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Department of Physics
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Abstract
This thesis investigates how conformal prediction can be used to improve the
robustness and interpretability of multi-label text classification with large language
models (LLMs). Using a dataset of Wikipedia comments annotated for multiple
types of toxicity, a binary relevance approach is combined with inductive conformal
prediction to produce label-wise prediction sets with formal coverage guarantees.
Two data splitting strategies are explored to study the trade-off between model accu-
racy and calibration quality: one prioritising LLM fine-tuning, the other prioritising
calibration set size.
Results show that conformal prediction enables meaningful uncertainty quantifica-
tion, including abstention on ambiguous inputs, while maintaining reliable coverage
across a range of significance levels. The analysis also highlights challenges related
to rare labels, label imbalance, and the sensitivity of validity guarantees to shifts in
annotation quality and dataset distribution over time.
Overall, the study supports the practical use of conformal prediction as a safeguard
mechanism for LLM-based classifiers, especially in settings where predictive relia-
bility and human oversight are both critical.

Keywords: Large Language Models, Conformal Prediction, Multi-label Conformal
Prediction, Uncertainty Quantification, Text Classification
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1
Introduction

Large language models (LLMs) have rapidly grown in use since 2022, with Chat-
GPT, Llama and Claude being some of the more popular models. One issue that has
become prominent within LLMs is the case of hallucinations. A hallucination oc-
curs when an LLM generates an output that is irrelevant to the prompted question,
completely or partially untrue, or inconsistent with the input data. In classification
tasks where hallucination in the generative sense does not directly apply, the cor-
responding concerns manifest as misclassifications or classification uncertainty. To
address these issues in case of text classification with LLMs, conformal prediction
has been considered a suitable method for evaluating predictions against the model’s
past accuracy.

1.1 Background

Although LLMs have proven themselves to be powerful, there has also been a wave
of examples of their unreliability and uncertainty. One way to partially account
for this problem in LLM text classification is through a method called conformal
prediction.
Conformal prediction is a way to estimate uncertainty by outputting prediction
intervals instead of single-point predictions. This is done by first calculating non-
conformity scores for all previously labelled data whereafter these scores are used
to create prediction intervals for unlabelled test data. The prediction intervals in
classification are represented by a set with classes and model prediction probability
for the classes above a pre-specified threshold.
It is important to note that the type of conformal prediction that will be used is
the offline variant. This is because the online variant requires the predictor to be
retrained between each calculation of conformity measure for class to class predic-
tion. When looking at LLMs the amount of compute that retraining would require
would be too costly for any application of the method.
As for the background for why Algorithma AB wants the thesis to be carried out,
Algorithma AB is an AI and algorithmic consulting company based in Gothenburg
and Stockholm in Sweden. The company’s interest within this work is to explore
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1. Introduction

LLM multi-label text classification for research purposes as well to assess the pos-
sibility of this work being integrated into future tailor-made solutions for possible
customers of the company.

1.2 Societal, Ethical and Ecological Aspects of
the Thesis

The thesis will also discuss possible societal, ethical and ecological implications and
concerns that can stem from the results and application of the methods used in the
thesis.
For example, regarding the ecological aspects the amount of compute required for
LLMs is considerable and therefore the emissions from the energy sources must be
assessed to evaluate the environmental impact. This energy cost could be partially
mitigated by either smaller more specifically trained models or by model distillation.
From an ethical perspective, it is important to note that while conformal prediction
can measure the uncertainty within a prediction from an LLM, the underlying model
is in most cases a black-box and can therefore contain a range of biases from the
training data. This limitation the method cannot be fully corrected for and therefore
care has to be taken when implementing it to ensure fairness in the predictions.

1.3 Purpose and Research Question
The purpose of this thesis is to investigate the application of conformal prediction
on text multi-label classification performed by LLMs. The specific conformal pre-
diction method that will be used to evaluate the LLMs classification effectiveness
will be inductive conformal prediction (ICP), in addition to exploring the variations
within multi-label classification. In the event that the report is fully successful at
estimating the uncertainty of LLM predictions the results may be further developed
and potentially commercialized as part of an AI solution to potential customers of
Algorithma AB. This leads to the following research question for the thesis:

How can inductive conformal prediction be applied to large language
models in multi-label text classification tasks to produce reliable uncer-
tainty estimates?

2



1. Introduction

1.4 Limitations of the Thesis
The thesis won’t treat the application of "online" or transductive conformal predic-
tion due to limits of the computational cost of the method combined with the LLM
training.
Additionally, due to the large number of hyperparameters involved in testing and
optimizing LLMs the scope of models considered was limited as otherwise the experi-
ments would quickly become infeasible due computational cost and time constraints.

1.5 Use of AI within the Thesis
AI has been used to help generate code for plotting figures and early drafts of
figures such as Figures A.1 and 2.1. Additionally, it has been used to assist with
proofreading, and to suggest expansion of sections within the thesis. No sources
were directly taken from AI content and any information gained while drafting text
was thoroughly double-checked before use and citation within the thesis. The choice
of AI use in this way was to improve the workflow and increase the energy allotted
to critical decisions and results from the thesis.
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2
Theory

In the following sections, there will be an overview of large language models, clas-
sification problems and the uncertainty quantification framework that is conformal
prediction.

2.1 Large Language Models
Large language models (LLMs) are transformer-based architectures pre-trained on
vast amounts of text data, enabling them to capture complex language patterns and
contextual information. They have demonstrated exceptional performance on a wide
range of Natural Language Processing (NLP) tasks, including sentiment analysis,
question answering, and text classification. Their scalability and adaptability make
them a cornerstone of almost all modern NLP applications.

2.1.1 Natural Language Processing
Natural Language Processing (NLP) is a subdiscipline of artificial intelligence fo-
cused on interactions between computers and human languages. The aim of NLP
is to allow machines to interpret, understand and generate human language in a
meaningful and useful way. This in turn has several applications including but not
limited to translation, sentiment analysis, and text classification [1].
The earliest iterations of NLP relied heavily on rule-based systems and statistical
methods. Including approaches such as bag-of-words model, n-grams and shallow
parsing i.e. dividing the sentences into meaningful phrases. [1]
Later, in the year 2013 and 2014 came the introduction of word embeddings such
as Word2Vec [2] and GloVe [3] which enabled models to represent words in contin-
uous vector spaces that captured semantic similarity. This together with Recurrent
Neural Networks and Long Short-Term Memory networks that helped the models
account for temporal dependencies within text. This led to a high degree of suc-
cess but the models still had issues with handling both long-range dependencies and
parallelization.
This missing piece came with the architecture introduced in the paper “Attention
Is All You Need“ [4]. The transformers architecture replaced the recurrence with
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2. Theory

self-attention, leading to significant improvements in both training efficiency and
model performance. The transfomers architecture laid the foundation for modern
LLMs such as BERT [5], ROBERTA [6], ELECTRA [7] and GPT [8].
As LLM development continues rapidly their ability to generalize across different
tasks has made them the obvious choice in NLP pipelines including that of Multi-
label text classification used in this thesis.

2.1.2 Pre-trained Language Models
Pre-trained LLMs have grown in popularity in recent years with providers such as
Ollama and Hugging Face offering libraries of different pre-trained models. These
models are now often either deployed directly for a task or further adjusted by fine-
tuning on specific datasets. In this thesis, three pre-trained models were primar-
ily considered for the multi-label text classification using the Transformer package
maintained by both the online community and the company Hugging Face. These
models being BERT introduced in BERT: Pre-training of Deep Bidirectional Trans-
formers for Language Understanding [5], ROBERTA: A Robustly optimized BERT
pretraining Approach [6] and ELECTRA: Pre-training Text Encoders as Discrimi-
nators Rather Than Generators [7].

