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Abstract

Natural language systems focus on the analysis, understanding, and generation of text.
Typical applications are classification tasks, such as sentiment analysis, or generative
tasks, such as machine translation or question answering. As these tasks are motivated
by real-world problems, usually an intuitive understanding of the task or relevant related
information is available. Most of the time, such information does not come as ideal ground
truth directly usable by natural language systems, but it exhibits imperfections. Imperfect
information comes in di!erent forms. An example is the usage of a sentiment lexicon
to label the sentiment of movie reviews. It may lack su"cient vocabulary coverage and
miss contextual information in the review. Another example is the output of another
machine learning system trained on di!erent but related data. This motivates us to
conduct research in di!erent settings where multiple imperfect sources of information are
available.
This thesis presents and is based on four peer-reviewed studies and one study under
review. The contributions are separated into three parts, each corresponding to a specific
setting of using imperfect information.
In the first part, we work on a setting where we assume the availability of multiple
so-called labeling functions, i.e., functions that automatically label data, for example,
based on dictionaries or regular expressions. We derive two methods, WeaNF and SepLL
to improve the performance on classification tasks. WeaNF is based on the idea of
modeling individual labeling functions probabilistically, and SepLL is based on the idea
of modeling the classification decision in the latent space.
In the second part, we focus on image clustering. Specifically, we conduct research on
the usage of model-generated textual descriptions of images for image clustering. Such
generated descriptions are incomplete, partially erroneous, and possibly focus on irrelevant
information. We find that clustering the generated text often outperforms clustering the
visual information. Further, we derive a method using generated text to obtain multiple
alternative clusterings for the same dataset.
In the third part, we present research on a system of multiple, imperfect, large language
models. We analyze so-called “LLM judges”. In our setting, a LLM judge evaluates the
responses of two other candidate language models which give answers to mathematical
reasoning tasks.
In summary, the presented research focuses on di!erent tasks and di!erent settings where
multiple sources of imperfect information are available. We derive methods and analyze
the performance of systems based on imperfect information. Our research demonstrates
the usefulness of using imperfect information.
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Kurzfassung

Natürliche Sprachsysteme fokussieren sich auf die Analyse, das Verständnis und die Gene-
rierung von Text. Typische Anwendungen sind Klassifikationsaufgaben, wie beispielsweise
die Sentimentanalyse, oder generative Aufgaben, wie die maschinelle Übersetzung oder die
Fragebeantwortung. Da diese Aufgaben durch reale Probleme motiviert sind, ist üblicher-
weise ein intuitives Verständnis der Aufgabe oder relevanter verwandter Informationen
vorhanden. Meistens liegt solch eine Information nicht als ideale, direkt von natürlichen
Sprachsystemen nutzbare Ground Truth vor, sondern sie weist Unvollkommenheiten
auf. Unvollkommene Information tritt in verschiedenen Formen auf. Ein Beispiel ist die
Verwendung eines Sentimentlexikons zur Klassifikation des Sentiments von Filmkritiken.
Es kann an unzureichender Vokabularabdeckung mangeln und kontextuelle Informationen
in der Kritik übersehen. Ein weiteres Beispiel ist die Ausgabe eines anderen maschinellen
Lernsystems, das auf unterschiedlichen, aber verwandten Daten trainiert wurde. Dies
motiviert uns, Forschung in verschiedenen Szenarien durchzuführen, in denen mehrere
unvollkommene Informationsquellen verfügbar sind.
Diese Arbeit präsentiert und basiert auf vier durch Peer-Review begutachteten Studien
und einer Studie, die sich im Begutachtungsprozess befindet. Der wissenschaftliche Beitrag
dieser Arbeit ist in drei Teile gegliedert, die jeweils einem spezifischen Szenario der
Verwendung unvollkommener Information entsprechen.
Im ersten Teil arbeiten wir an einem Szenario, in der wir die Verfügbarkeit mehrerer
sogenannter Labeling-Funktionen annehmen, d. h. Funktionen, die Daten automatisch
kennzeichnen, beispielsweise basierend auf Wörterbüchern oder regulären Ausdrücken. Wir
leiten zwei Methoden ab, WeaNF und SepLL, um die Leistung bei Klassifikationsaufgaben
zu verbessern. WeaNF basiert auf der Idee, einzelne Labeling-Funktionen probabilistisch
zu modellieren, und SepLL basiert auf der Idee, die Klassifikationsentscheidung im latenten
Raum zu modellieren.
Im zweiten Teil konzentrieren wir uns auf das Clustering von Bildern. Insbesondere
forschen wir an der Verwendung von modellgenerierten textuellen Beschreibungen von
Bildern, um Bilder zu clustern. Solche generierten Beschreibungen sind unvollständig,
teilweise fehlerhaft und konzentrieren sich möglicherweise auf irrelevante Informationen.
Wir stellen fest, dass das Clustern der generierten Texte oft das Clustern der visuellen
Informationen übertri!t. Weiterhin leiten wir eine Methode ab, die generierten Text
verwendet, um mehrere alternative Clusterings für denselben Datensatz zu erhalten.
Im dritten Teil präsentieren wir Forschung zu einem System aus mehreren, unvoll-
kommenen, großen Sprachmodellen. Wir analysieren sogenannte „LLM-Judes“. In unse-
rer Umgebung bewertet ein LLM-Judge die Antworten von zwei anderen Kandidaten-
Sprachmodellen, die Antworten auf mathematische Denkaufgaben geben.
Zusammenfassend konzentriert sich die präsentierte Forschung auf verschiedene Aufgaben
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Kurzfassung

und verschiedene Szenarien, in denen mehrere Quellen unvollkommener Information
verfügbar sind. Wir leiten Methoden ab und analysieren die Leistung von Systemen,
die auf unvollkommenen Informationen beruhen. Unsere Forschung demonstriert die
Nützlichkeit der Verwendung unvollkommener Information.
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1. Introduction

Machine learning uses data to automatically derive algorithms that tackle tasks without
explicitly designing algorithms or mathematical descriptions. Therefore, machine learning
methods enable the (partial) automation of tasks and derivation of insights across a wide
range of domains. In particular, natural language processing (NLP) recently made rapid
progress, demonstrating significant advancements in solving language-based tasks.
A key challenge is the need to annotate data, typically using well-defined input and output
pairs, to train machine learning models for a given task or to evaluate the performance
of existing models. However, creating annotated datasets is labor-intensive, di"cult,
and expensive, presenting a bottleneck for many applications. The traditional machine
learning pipeline of task definition, data labeling, model training, and model evaluation
neglects that, in many cases, imperfect information is readily available.
The work presented in this thesis explores and analyzes methodologies where multiple
sources of imperfect information are available. We introduce di!erent methods that take
multiple sources of imperfect information to improve the performance of machine learning
systems. Further, we examine di!erent situations and evaluate the performance of these
methods on a variety of tasks.

1.1. Motivation

In many real-world applications, imperfect information is readily available. It may be
reused from existing applications, databases, or machine learning systems. Alternatively,
it might be available through abstract human knowledge, which can be formalized by
regular expressions or, more generally, code (Ratner et al., 2016). If these information
sources are properly understood and utilized, they o!er the potential to partially mitigate
or circumvent the limitations of traditional annotation approaches. By leveraging readily
available resources, we can improve the e"ciency and e!ectiveness of the creation and
evaluation of NLP systems.
In the following, we describe examples that are related to the papers this thesis is based
on.

Sentiment Analysis. Sentiment analysis aims to determine the sentiment of a text,
e.g., by classifying a tweet into positive or negative. Imperfect information sources,
such as smiley faces, hashtags, or shorthand expressions such as “:)”, o!er valuable cues
for sentiment analysis. Depending on the number of keywords used, these cues might
be sparse and they do not account for factors such as sarcasm, which need contextual
information.

3



1. Introduction

Image Clustering. Image clustering involves grouping similar images together based
on their content. Imperfect information includes user-provided descriptions, tags, or
automatically generated textual descriptions. Although additional textual descriptions
may be noisy, incomplete, or ambiguous, they may help refine the obtained clustering by
providing semantic information about the images.

LLMs-as-a-Judge of Mathematical Reasoning. Large language models may be em-
ployed as automatic evaluators in the realm of mathematical reasoning. For instance,
an LLM can be used to evaluate the logical flow of arguments by other large language
models and “judge” whether their answers are correct. Although the LLM’s judgment
may not be definitive or correct, it may provide valuable insights or guidance.

To use such information, it is essential to research the potential to improve the cap-
abilities of current systems and to understand the issues and limitations such sources
exhibit.

1.2. Research Goal

The primary goal of this research is to explore how multiple sources of imperfect in-
formation can be harnessed to optimize natural language systems. The field of NLP
underwent significant changes throughout the period this research was conducted, opening
up multiple directions in investigating such settings.
Initially, in 2021, transformer encoder models like BERT (Vaswani et al., 2017; Devlin
et al., 2019) dominated the NLP landscape. Amongst others, they excelled in classification
tasks. An intuitive way to provide imperfect labeling information is to provide functions
that label data automatically based on, e.g., keywords. This paradigm is called data
programming (Ratner et al., 2016). We aimed to create methods that generalize the
imperfect information given by those functions to improve the performance on classification
tasks. This led to the development of two methods, WeaNF (Stephan and Roth, 2022),
an approach based on neural probabilistic modeling, and SepLL (Stephan et al., 2022),
which makes predictions from the latent space.
As multimodal models like CLIP (Radford et al., 2021), connecting visual and textual
information advanced, we wondered how to explore the potential of imperfect signals in
multimodal settings. We set out to investigate whether model-generated image descriptions
could enhance image clustering. Such descriptions may be incomplete, incorrect, or focus
on parts of the image that are less useful for clustering a dataset. This led to text-guided
image clustering (Stephan et al., 2024b), comparing image-based clustering and clustering
based on generated text, and to alternative text-guided image clustering (Stephan et al.,
2024a), an extension deriving multiple sensible clusterings of the same dataset.
With the rise of powerful generative text models such as GPT-3 (Brown et al., 2020) and
ChatGPT (OpenAI, 2023) and their relevance, given their availability to the general public,
we turned our attention to large language models (LLM). We investigate a system of
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multiple LLMs. More specifically, in Stephan et al. (2024c) we investigate the e!ectiveness
of using LLMs as judges, evaluating the correctness of two other candidate LLMs.
In summary, this research investigates diverse settings where multiple sources of imperfect
information are available in various forms and methods for utilizing such information
to enhance the quality and reliability of existing NLP systems. We focus on robust
evaluation for assessing performance across specific tasks and situations. By addressing
these challenges, this work aims to contribute to understanding and improving the
potential of imperfect information.

1.3. Outline

The following describes the structure of the thesis. In Part 1, an overview of the performed
research is given. Chapter 1 gives a motivation, defines the research problem and objectives,
and gives an overview. Chapter 2 discusses background and related work, reviewing
foundational concepts in machine learning and natural language processing. Chapter
3 summarizes the contributions of this research. Chapter 4 concludes the thesis by
summarizing the key findings, discussing their implications, and outlining potential future
directions for exploring the use of imperfect data sources in machine learning. Finally,
Part 2 of this thesis encompasses the papers on which this thesis is based and details the
contributions of the individual authors.
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2. Background and Related Work

This chapter aims to establish the context for the research presented in this thesis in a
comprehensive but compact manner. It introduces the broader field of NLP, names and
introduces the types of models and representations used, and gives background on weak
supervision and evaluation.

2.1. Natural Language Processing

Natural Language Processing is a subfield of artificial intelligence that aims to enable
computers to comprehend, interpret, and generate human language. In recent years, NLP
has experienced significant progress, mainly due to the increased availability of textual
datasets and computational resources.

In its early days, NLP mostly focused on symbolic approaches to define language systems
precisely. An early, well-known example is ELIZA (Weizenbaum, 1966), which relied
on keywords and pre-defined rules to simulate a chatbot. Researchers went on to build
complex ontologies to represent knowledge in machine-readable formats and theories such
as rhetorical structure theory (Mann and Thompson, 1988) to represent language in a
format useful for natural language systems.

While such rule-based representations are interpretable, the real world is often too
complex to develop a comprehensive set of rules. Researchers turned to statistical nat-
ural language processing (Manning and Schütze, 1999) to automatically understand the
underlying statistical patterns. A typical modeling approach includes N-gram features to
represent text and a graphical model, e.g., Hidden Markov models (Rabiner, 1989), to
learn from data.

Nowadays, deep learning is the dominant approach in NLP (Goodfellow et al., 2016).
By defining a goal in the form of a mathematical function, named a loss function, it
automatically optimizes a model from data. During training, the loss is optimized based
on input and output pairs, and during prediction, the model has to predict the output,
given the input. An early example in NLP is the neural probabilistic language model
(Bengio et al., 2003), which trains a neural network to perform language modeling, i.e.,
predicting the next word in a sequence. In Mikolov et al. (2013), the authors present
a method to learn word embeddings, i.e., dense vector representations of words that
capture semantic and syntactic relationships. This method uses neural networks to learn
embeddings that are optimized to predict the context of a word in a sequence.
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2. Background and Related Work

In NLP research, a model is commonly analyzed by evaluating how well it solves a
particular task. These tasks include classifying text into predefined categories (e.g.,
sentiment analysis, topic classification), clustering similar texts together (e.g., document
clustering), generating new text (e.g., machine translation, text summarization), extract-
ing structured information from unstructured text (e.g., named entity recognition), or
answering questions posed in natural language. Nowadays, large language models are
general-purpose models and are typically tested on a variety of tasks to evaluate their
generality and robustness.

2.2. Models and Representations

Now, we establish the necessary background on the used models and representations.
Specifically, we focus on di!erent types of the Transformer architecture.

Transformers. The Transformer architecture (Vaswani et al., 2017) represents a pivotal
advancement in NLP. Transformers are deep learning models that leverage the self-
attention mechanism to process sequential data. They possess the capability to process
the entire input sequence in parallel. This design has led to significant gains in e"ciency
and paved the way for scaling up model size and training data, which resulted in massive
performance increases. Transformers are broadly categorized into encoder-only models,
decoder-only models, and encoder-decoder hybrids. In this thesis, we mainly make use
of encoder and decoder models. Transformer-based models are state-of-the-art in many
modalities, such as text (Vaswani et al., 2017), images (Dosovitskiy et al., 2021), video
(Arnab et al., 2021), audio (Baevski et al., 2020a) or graphs (Yun et al., 2019).

Encoder Transformers. Encoder transformer models are bi-directional, i.e., they can
process the entire input sequence in parallel. They are trained using masked language
modeling (MLM), where random tokens in the input are masked, changed, or kept the
same, and the model is trained to predict the original token using a bidirectional context.
These models are pre-trained on large text corpora using MLM to learn general language
representations. Subsequently, they are fine-tuned on specific downstream tasks using
supervised learning with task-specific labeled data. Here, a multi-layer perceptron on
top of a special classification token is trained to fine-tune such models on classification
tasks. This approach was introduced in BERT (Devlin et al., 2019), and a more robustly
optimized version was introduced in RoBERTa (Liu et al., 2020).

Decoder Transformers. Decoder transformer models are unidirectional, processing
the input sequence sequentially. They predict the next token given all previous tokens.
Representative models are the Generative Pretrained Transformer (GPT) (Radford et al.,
2018), and its successors GPT-2 (Radford et al., 2019), GPT-3 (Brown et al., 2020),
GPT-4 (OpenAI et al., 2024). Modern large language models are decoder-only models
that undergo several training phases. First, they are pre-trained on massive text corpora

8



2.3. Weak Supervision

of several trillion tokens with the goal of predicting the next token given all previous
tokens. This is called language modeling. Then, during the instruction tuning phase, they
are fine-tuned on datasets of instructions and desired responses to better follow natural
language instructions. Finally, many models incorporate Reinforcement Learning from
Human Feedback (RLHF) (Christiano et al., 2017), where human preferences are used to
further train the model to be more helpful and aligned with human values. These models
can be used in zero-shot settings by describing tasks in natural language or in few-shot
settings by providing example input-output pairs in context.

Text Representations. Traditional text representations include N-grams, i.e., sequences
of n words, and Term Frequency-Inverse Document Frequency (TF-IDF) (Manning and
Schütze, 1999). Modern representations include sentence transformers (Reimers and
Gurevych, 2019a), which train text representations such that texts of similar meaning are
close in the embedding space and texts with di!erent meanings are far apart.

Multimodality. Transformers were also adapted to train models for di!erent modalities,
such as spoken language (Baevski et al., 2020b) or images (Dosovitskiy et al., 2021). The
integration of textual and visual modalities has led to models such as CLIP (Radford
et al., 2021) to represent images and text in the same vector space, and Image-to-Text
systems that employ vision transformers, called ViTs, (Dosovitskiy et al., 2021) to encode
images and transformer decoders to generate text. These models bridge the gap between
vision and language, enabling tasks like image captioning and visual question answering
(Antol et al., 2015a).

2.3. Weak Supervision

This thesis addresses the situation where multiple imperfect sources of information are
available. In the first part of this thesis, we address this problem via the formalization of
so-called labeling functions (Ratner et al., 2016). These are functions ω : X → Y ↑ ↓ that
label data programmatically, where X is the input space, Y is the set of possible labels,
and ↓ is the case where the labeling function abstains from labeling.

Example. Assume the task is to predict the sentiment of a movie review. Let X represent
the set of all possible movie reviews, and let Y represent the set of possible sentiments,
e.g., “positive” and “negative”. A labeling function ω is designed to return a positive label
for reviews that contain the word “happy” and a negative label for reviews that contain
the word “sad”. If neither word is present, the labeling function ω abstains from labeling.

There are various types of labeling functions using di!erent types of available information.
They can be created via dictionary matches, regular expressions, or other heuristics. It is
also possible to create labeling functions via database queries, readily available APIs, or
machine learning models. They exhibit multiple properties of imperfection:
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1. Noise: Labels may be erroneous or inconsistent with ground truth. This arises
from the heuristic nature of labeling functions and the inherent ambiguity in natural
language.

2. Support: Labeling functions may not cover all data points or aspects of the data.
In the example above, sentences expressing sentiment without using the words
“happy” or “sad” remain unlabeled.

3. Bias: Labeling functions may exhibit systematic biases due to the specific heuristics
employed. For instance, a function based on the presence of positive or negative
emotions might be biased toward informal language styles.

4. Overlap: Di!erent labeling functions may provide overlapping or redundant in-
formation, potentially leading to an over-emphasis on certain features or hinting at
di!erent class labels.

