hand-annotated overrides and form layout all carry information that current OCR-then-text
pipelines flatten away. We will test whether the RAPT score-adaptation and Self-Reflection mechanisms
carry over to VLM-elicited per-label scores, where the case-base embedding is now multimodal and
neighbourhood evidence may include visual rather than purely textual cues, and use this as a vehicle to
find better end-to-end methods for IDP that bypass brittle intermediate text extraction.
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