BERT

The BERT model uses only the encoder portion of the Transformer architecture.
Where each block consists of two main subcomponents: Multi-head self-attention
and feed-forward networks. Multi-head self-attention lets each token account for
every other token in the given input sequence thereby allowing the model to capture
long-range dependencies. The second component, feed-forward networks, transforms
the outputs of the attention heads into more informative representations. Unlike
traditional language models that process text unidirectionally, BERT uses a bidi-
rectional transformer encoder, allowing it to jointly condition on both the left and
right context of each word. This significantly increases its contextual understanding
and thereby its performance of a variety of NLP tasks including classification [5].
Relevant to this thesis is that the data is both BERT, RoBERTa, and ELECTRA
are all trained on Wikipedia and BooksCorpus. This is relevant as the example
dataset used in the method is a open-source wikipedia comment dataset [9].

RoBERTa

The RoBERTa model is a robustly optimized variant of the BERT architecture.
Like BERT, RoBERTa uses only the encoder portion of the Transformer, where
each block consists of two main subcomponents: multi-head self-attention and feed-
forward networks. Multi-head self-attention enables each token to attend to every
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other token in the input sequence, capturing complex dependencies within the text.
The feed-forward networks then transform the outputs of the attention heads into
richer representations for downstream tasks.
RoBERTa improves upon BERT by making key modifications in its pretraining
procedure. Specifically, it removes the Next Sentence Prediction (NSP) objective,
trains on larger mini-batches, uses a larger corpus, and increases the number of
training steps, allowing the model to learn more robust contextual representations.
Like BERT, RoBERTa uses a bidirectional encoder, jointly conditioning on both
the left and right context of each word, which enhances its understanding of natural
language. This makes it particularly effective for classification tasks [6].

ELECTRA

The ELECTRA model also builds upon the Transformer encoder architecture, con-
sisting of multiple layers each composed of multi-head self-attention and feed-forward
networks. As with BERT and RoBERTa, multi-head self-attention in ELECTRA
enables each token to incorporate information from every other token in the input
sequence, capturing rich contextual dependencies. The feed-forward networks then
refine these representations for downstream tasks.
ELECTRA introduces a novel pretraining objective known as the replaced token
detection task, which differs fundamentally from the masked language modeling
objective used by BERT and RoBERTa. Instead of masking tokens and predicting
them, ELECTRA trains a discriminator to distinguish between real and replaced
tokens generated by a small generator model. This adversarial-like setup allows
ELECTRA to learn more efficiently from unlabeled data and typically requires less
compute to reach comparable performance[7].
Although ELECTRA’s pretraining is also performed on large text datasets like
Wikipedia and BooksCorpus, it leverages this replaced token detection task to
achieve faster convergence and improved performance on classification benchmarks.

2.1.3 AutoModelForSequenceClassification

In practice, many NLP tasks can be addressed using pre-trained models available
through libraries like Hugging Face’s Transformers. One of the most versatile classes
is AutoModelForSequenceClassification which is used in this thesis. It automatically
selects the appropriate architecture for text classification tasks based on the specified
checkpoint, though further alterations are often needed to adjust it to its specific
task. This abstraction greatly simplifies model selection and iteration, as it auto-
matically loads the corresponding backbone (e.g., BERT, RoBERTa) and adds a
classification head suited to the number of classes/labels in the target task.
When using AutoModelForSequenceClassification, the model outputs logits (unnor-
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2. Theory

malized scores for each class/label). Applying the appropriate activation function
(softmax for multi-class, sigmoid for multi-label) converts these logits into probabil-
ity scores, which can be used within both model training and conformal prediction
[10].

2.2 Classification Problems
Classification problems can be divided into three different types: binary classification
(predicting one of two possible classes), multi-class classification (predicting one of
three or more classes) or multi-label classification (predicting one or more labels out
of three or more possible labels). In the order presented, each variation of problem
gains additional intricacies, with multi-label being the most complex of these three
presented.

2.2.1 Supervised Learning

A core category of machine learning is supervised learning, where models are trained
on labelled data to learn a way for mapping inputs to outputs. In classification
problems, the goal is to learn a function that can accurately predict these labels
y given an input x. The learning process in this case of the models is achieved by
minimizing a loss function that measures the difference between the models predicted
labels and the ground-truth labels [11].

2.2.2 Multi-class vs Multi-label Classification

For multi-class classification problems, cross entropy loss is frequently used. It
measures the difference between the predicted class probability distribution and the
true class label. The function can be defined as:

LCE = −
K∑

k=1
yk log p̂k (2.1)

where yk is 1 for the true class and 0 for all other classes and the models predicted
probability distribution is p̂ = (p̂1, ..., p̂K) over the K number of classes [12].
In multi-label classification, where each instance can belong to multiple classes si-
multaneously, the output is typically modelled as a vector of independent binary
labels. That means that each label yℓ is treated as a separate binary classification
task. In this case, the loss function used is binary cross entropy (BCE) is used:

LBCE = − 1
L

L∑
ℓ=1

[yℓ log p̂ℓ + (1 − yℓ) log 1 − p̂ℓ] (2.2)
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2. Theory

where pℓ is the models predicted probability for each label L. Binary cross entropy
treats each label independently, which is well suited to multi-label problems where
labels may have independent distributions [13].

2.2.3 Evaluation Metrics for Multi-label Classification

For evaluation of the of the LLMs predictive performance we use two types of metrics,
subset accuracy and label-wise recall. Subset accuracy in the multi-label case is a
strict metric as it requires a complete match between the true vector of label and
the predicted for each instance. The label-wise accuracy, by contrast, is less strict
and provides insight into which labels are hardest to predict. In the below equations
I represents the binary indicator function, ŷ the predicted labels, y the true labels.
i being the index iterating across all instances and j iterating across all instance
containing label ℓ [14].

Accs = 1
N

N∑
i=1

I[ŷi = yi] (2.3)

Accℓ = 1
M

M∑
j=1

I[ŷℓ
j = yℓ

j] (2.4)

2.3 Conformal Prediction & Uncertainty Theory
As machine learning models are increasingly deployed in real-world applications, it
becomes increasingly important to not only to make accurate predictions but also to
understand the reliability of these predictions. Conformal Prediction is a powerful,
model-agnostic, and distribution-free framework that allows the quantification of
uncertainty by producing prediction sets with a guaranteed error rate under minimal
assumptions.

2.3.1 Introduction to Uncertainty Quantification

Uncertainty in the context of machine learning refers to the degree of confidence or
trust one can place in a model’s prediction. In Hüllermeier and Waegeman (2021)
[15] present two types of uncertainty: aleatoric and epistemic.
Aleatoric uncertainty arises from inherent noise in the data. For instance, in text
classification, the same sentence may be labelled differently by different annotators
due to ambiguity or subjectivity. This type of uncertainty cannot be reduced by
collecting more data, as it reflects variability in the data-generating process itself.
Epistemic uncertainty on the other hand is related to the model’s knowledge about
the data. It captures the uncertainty due to limited or incomplete training data, and
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2. Theory

it tends to be higher in regions of the input space that the model has not seen during
training. This type of uncertainty can often be reduced by either incorporating more
diverse training data or by refining the model through hyper parameter optimization.
Accounting for both of these types of uncertainty is crucial when developing robust
machine learning systems [15]. Specifically in NLP pipelines where LLMs that are
deployed for multi-label classification may encounter new text-inputs that are am-
biguous or out-of-distribution where the model uncertainty is high. While modern
neural networks often have issues with hallucinations which leads them to output
overconfident predictions in classification pipelines [16]. The conformal prediction
framework can help to mitigate this by providing formal guarantees on prediction
reliability.