The weak supervision field uses standardized comprehensive benchmarks, such as Knodle
(Sedova et al., 2021) and WRENCH (Zhang et al., 2021), to study the usage of labeling
functions as learning signals. These benchmarks consist of a diverse range of datasets,
tasks, and a distinct set of labeling functions. They are used to evaluate the performance
of dedicated weak supervision models.
One line of research aims to leverage the information in m labeling function matches
Z ↔ {0, 1}n→m, where Zij means that labeling function j assigns a label to sample i, and
the relationship of labeling functions and classes to generate a prediction y. Such methods
are called label models and are often based on ideas from statistics (Ratner et al., 2016;
Varma et al., 2019).
More recent e!orts aim to integrate deep learning with weak supervision. An intuitive
approach is to directly train on the labels predicted by label models. On the other hand,
there are specifically designed, so-called end-to-end models, such as DENOISE (Ren et al.,
2020) or COSINE (Yu et al., 2021), which make use of the prediction probabilities during
the training process.
A related area of study is learning based on noisy labels (Song et al., 2022), which models
noise in the training labels, often making explicit assumptions on the noise distribution,
such as, e.g., symmetry of noise. Approaches include the usage of dedicated loss functions
(Natarajan et al., 2013) or dedicated architectures, e.g., by modeling the noise explicitly
in a latent space (Sukhbaatar et al., 2015; Goldberger and Ben-Reuven, 2017). However,
weak supervision distinguishes itself by focusing on the programmatic creation of noisy
labels through labeling functions rather than assuming inherent noise in the data.
We introduce two methods for learning based on labeling functions. WeaNF (Stephan and
Roth, 2022) focuses on explicitly modeling labeling function matches using the generative
model normalizing flows, and SepLL (Stephan et al., 2022) models the prediction in a
latent space while being trained to predict the labeling function matches.
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2.4. Evaluation

It is essential to evaluate the performance of machine learning and NLP models to assess
their e"cacy and pinpoint areas for improvement. Notably, evaluating these systems has
emerged as a dedicated field of research (Chang et al., 2024), tackling unique challenges
and problems. As the current generation of models grows increasingly powerful and
general, designing robust, comprehensive, and meaningful evaluation schemes becomes
more complex and more critical. This thesis contains two types of evaluation schemes:

1. Task-specific metrics which use well-defined human annotated input-output pairs to
measure how well the system output matches the annotated ground-truth output.

2. Machine learning systems that automatically evaluate the output of another system
with or without the availability of annotated ground-truth output.

In the contributed articles, we mostly use well-defined input/output pairs and the following
tasks:

Classification. We evaluate classification tasks using accuracy, precision, recall, and
F1-score (Manning et al., 2008). Precision describes the fraction of relevant instances
among all retrieved instances, where typically, in binary classification, relevant instances
have a ground truth label of “1” and retrieved instances have a predicted label of “1”.
Recall describes the fraction of retrieved samples among all relevant samples. The F1-score
is the harmonic mean of precision and recall.

Clustering. To evaluate clustering tasks, typically classification datasets are used. The
data is clustered and the similarity between clustering and ground truth labels is computed
using normalized mutual information (NMI), adjusted rand index (ARI) (Vinh et al.,
2010), and the silhouette score (Rousseeuw, 1987) to assess cluster quality. For instance,
the NMI is defined as follows:

NMI(U, V ) =
2 · I(U ;V )

H(U) +H(V )
(2.1)

where I(U ;V ) is the mutual information between the random variable U , which corres-
ponds to the predicted cluster assignments, and ground truth cluster assignments V .The
entropies of predicted cluster assignments and ground truth labels are denoted by H(U)
and H(V ), respectively. The NMI is a metric to measure how much information is shared
between the clustering and the ground truth labels.

LLM-as-a-Judge. Furthermore, this thesis explores the feasibility of employing LLMs-
as-a-Judge (Zheng et al., 2023) to evaluate the performance of LLMs on mathematical
reasoning tasks. Here, two di!erent LLMs generate a solution for a given problem.
Subsequently, a third LLM, a “judge” LLM, is then tasked to decide which outputs are
correct. Unlike human annotation, the LLM-as-a-judge paradigm is scalable and enables
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the evaluation of large datasets without reliance on costly human annotators. Despite
these benefits, the approach is challenging because of potential reliability issues, where
judgments may lack consistency or accuracy. The approach’s e!ectiveness varies across
di!erent tasks or domains.
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The following chapter provides an overview of the research presented in this thesis. We
outline the individual problems addressed, the motivation behind each study, and the
corresponding contributions. We divide the body of research into three parts:

Multiple rules. We begin by assuming the availability of multiple human-engineered
rules, provided as programming code automatically labeling data. We propose two
methods, WeaNF (Stephan and Roth, 2022) and SepLL (Stephan et al., 2022), to leverage
these rules as learning signals. These methods address challenges such as noisy rules,
limited support, and contradicting rules by introducing probabilistic and latent-space
modeling approaches to improve the performance on classification tasks given a set of
rules.

Multiple Modalities. We base this research on the motivation that it is possible to
describe images using text and use text as a natural abstraction to describe useful clusters.
In this research, we investigate the usage of model-generated textual descriptions of
images. Such descriptions are incomplete (as we can not describe all pixels) and may be
noisy (partially wrong). We introduce two methodologies, namely “text-guided image
clustering” (Stephan et al., 2024b) and “alternative text-guided image clustering” (Stephan
et al., 2024a), to cluster images based on the text generated by image-to-text models.

Multiple LLMs. Thirdly, we describe an analysis study (Stephan et al., 2024c) where we
assume a system of three language models, where two language models derive answers to
a mathematical reasoning problem, and a third language model, a “LLM judge” evaluates
their answer. We analyze the properties related to imperfections in LLMs, as measured
by performance.

13
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3.1. Multiple Rules

In this line of research, we assume the availability of multiple rules, such as lookup
dictionaries or regular expressions, that automatically assign labels to data points. This
field is called weak supervision (Ratner et al., 2016). Naturally, these rules are imperfect
and exhibit properties such as noise, incomplete coverage, or bias. As these rules are
typically defined using code, we follow Ratner et al. (2016) and refer to these as labeling
functions. We contribute two learning methods, based on the intuition of probabilistic
modeling and latent space modeling, which use imperfect rules to train models to improve
the performance on given tasks.

3.1.1. WeaNF: Weak Supervision with Normalizing Flows

(a) Subfigure 1 (b) Subfigure 2

Figure 3.1.: Overview of the WeaNF model. This example shows the task sentiment
analysis and uses keywords to label data. Blue represents a negative sentiment,
and red represents a positive sentiment. The X-axis represents the embedding
of a rule ω, e.g., “poor” as an example of a keyword indicating a negative
label. The Y-axis represents the embedding (or latent space) of a text input
x. The Z-axis represents the learned density P (ω|x) of a rule ω matching a
text sample x.

In Stephan and Roth (2022), we introduce WeaNF, a model that uses probabilistic model-
ing to perform classification based on the described rules. The goal of this research was to
explicitly model the probabilities of a single rule ω over text, using the generative model
normalizing flows (Papamakarios et al., 2021), and subsequently use these probabilities
to model the classification. This is based on the intuition that it is beneficial to access
the probabilities of a rule matching a text sample, instead of using the rule to directly
predict a label.
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As illustrated in Figure 3.1, WeaNF first embeds both input text x, using a trans-
former encoder, and labeling functions ω, using a trained embedding, into latent spaces.
These embeddings are then concatenated to form a joint representation. The model
employs the generative process of normalizing flows to learn the probability P (ω|x) of a
rule matching a given text sample. We test multiple schemes to aggregate multiple rule
probabilities P (ωi|x), i ↔ {1, . . . , n} into a final classification probability.

We demonstrate the e!ectiveness of WeaNF on various commonly used weak super-
vision datasets, showing that weakly supervised normalizing flows compare favorably to
standard weak supervision baselines. It is further possible to analyze the relationship
between the rule-matching probability and the classification probability.

3.1.2. SepLL: Separating Latent Class Labels from Weak Supervision Noise

Input Text

CrossEntropy

LF-specific 
path

Task-specific 
path

Embedding LF distribution

Class Prediction

LF-matches
distribution

Example: Spam detection

80
%

20
%

Spam Ham

T1: “You’ve won 
$1000!”

T2: “Log in to verify 
your bank account”

…

LF1: return “spam” if  “won” in text
LF2: return “spam” if “bank account” 
in text

Labeling functions

…

 1       0    …
 0       1    …

T1
T2
…

LF1  LF2  …

Figure 3.2.: Overview of the SepLL model. Text gets embedded into a latent space Z using
a Transformer encoder, then this representation is transformed into a labeling
function (LF) specific (or rule-specific) representation and a task-specific
representation using multi-layer perceptrons. The task-specific representation
is translated back into the LF space and combined using addition. A cross-
entropy loss optimizes whether the combined distribution matches the true
rule (LF) distribution. The classification is made from the latent layer,
without any direct supervision.

In Stephan et al. (2022), we present SepLL, a method that aims to separate two types
of complementary information associated with labeling functions: information related
to the target label (task-specific information) and information specific to each labeling
function (labeling function-specific information). During training, there is only access to
the labeling function matching information, so the motivation is to train a model that
learns to separate both types of information, using the information that is present in the
data, the labeling function matching information, and the information that is present in
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the pre-trained transformer.

SepLL introduces a branched deep model that splits labeling function information in
the latent space (see Figure 3.2), enabling the model to learn directly from the rule-
matching information. The intuition is that, during learning, the model separates task
information from labeling function information by learning when two or multiple rules
related to the same label match the same sample and relating that overlap to the text
understanding capabilities present in the pre-trained transformer. After training, the
task prediction is made from the latent space without any direct task signal during training.

On the WRENCH (Zhang et al., 2021) text classification benchmark, SepLL achieves
state-of-the-art performance. While research on labeling function-based weak supervision
stagnated in the subsequent years due to the rapid development of generative LLMs,
SepLL is still a SOTA model in this specific setting of weak supervision. In summary, this
research shows that building dedicated models for the information present in rule-based
labeling functions is helpful to improve the performance on classification tasks.
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3.2. Modality Transfer

Textual descriptions can serve as an abstraction, helping to navigate and interpret
visual data e!ectively, even when the information provided by the textual description
is incomplete. In this research, we build on advancements in image-to-text models (Li
et al., 2023) to explore the usage of clusterings based on generated textual descriptions
of images, in contrast to clusterings purely based on image features. These generated
descriptions are imperfect because they can be partially incorrect and because they are
incomplete, as not all pixels are described.

3.2.1. Text-Guided Image Clustering

bird, wings

jet, plane

✓✗

TextImage

Figure 3.3.: The motivation of using text to cluster images. A t-SNE visualization of the
BLIP-2 (Li et al., 2023) image embeddings for the STL10 dataset (Coates
et al., 2011). While the images are highly similar on the pixel level (blue
background and similar shape), the words bird and jet clearly distinguish the
objects (and clusters).

In Stephan et al. (2024b), we introduce “Text-Guided Image Clustering”, a methodology
to generate textual descriptions for images using image-to-text models and then cluster
these descriptions directly.

We experiment with image captioning (Vinyals et al., 2015) and visual question-answering
models (Antol et al., 2015b) to obtain textual representations of images. The latter allows
us to ingest domain knowledge into the clustering process, e.g., by prompting “What sport
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is shown in the image?”, which is often available in real-world applications. The generated
text is often incomplete and misses details that image-to-text models cannot e!ectively
capture, and is sometimes incorrect because of model biases and errors. Subsequently, we
use text TF-IDF and sentence embeddings (Reimers and Gurevych, 2019b) to obtain text
embeddings, which we cluster using K-Means.

Our experiments demonstrate that clustering representations based on model-generated
text mostly outperforms clustering representations purely on image features. This suggests
that language, even if imperfect, provides a useful abstraction that enhances clustering
quality. Further, we introduce a word counting-based cluster explainability method and
demonstrate that it is possible to generate interpretable textual cluster descriptions which
provide a good idea of the examined data. For example, in one case, we found that all
cluster descriptions match the ground truth cluster names, while the cluster accuracy is
only 75%. In summary, the research shows how imperfect, generated textual descriptions
of images can be utilized to obtain better image clusters.

3.2.2. Text-Guided Alternative Image Clustering

Figure 3.4.: An overview of the method. 1) A user provides interests. 2) An LLM
generates a set of prompts to extract information from images. 3) A Vision-
LLM generates answers. 4) For each prompt, the generated text is clustered
(here, colors resemble rank and suit ground truth). 5) A hierarchy of similar
clusterings is built. Based on a similarity threshold, clusterings are grouped
(indicated by green and orange). 6) Groups are aggregated to obtain final
alternative clusterings.

Image clustering is typically tested on rather simple classification datasets that have a
unique ground-truth clustering. However, in real-world settings, it is often possible and
sensible to obtain alternative clusterings corresponding to di!erent characteristics. In
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“Alternative Text-Guided Image Clustering” (Stephan et al., 2024a), we build on Stephan
et al. (2024b) to address the need for diverse clusterings, using generated textual image
descriptions.

An overview of the method is shown in 3.4. By leveraging LLMs, we automatically
create diverse prompts, each emphasizing di!erent facets. We use those prompts to
generate multiple descriptions of the same image using VQA models. Note that this
inherently introduces further noise and leaves gaps due to the limitations of the models.
We then aggregate these varied perspectives using consensus clustering (Strehl and Ghosh,
2002) to derive robust, alternative clusterings that cater to di!erent user queries.

Even though the generated text is noisy and incomplete, consensus-based aggregation of
these imperfect descriptions can reveal new, meaningful groupings, often outperforming
alternative clustering methods on top of image-only features.
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3.3. Large Language Model Capabilities

Let x be the original land he had. 3/5x = 12.8, x = 12.8 / 3/5 =
<<12.8/3/5=20.8>>20.8.### 20.8.

Mr. Ruther sold 3/5 of his land and had 12.8 hectares left. How much
land did he have at first?

Question

Mr. Ruther was left with 1 - 3/5 = <<1-3/5=0.4>>0.4 or 2/5 of his
landhis land which is equal to 12.8 hectares. So...###32.

Answer A is correct. In Answer B, the equation is set up incorrectly.
If 12.8 hectares is the amount of land left after selling 3/5 of the
land, then 12.8 hectares represents 2/5 of... {"answer":"A"}

LLM A

LLM B

Judge LLM

CoT text Final answer

Figure 3.5.: Description of the problem setup. Two LLMs, A and B, provide candidate
answers for a mathematical reasoning problem, and a judge LLM has to
decide which answer, both answers, or no answer is correct. All LLMs use
chain-of-thought reasoning (Wei et al., 2022) to generate a response.

Since the inception of GPT-3 (Brown et al., 2020) and ChatGPT (OpenAI, 2023), the
capabilities and adoption of LLMs increased rapidly, implying the importance and need
for research on such models. Therefore, connected to our overall research agenda, we
investigate a system with multiple (imperfect) LLMs. The setup is shown in Figure 3.5.
Two LLMs provide candidate answers to a mathematical reasoning problem (Hendrycks
et al., 2021) and a third LLM, a “LLM judge” is tasked to decide which answer is correct
or if both or no answer is incorrect. We call this 4-class classification the judgment task.

Our experiments show that LLM judges obtain a judgment classification performance of
up to 80%. Further, we identify a correlation between task performance and judgment
classification performance, suggesting that LLM judges are biased towards models of
higher task accuracy. Our analysis contains usage recommendations where we find that
LLM judges can consistently determine which candidate LLM has higher task performance.
On the other hand, the experiments show that LLM judges can not be reliably used to
improve performance on the given task. Rather, it is more beneficial to use all three LLMs
(judge and candidate LLMs) to generate answers and subsequently perform a majority vote.

In summary, our results suggest that LLM judges can be useful in some settings, but
practitioners should not blindly trust LLM judges and should carefully decide whether or
not they should be used in their particular application.
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In this thesis, we tackled multiple problems and settings with readily available imperfect
sources of information.

First, we presented work on a specific weak supervision setup, where we assume the
availability of functions that label data automatically using imperfect information such
as keywords or regular expressions. We introduce two methods, WeaNF (Stephan and
Roth, 2022) and SepLL (Stephan et al., 2022), which are trained on labeling function
output to perform text classification.

Additionally, we explored the use of generated text to perform image clustering. We
introduce two methods that address both standard (Stephan et al., 2024a) and alternative
clustering scenarios (Stephan et al., 2024a). These approaches demonstrate the potential
of integrating incomplete, potentially erroneous, or biased textual information to guide
and improve image clustering.

Thirdly, we presented work on LLM judges (Stephan et al., 2024c) and investigated
a setup of multiple (imperfect) LLMs where an LLM “judge” is tasked to evaluate the
answer of two other candidate LLMs to a mathematical reasoning problem.

4.1. Discussion

A major theme in NLP research in the last years is the speed of development of the
field. Therefore, the goal of this discussion is to touch on major points related to the
presented research through the lens of “timelessness”, i.e., topics that we think are likely
to be relevant in the future, independent of the speed of development.

Availability of imperfect signals. In the context of this thesis, we presented research on
three di!erent settings involving imperfect information based on rules, modalities, and
LLMs in Section 3. We argue that underlying ideas extend to many other domains or
problems.
There exist many niche domains and data silos where organizations, companies, or groups
keep their data private, rendering it di"cult for models trained on publicly available data to
understand such internal data which will impair their ability to solve tasks using such data.
However, private information sources such as dictionaries, internal guidelines, customer
chat logs, or documentation are often available. Such sources are often incomplete,
contradict each other, or are not up-to-date, thus imperfect. Nevertheless, they can be
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useful information in NLP systems, and be made accessible, e.g., via Retrieval Augmented
Generation systems (Lewis et al., 2020).
In the context of NLP, in particular in the study of language models, many research areas
are closely related. Research aims to generate synthetic data for pre-training (Gunasekar
et al., 2023) and LLM post-training (Bai et al., 2022). This data is imperfect in the sense
that it does not completely follow the complex distribution of real-world data. Another
related strategy is distillation (Hinton et al., 2015) where one tries to use the output
distribution of a (imperfect) teacher model, which is typically larger, to train a smaller
student model. This technique has also been applied in the field of weak supervision to
optimize a model iteratively (Yu et al., 2021).
While the capabilities of language models and machine learning models in general advance
rapidly, we argue that it is worthwhile to analyze which sources of imperfect information
are available and consider whether it is useful to incorporate them in the given problem
or task.