2.3.2 Intuitive Explanation of Conformal Prediction

One of the main topics of this thesis is conformal prediction, an uncertainty quantifi-
cation framework for predictive models. Before formally introducing the framework,
is it helpful to get an intuitive mental picture of the how it works. Although the
details of this framework is rather intricate, it is quite straightforward to draw a
parallel to something you would do in real life in the simplest case of conformal
prediction.
Imagine for example the case of predicting the temperature outside based on looking
out the window in the morning. Every time we predict this and dress accordingly
we can then note down how odd the actual temperature was that day based on
the view earlier in the morning. Here an example of rainy weather and very high
temperatures could be considered very odd while the case of rainy weather and cold
temperature being not so odd. Doing this over the course of a few months we can
then get an estimate for both how good our "gut feeling" or model is and what
examples is easier or harder to predict. That is the basis of conformal prediction
and the calibration that is mentioned later in this thesis.

2.3.3 Fundamentals of Inductive Conformal Prediction

Conformal prediction can be applied to both regression and classification problems.
The output of the framework in the regression case produces is a prediction interval
where the true point prediction will fall with a specified error rate. In the classifi-
cation case, which is the focus of this thesis, the output is a predictions set. The
prediction set is a set of labels guaranteed to include the true label with a specified
confidence level 1 − ϵ, where ϵ ∈ (0,1) is the chosen significance level.
The conformal prediction framework wraps around traditional machine learning
models with a method that accounts for the reliability of their predictions. The
framework doesn’t modify the underlying model but instead calibrates its output
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2. Theory

using a statistical technique based on minimal assumptions [17].

Exchangeability and Validity

A central assumption for conformal prediction is that that the underlying data points
for training and calibration are exchangeable. Exchangeability is a relaxed version
of the more common i.i.d. (independent and identically distributed) assumption
within statistics. Formally, a finite sequence of examples z1, ..., zn is exchangeable if
for any permutation of π of the sequences indices {1,...,n}. In other words it means
that the joint joint probability distribution of a sequence of random data points
remains unchanged for any permutation.

Pr(z1, ..., zn) = Pr(zπ(1), ..., zπ(n))

This assumption ensures that that the ordering of the data has no effect on the
amount of information it conveys [18]. It is important because it supports the
theoretical guarantee of validity within conformal prediction. This validity guarantee
being that in the long-run the rate of that which the true label is excluded for the
predictions set does not exceed the chosen significance level ϵ.

The Nonconformity Measure and Prediction Sets

A core part of conformal prediction is the concept of nonconformity. A noncon-
formity measure is a function that quantifies how "surprising" or "nonconforming"
an example (z = (x,y)) is relatively to a set of observed examples. Common non-
conformity scores for LLM classification include inverse class probabilities using the
models logit outputs together with either a softmax or sigmoid activation function.
It is worth noting that there are also non-logit based approaches handling prediction
frequency, normalized entropy, and semantic similarity as shown by [19] With that
in mind, conformal prediction works as follows: when given a new test example, it
considers all possible candidate labels ℓ and evaluates how conforming each is by
calculating a p-value:

pℓ = |{i = 1, ..., n : αi ≥ αn+1}| + 1
n + 1 (2.5)

where αi is the nonconformity scores of the i-th calibration example and αn+1 is the
corresponding score for the test example with candidate label ℓ. This creates the
prediction set by collecting all labels for which pℓ > ϵ thus ensuring valid coverage. A
more detailed explanation regarding how the nonconformity scores were constructed
in this thesis can be read in Section 3.4
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Inductive Conformal Prediction (ICP)

Although the original transductive version of conformal prediction provides stronger
guarantees of exact validity, it requires re-training or re-evaluation of the model for
each new test instance, which quickly becomes computationally costly for some mod-
els. This means that when working with large machine learning models especially
LLMs, ICP is the obvious choice due to its greater computational efficiency. For-
mally, in ICP the data is split into two distinct subsets: a proper training set used
to train the underlying model and a calibration set used to compute nonconformity
scores.
Following the definition of Inductive Conformal Predictors given in Subsection 4.2.2:
Inductive Conformal Predictors in the Offline and Semi-Online Modes in Algorithmic
learning for a Random World 2nd ed [17].
Definition 1. Inductive Conformal Predictor
The training set of size c is first split into two parts: the proper training set Ztrain :
z1, ..., zm of size m < c and the calibration set of size Zcal : zm+1,...zc of size c − m.
For every test object xi, i = c + 1, ..., c + k, compute the prediction sets

Γϵ(z1, ..., zc, xi) :=

y ∈ Y : |{j = m + 1, ..., c : αj ≥ αi}| + 1
c − m + 1 > ϵ

 (2.6)

where the nonconformity scores are defined by

αj := A((z1, ..., zm), zj), j = m + 1, ..., c

αi := A((z1, ..., zm), (xi,y)),

Prediction Thresholds

Aside from directly calculating the p-values shown in Equations (2.5) and (2.6) we
can define a prediction threshold τ for the nonconformity scores to compare against
for label acceptance or rejection. Assuming the nonconformity scores are ordered
α1 < ... < αc then the predicted label yℓ is accepted if αℓ

i ≤ α⌈c(1−ϵ)⌉ = τ .

Accounting for calibration set size

An extremely important aspect of both transductive and inductive conformal pre-
diction is the quantity of calibration data. For the coverage guarantees to be valid,
they need to be adjusted according to the size of the calibration set size, otherwise
there is a risk of overconfident error rates. This adjustment can be done with the
following equation:

E := ϵ +
√

ln 1
δ

2h
(2.7)
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where if Γ is a conformal predictor, it is (E,δ)-valid, with E described by Equation
(2.7) as a joint packed probability together with a pre-defined delta and h being the
size of the calibration set used for the adjustment [17].

2.3.4 Multi-label Conformal Prediction

As mentioned previously in section 2.2.2 there is a significant increase in complexity
between the multi-class and multi-label case of classification problems. Fortunately,
previous research has explored how to tackle these problems with the conformal
prediction framework. Currently Multi-label Conformal Prediction (MLCP) has
three main approaches: Label Power Set (LPS), Binary Relevance (BR) and Instance
reproduction (IR).
The first method, LPS, was disregarded in this thesis due to the issue of label scaling,
as the number of classes is defined as nclasses = L!, where L is the number of labels.
This limitation is noted in later work on Efficient LP-MLCP [20]. Additionally the
output of LPS is a set of possible label-sets which requires a level of post-processing
that is not relevant to the main focus of this thesis. This thesis focuses instead on
the second variant: BR-ML approach which divides the multi-label problem into L
number of binary conformal classification problems. Here we also get ℓ number of
conformal predictors that all need to have their significance level calibrated against
the number of label instances for their respective labels.

[ΓE1
1 , ..., ΓEℓ

ℓ ] (2.8)

The third approach, instance reproduction, is very similar as it also builds upon
the binary relevance assumption but instead of creating ℓ number of conformal
predictors it instead has one predictor looking at ℓ number of instance label pairs
that it is calibrated over. A more in depth comparison and explanation of these
different approaches can be found in "A Comparison of Three Implementations of
Multi-Label Conformal Prediction" [21].

2.3.5 Conformal Prediction with LLMs

In large language models (LLMs), text classification tasks often require the model
to produce class membership probabilities. The transformation of model outputs
(logits) into probabilities is essential for applying conformal prediction, which relies
on valid measures of uncertainty to construct its prediction sets.
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Softmax Activation (Multi-Class Classification)

For multi-class classification tasks, where exactly one class must be assigned, LLMs,
typically apply the softmax function to the logits:

σ(zi) = ezi∑K
j=1 ezj

, (2.9)

where zi is the logit for class i, and K is the number of classes. This activation
projects the logits onto a probability simplex, represented geometrically as a triangle
in three dimensions (see left side of Figure 2.1). The outputs sum to one, ensuring
that the model assigns all probability mass to exactly one class. In this scenario,
the model’s prediction corresponds to the class with the highest softmax score.

Sigmoid Activation (Multi-Label Classification)

For multi-label tasks, where each label is independent, LLMs instead have to apply
a sigmoid activation to each logit individually:

σ(zi) = ezi

ezi + 1 (2.10)

This projects each label output to the unit interval [0,1] without enforcing any mu-
tual exclusivity (right side of Figure 2.1). Each dimension is independent, and the
output space forms a unit cube in L-dimensional space. This is especially impor-
tant in tasks like multi-label classification, where multiple classes can be relevant
simultaneously.
In multi-label classification, nonconformity scores based on softmax outputs become
suboptimal because the probabilities for each label compete with each other. In-
stead, sigmoid activations are more appropriate, as they allow class probabilities to
be treated independently.

Implications for Conformal Prediction

The choice of activation function influences how conformal predictors are designed.
In multi-class problems with softmax outputs, conformal predictors typically rely
on the top-1 predicted probability or nonconformity scores derived from softmax
outputs to generate prediction sets that guarantee a certain coverage. For multi-label
problems with sigmoid outputs, each label prediction can be treated independently,
allowing the application of binary conformal predictors per label.
Figure 2.1 below illustrates these fundamental differences. The left side shows the
2-simplex formed by softmax outputs, highlighting the constraint that all class prob-
abilities must sum to one. In contrast, the right side shows the unit cube formed by
sigmoid outputs, where each class can be assigned a probability independently.
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This visualization and distinction between the softmax and sigmoid activations and
their geometric interpretations helps us build an intuitive understanding of the in-
crease of complexity between the difference classification problems. Additionally
it aids in the explanation of why the multi-label conformal methods in Subsection
2.3.4 are constructed in the they way that they are.

Figure 2.1: Output space for softmax and sigmoid values for the three class and
three label cases respectively. With Orange circles showcasing random logits with
the activation functions applied and the black hexagons representing the possible
ground-truth locations

2.3.6 Evaluation Metrics for MLCP
Looking at conformal prediction, we also use coverage (how often the true label set
is a subset of the predicted label set), efficiency (average size of the prediction label
set) [17] L-A-efficiency (label averaged efficiency), Jaccard index (for set similarity)
and Hamming loss (for average per-label instance prediction errors) [22]. In the
below equations I represents the indicator function.

CovML = 1
N

N∑
i=1

I(yi ⊆ Γ(xi)) (2.11)

Effiency = 1
N

N∑
i=1

|Γ(xi)| (2.12)

L-A-Effiency = 1
N · L

N∑
i=1

|Γ(xi)| (2.13)

HL = 1
N · L

N∑
i=1

L∑
ℓ=1

I(ŷℓ
i ̸= yℓ

i ) (2.14)
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Jacc = |A ∩ B|
|A ∪ B|

(2.15)
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3
Method

This chapter outlines the methodology employed in this thesis, including data pre-
processing, model selection, the conformal prediction pipeline, and prediction set
handling.

3.1 Data Overview

The primary dataset used in this thesis is the "Exploring the Toxicity of Wikipedia
Comments" dataset available at [9]. This dataset comprises 159,571 Wikipedia com-
ments labeled as either non-toxic or toxic with one or more of six different toxicity
labels. The dataset contains 15,294 toxic comments and 144,277 non-toxic com-
ments, showcasing that it is significantly imbalanced with an approximately 9 to 1
ratio of non-toxic to toxic comments.
Each data instance includes an identifier, the comment text, and binary-encoded
annotations for the six toxicity labels: toxic, severe toxic, insult, obscene, threat,
and identity hate. For this thesis, the dataset was further modified by iterating
over all comments and adding an additional non-toxic label (with a value of 1) to
instances where the sum of the toxic labels was zero.

Figure 3.1: Frequency of non-toxic vs
all types of toxicity across entire dataset

Figure 3.2: Toxic-label frequency across
entire dataset
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Figure 3.3: Histogram over number of
labels per instance for toxic comments.

Figure 3.4: Correlation matrix over
toxicity labels for the toxic-comments

It is important to note that the Jupyter notebook explored in [9] is currently out-
dated, as it references an earlier version of the dataset containing approximately
half the number of comments compared to the updated dataset used in this work.
Regarding conformal prediction, the efficiency of the ground truth label sets (cal-
culated across the entire test dataset) is approximately 1.114. When considering
only the subset of toxic comments, the efficiency increases to 2.124. These values
act can be used as a weak baseline for assessing if the framework is either under- or
over-predicting labels.

3.2 Data Splitting
To assess the performance of both the classification model and the conformal predic-
tion pipeline, the dataset was partitioned into two unique data splits using stratified
splitting based on the toxic labels. Stratification is especially important given the
multi-label nature of the dataset and the significant imbalance between toxic and
non-toxic comments. This stratified splitting ensures that each subset maintains a
representative distribution of label occurrences and co-occurrences.
The two data splitting strategies were designed to explore how different allocations of
training and calibration data affect model and uncertainty estimation performance.
The first split, referred to as the fine-tuning heavy split or data split I, allocates
60% of the data to fine-tuning, with 15% each for validation and calibration, and
10% for testing. This configuration is aims to maximize classification performance
by providing the model with more labelled data to learn from, while still reserving
enough data for reliable evaluation and calibration.
In contrast, the calibration heavy split shifts focus on conformal prediction by ded-
icating 60% of the data to the calibration set, with only 20% used for fine-tuning
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and the remainder split between validation (10%) and testing (10%). This split
investigates how a larger calibration set influences the quality and reliability of the
conformal prediction sets, particularly in estimating nonconformity scores.
Both splits preserve the toxic label distribution through stratification, allowing for
a fair comparison of how different data allocation strategies affect predictive perfor-
mance and uncertainty quantification. Additionally, the test set was separated first
in both configurations with a fixed seed, ensuring that the test set remains identical
between splits. The structure and label distribution of these two splitting strategies
are visualized in Figures 3.5 and 3.6.

Figure 3.5: Dataset distribution for data split I prioritizing a larger fine-tuning
set for increased model performance. With the colours purple and blue showcasing

that the data is stratified with respect to toxicity of the comments.

Figure 3.6: Dataset distribution for data split II prioritizing a large calibration
set for conformal prediction. With the colours purple and blue showcasing that the

data is stratified with respect to toxicity of the comments.

3.3 LLM Selection and Setup

3.3.1 Model Selection and Hyperparameter Configuration

Based on the comparative analysis of model performance metrics (Table A.3), the
BERT model consistently achieved competitive performance across all epochs, with
notably strong subset accuracy and precision scores. While RoBERTa and ELEC-
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TRA also performed well, BERT’s stable performance and extensive research sup-
port made it a robust choice for this study.
For fine-tuning, I used the TrainingArguments class from the Hugging Face Trans-
formers library to configure training. The hyperparameters were selected to balance
computational efficiency with model performance, ensuring consistency across all
models. Specifically, the hyperparameters were set to:

• Training epochs: 3, based on convergence behaviour observed during evalu-
ation and previous epoch testing.