Limited high-quality data vs. abundant imperfect data. Within the scope of this
thesis, we built systems that employ imperfect information to build and improve machine
learning systems. A directly related research question is whether it is better to use a
limited amount of high-quality data or to use abundant, easier-to-obtain, imperfect data.
Related to our research on weak supervision, the study by Zhu et al. (2023) showed
that, for specific tasks, models fine-tuned on a rather small amount of clean labeled data
may be su"cient to outperform models fine-tuned on weakly labeled, imperfect data. In
contrast, Zhang et al. (2024) found on a di!erent set of datasets that a substantial amount
of clean labeled data is needed. In both studies, the authors find a “sweet spot” where
the performance of models trained on high-quality data is better than models trained on
imperfect data. Thus, it is always an individual decision based on how di"cult it is to
obtain high-quality data and how di"cult it is to obtain imperfect data. Further, Zhu
et al. (2023) observe in their experiments that using dedicated methods, it is best to
combine both types of data.
This research question is relevant not only during fine-tuning but also during pre-training
(Brown et al., 2020) or post-training (Bai et al., 2022). In the last years, LLMs were
trained using increasingly large datasets, mostly crawled from the internet. Recent work,
such as the Phi-series of language models (Gunasekar et al., 2023; Abdin et al., 2024),
demonstrates that it is possible to train strong domain-specific models using an orders-of-
magnitude smaller set of synthetic data. While it is unclear how this question evolves, it
is also conceivable that a mixture of clean and imperfect data may be most useful.

Instance level vs. population level. A notable observation in our research is the
distinction between outcomes at the instance level and the population level, i.e., of a
subset of a dataset or a set of samples. In our research, methods based on imperfect
signals demonstrate high performance at the population level, but their e!ectiveness
varies at the instance level because of systematic and random biases.
This phenomenon was evident in our text-guided image clustering (Stephan et al., 2024a)
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experiments. For example, even though the cluster descriptions, based on the generated
texts, perfectly describe the ground truth cluster names, the actual clustering accuracy
reached only approximately 75%. This discrepancy shows that imperfect information
sources can provide valuable high-level insights suitable for exploratory data analysis,
while potentially falling short in tasks requiring an exact grouping of samples.
Similarly, in Stephan et al. (2024c), we observed that the LLM judge is capable of
determining which of two candidate LLMs has a higher performance on a given dataset.
This is in contrast to the fact that they only obtain an 80% performance on the judgment
classification task, i.e., determining which answers are correct or incorrect.
Here, clustering and LLM performance ranking serve as examples of settings where
imperfect information enables concrete application on the population level, but less so on
the instance level. We hypothesize that many other such use cases exist.

4.2. Future Work

In the following, we discuss future work in the context of this thesis. The following
three paragraphs are each dedicated to a chapter in Section 3, each proposing research
directions extending the work of a specific part of the contributions of this thesis.

Imperfection in language. In Stephan and Roth (2022) and Stephan et al. (2022), we
have shown that rules, based on imperfect human intuitions, e.g., the keyword “good” is
an indicator for a positive review, can be used to improve the performance of an NLP
system. Generalizing this notion to language, we can define imperfect intuitions as an
incomplete description of a task or an imperfect, “mostly correct”, hint on how to solve
a task. Future work may try to understand how to quantify levels of imperfection in
language, how to quantify the impact of such imperfection on given models or systems,
and how to leverage such imperfect intuitions to improve systems.

Modalities. Humans depend on multiple senses. The combination of multiple senses
improves the overall system. If one sense is impaired, other senses can not fully compensate
for its functionality. Similarly, a common hypothesis is that AI systems benefit from
the integration of additional modalities. In Stephan et al. (2024b,a), we have shown
that leveraging generated, imperfect, textual information is useful to tackle the image
clustering task. Future work may apply a similar approach to audio, video, or graph data
modalities. Other future research could systematically explore how a specific degree of
imperfect signals, i.e., imperfect textual descriptions of images, as measured by coverage
or incorrectness of information with respect to ground truth descriptions, impacts the
performance of the system.

Multi-LLM. In Stephan et al. (2024c), we have analyzed a simple multi-LLM system
where an LLM judge is used to evaluate the answer of two candidate LLMs. Our results
show LLM judges are promising, but practitioners must be careful whether it makes sense
to apply them to their specific use case. This represents a simple multi-LLM system.
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With the increasing capabilities of LLMs, we expect LLMs to be increasingly able to
communicate and, potentially, increase their ability to solve more di"cult tasks. Such
systems are always built on the assumption that all single LLMs are imperfect. Research
in this direction could investigate communication protocols, consensus mechanisms, and
their impact on performance and robustness.

4.3. Final Remarks

In this thesis, we investigated situations and problems where multiple imperfect sources
of information are available. We made contributions to subfields of natural language
processing and machine learning research. We have shown that there are relevant use cases
and interesting research questions for imperfect data. While natural language processing
and machine learning will continue to advance quickly, we think that there will always be
a case for the usage of imperfect data.
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Abstract

A popular approach to decrease the need for
costly manual annotation of large data sets
is weak supervision, which introduces prob-
lems of noisy labels, coverage and bias. Meth-
ods for overcoming these problems have ei-
ther relied on discriminative models, trained
with cost functions specific to weak supervi-
sion, and more recently, generative models,
trying to model the output of the automatic
annotation process. In this work, we explore
a novel direction of generative modeling for
weak supervision: Instead of modeling the
output of the annotation process (the labeling
function matches), we generatively model the
input-side data distributions (the feature space)
covered by labeling functions. Specifically,
we estimate a density for each weak labeling
source, or labeling function, by using normal-
izing flows. An integral part of our method
is the flow-based modeling of multiple simul-
taneously matching labeling functions, and
therefore phenomena such as labeling function
overlap and correlations are captured. We an-
alyze the effectiveness and modeling capabil-
ities on various commonly used weak super-
vision data sets, and show that weakly super-
vised normalizing flows compare favorably to
standard weak supervision baselines.

1 Introduction

Currently an important portion of research in nat-
ural language processing is devoted to the goal of
reducing or getting rid of large labeled datasets. Re-
cent examples include language model fine-tuning
(Devlin et al., 2019), transfer learning (Zoph et al.,
2016) or few-shot learning (Brown et al., 2020).
Another common approach is weakly supervised
learning. The idea is to make use of human in-
tuitions or already acquired human knowledge to
create weak labels. Examples of such sources are
keyword lists, regular expressions, heuristics or in-
dependently existing curated data sources, e.g. a
movie database if the task is concerned with TV

shows. While the resulting labels are noisy, they
provide a quick and easy way to create large labeled
datasets. In the following, we use the term labeling
functions, introduced in Ratner et al. (2017), to de-
scribe functions which create weak labels based on
the notions above.

Throughout the weak supervision literature gen-
erative modeling ideas are found (Takamatsu et al.,
2012; Alfonseca et al., 2012; Ratner et al., 2017).
Probably the most popular example of a system
using generative modeling in weak supervision is
the data programming paradigm of Snorkel (Ratner
et al., 2017). It uses correlations within labeling
functions to learn a graph capturing dependencies
between labeling functions and true labels.

However, such an approach does not directly
model biases of weak supervision reflected in the
feature space. In order to directly model the rele-
vant aspects in the feature space of a weakly super-
vised dataset, we investigate the use of density esti-
mation using normalizing flows. More specifically,
in this work, we model probability distributions
over the input space induced by labeling functions,
and combine those distributions for better weakly
supervised prediction.

We propose and examine four novel models for
weakly supervised learning based on normalizing
flows (WeaNF-*): Firstly, we introduce a stan-

dard model WeaNF-S, where each labeling func-
tion is represented by a multivariate normal distri-
bution, and its iterative variant WeaNF-I. Further-
more WeaNF-N additionally learns the negative

space, i.e. a density for the space where the label-
ing function does not match, and a mixed model,
WeaNF-M, where correlations of sets of labeling
functions are represented by the normalizing flow.
As a consequence, the classification task is a two
step procedure. The first step estimates the densi-
ties, and the second step aggregates them to model
label prediction. Multiple alternatives are discussed
and analyzed.
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We benchmark our approach on several com-
monly used weak supervision datasets. The results
highlight that our proposed generative approach is
competitive with standard weak supervision meth-
ods. Additionally the results show that smart ag-
gregation schemes prove beneficial.

In summary, our contributions are i) the devel-
opment of multiple models based on normalizing
flows for weak supervision combined with density
aggregation schemes, ii) a quantitative and qualita-
tive analysis highlighting opportunities and prob-
lems and iii) an implementation of the method1. To
the best of our knowledge we are the first to use
normalizing flows to generatively model labeling
functions.

2 Background and Related Work

We split this analysis into a weak supervision and
a normalizing flow section as we build upon these
two areas.

Weak supervision. A fundamental problem in
machine learning is the need for massive amounts
of manually labeled data. Among others, weak
supervision provides a way to counter the problem.
The idea is to use human knowledge to produce
noisy, so called weak labels. Typically, keywords,
heuristics or knowledge from external data sources
is used. The latter is called distant supervision
(Craven and Kumlien, 1999; Mintz et al., 2009).
In Ratner et al. (2017), data programming is
introduced, a paradigm to create and work with
weak supervision sources programmatically. The
goal is to learn the relation between weak labels
and the true unknown labels (Ratner et al., 2017;
Varma et al., 2019; Bach et al., 2017; Chatterjee
et al., 2019). In Ren et al. (2020) the authors
use iterative modeling for weak supervision.
Software packages such as SPEAR (?), WRENCH
(?) and Knodle (Sedova et al., 2021) allow a
modular use and comparison of weak supervision
methods. A recent trend is to use additional
information to support the learning process.
Chatterjee et al. (2019) allow labeling functions to
assign a score to the weak label. In Ratner et al.
(2018) the human provided class balance is used.
Additionally Awasthi et al. (2020); Karamanolakis
et al. (2021) use semi-supervised methods for
weak supervision, where the idea is to use a small
amount of labeled data to steer the learning process.

1https://github.com/AndSt/wea_nf

Normalizing flows. While the concept of
normalizing flows is much older, Rezende and
Mohamed (2016) introduced the concept to deep
learning. In comparison to other generative
neural networks, such as Generative Adversarial
networks (Goodfellow et al., 2014) or Variational
Autoencoders (Kingma and Welling, 2014),
normalizing flows provide a tractable way to
model high-dimensional distributions. So far,
normalizing received rather little attention in the
natural language processing community. Still, Tran
et al. (2019) and Ziegler and Rush (2019) applied
them successfully to language modeling. An
excellent overview over recent normalizing flow
research is given in Papamakarios et al. (2021).
Normalizing flows are based on the change of
variable formula, which uses a bijective function
g : Z ! X to transform a base distribution Z into
a target distribution X:

pX(x) = pZ(z)

����det
✓
@g(z)

@zT

◆����
�1

where Z is typically a simple distribution, e.g. mul-
tivariate normal distribution, and X is a compli-
cated data generating distribution. Typically, a
neural network learns a function f : X ! Z by
minimizing the KL-divergence between the data
generating distribution and the simple base distri-
bution. As described in Papamakarios et al. (2021)
this is achieved by minimizing negative log likeli-
hood

log pX(x) = log pZ(f(x)) + log

����det
✓
@f(x)

@xT

◆����

The tricky part is to design efficient architectures
which are invertible and provide an easy and effi-
cient way to compute the determinant. The compo-
sition of bijective functions is again bijective which
enables deep architectures f = f1�· · ·�fn. Recent
research focuses on the creation of more expressive
transformation modules (Lu et al., 2021). In this
work, we make use of an early, but well established
model, called RealNVP (Dinh et al., 2017). In each
layer, the input x is split in half and transformed
according to

y1:d = x1:d (1)
yd+1:D = xd+1:D � exp (s(x1:d)) + t (x1:d) (2)

where � is the pointwise multiplication and s and t
neural networks. Using this formulation to realize
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(a) Schematic view of the densities estimated by WeaNF-S/I.
The concatenated input [x;�] is fed into the flow to learn the
probability P (x|�). The graph shows the posterior P (�|x).

(b) WeaNF-N and WeaNF-M aim to smoothen the probabil-
ity space, aiming to generalize more robustly to instances not
directly matched by labeling functions.

Figure 1: Schematic overview of WeaNF-*. The X�axis represents the labeling function embedding �, the
Y�axis the text input x. The Z�axis represents the learned density related to a labeling function. In this example
we use the task sentiment analysis and keyword search as labeling functions. Blue denotes a negative sentiment
and red a positive sentiment.

a layer fi, it is easy and efficient to compute the
inverse and the determinant.

Normalizing flows were used for semi-
supervised classification (Izmailov et al., 2019;
Atanov et al., 2020) but not for weakly supervised
learning, which we introduce in the next chapter.

3 Model Description

In this section the models are introduced. The
following example motivates the idea. Consider
the sentence s, "The movie was fascinating, even
though the graphics were poor, maybe due to a low
budget.", the task sentiment analysis and labeling
functions given by the keywords "fascinating" and
"poor". Furthermore, "fascinating" is associated
with the class POS, and "poor" with the class NEG.
We aim to learn a neural network, which translates
the complex object, text and a possible labeling
function match, to a density, in the current exam-
ple P (s|fascinating) and P (s|poor). We combine
this information using basic probability calculus to
make a classification prediction.

Multiple models are introduced. The standard
model WeaNF-S naively learns to represent
each labeling function as a multivariate normal
distribution. In order to make use of unlabeled
data, i.e. data where no labeling function matches,
we iteratively apply the standard model (WeaNF-I).
Based on the observation that labeling functions

overlap, we derive WeaNF-N modeling the
negative space, i.e. the space where the labeling
function does not match and the mixed model,
WeaNF-M, using a common space for single
labeling functions and the intersection of these.
Furthermore, multiple aggregation schemes are
used to combine the learned labeling function
densities. See table 1 for an overview.

Before we dive into details, we introduce
some notation. From the set of all possible inputs
X , e.g. texts, we denote an input sample by x and
its corresponding vector representation by x. The
set of t labeling functions is T = {�1, . . . ,�t} and
the classes are Y = {y1, . . . , yc}. Each labeling
function � : X ! ; [ {y} maps the input to a
specific class y 2 Y or abstains from labeling.
In some of our models, we also associate an
embedding with each labeling function, which we
denote by � 2 Rh. The set of labeling functions
corresponding to label y is Ty.

WeaNF-S/I. The goal of the standard model is
to learn a distribution P (x|�) for each labeling
function �. Similarly to Atanov et al. (2020) in
semi-supervised learning, we use a randomly ini-
tialized embedding � 2 Rh to create a representa-
tion for each labeling function in the input space.
We concatenate input and labeling function vector
and provide it as input to the normalizing flow, thus
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P (y|x) / WeaNF-S/I WeaNF-N WeaNF-M

Maximum max�2Ty P✓(x|�)
p p

Union
P

�2Ty
P (�|x)

p

NoisyOr 1�
Q

�2Ty
(1� P (�|x))

p

Simplex P
⇣h

x; 1
|Ty |

P
�2Ty

�
i⌘ p

Table 1: Overview over the used aggregation schemes. Note that P (�|x) is only accessible with WeaNF-N (see
equation 4). Bold symbols denote vector representations.

learning P ([x;�i]), where [·] describes the con-
catenation operation. A standard RealNVP (Dinh
et al., 2017), as described in section 2 is used. See
appendix B.1 for implementational details. In order
to use the learned probabilities to perform label pre-
diction, an aggregation scheme is needed. For the
sake of simplicity, the model predicts the label cor-
responding to the labeling function with the highest
likelihood, y = argmaxy2Y max�2Ty P (x|�).

Additionally, to make use of the unlabeled data,
i.e. the data points where no labeling function
matches, an iterative version WeaNF-I is tested.
For this, we use an EM-like (Dempster et al.,
1977) iterative scheme where the predictions of the
model trained in the previous iteration are used as
labels for the unlabeled data. The corresponding
pseudo-code is found in algorithm 1.

Algorithm 1 Iterative Model (WeaNF-I)

Require: Xl 2 Rnl⇥d, corresponding matches
�l 2 {0, 1}nl⇥t, unmatched Xu 2 Rnu⇥d

F = train_flow(Xl,�l)
for i = 1, . . . , r do

(�u)i = argmax� F ((Xu)i;�)
X = concat(Xl, Xu), � = concat(�l,�u)
F = train_flow(X,�)

end for

Negative Model. In typical classification sce-
narios it is enough to learn P (x|y) to compute
a posterior P (y|x) by applying Bayes’ formula
twice, resulting in

P (y|x) = P (x|y)P (y)

P (x|y)P (y) + P (x|¬y)P (¬y) (3)

where the class prior P (y) is typically approx-
imated on the training data or passed as a pa-
rameter. This is not possible in the current set-
ting as often two labeling functions match simul-

taneously. In order to learn P (�|x), we explore
a novel variant that additionally learns P (x|¬�).
The learning process is similar to P (x|�), so a
second embedding �̃ is introduced to represent
¬�. We optimize P ([x;�] and P

⇣h
x; �̃

i⌘
simul-

taneously. In each batch I , the positive sample
pairs (xi,�i)i2I and negative pairs (xi,�j), sam-
pled such that (xi,�j) /2 {(xi,�i)}i2I , are used to
train the network. The number of negative samples
per positive sample is an additional hyperparameter.
Now Bayes’ formula can be used as in equation 3
to obtain

P (�|x) = P (x|�)P (�)

P (x|�)P (y) + P (x|¬�)P (¬�) . (4)

The access to the posterior probability P (�|x) pro-
vides additional opportunities to model P (y|x).
After initial experimentation we settled on two op-
tions. A simple addition of probabilities neglecting
intersection probability, equation 5, which we call
Union, and the NoisyOr formula, equation 7, which
has previously shown to be effective in weakly su-
pervised learning (Keith et al., 2017):

P (y|x) /
X

�2Ty

P (�|x) (5)

P (y|x) = P ({_�2Ty�}|x) (6)

= 1�
Y

�2Ty

(1� P (�|x)) (7)

Mixed Model. It was already mentioned that
it is common that two or multiple labeling func-
tions hit simultaneously. While WeaNF-N pro-
vides access to a posterior distribution which al-
lows to model these interactions, the goal of the
mixed model WeaNF-M is to model these intersec-
tions explicitly already in the density of the nor-
malizing flow. More specifically, we aim to learn
P (x|{�i}i2I) for arbitrary index families I . Once
again, the embeddings space is used to achieve this
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Dataset #Classes #Train / #Test samples #LF’s Coverage(%) Class Balance

IMDb 2 39741 / 4993 20 0.60 1:1
Spouse 2 8530 / 1187 9 0.30 1:5
YouTube 2 1440 / 229 10 1.66 1:1
SMS 2 4208 / 494 73 0.51 1:6
Trec 6 4903 / 500 68 1.73 1:13:14:14:9:10

Table 2: Some basic statistics describing the datasets. Coverage is computed on the train set by #matches /
#samples.

goal. For a given sample x and a family I of match-
ing labeling functions, we uniformly sample from
the simplex of all possible combinations and ob-
tain �I =

P
i2I ↵i�i,↵i � 0,

P
i2I ↵i = 1. Af-

terwards we concatenate the weighted sum of the
labeling function embeddings �I with the input x
and learn P ([x;�I ]). Now that the density is able
to access the intersections of labeling functions, we
derive a new direct aggregation scheme. By �y we
denote the simplex generated by the set of bound-
ary points {�}�2Ty . It is important to think about
this simplex, as it theoretically describes the input
space where the model learns the density related
to class y. We use the naive but efficient variant
which just computes the center of the simplex:

P (y|x) / P

0

@

2

4x; 1

|Ty|
X

�2Ty

�

3

5

1

A (8)

Implementation. In practice, sampling of data
points has to be handled on multiple occasions.
Empirically and during the inspection of related
implementations, e.g. the Github repository ac-
companying Atanov et al. (2020), we found that
it is beneficial if every labeling function is seen
equally often during training. It supports prevent-
ing a biased density towards specific labeling func-
tions. When training WeaNF-N, the negative space
is much larger than the actual space, so an addi-
tional hyperparameter controlling the amount of
negative samples is needed. WeaNF-M aims to
model intersecting probabilities directly. Most in-
tersections occur too rarely to model a reasonable
density. Thus we decided to only take co-occures
into account which occur more often than a certain
threshold. See appendix A.3 to get a feeling for the
correlations in the used datasets.

4 Experiments

In order to analyze the proposed models experi-
ments on multiple standard weakly supervised clas-

sification problems are performed. In the follow-
ing, we introduce datasets, baselines and training
details.

4.1 Datasets

Within our experiments, we use five classification
tasks. Table 2 gives an overview over some key
statistics. Note that these might differ slightly com-
pared to other papers due to the removal of dupli-
cates. For a more detailed overview of our prepro-
cessing steps, see appendix A.1.

The first dataset is IMDb (Internet Movie
Database) and the accompanying sentiment analy-
sis task (Maas et al., 2011). The goal is to classify
whether a movie review describes a positive or a
negative sentiment. We use 10 positive and 10 nega-
tive keywords as labeling functions. See Appendix
A.2 for a detailed description.

The second dataset is the Spouse dataset (Cor-
ney et al., 2016). The task is to classify whether
a text holds a spouse relation, e.g. "Mary is mar-
ried to Tom". Here, 90% of the samples belong
to the no-relation class, so we use macro-F1 score
to evaluate the performance. As the third dataset
another binary classification problem is given by
the YouTube Spam (Alberto et al., 2015) dataset.
The model has to decide whether a YouTube com-
ment is spam or not. For both, the Spouse and
the YouTube dataset, the labeling functions are
provided by the Snorkel framework (Ratner et al.,
2017).

The SMS Spam detection dataset (Almeida et al.,
2011), we abbreviate by SMS, also asks for spam
but in the private messaging domain. The dataset is
quite skewed, so once again macro-F1 score is used.
Lastly, a multi-class dataset, namely TREC-6 (Li
and Roth, 2002), is used. The task is to classify
questions into six categories, namely Abbreviation,
Entity, Description, Human and Location. The la-
beling functions provided by (Awasthi et al., 2020)
are used for the SMS and the TREC dataset. We
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IMDb Spouse(F1) YouTube SMS (F1) Trec

MV 56.84 49.87 81.66 56.1 61.2
MV + MLP 73.20 29.96 92.58 92.41 53.27
DP + MLP 67.79 57.05 88.79 84.40 43.00
WeaNF-S 73.06 52.28 89.08 86.71 67.4
WeaNF-I 74.08 57.96 89.08 93.54 67.8

WeaNF-N (NoisyOr) 72.96 54.60 90.83 79.63 54.8
WeaNF-N (Union) 71.98 50.83 91.70 83.48 60.2
WeaNF-M (Max) 70.16 55.16 85.15 88.23 49.8
WeaNF-M (Simplex) 63.53 56.91 86.03 76.29 25.4

Table 3: Comparison of baselines to our model variants. The numbers reflect accuracies, or F1-scores, where
explicitly mentioned. Names in parenthesis describe the aggregation mechanism.

took the preprocessed versions of the data available
within the Knodle weak supervision programming
framework (Sedova et al., 2021).

4.2 Baselines

Three baselines are used. While there are many
weak supervision systems, most use additional
knowledge to improve performance. Examples
are class balance (Chatterjee et al., 2019), semi-
supervised learning with very little labels (Awasthi
et al., 2020; Karamanolakis et al., 2021) or multi-
task learning (Ratner et al., 2018). To ensure a
fair comparison, only baselines are used that solely
take input data and labeling function matches into
account. First we use majority voting (MV) which
takes the label where the most rules match. For in-
stances where multiple classes have an equal vote
or where no labeling function matches, a random
vote is taken. Secondly, a multi-layer perceptron
(MLP) is trained on top of the labels provided by
majority vote. The third baseline uses the data
programming (DP) paradigm. More explicitly, we
use the model introduced by Ratner et al. (2018)
implemented in the Snorkel (Ratner et al., 2017)
programming framework. It performs a two-step
approach to learning. Firstly, a generative model is
trained to learn the most likely correlation between
labeling functions and unknown true labels. Sec-
ondly, a discriminative model uses the labels of the
generative model to train a final model. The same
MLP as for second baseline is used for the final
model.

4.3 Training Details

Text input embeddings are created with the Sen-
tenceTransformers library (Reimers and Gurevych,
2019) using the bert-base-nli-mean-tokens model.

They serve as input to the baselines and the nor-
malizing flows. Hyperparameter search is per-
formed via grid search over learning rates of
{1e� 5, 1e� 4}, weight decay of {1e� 2, 1e� 3}
and epochs in {30, 50, 100, 300, 450}, and label
embedding dimension in 10, 15, 20 times the num-
ber of classes. Additionally, the number of layers
is in {6, 8}, and the negative sampling value for
WeaNF is in {2, 3}. The full set up ran 30 hours
on a single GPU on a DGX 1 server.

5 Analysis

The analysis is divided into three parts. Firstly, a
general discussion of the results is given. Secondly,
an analysis of the densities predicted by WeaNF-N
is shown and lastly, a qualitative analysis is per-
formed.

5.1 Overall Findings

Table 3 exposes the main evaluation. The horizon-
tal line separates the baselines from our models.
For WeaNF-N and WeaNF-M, no iterative schemes
were trained. This enables a direct comparison to
the standard model WeaNF-I.

Interestingly, the combination of Snorkel and
MLP’s is often not performing competitively. In
the IMDb data set there is barely any correlation
between labeling functions, complicating Snorkel’s
approach. The large number of labeling functions
e.g. Trec, SMS, could also complicate correlation
based approaches. Appendix A.3 shows correlation
graphs.

As indicated by the bold numbers, the WeaNF-I
is the best performing model. Only on the YouTube
dataset, an iterative scheme could not improve
the results. Related to this observation, in Ren
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Labeling Function Example Dataset P (x|�) Label (�) Gold Prediction

won .* claim ...won ... call ... SMS " Spam Spam Spam
.* I’ll .* sorry, I’ll call later SMS " No Spam No Spam No Spam
.* i .* i just saw ron burgundy captaining a party

boat so yeah
SMS # No Spam No Spam No Spam

(explain|what) .* mean .* What does the abbreviation SOS mean ? Trec " DESCR ABBR DESCR
(explain|what) .* mean .* What are Quaaludes ? Trec " DESCR DESCR DESCR
who.* Who was the first man to ... Pacific Ocean

?
Trec # HUMAN HUMAN HUMAN

check .* out .* Check out this video on YouTube: YouTube " Spam Spam Spam
#words < 5 subscribe my YouTube " Spam Spam No Spam
.* song .* This Song will never get old YouTube # No Spam No Spam No Spam
.* dreadful .* ...horrible performance .... annoying IMDb " NEG NEG NEG
.* hilarious .* ...liked the movie...funny catch-

phrase...WORST...low grade...
IMDb " POS NEG POS

.* disappointing .* don’t understand stereotype ... goofy .. IMDb # NEG NEG POS

.* (husband|wife) .* ...Jill.. she and her husband... Spouse " Spouses Spouses Spouses

.* married .* ... asked me to marry him and I said yes! Spouse " Spouses No Spouses Spouses
family word Clearly excited, Coleen said: ’It’s my el-

dest son Shane and Emma.
Spouse # No Spouses No Spouses No Spouses

Table 4: Examples selected from the 10 most likely (") and 10 most unlikely (#) combinations of sentences and
labeling functions, using the density P (x|�) provided by WeaNF-I. Labeling function matches are bold. We
observe that the flow often generalizes to unmatched examples. We slightly simplified some rules and shortened
some texts in order to fit the page size.

IMDb Spouse YouTube SMS Trec

Acc 72.38 74.04 78.17 88.71 72.63
P 5.93 5.1 38.95 23.3 13.65
R 37.53 39.31 55.01 44.34 61.07
F1 10.25 9.02 45.61 30.55 22.31
Cov 4.31 5.74 19.31 3.01 4.39

Table 5: Evaluation of the labeling function prediction
P (�|x). Precision, Recall and F1 score are computed
via the weighted average of the statistics of all label-
ing functions. Coverage is computed as #matches/#all
possible matches.

et al. (2020) the authors achieve promising results
using iterative discriminative modeling for semi-
supervised weak supervision.

WeaNF-N outperforms the standard model in
three out of five datasets. We observe that these
are the datasets with a large amount of labeling
functions. Possibly, this biases the model towards
a high value of P (x|¬�) which confuses the pre-
diction.

The simplex aggregation scheme only outper-
forms the maximum aggregation on two out of five
datasets. We infer that the probability density over
the labeling function input space is not smooth
enough. Ideally, the simplex method should always
have a high confidence in the prediction of a label-
ing function � if its confident on the non-mixed
embedding � which is what Max is doing.

5.2 Density Analysis

We divide into a global analysis and a local, i.e.
a per-labeling function, analysis. Table 5 pro-

Dataset Labeling Fct. Cov(%) Prec Recall

IMDb *boring* 5.8 13.12 26.87
Spouse family word 9. 0 16.53 35.96
YouTube *song* 23.58 56.72 70.73
SMS won *call* 0.81 66.67 1.0
Trec how.*much 2.4 60.0 75.0

Table 6: Statistics for the labeling functions obtaining
the highest F1 score for the prediction P (�|x), using
the WeaNF (NoisyOr) model.

Dataset Labeling Fct. Cov(%) Prec Recall

IMDb *imaginative* 0.42 0.77 52.38
Spouse spouse keyword 14.5 0 0
YouTube person entity 2.62 6.45 33.33
SMS I .* miss 0.6 0 0
Trec what is .* name 2.2 2.26 100

Table 7: Same as table 6, but here the labeling functions
obtaining the lowest F1 score are shown. Only those
are taken into account which occur more often than 10
times in the test set.
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vides some global statistics, table 6 and 7 subse-
quently show statistics related to the best and worst
performing labeling function estimations. In the
local analysis a labeling function is predicted if
P (�|x) � 0.5. The WeaNF-N model is used be-
cause it is the only model with direct access to
P (�|x).

It is important to mention that in the local anal-
ysis, a perfect prediction of the matching labeling
function is not wanted, as this would mean that
there is no generalization. Thus, a low precision
might be necessary for generalization, and a the
recall would indicate how much of the original se-
mantic or syntactic meaning of a labeling function
is retained.

Interestingly, while the overall performance of
WeaNF-N is competitive on the IMDb and the
Spouse data sets, it is failing to predict the cor-
rect labeling function. One explanation might be
that these are the data sets where the texts are sub-
stantially longer which might be complicated to
model for normalizing flows. In table 7 typically
the worst performing approximation of labeling
function matches seems to be due to low coverage.
An exception is the the Spouse labeling function.

5.3 Qualitative Analysis

In table 4 a number of examples are shown. We
manually inspected samples with a very high or
low density value. Note that density values re-
lated to P (x|�),� 2 Ty are functions f tak-
ing arbitrary values which only have to satisfy
Ex:�(x)=y[f(x)] = 1.

We observed the phenomenon that either the
same labeling functions take the highest density
values P (x|�) or that a single sample often has a
high likelihood for multiple labeling functions. In
the table 4 one can find examples where the learned
flows were able to generalize from the original
labeling functions. For example, for the IMDb
dataset, it detects the meaning "funny" even though
the exact keyword is "hilarious".

6 Conclusion

This work explores the novel use of normalizing
flows for weak supervision. The approach is di-
vided into two logical steps. In the first step, nor-
malizing flows are employed to learn a probability
distribution over the input space related to a label-
ing function. Secondly, principles from basic prob-
ability calculus are used to aggregate the learned

densities and make them usable for classification
tasks. Motivated by aspects of weakly supervised
learning, such as labeling function overlap or cov-
erage, multiple models are derived each of which
uses the information present in the latent space
differently. We show competitive results on five
weakly supervised classification tasks. Our anal-
ysis shows that the flow-based representations of
labeling functions successfully generalize to sam-
ples otherwise not covered by labeling functions.
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A Additional Data Description

A.1 Preprocessing

A few steps were performed, to create a unified
data format. The crucial difference to other pa-
pers is that we removed duplicated samples. There
were two cases. Either there were very little du-
plicates or the duplication occurred because of the
programmatic data generation, thus not resembling
the real data generating process. Most notably, in
the spouse data set 60% of all data points are du-
plicates. Furthermore, we only used rules which
occurred more often than a certain threshold as it
is impossible to learn densities on only a handful
of examples. The threshold is In order to have un-
biased baselines, we ran the baseline experiments
on the full set of rules and the reduced set of rules
and took the best performing number.

A.2 IMDb rules

The labeling functions for the IMDb dataset are
defined by keywords. We manually chose the key-
words. We defined them in such a way that their
meaning has rather little semantic overlap. The
keywords are shown in table 8.

A.3 Labeling Function Correlations

In order to use labeling functions for weakly super-
vised learning, it is important to know the correla-
tion of labeling functions to i) derive methods to

combine them and ii) help to understand phenom-
ena of the model predictions.

Thus we decided to add correlation plots. More
specifically, we use the Pearson Correlation coeffi-
cient.

B Additional Implementationial Details

B.1 Architecture

As mentioned in section 3, the backbone of our flow
is RealNVP architecture, which we introduced in
section 2. With sticking to the notation in formula
2 the network layers to approximate the functions
s and t are shown below

1 s = nn.Sequential(
2 nn.Linear(dim, hidden_dim),
3 nn.LeakyReLU(),
4 nn.BatchNorm1d(hidden_dim),
5 nn.Dropout(0.3),
6 nn.Linear(hidden_dim, dim),
7 nn.Tanh()
8 )
9 t = nn.Sequential(

10 nn.Linear(dim, hidden_dim),
11 nn.LeakyReLU(),
12 nn.BatchNorm1d(hidden_dim),
13 nn.Dropout(0.3),
14 nn.Linear(hidden_dim, dim),
15 nn.Tanh()
16 )

Hyperparameters are the depth, i.e. number of
stacked layers, and the hidden dimension.

B.2 WeaNF-M Sampling

For the mixed model WeaNF-M the sampling pro-
cess becomes rather complicated.

Next up, the code to produce the convex combi-
nation ↵1, . . . ,↵t is shown. The input tensor takes
values in {0, 1} and has shape b ⇥ t where b is
the batch size and t the number of labeling func-
tions.Note that some mass is put on every labeling
functions. We realized that this bias imrpoves per-
formance.

1 def weight_batch(self, batch_y: torch.Tensor):
2 """Returns weighting array forming convex sum.
3 Shape: (batch_dim, num_rules)
4 """
5 batch_y = batch_y.float()
6 batch_y += 0.1 * torch.ones(batch_y.shape)
7 batch_y = batch_y * torch.rand(batch_y.shape)
8 row_sum = batch_y.sum(axis=1, keepdims=True)
9 nbatch_y = batch_y / row_sum

10 return nbatch_y
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(a) IMDb (b) Spouse

(c) YouTube (d) SMS

(e) Trec
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Abstract

In the weakly supervised learning paradigm, la-
beling functions automatically assign heuristic,
often noisy, labels to data samples. In this work,
we provide a method for learning from weak la-
bels by separating two types of complementary
information associated with the labeling func-
tions: information related to the target label and
information specific to one labeling function
only. Both types of information are reflected
to different degrees by all labeled instances. In
contrast to previous works that aimed at cor-
recting or removing wrongly labeled instances,
we learn a branched deep model that uses all
data as-is, but splits the labeling function in-
formation in the latent space. Specifically, we
propose the end-to-end model SepLL which ex-
tends a transformer classifier by introducing a
latent space for labeling function specific and
task-specific information. The learning signal
is only given by the labeling functions matches,
no pre-processing or label model is required
for our method. Notably, the task prediction
is made from the latent layer without any di-
rect task signal. Experiments on Wrench text
classification tasks show that our model is com-
petitive with the state-of-the-art, and yields a
new best average performance.

1 Introduction

In recent years, large language modelling ap-
proaches have proven their applicability to a wide
range of tasks, mainly due to the pre-training and
fine-tuning paradigm. This has created a need for
large labeled datasets, as training on these datasets
enables models to achieve state-of-the-art perfor-
mance. However, obtaining manually created la-
bels is expensive, tedious and often requires expert
knowledge. As a consequence, significant areas of
research are devoted to addressing this challenge
by minimizing the need for labeled data. For ex-
ample, research directions include transfer learning
(Ruder et al., 2019) or few-shot learning (Brown
et al., 2020). Another research direction to address

this challenge is weakly supervised learning. The
idea is to use human intuitions, heuristics and ex-
isting resources, e.g., related databases, to create
weak (noisy) labels.

Several approaches have been proposed to in-
crease the quality of the resulting labels. For exam-
ple, Ratner et al. (2017) use generative modeling
to learn a probability distribution over the labeling
function matches, i.e., weak labels, and unknown
true labels in order to denoise the labels and subse-
quently train a classifier. Recently, several works
use student-teacher schemes that use knowledge in-
herent to pre-trained models (Karamanolakis et al.,
2021; Cachay et al., 2021; Ren et al., 2020). Usu-
ally a summary statistic of weak labels, such as ma-
jority vote, is used as ground truth and iteratively
updated during training, for example by employing
a regularization based on the prediction confidence
of the model (Yu et al., 2021). Thus, most meth-
ods share the property that the weak labels, i.e.,
the learning signals, are transformed or updated
throughout the learning process.

Instead of updating the weak labels, we want to
keep them as-is and make use of a different intu-
ition. Each labeling function provides information
relevant to the prediction task but also information
only related to the function itself. Our idea is to
view these two types of information as complemen-
tary and build a model which separates them.