• Batch sizes: 16 for both training and evaluation, optimizing GPU memory
usage while maintaining reasonable training speed.

• Learning rate: 1×10−5, a common value for fine-tuning and Weight decay:
0.01 to mitigate overfitting.

3.3.2 LLM Text Classifier Model Setup

Aside from the BERT model [5], both RoBERTa and ELECTRA models were
trained using the same hyperparameters. However, the BERT model was chosen due
to the large amount of prior research on it as well as its marginally better accuracy
scores compared to the other models as seen in A.3. The model was implemented
as described by the pseudocode in Algorithm 1.
Algorithm 1: Setup of the Multi-Label LLM Text Classification Model
Input: Multi-label text-based dataset

1. Split data: Training, validation, calibration, and test sets with toxicity
stratification to account for label imbalances.

2. Compute label weights across the training dataset to allow training to
account for label rarity.

3. Preprocess labels into multi-hot encoded vectors.
4. Train the LLM across several epochs:

(a) Use a sigmoid activation function.
(b) Train and validate loss using Binary Cross Entropy with label weights.

5. Validate and save models tensors across epochs.
6. Extract model tensors from the best-performing validation evaluation to

avoid overfitting as seen in A.2b.
Output: Fine-tune LLM with tensors from best evaluation

3.4 Creation of Conformal Calibration Sets
In this section, I describe the process of creating the calibration sets required for
conformal prediction using the multi-label classification framework outlined in this
thesis. As discussed in Section 2.3.3, Inductive Conformal Prediction (ICP) relies
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on splitting the available data into proper training and calibration subsets. This
enables the construction of valid prediction sets by computing nonconformity scores
on the calibration data and applying them to test examples.
For each label ℓ, the calibration set consists of a set of instances Zcal = {(xi, yℓ

i )},
where xi is the input text and yℓ

i is the ground-truth label indicator (0 or 1). The
trained large language model is then used to compute the logits (pre-activation out-
puts) for each example in the calibration set. These logits are transformed into
probabilities using the sigmoid activation function, yielding label-independent prob-
abilities pℓ

i .
The nonconformity score αℓ

i for each instance is then computed as the inverse of
the model’s confidence in the correct label. Specifically, for positive labels (yℓ

i = 1),
αℓ

i = 1 − pℓ
i captures the model’s lack of confidence in predicting the true label.

These nonconformity scores are then stored for each label ℓ and later used during
the test phase to compute thresholds and construct the final conformal prediction
sets. This process ensures that the calibration sets are properly aligned with the
independent binary relevance approach adopted in this thesis (Subsection 2.3.4).

3.4.1 Empty and Full Prediction Sets
As a consequence of modifying the dataset by the addition of the non-toxic label,
the true labels of comments are now somewhat constrained. Where the true labels
of a comment will never be both toxic and non-toxic at the same time. Thus
predicted comments containing both the non-toxic label and one of the six toxic
labels can be considered uncertain cases. Empty prediction sets occur where none
of the non-conformity scores fall below their respective thresholds, meaning that the
conformalized classifier has rejected all possible labels. Conversely, full prediction
sets is where every label is accepted, resulting in predictions that contain all toxic
labels along with the non-toxic label. Both cases can occur and are dependent on
the chosen level of significance: lower values correlate with overprediction (full sets),
while higher values correlate with underprediction (empty sets).

3.5 Full Conformal Prediction LLM Text Classi-
fication Pipeline

Figure 3.7 illustrates the overall dataflow and conformal prediction framework used
for multi-label text classification in this thesis. The process is structured into four
sequential steps, each representing a key stage in building a prediction pipeline that
combines both model performance and calibrated uncertainty.
First, a pre-trained BERT-base-uncased (LLM) is fine-tuned and validated on the
labelled dataset to adapt it to the specific classification task as described previously
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in subsection 3.3.2. In the second step, a calibration set is used to compute non-
conformity scores based on the model’s output probabilities (sigmoid transformed
logits), which are used as a measure of how strange each predicted label is. Third,
a significance level ϵ is selected to determine label-specific score thresholds with
(E,δ) validity, effectively controlling the error rate of the prediction sets. Finally,
the calibrated thresholds are then applied to test examples to produce prediction
sets with label-wise coverage guarantees ensuring that the true labels are included
with high probability. Through this process, the framework allows for interpretable,
controllable multi-label predictions with quantified uncertainty

Figure 3.7: Flowchart showcasing the dataflow and conformal prediction frame-
work for the multi-label text classification in this thesis. The process is divided into
four steps consisting of (1) Fine-tuning and validating the LLM on the dataset, (2)
computing a calibration set of non-conformity scores, (3) choosing a level of signifi-
cance ϵ to determine label-specific thresholds and (4) producing predictions sets on
the test data with label-wise coverage guarantees.
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Results

This chapter presents the results of the tests conducted using the BERT-based large
language model (LLM) for multi-label text classification of Wikipedia toxicity com-
ments. The results include both model performance metrics and evaluations of the
conformal prediction framework. The performance metrics—such as subset accu-
racy, precision, and recall are reported at the macro level and recall is additionally
provided at per label to provide a in depth understanding of the model’s capabilities.
Additionally, the chapter compares the effects of different data splits (Datasplit I
and II) on model training and calibration, offering insights into how data allocation
impacts both base model performance and uncertainty quantification.

4.1 LLM Multi-label classification metrics

The performance of the BERT-based multi-label classifier was evaluated across two
model configurations (Model 1 and Model 2) trained on the two different data splits
presented in the method Subsection 3.2. Table 4.1 reports macro-level evaluation
metrics, while 4.2 presents per-label accuracy to highlight the performance on indi-
vidual toxicity classes. The models were trained on different epoch schedules due
to disparity between the amount of training data in the splits, and were made to
compare how much of available data can be used for calibration and fine-tuning
respectively.

Table 4.1: BERT model 1 and model 2 macro metrics, all of f1, recall and precision are calculated
with macro averaging.

Model Model 1 (Epochs 1–3) Trend Model 2 (Epochs 5, 10, 15) Trend
Epoch 1 2 3 5 10 15

Log Eval Loss (ln) -5.9935 -6.0106 -6.0064 ↘↗ -5.8609 -5.5492 -5.5018 ↗
Subset Accuracy 0.9191 0.9247 0.9223 ↗↘ 0.9206 0.9064 0.9137 ↘↗
Precision (Macro) 0.6532 0.6548 0.7287 ↗ 0.7178 0.6774 0.7024 ↘↗

Recall (Macro) 0.7579 0.7784 0.7247 ↗↘ 0.7102 0.7431 0.7271 ↗↘
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Table 4.2: BERT label-wise accuracy across the label set for Model 1 (Datasplit I) and Model 2
(Datasplit II). Model 1 is trained for 3 epochs, Model 2 for 15 epochs.

Model Model 1 (Epochs 1–3) Trend Model 2 (Epochs 5, 10, 15) Trend
Epoch 1 2 3 5 10 15

Non-Toxic 0.9669 0.9687 0.9677 ↗↘ 0.9658 0.9551 0.9606 ↘↗
Toxic 0.9652 0.9683 0.9670 ↗↘ 0.9648 0.9538 0.9594 ↘↗

Severe Toxic 0.9904 0.9908 0.9901 ↗↘ 0.9912 0.9893 0.9901 ↘↗
Insult 0.9717 0.9738 0.9746 ↗ 0.9748 0.9717 0.9736 ↘↗

Obscene 0.9803 0.9818 0.9823 ↗ 0.9788 0.9788 0.9792 →
Threat 0.9978 0.9975 0.9974 ↘ 0.9974 0.9972 0.9973 ↘↗

Identity Hate 0.9929 0.9934 0.9929 ↗↘ 0.9918 0.9920 0.9927 ↗

4.2 Conformal Prediction Evaluation

In this section, we have our significance level ϵ in the range 0.001 to 0.5 which is
ensured validity via adjustment with Equation (2.7) based on the size of label-wise
calibration sets with a predefined δ value of 0.05. Thereby creating a conformal
predictor for each label valid with respective E values: E1,...,Eℓ. The effect of this
shift for a few ϵ values is can be seen in Tables A.1 & A.2 with respect to both label
and data split.

4.2.1 Conformal Classification Metrics across ϵ values

Figure 4.1a and 4.1b show that the coverage closely follows the identity line for test
predictions in both models. This in turn provides empirical confirmation that the
coverage guarantees from the conformal prediction are valid as expected although
without rigorous mathematical proof.
For predictive quality, the Jaccard Index provides a useful measure of the overlap
between the predicted and ground truth label sets. Both models display a single
peak in the Jaccard Index as observed in the same figures, although at different
significance levels, indicating the point of maximal alignment between the predicted
and true labels. However, these peaks differ noticeably: model 1 reaches a higher
maximum, the peak is narrow and appears early along the x-axis before quickly
going towards the unit line. In contrast, the peak for model 2 is wider, with a more
gradual climb, hitting its maximal values just above 0.9. Here it can be seen that
model 1’s Jaccard Index is at higher values in the range of significance levels between
0.001 and 0.1 whereafter they converge towards the same values.
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(a) Coverage & Jaccard Index for
Model 1

(b) Coverage & Jaccard Index for
Model 2

Figure 4.1: Coverage and Jaccard Index across significance levels from 0.001 to
0.5 with a step size of 0.001 and with each ϵ value adjusted with respect to label
specific calibration set size and delta value.

Determining which of these metrics is most informative depends heavily on the
dataset characteristics. In cases where the label-averaged efficiency is low, meaning
relatively few ground truth labels are captured in the prediction sets, Hamming
loss can be more useful, as it continues to account for correct rejections. Inversely,
the Jaccard Index becomes less meaningful when label-averaged efficiency is close
to 1, as almost all ground truth labels are included, and minor differences in false
positives or calibration effects can instead dominate the metric.

Additionally, as the significance level increases towards 0.5, a divergence appears
between these metrics, particularly for Model 2. This divergence reflects the different
priorities each metric overlap vs. precision and showcases the importance of using
these complementary metrics when evaluating multi-label predictive performance
under conformal prediction.
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(a) L-A-Efficiency & Hamming loss
for model 1

(b) L-A-Efficiency & Hamming loss
for model 2

Figure 4.2: Label-Averaged Efficiency and Hamming loss across significance levels
from 0.001 to 0.5 with a step size of 0.001 and with each ϵ value adjusted based on
Equation 2.7 with respect to label specific calibration set size and a delta value of
0.05.

4.2.2 Conformal Prediction Set Efficiency

For a further exploration of the prediction set efficiency (the size of predicted label
sets) of the two models Figure 4.3 presents the predicted label distributions across
the test set. In all of the histograms the effect of the label imbalances previously
shown in Figures 3.1 and 3.2 becomes apparent. This is seen by the clear majority
of single label instances for all three significance levels for both models. On the
other side there is full prediction sets appearing at significance level 0.01 for the
calibration heavy model 2 showing an overestimation of label-predictions to ensure
coverage in edge cases.

Empty prediction sets start appearing at significance level 0.05 for the fine-tuning
heavy model 1 and for both models encounter a high volume of these at significance
level 0.2. Between the models the largest difference in efficiency can be seen in the
ϵ = 0.01 case where model 1 has a 0.2 lower efficiency value than model 2. This
suggests that model 2 likely overestimates the number of labels on out of distribution
test cases, as it has been trained on a smaller subset of the dataset
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(a) Histogram of prediction set sizes
ϵ = 0.01 for model 1

(b) Histogram of prediction set sizes
ϵ = 0.01 for model 2

(c) Histogram of prediction set sizes
ϵ = 0.05 for model 1

(d) Histogram of prediction set sizes
ϵ = 0.05 for model 2

(e) Histogram of prediction set sizes
for ϵ = 0.2 for model 1

(f) Histogram of prediction set sizes
for ϵ = 0.2 for model 2

Figure 4.3: Histograms over predicted set size in the test set for ϵ values 0.01, 0.05
and 0.2 showing model 1 on the left side and model 2 on the right side.
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5
Discussion

This chapter discusses the main findings of the thesis, placing them within the
broader context of multi-label text classification, large language models (LLMs),
and uncertainty estimation. By applying conformal prediction to LLM outputs in
a toxicity classification task, the aim was to evaluate how reliably these models can
produce interpretable prediction sets. The analysis considers both empirical results
and theoretical implications, highlighting trade-offs between coverage and prediction
set size. Key limitations and assumptions are addressed, along with reflections on
the practical relevance of the approach.

5.1 Calibration Across Time and Dataset Drift

The reliability of conformal predictors depends not only on accurate calibration at
a specific point in time but also on the stability of the underlying data distribution.
In natural language tasks, changes in language use, social norms, or the visibility of
certain topics often cause the test data to differ from the training and calibration
data. This type of temporal change is commonly referred to as dataset drift.
For example, a phrase that was once seen as neutral may later gain a toxic connota-
tion. Similarly, identity-based slurs that were previously uncommon might become
more frequent due to changes in political or cultural discourse. These shifts can
weaken the usefulness of nonconformity scores calculated from outdated calibra-
tion data, leading to a breakdown in the formal coverage guarantees of conformal
prediction.
To manage this, future systems might benefit from periodic recalibration using more
recent labelled data, or from adaptive methods such as sliding-window calibration or
incorporating timestamp information into the model input. While these strategies
could help maintain calibration quality in changing environments, they also add
implementation and computational complexity. In many cases, they may require a
relaxation of the strict distribution-free assumptions of standard inductive conformal
prediction.
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5.1.1 Exchangeability and Label Drift

Conformal prediction also relies on the assumption of exchangeability between cali-
bration and test data, as discussed in Subsection 2.3.3. This means that the two sets
should come from the same distribution, and that the order of data points should
not matter.
In this thesis, the assumption may be challenged by inconsistencies in the manual
annotation of the dataset. Annotators might have applied different thresholds for
what qualifies as toxic, and these thresholds could shift over time or vary between
annotated batches. Moreover, since the dataset contains isolated comments without
conversational context, the LLMs may misinterpret sarcastic or indirect language
due to lack previous conversational context.
These issues contribute to what is often referred to as label drift: a gradual change
in how labels are applied over time. As a result, the calibration set may no longer
reflect the characteristics of the current test data. This highlights the importance
of consistent labelling practices, as well as the potential benefits of incorporating
human review for uncertain or ambiguous predictions.