To this end, we propose SepLL, an end-to-end
model that stacks two branched latent layers, rep-
resenting target-task-related and labeling-function-
related information, on top of a transformer en-
coder and recombines them for predicting labeling
function occurrences (Figure 1). Then, the learn-
ing signal is only given by the weak labels. No-
tably, the task prediction is performed from the
latent space without any direct supervision. Multi-
ple information routing strategies are employed to
improve the separation.

In order to evaluate the performance, experi-
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ments on the text classification tasks of the Wrench
benchmark (Zhang et al., 2021) are performed. Our
model achieves state-of-the-art performance when
compared to standalone models as well as when
combined and compared with the self-improvement
method Cosine (Yu et al., 2021). An ablation study
shows the importance of each information routing
strategy. The experiments show that in addition to
its task performance, the model is able to memorize
the labeling function information.

The contributions can be summarized in three
parts: 1) We introduce a new intuition about the in-
formation provided by labeling functions and turn
it into a method, SepLL, reflecting the intuition in
the latent space. 2) We provide an analysis through
experiments on the Wrench benchmark, an abla-
tion study and an in depth analysis of the two latent
spaces. 3) We provide the code and a suitably trans-
formed version of the input data. 1

2 Related Work

Weak Supervision. A main concern in machine
learning is that a large amount of labeled data is
needed in order to train models that achieve state-
of-the-art performance. Among others, the field
of weak supervision aims to address this issue.
The idea is to formalize human knowledge or in-
tuitions into weak supervision sources, called la-
beling functions, which can be used to produce
weak labels. Examples of labeling functions are
heuristic rules, e.g., keywords, regular expressions,
other pre-trained classifiers or knowledge bases in
distant supervision (Craven and Kumlien, 1999;
Mintz et al., 2009; Hoffmann et al., 2011; Taka-
matsu et al., 2012).

A main challenge that appears in a weak super-
vision setting is how to create accurate labeling
functions and how to unify and denoise them. Ma-
jority vote, Snorkel (Ratner et al., 2017) (based
on data programming) and Flying Squid (Fu et al.,
2020) are methods that compute weak labels based
on generative models over the labeling function
matches and unknown true labels. These models
are referred to as label models. Subsequently so
called end-models, e.g., BERT-style classifiers (De-
vlin et al., 2019), or methods dedicated to noisy
training labels are used to train a final model.

Recently, neural methods, including the use of
pre-trained models, gained more traction. Cachay
et al. (2021) use a classifier and a probabilistic

1https://github.com/AndSt/sepll

encoder for the labeling function matches and opti-
mize them using a noise-aware loss. Similarly, Ren
et al. (2020) combine a classifier and a attention-
based denoiser, but also include unlabeled sam-
ples. Yu et al. (2021) introduced Cosine, which
is a method to self-optimize classification models.
They leverage contrastive learning and confidence
regularization, i.e., high-confidence samples, to op-
timize a model’s performance.

Other approaches use additional signals. For
instance, ImplyLoss (Awasthi et al., 2020) uses
access to exemplars, i.e., single, correctly labeled
samples and ASTRA (Karamanolakis et al., 2021)
follows an attention based student-teacher mecha-
nism with an additional supervision of a few manu-
ally annotated labeled samples. Zhu et al. (2022)
uses a meta self-refinement approach which makes
use of access to the validation performance.

Our experiments are built on the Weak Super-
vision Benchmark (Wrench) (Zhang et al., 2021),
which is a framework that aims to provide a uni-
fied and standardized way to run and evaluate weak
supervision approaches. A wide range of tasks,
datasets and implementations of weak supervision
methods are available.

Latent Variable Modelling. Existing work re-
garding latent variable modelling in different areas
of machine learning has influenced the rationale be-
hind this work. Research in representation learning
has focused on modelling mutually independent
factors of variation, e.g., color in computer vision,
explicitly in some latent space. Often this is called
disentanglement (Bengio et al., 2013). This is trans-
ferable to our setting as we aim to obtain the task
prediction as a disentangled factor. An important
early technique is Independent Component Anal-
ysis (ICA) (Comon, 1994). Kingma and Welling
(2014) introduced variational autoencoders (VAE’s)
to neural networks, allowing complex data distri-
butions to be represented as simple distributions
in the latent space. An extension is given by ω-
VAE (Higgins et al., 2017), which is more suitable
for disentanglement. In addition, there has been
progress on theoretical work, which aims to give
an insight on what information is identifiable by
using self-supervised learning (SSL), e.g., Zimmer-
mann et al. (2021) prove under certain assumptions
that it inverts the data generation process. An inter-
esting perspective is the separation of content and
style, e.g., the animal in a picture (content) and the
camera angle of the image (style). Under milder
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Figure 1: Overview of SepLL. Text gets embedded into Z by a Transformer encoder, and then this representation
is split into labeling function-specific and task-specific information. The task-specific information is translated
back into the LF space and re-combined into L̂. A cross-entropy loss between the distribution of labeling function
matches L and L̂ is minimized. The latent task prediction Ŷ can be used for classification.

assumptions as in Zimmermann et al. (2021), it is
proved by von Kügelgen et al. (2021) that this sep-
aration is achieved using SSL. Mentioned works
are not directly applicable to our task, because we
want to separate general aspects of labeling func-
tions, which are useful for prediction tasks, from
labeling function specific aspects. Another line
of research models the true distribution in the la-
tent layer (Sukhbaatar et al., 2015; Goldberger and
Ben-Reuven, 2017; Bekker and Goldberger, 2016)
while training on the noisy training labels. The
typical assumption is that the noise distribution
only depends on the class. In weak supervision the
noise depends on the input, by definition of label-
ing functions, thus these types of assumptions are
not directly applicable.

3 Method

The motivation of this work is that each labeling
function provides two types of information. On
the one hand, it provides information about the
target task, e.g., spam detection, and on the other
hand it provides information related to the labeling
function itself. This translates to our model, called
SepLL, which aims to separate these two types of
signals in a latent space. Figure 1 provides an
overview of SepLL.

In this section, we first introduce some notation
and then describe the architecture of SepLL. Fol-
lowing, the training mechanisms, which aim to
support the separation of the two information types

are discussed.

3.1 Problem Setup and Notation

In general, the goal is to solve classification tasks,
e.g., spam detection asks whether a text is spam or
not. The input space is denoted by X and the un-
known labels are denoted by Y = {y1, . . . , yc}.
Additionally m labeling functions li : X →
{y} ↑ ↓, i = 1, . . . ,m are given where each label-
ing function (LF) either assigns a dedicated specific
label y ↔ Y to a sample or abstains from labeling.
If a label is assigned, we say a labeling function
matches a sample. The task is to use input X and
labeling functions li to learn a mapping X → Y .
We use the format of the Knodle (Sedova et al.,
2021) framework, where each labeling function is
encoded as a labeler for exactly one class. This is
in contrast to other conventions where a single la-
beling function is allowed to label multiple classes,
e.g., in Ratner et al. (2016). This convention can
easily be transformed into our setting, by splitting
multi-class LFs into multiple class-specific LFs.
The matching matrix L ↔ {0, 1}n→m describes
whether labeling function j matches sample i by
setting Lij = 1, otherwise Lij = 0. The mapping
matrix T ↔ {0, 1}m→|Y | reflects a simple mapping
between labeling function i and class j by Tij = 1,
otherwise Tij = 0.

3.2 Basic Model

First, the model transforms input text X into a
latent representation Z using an encoder h : X →
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Rd. In this case, a pre-trained transformer encoder
transforms input text x ↔ X into the <CLS>-token
embedding z = h(x) ↔ Rd.

Following, there are two transformations fỸ :
Rd → R|Y | and fL̃ : Rd → Rm, which are real-
ized by two multi-layer perceptrons. The goal is
to train the model such that fỸ (x) reflects the task
information and fL̃(x) the remaining LF-related in-
formation. Note that the resulting output represents
the log-space and the transformation to probabili-
ties happens later.

Afterwards, the two latent layers are combined
again and compared to the training signal, which is
purely given by the LF matches L. The T matrix
is used to map the target label information to the
corresponding LF information by

fL̂(z) = fỸ (z)T
↑ + fL̃(z) ↔ Rm (1)

where z = h(x) is the latent representation. Cru-
cially, the T matrix establishes the connection be-
tween task path and LF path.

In order to run the optimization we compare the
combined signals to the labeling functions matches.
Therefore we define the LF distribution as the nor-
malized L matrix, i.e., Pij =

Lij∑
k Lik

.
Finally, the loss is computed as the cross entropy

between the labeling function distribution and the
prediction

CE(P,Q) =
1

n

n∑

i=1

m∑

j=1

Pij log(Qij) (2)

where the prediction probability Q is given by a
softmax activation over fL̂.

The task prediction is computed using a softmax
activation on the latent task signal, i.e.,

P (yi|x) =
(
fŶ (z)

)
i
=

e(fỸ (z))
i

∑c
j=1 e

(fỸ (z))
j

(3)

where z = h(x) is again the latent representation.
Thus, no direct supervision is performed.

3.3 Latent information routing

Clearly, the separation could easily collapse by just
using the labeling function path, i.e., there is no
apparent reason why the LF prediction L̂ is not
only based on the LF-specific path. Therefore we
introduce three schemes supporting the separation
of information. Firstly a regularization, secondly

an adaption of the learning label and thirdly the
inclusion of unlabeled samples are discussed.

Regularization. The easiest solution to the prob-
lem is to introduce standard regularization schemes.
We consider the L2 regularization as suitable be-
cause it encourages the optimization to put similar
weight on the parameters. We test two types of
L2 regularization. Firstly, standard weight decay
is used, which employs an L2 regularization on
all parameters, including the transformer encoder.
Secondly, an additional L2 regularization is applied
to fL̃. The goal is to regularize the labeling func-
tion path such that more weight is put on the class
prediction path. In the experimental part we refer
to the two types as weight decay and L2 regulariza-
tion, respectively.

Noise Injection. Our hypothesis is that the op-
timization routine puts weight on the task-specific
path if two labeling functions belonging to the same
class match simultaneously. But most of the time
samples are only matched by a single labeling func-
tion. Thus, we inject noise in the form of additional

“hallucinated” matches into the labeling function
matrix L. If a sample is matched by a labeling
function, we create a match for all other labeling
functions for the same class with a probability pro-
portional to a random factor ε ↔ [0, 1], which is a
hyperparameter.

Usage of Unlabeled Samples. It has been pre-
viously shown, e.g., by Ren et al. (2020) and Yu
et al. (2021) that it is effective in weak supervi-
sion settings to make use of unlabeled samples XU ,
i.e., samples where no labeling function matches.
Apart from a performance increase it was shown
that the learning gets more robust. Thus, we adapt
this semi-supervised learning approach. In order
to comply with our basic model, we need to cre-
ate a labeling function distribution PU . We take
the simplest idea and define PU as the uniform dis-
tribution over the labeling function matches, i.e.,
(PU )ij =

1
m for all unlabeled samples i and label-

ing functions j.

4 Experimental Setup

Before analysing the experiments, we discuss the
experimental setup. More specifically, an overview
of the used datasets, baselines, hyperparameters
and some notes on reproducibility and implementa-
tional details are given.
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Dataset #Classes #LF’s # Train # Coverage # Dev # Test

IMDb 2 9 20000 88% 2500 2500
Yelp 2 15 30400 83% 3800 3800
Youtube 2 10 1586 88% 120 250
SMS 2 73 4571 41% 500 500
AGNews 4 9 96000 69% 12000 12000
TREC 6 68 4965 95% 500 500
Spouse 2 9 22254 26% 2811 2701
SemEval 9 164 1749 100% 178 600

Table 1: Statistics describing the datasets as they are used in the WRENCH framework. Coverage is computed on
the train set by dividing the number of samples having at least one match by the number of samples.

4.1 Datasets

For the experiments we used eight text classifi-
cation datasets that are currently included in the
Wrench benchmark. As shown in Table 1 the
datasets reflect varying properties, such as sample
size, coverage or the amount of labeling functions.

Five out of eight datasets represent binary classi-
fication problems. These are: (i) Youtube (Alberto

et al., 2015), which consists of text comments from
YouTube videos, each labeled as spam or non-spam,
(ii) SMS (Almeida et al., 2011), which is a mo-
bile phone spam corpus, which contains real SMS
messages that are spam or non-spam, (iii) IMDb re-

view dataset (Maas et al., 2011) contains reviews
from IMDb and each review is labeled as positive or
negative, (iv) Yelp (Zhang et al., 2015) consists of
positive or negative reviews from the Yelp Dataset
Challenge 2015, (v) Spouse (Corney et al., 2016)

, which is a relation classification dataset, where
we decide for each sentence if it contains a spouse
relation or not. Three datasets correspond to multi-
class problems: (i) AGNews (Zhang et al., 2015)

consists of news articles classified into 4 classes,
(ii) TREC (Li and Roth, 2002) is a question clas-
sification dataset, where the questions are classified
into 6 labels, and (iii) SemEval (Hendrickx et al.,

2010) contains sentences collected from the Web
and the task is to identify the relation between two
nominals tagged in each sentence among 9 types
of semantic relations.

4.2 Baselines

We compare SepLL to several traditional and state-
of-the-art models that can be categorized in 4 ap-
proach types: supervised, statistical, neural and
cosine based (see Table 2). Wherever possible the
RoBERTa-base (Liu et al., 2020) backbone model

is used.
For the supervised approach (Gold +

RoBERTa), which serves as an upper bound, we
perform a standard fine-tuning of a RoBERTa (Liu
et al., 2020) pre-trained model using gold labels.

The statistical approaches are: (i) Majority Vote

(MV) As the name suggests, majority vote picks
the label indicated by the majority of labeling func-
tion matches. In case there is no match, a random
label is chosen, (ii) Data Programming (DP) em-
ploys Snorkel DP (Ratner et al., 2017) to obtain
weak labels and (iii) Flying Squid (FS) (Fu et al.,
2020) is a label model making use of so-called
triplet methods.

In the neural category of baselines there are three
dedicated end-to-end models: (i) WeaSEL (Cachay
et al., 2021) uses a classifier and a probabilistic en-
coder combined with a noise-aware loss function,
(ii) Denoise (Ren et al., 2020) uses a classifier and
an attention-based denoiser, mutually optimizing
each other, (iii) KnowMAN is an adversarial ar-
chitecture that aims to learn representations that
are invariant to the labeling function signals (März
et al., 2021). In addition to learning a classifier for
the end task, a labeling function discriminator is
trained and its negative gradient is used to update a
shared feature extractor.

We also employ models that combine the la-
bels obtained by MV, DP and FS with standard
supervised learning using the RoBERTa model,
which we call RoBERTa-MV, RoBERTa-DP and
RoBERTa-FS respectively (Liu et al., 2020).

Cosine (Yu et al., 2021) takes a pre-trained
classifier and uses contrastive learning and con-
fidence regularization to improve the performance
of the classifier. Cosine is a model-agnostic
method for self-training that can be combined
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IMDb Yelp Youtube SMS AGNews Trec Spouse Semeval Avg.

Supervised

Gold+RoBERTa† 93.25 97.13 95.68 96.31 91.39 96.68 - 93.23 88.58
Statistical

MV† 71.04 70.21 84.00 23.97 63.84 60.80 20.81 77.33 59.00
DP† (Ratner et al., 2017) 70.96 69.37 82.00 23.78 63.90 64.20 21.12 71.00 58.29
FS† (Fu et al., 2020) 70.36 68.68 76.80 0.00 60.98 31.40 34.3 31.83 46.79
Neural

WeaSEL (Cachay et al., 2021) 85.16 91.23 96.40 2.94 85.92 64.2 0.00 44.30 58.77
Denoise† (Ren et al., 2020) 76.22 71.56 76.56 91.69 83.45 56.20 22.47 80.83 69.87
KnowMAN (März et al., 2021) 59.00 76.76 94.00 92.80 84.68 65.20 25.48 80.50 72.30
RoBERTaMV† 85.76 89.91 96.56 94.17 86.88 66.28 17.99 84.00 77.69
RoBERTaDP† 86.26 89.59 95.60 28.25 86.81 72.12 17.62 70.57 68.35
RoBERTaFS†

86.95 92.08 93.84 10.72 86.69 30.44 0.0 31.83 54.07
SepLL 83.57 91.32 97.50 95.45 85.47 81.25 43.2 87.33 83.14

+Cosine (Yu et al., 2021)
RobertaMV+Cosine† 88.22 94.23 97.60 96.67 88.15 77.96 40.5 86.20 83.69
RobertaDP+Cosine† 87.91 94.09 96.80 31.71 87.53 82.36 28.86 75.17 73.05
SepLL+Cosine 88.00 95.07 97.60 97.01 86.28 83.40 43.37 86.83 84.70

Table 2: Results on the Wrench benchmark tasks. Accuracy values are reported for all datasets, except for SMS and
Spouse where the binary F1 is shown due to class imbalance. Numbers directly taken from the Wrench paper are
marked by †.

with any classifier and is not specific to weak su-
pervision. It has been observed that Cosine par-
ticularly helps with standard weak supervision
methods like majority voting and data program-
ming, and we include the best-performing com-
binations from Wrench (RoBERTa-MV+Cosine,
RoBERTa-DP+Cosine), as well as SepLL+Cosine
in our experiments. Additional information on the
baselines is given in appendix A.

4.3 Hyperparameters

Two types of hyperparameters are tuned, namely
transformer related hyperparameters and informa-
tion routing related ones. We perform a grid search
on these and take the best model based on the val-
idation set. The first group includes a learning
rate in {1e-5, 2e-5, 5e-5}, a batch size of 16 and
warmup steps in {0, 100}. For information rout-
ing related hyperparameters we search for weight
decay in {0, 0.01, 0.001}, L2-regularization on the
LF path in {0.1, 0.5, 0., 1.}, and for noise injection
ε ↔ {0., 0.1, 0.2, 0.05}. SepLL is always trained
using AdamW (Loshchilov and Hutter, 2019).

4.4 Implementation and Reproducibility

Our implementation is in JAX (Bradbury et al.,
2018), using the Huggingface transformers library
(Wolf et al., 2020) as a high level interface.

In order to save resources, we report numbers
directly from the Wrench paper, whenever appli-

cable. In other cases, we use the datasets and the
evaluation setting of Wrench, and the original im-
plementations and reported hyper-parameters of
the respective publications.

We use RoBERTa-base as backbone of most
models, so all models use approximately 125 mil-
lion parameters. Fine-tuning one instance takes be-
tween 5 and 60 minutes, depending on the dataset
size. The experiments are performed on a Nvidia
DGX-1 using a single Tesla V100 graphics card
per run.

5 Experiments

This section provides an analysis of the capabilities
of the model. After the general performance analy-
sis, an ablation study of the information strategies
is performed. Furthermore, we investigate how
much information flows through the path associ-
ated with the latent class prediction, and how much
though the other, LF-specific path.