5.2 Impact of Dataset Imbalance on Coverage Va-
lidity

One of the key challenges in applying conformal prediction to multi-label text clas-
sification is the impact of label imbalance. In the dataset used in this thesis, the
vast majority of comments are non-toxic, resulting in a roughly 9:1 ratio between
non-toxic and toxic instances. This imbalance has significant implications for the
estimation of nonconformity scores and for the calibration of prediction sets. Since
conformal prediction relies on label-wise empirical distributions of these scores, la-
bels with limited representation in the calibration set contribute to poorly estimated
thresholds, which can lead to suboptimal or unstable prediction sets for those labels.
Additionally, imbalanced label frequencies affect not only the statistical validity but
also the interpretability of the produced conformal sets. In particular, for labels
appearing with high frequency (e.g., toxic or obscene), the thresholds are computed
over a richer distribution, leading to a more fine-grained control over coverage and
efficiency. In contrast, rare labels may receive overly cautious or excessively per-
missive thresholds due to insufficient calibration samples. This phenomenon can
manifest as inflated prediction sets for rare labels in order to maintain the theoreti-
cal guarantees, reducing practical utility. As a result, even though coverage validity
may be mathematically preserved after adjusting the significance level using Equa-
tion (2.7), its real-world applicability must be interpreted with care especially in
industrial or safety critical contexts.
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5. Discussion

5.2.1 Handling Rare Labels and Minimum Significance

As shown in Table A.1, rare labels present a clear challenge for conformal calibration.
The threat label, for example, appears only 62 times in the calibration set for data
split I. This limited sample size results in a minimum valid significance level of
around 15.5% in order to maintain (E, δ)-validity. In applications that require high-
confidence predictions, such as content moderation or legal review, this level of
tolerated error may be very difficult to justify. Even so, the ability of conformal
prediction to abstain from making uncertain predictions offers a practical advantage.
Instances where no labels pass the threshold can be flagged for manual inspection,
helping maintain trust in the system’s reliability.
In many industrial contexts, automation efforts are primarily focused on high-
volume, high-certainty cases, with low-confidence or rare-label instances deferred
to human reviewers. This strategy mirrors the approach taken in [22], where labels
with fewer than 1000 examples were excluded from automatic processing to simplify
the workflow. The results in this thesis support a similar approach. Through the
binary relevance framework, each label’s predictor can independently abstain when
calibration is weak or insufficient—enabling graceful degradation rather than failure.
This division of labour between statistical automation and human oversight suggests
a robust path forward for deploying MLCP systems in noisy or skewed real-world
cases.

5.3 Significance Level Optimization Trade-offs in
Conformal Prediction

A central hyperparameter in conformal prediction is the significance level ϵ, which
governs the trade-off between prediction set conservativeness and coverage. Smaller
values of ϵ yield larger prediction sets with higher coverage guarantees, ensuring that
true labels are included with high probability. However, this often comes at the cost
of efficiency, interpretability, and practical usefulness—especially in settings where
overly broad predictions introduce ambiguity or hinder downstream decisions.
Conversely, increasing ϵ tightens the prediction sets, improving their precision and
reducing average set size, but at the risk of omitting true labels and thereby violating
coverage expectations. This trade-off is clearly visualized in Figure 4.1a for data
split I, where the Jaccard Index shows a distinct peak around ϵ = 0.05. This value
appears to represent an optimal balance point for the dataset used in this thesis,
combining sufficient label inclusion with minimal overprediction. The ability to tune
ϵ flexibly allows practitioners to adapt conformal prediction systems to different risk
tolerances, user expectations, or regulatory demands, making it an essential control
parameter in any deployment setting.
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5. Discussion

5.3.1 Empty Predictions and Set Size Behaviour

As shown in Figure 4.3, the structure of prediction sets changes significantly with the
choice of ϵ. For lower values such as ϵ = 0.01 or 0.02, every prediction set includes at
least one label, often leading to overcoverage or redundant label inclusion. These low
thresholds ensure that rare or borderline cases are not missed, but result in larger
sets that may decrease interpretability and introduce uncertainty into classification
decisions.

Only when ϵ ≥ 0.05 do empty prediction vectors begin to appear—instances where
the model abstains from making any confident prediction, producing a set such as
[0, 0, . . . , 0]. This behaviour demonstrates one of the practical strengths of confor-
mal prediction: its ability to reject uncertain inputs gracefully rather than forcing
unreliable predictions. The appearance of empty sets corresponds closely with the
observed peak in Jaccard Index around ϵ = 0.05, as shown in Figure 4.1a. This
suggests that ϵ = 0.05 not only provides a good statistical trade-off but also marks a
functional transition point where the model begins to express calibrated uncertainty
through abstention.

5.3.2 Comparison between data splits

The two data-splitting strategies employed in this thesis, data split I (fine-tuning
heavy) and data split II (calibration heavy), were designed together to investigated
the trade-off between model accuracy and uncertainty calibration. Data split I allo-
cated more data to fine-tuning the base LLM, resulting in a better-trained classifier
with stronger macro-level performance across most epochs, as shown in Table 4.1.
This configuration produced higher Jaccard Index values at low significance levels
and showed more consistent behaviour across different values of ϵ. In contrast, data
split II used a larger calibration set, which improved the stability of nonconformity
thresholds but led to reduced overall performance due to a smaller training set.

The difference in efficiency and coverage behaviour across the two splits is most
apparent at the extremes of the significance levels shown. As shown in Figure
4.3, model 2 (data split II) tends to produce larger prediction sets at low ϵ values,
suggesting overestimation likely due to a less-confident underlying classifier. Con-
versely, model 1 (data split I) achieves tighter prediction sets with fewer full-label
predictions, especially at ϵ = 0.01, while still maintaining valid coverage. These
findings suggest that while a larger calibration set can enhance theoretical reliabil-
ity, a well-trained base model remains crucial for practical effectiveness, especially
in settings where prediction efficiency and semantic precision are as important as
formal validity.
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5. Discussion

5.3.3 Jaccard Index vs Hamming Loss

Jaccard Index and Hamming Loss offer complementary views of performance in
multi-label classification. The Jaccard Index measures the overlap between predicted
and true label sets, making it useful when overall set similarity is important, such
as in tagging or moderation tasks where overprediction is costly. As seen in Figures
4.1a and 4.1b, it peaks at intermediate significance levels, suggesting an optimal
balance between precision and recall.
Hamming Loss, by contrast, evaluates performance at the label level, calculating
the average number of incorrect label predictions per instance. It is less sensitive to
overall set composition but provides a clearer picture of individual label accuracy.
Figures 4.2a and 4.2b show that Hamming Loss increases more gradually with ϵ,
providing stable feedback even as prediction confidence varies.
These differences are especially relevant when scaling to larger label spaces. While
both metrics align well in the 7-label setting used in this thesis, Jaccard Index be-
comes less reliable in high-dimensional cases, where even small mismatches inflate
the set union. Hamming Loss, on the other hand, remains interpretable and consis-
tent as the number of labels grows, making it better suited for domains like topic
classification or medical coding. For large-scale applications, Hamming Loss and re-
lated label-wise metrics may offer more practical guidance than set-based measures
like the Jaccard Index.