5.1 General Performance

The results are split into two parts. Firstly, a
comparison with the standard baselines is given.
Secondly, we analyse the impact of Cosine sep-
arately, as we view it as a general framework to
self-optimize the prediction performance of any
pre-trained classifier. The results are shown in Ta-
ble 2. SepLL outperforms the standard baselines
on all tasks except IMDb and AGNews. We think
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avg

Full Model 83.14
↗ Weight decay 82.73
↗ L2-reg. 82.59
↗ Unlabeled data 82.11
↗ Noise injection 81.77
Basic model 80.85

Table 3: Ablation of information routing strategies.
Each strategy is removed individually. The basic model
does not use any strategy. The average is taken over all
datasets on the test set.

this is due to the fact that both datasets are rather
large while having a low number of labeling func-
tions. The same trend is observable when combined
with Cosine. On most tasks a new state-of-the-art
is reached. A negative exception is given by Se-
mEval, where Cosine is not able to generalize from
our base model. Importantly, the average perfor-
mance over all tasks is improved by a margin of
6% on the standard baselines and 1% in the Cosine
section, relative to the respective best-performing
comparison method.

5.2 Ablation of Information Routing

Strategies

In order to understand the impact of the routing
strategies we perform an ablation study, which is
shown in Table 3. Starting from the full model,
each routing strategy is removed individually, and
in the last row all strategies are removed. The
average performance over all datasets is shown.
Given that there are different types of metrics this
is just an aggregate view of the performance – a
detailed ablation including the performance per
task is given in Appendix B.

We observe that each strategy helps the perfor-
mance of the end model and that the noise injection
strategy has the highest positive impact. This re-
inforces the initial assumption that a sample has a
larger learning impact on the task-specific path if
multiple labeling functions belonging to one class
match simultaneously.

Nevertheless, the basic model (without active
routing) performs decent in comparison to the base-
lines in Table 2. This is surprising because there is
no apparent incentive to prevent the model to col-
lapse to the LF path. One possible explanation is
that the gradient updates nevertheless flow through
both paths and still update the task path in a way

that it is consistent with the LF-prediction. More-
over, predicting the LF through the task-path, albeit
less accurate, is more parameter efficient than go-
ing through the LF-path.

5.3 Labeling Function Memorization

As a by-product of the architecture, it is possible
to predict whether a labeling function matches or
not. As these matches represent the learning signal,
an evaluation of the prediction of labeling function
matches also shows how much information is re-
tained. In Figure 2 multiple metrics are computed
to analyze the memorization of matches. The ac-
curacy and the F1-score (because the matrix L is
sparse) for LF-predictions, averaged over all test
sets, are computed to measure memorization of the
labeling functions matches.

In order to transform logits into predictions, we
compute the softmax activation on the functions fL̃
and fL̂, and define the prediction as

Lij = 1 ↘ softmax (f↓(zi))j >
4

m

otherwise Lij = 0, i.e., if a sample has 4 times
the probability of the uniform distribution. We
tested the threshold k = 2, 3, 4 on the dev set of
IMDb and TREC and took the best performing one.
Note that k = 3, 4 performed almost equal. To
compute the task predictions, we apply the same
threshold to the softmax of the mapped task logits,
i.e., softmax

(
fỸ (zi)T

↑). We call the outputs of
the softmax prediction distribution. The diagram
on the right in Figure 2 displays the cross-entropy
between the LF distribution P (see section 3) and
the prediction distributions, and the uniform distri-
bution U [0, 1].

The results show that the prediction from the fi-
nal output and from the LF path are nearly identical.
Interestingly, the latent LF path achieves a slightly
better accuracy, but slightly worse F1-score. In
comparison to the full and the latent model, the
cross-entropy between Ỹ and P is high where the
latter approaches the cross-entropy between L̂ and
the uniform distribution. These results indicate that
Ỹ does not substantially influence the prediction of
L. Still, the prediction made from the task-related
path fỸ reaches an average F1-score of 88.5%,
which shows that it still contains much of the infor-
mation needed to predict LF matches. In appendix
C an additional figure shows that the difference
between performance on the training set and the
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Figure 2: The figure shows the accuracy (left), the F1-score (center) and the cross-entropy (right) between true
labels L and the predictions based on the full model fL̂ and the latent representations fỸ , fL̃ predictions. On the
right an additional comparison to the uniform distribution is presented.

test set is low, indicating that there is little to no
overfitting towards the training LF distribution.

5.4 Impact of Number of LF Matches

One could expect that it is easier to predict the class
label for samples with many labeling functions
matches. Figure 3 shows the performance of each
task on the test set in relation to the number of
labeling function matches (note that we use those
LF-matches only for analysis purposes, they are
not observed by the model) . The figure does not
contain SemEval as it has exactly one match per
sample.

Interestingly, the performance on samples with
no LF-match is, for most datasets (apart from
Spouse), almost on par with samples that include
patterns from one or more LFs. It is therefore fair to
say that the model generalizes beyond the labeling
function information.

An exception is given by the Spouse dataset,
which has the lowest coverage in the training set
(see Table 1). Appendix D provides additional
numbers, including a table which shows the amount
of samples per number of LF-matches per dataset.

6 Conclusion

This work tackles weak supervision in a novel way.
Instead of denoising the weak labels or iteratively
updating them, the weak labels are used as the train-
ing target as-is. We introduce the SepLL model,
which separates information relevant for the target
task through the usage of two latent spaces. One
latent space is used to perform downstream task
prediction, the other one aims to keep the labeling
function specific information. Thus, the prediction
is made from the latent space without any direct
supervision. Experiments show that the model is
able to achieve state-of-the-art performance. An
additional investigation shows that the model is

Figure 3: Performance (accuracy or F1 score) on the
tasks given the amount of labeling function matches
(test set).

able to memorize the labeling function information.
Hence, the model cannot only be used for down-
stream tasks but also to predict labeling function
matches.

7 Limitations

As in the experiments in the Wrench benchmark,
we use validation data for early stopping. If a set-
ting was purely weakly supervised, with no anno-
tated data, this would not be possible. To ensure
comparability, we stick to the Wrench setup, which
assumes that the cost of annotating a small sample
size for validation is acceptable in most scenarios.

Weak supervision performance highly depends
on the quality and other properties of the labeling
functions. In contrast to more standardized scenar-
ios of machine learning, e.g. in supervised learning,
where it can be assumed that training and test data
samples are drawn i.i.d. from the same distribution,
such arguments cannot be made about the label-
ing functions and their relationship to the correct
annotations.

Formal analysis, as it has been attempted some-
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times for weak supervision, relies on heavy assump-
tions, which are typically unrealistic and likely to
be wrong. Such assumptions could be: the weak
labelers produce noise following a defined noise
distribution; the weak annotations are independent
given the class label; each weak labeler exceeds a
threshold accuracy; etc. In this paper, we do not at-
tempt a formal analysis based on such assumptions.
However, we compare to other methods which are
based on such assumptions, and we outperform
them in our experiments. With other data sets, po-
tentially showing other characteristics (other tasks,
other languages, other labeling functions), the per-
formance could be different. In particular, since
the weakly supervised method performs almost as
well as the supervised model, there is a need for
tasks and datasets that are more challenging.

Another limitation is that currently our model
is only implemented for classification, not for se-
quence tagging. This adaptation would be possi-
ble, but is not trivial since sequential dependencies,
unlabeled tokens, search, etc. would need to be
carefully handled. We leave these extensions for
future work.
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A Experimental Description

As mentioned in the main paper, the code, setup
and hyperparameters for the baselines are taken
from the Wrench benchmark and are described
in the corresponding paper (Zhang et al., 2021).
For the Gold+RoBERTa model there was no result
available, as there are no ground truth labels for
train set. Thus we assume an F1-score of 45 for the
computation of the average as it is better than the
best performing model.

In the following paragraphs, the hyperparam-
eters for the baselines we trained ourselves are
briefly presented.

Weasel (Cachay et al., 2021). We experiment
with hyperparameters similar to the original pa-
per because there no transformer encoder "roberta-
base" is used. We use AdamW (Loshchilov and
Hutter, 2019) and optimize hyperparameters for
temperature in {0.33, 1.0}, dropout in {0.1, 0.2},
weight decay in {1↔4, 7↔7} and learning rate in
{1↔4, 1↔5, 2↔5}. Unfortunately we were unable
to obtain reasonable performance on the skewed
datasets SMS and Spouse. The original paper does
not use pre-trained language models, thus no direct
comparison is possible. We decided to take the
same encoder for all models.

KnowMAN (März et al., 2021). The values are
set similar to the original paper. Batch size is 16,
hidden size 700, dropout is 0.4 and trained is up
to 5 epochs. The classifier(C) and the discrimina-
tor(D) use Adam (Kingma and Ba, 2014) with a
learning rate of 1↔4 and the feature extractor(F)
uses AdamW (Loshchilov and Hutter, 2019) with
the same learning rate. For all three, num_layer is
set to 1.

B Ablations

In addition to the summarized ablation in section
5.2, Table 4 shows the impact of the ablations on
task level. We observe that in general, the results
for each task agree with the average.

C Labeling Function Memorization

The detailed numbers corresponding to the evalua-
tion of section 5.3 are given in Table 5. The abso-
lute difference between train and test split is shown
in Figure 4. The differences are low for accuracy,
F1-score and cross-entropy, thus we conclude that
there is no or rather little overfitting towards the
train set.

D Impact of number of matches

Table 5 provides detailed numbers for Figure 3.
Since Figure 3 does not reflect how many sam-
ples correspond to a certain number of LF matches,
detailed counts are added in Table 7. This is an im-
portant addition as a performance measurement on
a small number of samples is not indicative of the
true performance. Luckiliy, usually the number of
matching samples per number of matching labeling
functions is distributed rather well.
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IMDb Yelp Youtube SMS AGNews Trec Spouse SemEval Avg.

Full model 83.57 91.32 97.50 95.45 85.47 81.25 43.20 87.33 83.14
→ Weight decay 83.57 91.32 97.50 95.45 85.47 79.03 42.55 86.99 82.73
→ L2 reg. 83.25 91.14 97.08 94.57 85.47 79.03 43.20 86.99 82.59
→ Unlabeled data 82.13 88.34 97.50 95.45 85.32 81.25 39.89 86.99 82.11
→ Noise injection 82.13 88.34 97.50 95.45 85.46 78.43 39.89 86.99 81.77
Basic model 82.13 86.89 97.08 93.85 85.14 74.80 39.89 86.99 80.85

Table 4: Extension of the ablation in Table 3, showing all datasets.

Dataset L̃ Acc. L̂ Acc. Ỹ Acc. L̃ F1 L̂ F1 Ỹ F1 L̃ CE L̂ CE Ỹ CE U [0, 1] CE

IMDb 90.21 90.24 86.88 89.41 89.58 80.77 1.42 1.41 2.11 2.20
Yelp 91.44 91.46 89.94 89.46 89.51 85.18 2.19 2.13 2.58 2.71
Youtube 82.80 83.00 81.60 76.32 77.03 73.33 1.72 1.70 2.16 2.30
SMS 96.41 95.65 99.28 97.59 97.19 98.92 4.26 5.31 4.76 4.29
AGNews 91.05 91.54 89.48 89.06 90.45 84.50 1.72 1.66 1.92 2.20
Trec 99.42 99.23 95.49 99.42 99.24 95.90 1.11 1.05 3.59 4.22
Spouse 95.98 96.32 95.81 94.64 95.89 93.76 2.03 2.01 2.14 2.20
SemEval 99.47 98.45 92.70 99.52 98.81 95.55 1.55 1.21 3.36 5.10
Avg. 93.35 93.24 91.40 91.93 92.21 88.49 2.00 2.06 2.83 3.15

Table 5: Extension of Figure 2, showing all numbers explicitly. The presented metrics are accuracy, macro F1-score
and cross entropy (CE) between true LF matrix L (see section 3) and the rows which are the full model fL̂, the
latent layers fL̃, fỸ and the uniform distribution U [0, 1].

Figure 4: This is extension to Figure 2, describing the same metrics. But here we compute the the absolute difference
between the metrics computed on the train set and the test set.

0 1 2 3 4 5

IMDb 81.58 84.35 82.80 0.00 0.00 0.0
Yelp 91.00 91.25 91.48 92.84 89.93 62.5
Youtube 88.89 100.00 98.84 95.56 87.50 0.0
SMS 95.12 97.44 88.89 100.00 0.00 0.0
AGNews 77.48 88.38 90.81 87.50 87.50 0.0
Trec 94.74 81.40 73.81 85.71 85.71 0.0
Spouse 22.06 49.51 62.77 85.71 0.00 0.0
SemEval 0.00 85.09 0.00 0.00 0.00 0.0

Table 6: Detailed numbers corresponding to Figure
3. The columns describe the number of matches a
sample has, the cells the performance, i.e. accuracy
or F1-score.

#matches total 0 1 2 3 4 5

IMDb 2953 304 1521 593 0 0 0
Yelp 5732 611 1463 1092 475 139 16
Youtube 460 18 86 86 45 8 0
SMS 263 302 148 37 12 0 0
AGNews 11367 3699 5622 2318 336 24 0
Trec 788 19 301 84 70 21 0
Spouse 1019 1951 519 196 33 1 0
SemEval 764.0 0 436 0.0 0.0 0.0 0.0

Table 7: It is shown how many samples there are in total and split
up in number of matches per sample. Numbers are computed
on the test set.
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Abstract

Image clustering divides a collection of images
into meaningful groups, typically interpreted
post-hoc via human-given annotations. Those
are usually in the form of text, begging the
question of using text as an abstraction for im-
age clustering. Current image clustering meth-
ods, however, neglect the use of generated tex-
tual descriptions. We, therefore, propose Text-
Guided Image Clustering, i.e., generating text
using image captioning and visual question-
answering (VQA) models and subsequently
clustering the generated text. Further, we intro-
duce a novel approach to inject task- or domain
knowledge for clustering by prompting VQA
models. Across eight diverse image cluster-
ing datasets, our results show that the obtained
text representations often outperform image
features. Additionally, we propose a counting-
based cluster explainability method. Our eval-
uations show that the derived keyword-based
explanations describe clusters better than the
respective cluster accuracy suggests. Overall,
this research challenges traditional approaches
and paves the way for a paradigm shift in image
clustering, using generated text1.

1 Introduction

Psychologists, neuroscientists, and linguists have
long studied the dependence of vision and language
in humans (Pinker and Bloom, 1990; Nowak et al.,
2002; Corballis, 2017). Although the relationship
between these modalities is not fully understood,
there is a consistent finding: the brain generates a
condensed representation to transmit visual infor-
mation between brain regions (Cavanagh, 2021).
A widely discussed type of representation is often
referred to as “visual language” or “language of
thought” (Fodor, 1975; Jackendoff et al., 1996).
Studies based on these concepts suggest that lan-
guage can be a crucial driver of visual understand-
ing. For example, children remember conjunctions

1Github repo: https://github.com/AndSt/
text_guided_cl

bird, wings

jet, plane

✓✗

TextImage

Figure 1: A t-SNE visualization of the BLIP-2 image
embeddings for the STL10 dataset. While the images
are highly similar (blue background), text such as bird
and jet clearly distinguishes objects (and clusters).

of visual features better when accompanied by a
textual description (Dessalegn and Landau, 2013),
e.g., “the yellow is left of the black”. Given this re-
lationship between visual perception and language
comprehension, the question arises whether an ab-
stract textual representation benefits image cluster-
ing.

With the significant growth of visual content
created online, image clustering has become es-
sential in, e.g., retrieval systems, image segmenta-
tion, or medical applications (Mittal et al., 2021;
Pandey and Khanna, 2016; Kart et al., 2021). Lan-
guage offers dense, human-interpretable informa-
tion, providing multiple benefits when clustering
(Figure 1). Emerging multi-modal foundation mod-
els and large language models (LLMs), e.g., Blip2
(Li et al., 2023) or GPT-3 (Davidson et al., 2018),
allow to derive a “visual language” from images.
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In this paper, we propose text-guided image clus-
tering, i.e., deriving a textual representation from
images to perform clustering purely based on their
text representation. In Figure 2, we outline three
approaches to text-guided image clustering. These
approaches are structured by the degree of external
knowledge introduced into the clustering process.

First, caption-guided clustering uses image cap-
tioning models to generate brief descriptions of
the image content, requiring no external knowl-
edge. In order to inspect the qualities of image
and text representations, we compare vision en-
coder embeddings with TF-IDF (Sparck Jones,
1972) and SentenceBERT (SBERT, Reimers and
Gurevych, 2019) representations of the generated
text. Our experiments show that on a broad set of
eight image clustering datasets, text representations
on average outperform the image representations
of three state-of-the-art (SOTA) models. Second,
keyword-guided clustering injects knowledge about
the clustering task by prompting visual question-
answering (VQA) models to generate keywords,
using the assumption that only a few keywords
of interest are necessary to describe each image
sufficiently. Interestingly, we observe an average
performance increase of 5% for TF-IDF-based clus-
terings. Third, prompt-guided clustering introduces
domain knowledge in the form of tailored prompts
for VQA models. Quantitatively, we observe an-
other performance increase and qualitatively show
that clusters related to the question are formed bet-
ter. Further, we propose to use the generated text
for a straightforward counting-based cluster ex-
plainability method, generating a keyword-based
description for each cluster.

Our contributions can be summarized as follows:

• We propose text-guided image clustering, a
novel paradigm leveraging generated text for
image clustering.

• We introduce a new way of image clustering
by injecting task- and domain knowledge via
prompting visual question-answering models.

• We show in our experiments that text-guided
image clustering is competitive and often out-
performs clustering solely based on images
on several datasets.

• We propose a counting-based method to gener-
ate a description for each cluster, often exhibit-
ing stronger interpretability than the cluster
accuracy suggests.

Text-Guided 
Image 

Clustering

Caption-Guided
Clustering

Keyword-Guided
Clustering

Prompt-Guided
Clustering

No additional 
knowledge

Task
knowledge

Domain 
knowledge

The conference room of the hotel 
has rows of chairs and equipment

Q: Which keywords describe the image?
A: conference rooms, conference, venue

Q: Which room is shown in the picture?
A: the conference room

D
egree of external know

ledge

Figure 2: Taxonomy of the text generation processes,
structured by the degree of external knowledge. Text is
generated BLIP-2 (Li et al., 2023).

2 Related Work

We approach image clustering in a novel way by
generating more abstract text descriptions using
image-to-text models. Therefore, we discuss how
our approach relates to earlier work in image clus-
tering (Section 2.1), text clustering (Section 2.2)
and give an overview of the enabling technology
of image-to-text models in Section 2.3.