5.4 Conclusions

This thesis explored the application of conformal prediction methods to large lan-
guage models (LLMs) for multi-label text classification tasks, with a focus on clas-
sifying toxic comments in a Wikipedia dataset. The goal was to enhance the trust-
worthiness of model predictions by quantifying uncertainty in the form of prediction
sets.
The findings indicate that conformal prediction can effectively calibrate LLM out-
puts, producing prediction sets that contain the true labels with high probability
while maintaining reasonable efficiency. The results demonstrate that conformal
methods, particularly in multi-label settings, offer a principled approach to uncer-
tainty estimation even when applied to powerful pre-trained models. We also ob-
served trade-offs between the size of prediction sets and coverage guarantees, which
emphasizing the need for task-specific calibration.
Overall, this thesis shows that conformal prediction can be a valuable component
in enhancing the transparency and reliability of LLM-based classifiers, especially in
sensitive domains such as content moderation.
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5. Discussion

5.5 Future Work
There are several interesting directions for future work that could build on the results
and ideas presented in this thesis:

• Testing on Other Datasets and Domains: This thesis focused on Wikipedia
toxicity comments, but applying the same approach to other datasets could
be of interest. Examples of this would be tagging emails, legal documents, or
medical reports, which could show how well the method generalises. It would
also be interesting to see how it performs in non-NLP multi-label settings,
such as image tagging or medical prediction based on blood tests.

• Comparing Different MLCP Frameworks: While this thesis used the bi-
nary relevance approach, there are other ways to handle multi-label conformal
prediction, such as Label Powerset (LCP) and Instance Reproduction (IR). A
more thorough comparison of these methods, especially for text classification
tasks, could highlight strengths and weaknesses depending on the use case.

• Trying Alternative Nonconformity Measures: The current setup used
sigmoid scores as the basis for calibration. Future work could compare it
against other nonconformity scores such as sample frequency, normalized en-
tropy, or semantic similarity treated in [19], which might give better results
for edge cases.

• Human-in-the-Loop Implementation: One of the strengths of conformal
prediction is that it can abstain when uncertain. This makes it a good fit for
systems where humans can step in to review flagged cases. Exploring how
such a system could be implemented and used would offer practical insights
into how these systems are applied and trusted in the real world.
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A
Appendix 1

A.1 Jaccard Index with Labels Sets

Looking back at the Jaccard index defined in Subsection 2.3.6, with the one-hot
encoded labels Jaccard index with labels being: non toxic, toxic, severe toxic, insult,
obscene, threat, and identity hate. In this case of label sets this can be visualized in
Figure A.1. An example calculation of Jaccard with the true label vector set being
[0, 0, 1, 1, 0, 0, 1] and the predicted vector set after applying conformal prediction
being [0, 0, 1, 1, 1, 1, 0] would end up as:

A ∩ B = [0, 0, 1, 1, 0, 0, 1]
[0, 0, 1, 1, 1, 1, 0] = 2, A ∪ B = [0, 0, 1, 1, 1, 1, 1] = 5, Jacc = 2

5 = 0.4

Figure A.1: Venn diagram over two possible vector sets in the data.
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A. Appendix 1

A.2 Significance Level Shifts for Labels Account-
ing for Calibration Set Size

Table A.1: Table of E values for adjusted validity across the label-wise calibration
sets with a fixed δ value 0.05. The adjustment term ∆ seen next to ϵ in the RHS of
equation 2.7 δ. CSS in the table is the calibration set size for each respective label
and conformal predictor.

label non toxic toxic severe toxic insult obscene threat identity hate
CSS 21515 2294 259 1200 1263 62 209
∆ 0.00834 0.02555 0.07605 0.03533 0.03444 0.15543 0.08466
ϵ E1 E2 E3 E4 E5 E6 E7

0.01 0.01834 0.03555 0.08605 0.04533 0.04444 0.16543 0.09466
0.02 0.02834 0.04555 0.09605 0.05533 0.05444 0.17543 0.10466
0.05 0.05834 0.07555 0.12605 0.08533 0.08444 0.20543 0.13466
0.1 0.10834 0.12555 0.17605 0.13533 0.13444 0.25543 0.18466
0.2 0.20834 0.22555 0.27605 0.23533 0.23444 0.35543 0.28466
0.5 0.50834 0.52555 0.57605 0.53533 0.53444 0.65543 0.58466

Table A.2: Table of E values for adjusted validity across the label-wise calibration
sets with a fixed δ value 0.05. The adjustment term ∆ seen next to ϵ in the RHS of
equation 2.7 δ. CSS in the table is the calibration set size for each respective label
and conformal predictor.

label non toxic toxic severe toxic insult obscene threat identity hate
CSS 86052 9181 988 4740 5140 289 830
∆ 0.00834 0.02555 0.07605 0.03533 0.03444 0.15543 0.08466
ϵ E1 E2 E3 E4 E5 E6 E7

0.01 0.01834 0.03555 0.08605 0.04533 0.04444 0.16543 0.09466
0.02 0.02834 0.04555 0.09605 0.05533 0.05444 0.17543 0.10466
0.05 0.05834 0.07555 0.12605 0.08533 0.08444 0.20543 0.13466
0.1 0.10834 0.12555 0.17605 0.13533 0.13444 0.25543 0.18466
0.2 0.20834 0.22555 0.27605 0.23533 0.23444 0.35543 0.28466
0.5 0.50834 0.52555 0.57605 0.53533 0.53444 0.65543 0.58466
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A. Appendix 1

A.3 Multi-label Classification Performance for Con-
sidered LLMs

Before creating the full conformal prediction pipeline for the multi-label case three
different models were evaluated for their predictive performance. The models chosen
were Bert, Deberta & Electra. Training of all of these models can be seen in Figures
A.2a, A.2b, A.3a & A.3b. Additionally Bert due to its performance were also trained
on the calibration heavy data split showcased in Figure A.2b.

(a) Training and validation loss
for 3 epochs on data split I

(b) Training and validation loss
for 15 epochs on data split II

Figure A.2: Training and validation loss for Bert model on both data splits for
respective training and validation sets

(a) Training and validation loss
for 3 epochs on data split I

(b) Training and validation loss
for 3 epochs on data split II

Figure A.3: Training and validation loss for Roberta and Electra models on dat-
aplit 1 for training and validation sets
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Table A.3: Model performance metrics and validation loss across three epochs
during fine-tuning with regards to data split I - fine-tuning heavy

Model Epoch Validation Loss Subset Accuracy Precision (Macro) Recall (Macro)
Bert 1 0.30372 0.919118 0.757860 0.653184
Bert 2 0.46620 0.924716 0.778423 0.654780
Bert 3 0.45485 0.922335 0.724724 0.728683

Roberta 1 0.30193 0.920037 0.736345 0.679525
Roberta 2 0.36652 0.924256 0.755798 0.683694
Roberta 3 0.31043 0.920872 0.715743 0.752577
Electra 1 0.25818 0.920037 0.736345 0.679525
Electra 2 0.41728 0.924256 0.755798 0.683694
Electra 3 0.34969 0.920872 0.715743 0.752577

Table A.4: Model performance metrics and validation loss for BERT across 15
epochs with regards to data split II - calibration heavy

Epoch Validation Loss Subset Accuracy Precision (Macro) Recall (Macro)
1 0.00326 0.91567 0.73270 0.59413
2 0.00286 0.91875 0.70060 0.70225
3 0.00262 0.91749 0.72826 0.69245
4 0.00285 0.91278 0.68578 0.75269
5 0.00286 0.92063 0.71782 0.71015
6 0.00311 0.91988 0.72799 0.69909
7 0.00346 0.91153 0.67139 0.76781
8 0.00350 0.91812 0.71294 0.72612
9 0.00367 0.90870 0.69644 0.71290
10 0.00389 0.90644 0.67735 0.74309
11 0.00397 0.91385 0.69061 0.75010
12 0.00396 0.90990 0.68976 0.73901
13 0.00405 0.91580 0.69955 0.73231
14 0.00409 0.91404 0.70256 0.73018
15 0.00408 0.91366 0.70240 0.72714
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