2.1 Image Clustering

Clustering is the task of grouping similar objects
together while keeping dissimilar ones apart. A key
problem for unsupervised clustering of images is
finding a good similarity measure. Deep learning-
based clustering methods approach this problem
by learning a representation that maps semantically
similar images closer together (Xie et al., 2016;
Yang et al., 2017; Niu et al., 2020; Caron et al.,
2018; Zhou et al., 2022b). A downside of unsu-
pervised methods is that relying only on image
information can suffer from the blue sky problem
(Häusser et al., 2018). For example, in Figure 1,
the blue background pixels make up most of the im-
ages. Our approach circumvents this downside by
generating a concise textual description of an im-
age. Multi-view clustering methods like (Jin et al.,
2015; Chaudhary et al., 2019; Yang et al., 2021; Xu
et al., 2022) combine heterogeneous views of data
instances into a single clustering. In contrast to our
work, they assume the availability of all modalities.

An important problem in clustering is explain-
ability (Fraiman et al., 2011; Moshkovitz et al.,
2020), aiming to describe the content of the in-
dividual clusters. In general, there are clustering
algorithms designed such that the resulting clus-
tering is explainable (Dao et al., 2018), or post-
processing methods that explain a given clustering.
Existing methods use interpretable features such as
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semantic tags (Sambaturu et al., 2020; Davidson
et al., 2018), especially when textual explainability
is considered. For instance, Zhang and Davidson
(2021) uses integer linear programming to assign
tags to clusters. Contrary to our approach, these
methods assume given textual tags.

2.2 Text Clustering

Typically, the text is transformed into a vector rep-
resentation, and then a clustering algorithm, e.g.,
K-Means, is applied. Early text representation ap-
proaches use counting-based representations such
as Bag-of-Words (BoW) or TF-IDF (Sparck Jones,
1972; Zhang et al., 2011). The field moved away
from frequency-based approaches as they neglect
word order and cannot represent contextualized in-
formation, e.g., computer ‘mouse’ vs. the animal
‘mouse’ (Peters et al., 2018). In recent years, the fo-
cus in Natural Language Processing (NLP) shifted
towards contextualized neural network-based vec-
tor encodings, dominated by transformer-based
methods (Vaswani et al., 2017). The first break-
through in transformer-based sentence representa-
tions was Sentence-BERT (SBERT) (Reimers and
Gurevych, 2019), a siamese network architecture
fine-tuning BERT (Devlin et al., 2019) on super-
vised datasets, e.g. NLI. Following SBERT, text
representation techniques are mostly trained using
contrastive learning where the choice of positive
and negative pairs is unsupervised, e.g., SimCSE
(Gao et al., 2021), or weakly-supervised, e.g., E5
(Wang et al., 2022b).

2.3 Image-To-Text Models

Image captioning provides textual descriptions for
given images. NIC (Vinyals et al., 2015) introduces
the now common use of an image encoder and a
language decoder. Subsequent models (Radford
et al., 2021; Yuan et al., 2021) additionally allow
multi-modal inputs, integrating both image and tex-
tual information to improve captioning and support
tasks like Visual Question Answering (VQA) (An-
tol et al., 2015). Wang et al. (2022a) use only one
image encoder and one text decoder, and perform
image /video captioning and VQA in one simpli-
fied architecture. Flamingo (Alayrac et al., 2022)
allows interleaving images and text by introducing
Perceiver Resamplers on top of pre-trained image
and language models. BLIP-2 (Li et al., 2023) is a
state-of-the-art model that takes fixed pre-trained
language and image models and only fine-tunes
a so-called Query-Transformer, which only uses

a few trainable parameters. This is useful in our
experiments because the underlying models are not
trained on multimodal data, ensuring a fair compar-
ison of the respective representations.

3 Methodology

We describe the formal setup, the experimental
setup, and the chosen datasets.

3.1 Problem Definition

Let X = x1, · · · ,xn → X denote the set of images
in our dataset. The goal of image clustering is to
obtain a clustering h : X ↑ Y that assigns images
to their respective clusters. We propose to employ
image-to-text models which typically consist of an
image encoder f : X ↑ Z , embedding images
into a latent space Z → Rd, and a text decoder, i.e.
a LLM, g : Z ↑ T , where T is some text space.
The text is subsequently embedded t : T ↑ V →
Rl and clustered, e.g., with K-Means.

3.2 Experimental Setup

The central goal of this paper is to compare rep-
resentations based on images and generated text
for the task of image clustering. The following de-
scribes the choices and evaluation criteria common
to all experiments.
Clustering. To shed light on the question of
whether text is a (more) suitable representation for
image clustering, we compare the performance of a
clustering on the image space Z = f(X) and of a
clustering on the vectorization of the generated text
T = t(g(Z)). Following the deep clustering (Xie
et al., 2016; Yang et al., 2017) and self-supervised
learning (Zhou et al., 2022a) literature, we use K-
Means to evaluate the suitability of the respective
image and text embeddings for clustering. We run
K-Means 50 times in all experiments and report
the mean outcome to get robust results. Whenever
we need a single run, e.g., for qualitative analysis,
the run with the lowest K-Means loss, also called
inertia, is used.
Vectorization. In order to employ clustering algo-
rithms, images and texts need to be represented as
vectors. For image vectorization, we use the latent
space of an image encoder. We experiment with
multiple models introduced in Section 4.1. For text
vectorization, one frequency-based and one neural
algorithm are considered. TF-IDF (Sparck Jones,
1972) is a standard counting-based representation.
Using the scikit-learn (Pedregosa et al., 2011) im-
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plementation, English stop-words are removed, and
a maximum vocabulary of 2000 words is set. No
additional preprocessing is performed. Since nowa-
days transformer-based text representations are the
standard, we experiment with SBERT2 (Reimers
and Gurevych, 2019) as it was the first BERT-based
sentence representation. Note that larger, newer,
and better transformer-based models are available.
We deliberately choose a widely used, competitive,
small model as this strengthens our claim that clus-
terings based on generated text often outperform
clusterings based on image representations.
Metrics. To measure clustering performance, the
Normalized Mutual Information (NMI) (Vinh et al.,
2010) and the Cluster Accuracy (Acc) (Yang et al.,
2010) are computed. Both metrics take values be-
tween 0 and 1, where higher numbers indicate a
better match with the ground truth labels. For the
sake of readability, we multiply them by 100.

3.3 Datasets

We consider a diverse collection of datasets, sepa-
rated into three groups according to various chal-
lenges. Partially, there is an overlap between the
properties of the datasets. Nevertheless, our se-
lection of datasets is motivated by this grouping.
Note that this is a more diverse set of datasets as
typically used (Cai et al., 2022; Qian, 2023). An
overview of the dataset statistics and samples of
each dataset are depicted in Tables 6 and 7 in the
Appendix, respectively.
Standard Datasets. We utilize three widely-used
image clustering benchmarking datasets: STL10
(Coates et al., 2011), Cifar10 (Krizhevsky and Hin-
ton, 2009) and ImageNet10 (Deng et al., 2009).
Background Datasets. To assess the robustness
of our proposed method against background noise,
we include Sports10 (Trivedi et al., 2021) and iNat-
uralist2021 (Grant Van Horn, 2021), two datasets
containing high-resolution images of sports scenes
in video games and natural environments.
Human Interpretable Datasets. Three datasets
focusing on human concepts rather than individual
objects are included. LSUN (Yu et al., 2015), show-
ing, e.g., a living room or a kitchen, Human Activ-
ity Recognition (HAR) (Nagadia, 2022), contain-
ing scenes such as running and Facial Expression
Recognition (FER2013) (Barsoum et al., 2016),
e.g., surprise, are considered.

2https://huggingface.co/
sentence-transformers/all-MiniLM-L6-v2

4 Text-Guided Image Clustering

We explore the potential of generated text for image
clustering. First, we use standard image caption-
ing and observe that the text representation out-
performs the image representation of several mod-
els. Second, we guide the text generation using
VQA models to generate keywords, which we call
keyword-guided clustering, and introduce prompt-
guided clustering, where we use domain-specific
prompts to elicit relevant properties. Third, we use
the generated text for cluster explainability, obtain-
ing keyword-based descriptions for each cluster.

4.1 Caption-Guided Image Clustering

Modern foundation models provide the possibility
to work with multiple modalities. In particular, im-
age captioning models describe images with text.
Thus, as a first experiment, we investigate how well
text clustering on captioned text works in compari-
son to image clustering, and establish a consistent
experimental setup.
Setup. The commonality between current image
captioning models is that they consist of an image
encoder and a generative LLM to generate text con-
ditioned on the latent image space. As described
in Section 3.2 we assess the quality of image and
generated text by comparing the clustering perfor-
mance of the vision encoder embeddings with TF-
IDF and SBERT representations using K-Means.
We benchmark three SOTA image-to-text models,
namely a community-trained version of Flamingo3

(Alayrac et al., 2022), GIT4 (Wang et al., 2022a),
and BLIP-25 (Li et al., 2023), all available within
the Huggingface Transformers library (Wolf et al.,
2020). Note that we abstain from including ded-
icated clustering methods (Cai et al., 2022; Qian,
2023; Gao et al., 2021) because they are based on a
much weaker image encoder, thus achieving much
lower performance. Furthermore, it is not straight-
forward to train transformer-based image models
using clustering objectives. We probabilistically
sample a maximum of 80 tokens, without any addi-
tional parameters. Only for Flamingo, we set top-K
to 8, following the original repository. Experiments
were performed on a single A100 40GB and took
about 40h hours.

3https://huggingface.co/dhansmair/
flamingo-mini

4https://huggingface.co/microsoft/
git-large

5https://huggingface.co/Salesforce/
blip2-flan-t5-xl
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Standard Background Human
Model Representation STL10 Cifar10 ImageNet10 Sports10 iNaturalist2021 FER2013 LSUN HAR Avg

Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI

Flamingo Image 95.0 95.13 84.0 84.19 99.38 98.85 75.87 81.61 40.8 58.09 36.79 17.33 60.67 60.98 50.07 43.67 67.82 67.48

TF-IDF 82.22 77.0 81.85 76.23 94.32 89.57 54.16 49.86 34.27 43.63 25.77 2.91 70.58 64.04 40.92 35.52 60.51 54.85
SBERT 97.74 94.68 93.64 86.15 98.36 96.05 60.32 55.89 44.93 58.99 29.79 9.77 68.96 68.41 51.37 46.84 68.14 64.6

GIT Image 51.15 63.62 66.37 64.87 95.41 93.78 71.17 75.69 42.47 53.0 24.1 2.15 52.06 51.78 38.81 33.18 55.19 54.76
TF-IDF 79.92 74.71 74.0 66.73 82.69 76.78 87.42 84.6 36.12 42.84 25.24 1.66 65.34 57.68 42.87 36.05 61.7 55.13
SBERT 96.58 93.34 86.79 76.97 96.37 92.72 85.73 88.14 46.04 58.78 26.61 1.95 69.82 61.95 48.11 42.66 69.51 64.56

BLIP-2 (*) Image 99.65 99.16 98.69 97.59 99.8 99.35 91.31 93.22 44.97 62.7 35.97 21.2 62.07 64.47 52.65 47.06 73.14 73.09
TF-IDF 83.3 79.35 89.0 84.75 93.54 88.81 99.38 98.65 34.17 39.07 31.86 6.89 76.69 71.05 50.51 46.09 69.81 64.33
SBERT 98.03 96.27 97.31 94.07 98.22 96.63 99.07 98.47 47.43 61.63 38.21 20.53 81.11 74.37 50.85 46.68 76.28 73.58

´

Table 1: Comparison of Clustering Accuracy and NMI of image space and generated captions, using TF-IDF and
SBERT representations, of multiple Image-to-Text models. For each combination of dataset and metric, underlined
numbers represent the best overall performance, and bold numbers the best performance per model. (*) Note that
BLIP-2 is pre-trained on ImageNet21K (Deng et al., 2009), which STL10 and ImageNet10 are subsets of.

Figure 3: Effect of the number of captions sampled per
image for BLIP-2. The number of captions is depicted
on the X-axis, mean and standard deviation of clustering
performance are on the Y-axis.

We start by studying the effect of the number of
captions generated per image. For each amount of
captions, we sample 6 versions and report the mean
and standard error in Figure 3.
Results. We observe that, for TF-IDF, with a grow-
ing number of captions, the performance increases
monotonically, whereas SBERT saturates for many
datasets. Being counting-based, we think that the
reason is that TF-IDF is better at reducing the effect
of outlier captions, i.e. single bad captions. For
all following experiments, we choose to sample 6
text generations as a trade-off between sampling
efficiency and clustering performance.

The full image captioning results are shown
in Table 1. The average scores (Avg) show that
SBERT outperforms the other two representations

across all model types on almost all datasets, while
the TF-IDF representation performs worst. Note
that we abstain from sophisticated preprocessing
such as lemmatization or stemming, which is com-
mon for frequency-based representations such as
TF-IDF, to keep the setup simple and depend on
text information as purely as possible. This might
(to a certain degree) explain the worse performance.

Further, we observe that BLIP-2 is the best-
performing model. It performs especially well on
the standard datasets, which we think is due to the
fact that it was pre-trained on ImageNet21k in a
self-supervised fashion.

In summary, the results show that text repre-
sentations, obtained only based on (latent) image
representations, provide competitive clustering per-
formance, often outperforming the corresponding
image representation.

4.2 Knowledge Injection

Now we investigate the potential of guiding the
text generation so that it is specifically suited for
clustering. By using modern VQA models, it is
possible to elicit dedicated information from im-
ages. In the following, we introduce two ways to
make use of VQA models.
Keyword-Guided Clustering. Given that it
is common to (verbally) describe clusters using
keywords, we hypothesize that it is beneficial to
prompt the model to generate keywords. The rea-
sons are: 1) keywords provide useful inputs for
simpler, traditional count-based representations
such as TF-IDF, 2) keywords are useful for count-
based analysis methods, such as the proposed clus-
ter explainability algorithm in section 4.3, and 3)
ground truth cluster labels (as given by classifica-
tion datasets used in the clustering literature) are
typically described using only a few keywords.
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Sports10 iNaturalist2021 FER2013 LSUN HAR Avg
Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI

Image ViT 91.31 93.22 44.97 62.70 35.97 21.2 62.07 64.47 52.65 47.06 57.39 57.73

Caption-Guided TF-IDF 99.38 98.65 34.17 39.07 31.86 6.89 76.69 71.05 50.51 46.09 58.52 52.35
SBERT 99.07 98.47 47.43 61.63 38.21 20.53 81.11 74.37 50.85 46.68 63.33 60.34

Keyword-Guided TF-IDF 99.08 97.82 42.13 48.25 47.05 27.34 76.2 69.28 51.35 45.47 63.16 57.63
SBERT 96.89 96.87 48.44 59.48 46.44 29.96 70.63 70.82 55.66 50.07 63.61 61.44

Prompt-Guided TF-IDF 84.83 94.46 38.01 47.61 46.86 34.25 66.4 59.92 52.74 47.96 57.77 56.84
SBERT 98.70 98.12 48.57 62.23 45.60 36.04 71.59 63.54 60.93 52.94 65.08 62.57

Table 2: Comparison of clustering performance of the BLIP-2 image encoder features, and examined types of
generated text. For prompt-guided clustering, the clusterings belonging to the prompt with the lowest K-Means are
evaluated. For each dataset and metric combination, the best performance is bold, and the second-best performance
is underlined.

Prompt-Guided Clustering. In real-world scenar-
ios, often, some domain knowledge about the given
data is available. The ability of VQA models to re-
trieve dedicated information from images opens up
the possibility of using domain knowledge in the
natural form of text. An example is to ask "Which
activity is performed in the picture?". Note, cru-
cially, that this is not possible using standard image
clustering models.
Setup. Due to resource constraints, we only use
the best-performing (cf. Table 1) image-to-text
model, BLIP-2, for the subsequent experiments.
Based on the results depicted in Figure 3, we sam-
ple k = 6 texts for each image.

For keyword-guided clustering, we use the ques-
tion "Which keywords describe the image?". To
perform prompt-guided clustering, we create four
questions for each of the datasets. The questions
were created by naively transforming the name of
the dataset into a question, e.g. for human ac-
tion recognition "Which activity is performed?"
is asked. Note, that no additional prompt engineer-
ing efforts were made, as we are not aware of a
more principled way to design such prompts. Find
all questions in Table 8 in Appendix B.

BLIP-2 solves the “standard” datasets with al-
most 100% and they exhibit only a collection of
objects, making it difficult to pose interesting ques-
tions other than ‘What objects are described?’.
Thus, they are excluded in the following experi-
ments. It is well known that current LLMs pos-
sibly generate very different texts, even though
the prompt has the same meaning (Elazar et al.,
2021). Therefore, in Table 2 we use an unsuper-
vised heuristic to decide which prompt works best
by taking the prompt belonging to the clustering
with the lowest K-Means loss.

Modality / Question SBERT
Acc NMI

Image 52.65 47.06
Which keywords describe the image? 55.66 50.07
What type of motion is depicted in the picture? 49.20 42.54
Which activity is shown in the picture? 56.03 49.69
Which action is shown in the picture? 58.68 52.86
What is the person doing in the picture? 60.93 52.94

Table 3: A case study for prompt-guided image cluster-
ing on Human Action Recognition, using the SBERT
representation. Find the full table in Appendix B.

Results. In Table 2 we observe that the average
performance (Avg) for caption-guided image clus-
tering and SBERT-based keyword-guided cluster-
ing is similar. Using keywords, TF-IDF improves
on average by 5% for both cluster accuracy and
NMI, closing the gap to SBERT. This result is in
line with our hypothesis that keywords are a useful
representation for image clustering.

As a case study, Table 3 holds the results for the
HAR dataset. We observe a notable variance in the
performance of multiple prompts. This is a com-
mon phenomenon for prompting-based methods
(Zhao et al., 2021). Using the K-Means loss as a
proxy for selecting the best prompt leads to the best
average performance in Table 2.

Interestingly, the confusion matrices in Figure 4
show different assignment patterns depending on
the question posed to the VQA model. For instance,
when posing the question ‘What room is shown in
the picture?’, all room clusters are formed well, but
the others, e.g. bridge or tower, are worse. We
argue that this variation is not an issue but a feature
of prompt-guided image clustering, e.g., during
exploratory data analysis, where one might want to
investigate different aspects of a dataset.

In summary, we demonstrate that it is possible
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Figure 4: Confusion matrices based on three clustering results from text generated with three different VQA prompts.
While a similar cluster accuracy is achieved, we observe that the clustering relates to the prompt. In the middle all
room clusters are clustered well, on the right side the clustering is not able to distinguish well between dining room,
kitchen and restaurant (see corresponding dining room row), but leads to better overall accuracy.

to improve clustering performance by injecting do-
main knowledge in the form of text and that the
clustering changes according to the posed ques-
tions. Further examples of the impact of different
prompts on the embedded space and clustering are
shown in t-SNE embeddings in Figures 6 and 7 in
the Appendix.

4.3 Cluster Explainability

So far, we use the generated text solely to form clus-
ters. But given the (built-in) interpretability of text,
a natural extension is to use text as an explanation
of the formed clusters. Explainability for image
clustering is an important issue, as it provides in-
sights into how the clustering algorithm groups the
images, helping users understand the underlying
patterns and relationships. The availability of tex-
tual descriptions for each cluster sample allows us
to extrapolate to textual descriptions of each clus-
ter as a whole.Note that this is not possible using
models considering only images.

We hypothesize that a concise way to describe
a cluster is to use a small set of keywords. This
is based on the fact that the considered datasets
use keyword-based labels. Thus, we introduce the
following algorithm to obtain keywords for each
cluster from the generated text.
Explainability Algorithm. For each predicted
cluster, the keywords are sorted by their number of
occurrences in the generated texts. The algorithm
returns the most frequent keywords per cluster. If
a keyword occurs in multiple cluster descriptions,

it is not considered, and the next most occurring is
chosen. We take the two most occurring keywords
based on an initial screening of the LSUN dataset.
Find the Pseudocode in the Appendix C.

Setup. We provide a quantitative analysis of the
generated descriptions by applying two metrics.
First, we introduce the subset exact match (SEM)
metric, for which we lowercase each string and
check whether the ground truth cluster name ap-
pears in the predicted keywords. No further stan-
dardization, such as stemming or lemmatization, is
performed. Second, SBERT embeddings are used
to check the similarity between cluster names and
keywords obtained by the explainability algorithm.
According to our initial investigation, we use a co-
sine similarity of 0.4 as the threshold to indicate a
match between ground truth and explanation. For
each dataset, we provide the cluster accuracy and
the explainability performance given the ground
truth (Truth) clustering and the predicted (Pred)
clustering, corresponding to the cluster accuracy.
Out of the 50 conducted K-Means runs, we use
the clustering with the lowest K-Means loss for the
analysis.

Results. Table 5 depicts the quantitative evalua-
tion of our algorithm. We observe that the SBERT
metric is always equal to or higher than the SEM
metric, which makes sense as SEM is a rather strict
metric, not understanding synonyms or syntacti-
cal changes, e.g., "TableTennis" vs. "table tennis".
Interestingly, in most cases, the SBERT metric is
higher than the clustering accuracy. Table 4 shows
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Ground Truth Explanation SEM SBERT Sim.

Sports10

AmericanFootball football, nfl 0 1
Basketball basketball, basketball game 1 1
BikeRacing motorcycle, rider 0 1
CarRacing car, speed 0 0
Fighting fight, boxing 0 1
Hockey hockey, hockey game 1 1
Soccer soccer, soccer game 1 1
TableTennis ping pong, table tennis 0 0
Tennis tennis, tennis game 1 1
Volleyball volleyball, beach 1 1

LSUN

bedroom bedroom, bed 1 1
bridge bridge, river 1 1
church_outdoor church, cathedral 0 1
classroom classroom, teacher 1 1
conference_room meeting, conference 0 1
dining_room dining room, dining table 1 1
kitchen kitchen, wood 1 1
living_room living room, living 1 1
restaurant restaurant, bar 1 1
tower tower, city 1 1

Table 4: Examples of generated explanations for
Sports10 and LSUN. If a value in the SEM or SBERT
Sim. column is 1, it means that the metric says ground
truth and explanation match.

an example of generated descriptions and metrics.
We observe that both metrics cannot understand
that “TableTennis” and “ping pong, table tennis”
have the same meaning, but still, all cluster descrip-
tions of Sports10 are correct. For iNaturalist2021
and FER2013, we observe that the generated text
is often of bad quality, resulting in low-quality de-
scriptions. We conclude that the generated descrip-
tions provide a good overview of the content of the
generated clusters and in most cases, describe the
dataset better than clustering accuracy suggests.

5 Broader Impact

We believe there is a lot of unused potential for text
as an abstraction in image clustering.
Text as a proxy for “meaningful” clustering.

Clustering research aims to find meaningful clus-
ters. In general, it is an open question to de-
fine what meaningful exactly stands for, some re-
searchers even call it an ill-posed problem. We
argue that text is a good proxy to express meaning-
fulness as it is based on the natural human form
of communication. This is a novel viewpoint on
the task of image clustering aligning with research
methodologies in the clustering community, where
clustering methods are commonly benchmarked
with datasets that have human-annotated textual la-
bels as ground truth. Our research contributes to the
discussion about meaningful clustering by showing

Cluster Acc SEM SBERT Sim.
TF-IDF SBERT Truth Pred Truth Pred

STL10 87 98 100 100 100 100

ImageNet10 94 99 30 30 100 100

CIFAR10 91 97 90 90 100 100

Sports10 99 98 50 50 80 80
iNaturalist2021 40 48 0 0 91 45
LSUN 75 68 70 80 100 100

HAR 51 56 20 13 87 87

FER2013 46 46 12 12 38 25

Table 5: Evaluation of our explainability method. In
“Truth”, the explainability method is applied to the
ground truth clustering whereas in “Pred” it is applied
to the clustering of the given clustering accuracy. Num-
bers are boldened if the explainability score of a found
clustering (“Pred” columns) outperforms clustering ac-
curacies.

that generated text improves the interpretability of
the detected clusters.
Knowledge Injection. Furthermore, it can be
highly subjective what determines a meaningful
clustering. For a given dataset, different people are
interested in different types of information. For
example, in real-world scenarios, an expert might
have several questions about a dataset based on
their domain knowledge. We show that these ques-
tions can be used to guide the clustering process by
prompting VQA models. Given the current speed
of research, we believe that the increasing ability to
use more detailed prompts will drastically improve
our knowledge injection method. This, in turn, will
open up new research avenues for injecting knowl-
edge into the clustering process.

6 Conclusion

In this work, we introduce Text-Guided Image Clus-
tering, using image-captioning and VQA models
to automatically generate text, and subsequently
cluster only the generated text. After applying mul-
tiple captioning models on eight diverse datasets,
our experiments show that representations of gen-
erated text outperform image representations on
many datasets. Further, we use text to include task-
and domain knowledge by prompting VQA models,
resulting in additional improvements in clustering
performance. We find that it is possible to shape the
clustering favorably according to the information
given by a specific prompt. Additionally, we use
the generated text to obtain a keyword-based de-
scription for each cluster and show their usefulness
quantitatively and qualitatively.
While it is difficult to identify background noise or
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irrelevant features in the pixel space, text is discrete
and interpretable. We show that text-guided image
clustering often outperforms clustering purely on
image information, and provides interpretability.
Therefore, our research provides insights into the
role of text in determining meaningful clusterings.

7 Limitations

While our proposed approach shows promising re-
sults, several limitations apply.

Text-guided image clustering is dependent on
the quality and effectiveness of the generated text.
In cases where the generated text is incomplete,
misleading, or fails to capture the essential features
of the images, the clustering algorithm may strug-
gle to accurately group similar images. Current
image-to-text models are mostly trained on data
obtained from the internet. For example, because
of licensing and other restrictions, many domain-
specific images are not represented appropriately
in the training data, resulting in poor text genera-
tion abilities for those domains. Nevertheless, our
experiments are performed on a wide variety of
datasets, more diverse than in common image clus-
tering research, proving the general applicability
of the method.

While we show that our approach is effective
for image clustering, we do not include results
for other visual modalities, such as video or 3D
point clouds. We show that it is worthwhile to
investigate the possibility of clustering images us-
ing generated text and generating textual cluster
explanations. The rapid advancement of machine
learning models will also enable the same approach
for other modalities.

The approach of prompt-guided image clustering
is based on the assumption that domain knowledge
is readily accessible, allowing the generation of
specific questions to guide VQA models. While we
show that leveraging domain knowledge can prove
advantageous, clustering methods are frequently
employed for exploratory data analysis. Introduc-
ing domain knowledge may limit the discovery of
novel insights or alternative interpretations due to
biased prompts.
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A Dataset Description

Here, we provide some additional information
about the datasets. An overview of the datasets
is given in Table 6, including name, number of
classes, number of images, and size, given in pixels.
You can find examples of images of each dataset in
Table 7.

In the following, there is a small description of
the datasets, including the class labels, provided
in their original form which we also use in the
evaluation of our explainability algorithm.

STL10 (Coates et al., 2011). This traditional
dataset consists of 10 classes, namely “deer, horse,

bird, cat, ship, airplane, car, truck, monkey, dog”.
We use the full dataset, i.e. train and test split.
Note, that it is inspired by Cifar10 and attempts
to be more complicated because it contains fewer
images.

Cifar10 (Krizhevsky and Hinton, 2009). The
dataset is comprised of 10 similar object classes:
“deer, horse, bird, automobile, airplane, cat, ship,
truck, dog, frog”. Again, we use the full dataset.

ImageNet10. Imagenet-10 is a subset of the
larger ImageNet dataset, containing 10 classes.
Given the hierarchical nature of of ImageNet, each
class is described by multiple keywords: ’trailer
truck, tractor trailer, trucking rig, rig, articulated
lorry, semi’, ’snow leopard, ounce, Panthera uncia’,
’airliner’, ’Maltese dog, Maltese terrier, Maltese’,
’sports car, sport car’, ’orange’, ’soccer ball’, ’air-
ship, dirigible’, ’container ship, containership, con-
tainer vessel’, ’king penguin, Aptenodytes patago-
nica’

Sports10 (Trivedi et al., 2021). The Sports-10
dataset provides labeled images from 175 video
games across 10 sports genres. The labels are “Car-
Racing, Tennis, AmericanFootball, BikeRacing,
TableTennis, Fighting, Basketball, Hockey, Soccer,
Volleyball”.

Inaturalist2021 (Grant Van Horn, 2021). The
full dataset contains images of 10,000 species
separated into 10 classes, which are “Animalia,
Arachnids, Amphibians, Birds, Insects, Ray-finned
Fishes, Plants, Mollusks, Reptiles, Fungi, Mam-
mals”. We experiment with the validation set.

Dataset Group Name No. of classes No. of Images Size (pixels)

Standard STL10 10 13000 96x96
ImageNet10 10 13000 500x364
CIFAR10 10 60000 32x32

Background Sports10 10 3000 1280x720
iNaturalist 2021 11 100000 284x222

Human LSUN 10 3000 341x256
Human Action Recognition 15 18000 240x160
FER2013 8 35488 48x48

Table 6: Overview over some basic dataset statistics.

LSUN (Yu et al., 2015). The Large-Scale
Scene Understanding (LSUN) dataset offers la-
beled images depicting scenes from the following
categories: “conference_room, dining_room, bed-
room, church_outdoor, bridge, tower, restaurant,
living_room, classroom, kitchen”. We experiment
with the test set.

HAR (Nagadia, 2022). contains images of hu-
man activities. They are “running, sleeping, lis-
tening_to_music, texting, drinking, clapping, fight-
ing, eating, sitting, using_laptop, cycling, calling,
laughing, hugging, dancing”.
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FER2013 (Barsoum et al., 2016). The Facial
Expression Recognition 2013 dataset consists of
labeled grayscale images depicting human facial
expressions, which are “surprise, anger, contempt,
happiness, fear, disgust, sadness, neutral”.

B Knowledge Injection

In section 4.2 we introduce prompt-guided cluster-
ing. For each dataset, multiple prompts are tested.
They are generated by adapting the dataset name
and transforming them into a question. Table 8
encompasses all prompts used in our experimental
setup, accompanied by the corresponding evalua-
tion performance metrics, namely Cluster Accuracy
(Acc) and Normalized Mutual Information (NMI)
for the image encoder representation, and the TF-
IDF and SBERT representations. The used model
is BLIP-2. Further, we provide a visual inspection
of the same numbers in Figure 5.

In order to get a better understanding of the com-
parison of embedding structure, and how generated
text relates to that, we provide two examples. In
Figure 6 there is an example of the LSUN dataset
and in Figure 7 there is a corresponding example
of the Sports10 dataset.

C Explainability

In this section, we provide pseudo-code for the
algorithm in section 4.3. As described previously,
it counts the number of keyword occurrences per
cluster. Afterwards, it takes the top two exclusive
keywords.

Algorithm 1 Explainability
Require:

1: X = {X1, X2, ..., Xm} : be the set of keyword lists for each sample,
2: Y = {Y1, Y2, ..., Ym} : be the set of (predicted) cluster labels for each

sample,
3: n : Number of output keywords per cluster.
Ensure: List
4: procedure SIMPLEXAI(X,Y )
5: A, O → [], [] ω Active keywords, and others
6: for i in unique(Y ) do

7: K → count-ordered list of keywords cluster i
8: A[i] → K[0 : n]
9: O[i] → K[n :]
10: end for

11: while
⋂

i A[i] ↑= ↓ do ω Remove duplicates
12: D →

⋂
i A[i]

13: A[i] → A[i] \ D

14: A[i] → A[i] ↔ O[0 : |D|]
15: O[i] → O[2|D| :]
16: end while

17: return A

18: end procedure
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Figure 5: Comparison of all used strategies. Find the questions for prompt-guided clustering in Table 8.

Keywords: meeting,  teacher, 
lecture, meeting room,  office, 
conference room,  classroom

Keywords: student,  seminar,  
audience,  teacher, presentation, 
presenter,  lecture, classroom

VQA: teacher teaching a class,  
meeting room,  a classroom, 
classroom setting

VQA: group of people in a conference room, 
meeting room, this picture was taken inside a 
seminar centered discussion

Figure 6: t-SNE embeddings of BLIP2 for the LSUN dataset. From left to right: Image embedding (Acc: 63.11),
Keyword SBERT embedding (Acc: 71.12) and VQA SBERT embedding (Acc: 81.83 with prompt: “What
environment is shown in the picture?”). The improvement in cluster accuracy corresponds to better separated
clusters in the t-SNE embeddings.
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Dataset Image1 Label1 Image2 Label2

STL10 bird car

CIFAR10 automobile horse

ImageNet10 airship, dirigible soccer ball

Sports10 CarRacing BikeRacing

iNaturalist2021 Birds Insects

LSUN kitchen bridge

Human Action Recognition cycling running

FER2013 anger happiness

Table 7: Examplatory images of the datasets. The images contain different properties, such as image quality or
background noise. Also, the labels vary in their syntax and semantic meaning, e.g. objects vs. movements.
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Image TF-IDF SBERT
Dataset Modality / Question Acc NMI Acc NMI Acc NMI

Sports10 Image 91.31 93.22
Caption 99.38 98.65 99.07 98.47
Keyword 99.08 97.82 96.89 96.87
Which sport is shown in the picture? 84.89 94.57 98.7 98.12
What type of sport is shown in the picture? 84.83 94.46 99.0 98.21
Which game is shown in the picture? 84.0 90.64 95.77 95.58
Which sports contest is shown in the picture? 84.76 93.06 98.64 97.7

iNaturalist2021 Image 44.97 62.7
Caption 34.17 39.07 47.43 61.63
Keyword 42.13 48.25 48.44 59.48
What type of biological object is shown in the picture? 38.01 47.61 47.14 61.21
What is the biological classification of the object in the picture? 35.23 39.66 47.82 60.43
Which biological category is shown in the picture? 42.1 50.3 48.57 62.23
Which species is shown in the picture? 45.57 38.13 45.65 56.55

LSUN Image 62.07 64.47
Caption 76.69 71.05 81.11 74.37
Keyword 76.2 69.28 70.63 70.82
What location is shown in the picture? 47.04 45.12 53.49 49.11
What kind of environment is shown in the picture? 72.63 67.52 81.37 74.6
What room is shown in the picture? 66.4 59.92 71.59 63.54
What scene is shown in the picture? 76.71 70.5 78.15 77.05

HAR Image 52.65 47.06
Caption 50.51 46.09 50.85 46.68
Keyword 51.35 45.47 55.66 50.07
What type of motion is depicted in the picture? 42.68 36.69 49.2 42.54
Which activity is shown in the picture? 50.77 46.04 56.03 49.69
Which action is shown in the picture? 52.75 48.13 58.68 52.86
What is the person doing in the picture? 52.74 47.96 60.93 52.94

FER2013 Image 35.97 21.2
Caption 31.86 6.89 38.21 20.53
Keyword 47.05 27.34 46.44 29.96
What type of countenance is shown in the picture? 30.53 9.64 33.53 17.34
Which emotion is shown in the picture? 46.86 34.25 45.6 36.04
Which facial expression is shown in the picture? 48.93 33.55 52.85 39.0
Which mood is shown in the picture? 46.89 28.66 45.54 31.03

Table 8: Full evaluation table for all prompts. All representations, image and text are based on the BLIP-2 model.
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Keywords: speed racing car,  
track race,  road, crash, driving

Keywords: motorcycle, highway,  
play,  screen,  road game, rider

VQA: motorbike racing, racing
game, riding a motorcycle

VQA: racing, car racing game, driving a car 
down the highway with a beach behind it

Figure 7: t-SNE embeddings of BLIP2 for the Sports10 dataset. From left to right: Image embedding (Acc: 91.31),
Keyword SBERT embedding (Acc: 96.89) and VQA SBERT embedding (Acc: 99.00 with prompt: “What type of
sport is shown in the picture?”). The improvement in cluster accuracy corresponds to better separated clusters in the
t-SNE embeddings.
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Abstract

Traditional image clustering techniques only
find a single grouping within visual data. In
particular, they do not provide a possibility to
explicitly define multiple types of clustering.
This work explores the potential of large vision-
language models to facilitate alternative image
clustering. We propose Text-Guided Alterna-
tive Image Consensus Clustering (TGAICC),
a novel approach that leverages user-specified
interests via prompts to guide the discovery of
diverse clusterings. To achieve this, it generates
a clustering for each prompt, groups them us-
ing hierarchical clustering, and then aggregates
them using consensus clustering. TGAICC out-
performs image- and text-based baselines on
four alternative image clustering benchmark
datasets. Furthermore, using count-based word
statistics, we are able to obtain text-based expla-
nations of the alternative clusterings. In conclu-
sion, our research illustrates how contemporary
large vision-language models can transform ex-
planatory data analysis, enabling the generation
of insightful, customizable, and diverse image
clusterings. 1

1 Introduction

Exploratory data analysis (EDA) is crucial in the
comprehension and analysis of data (Tukey, 1970).
Clustering arises as a cornerstone EDA methodol-
ogy, facilitating the grouping of similar data ob-
jects into coherent groups. A dataset of images, for
example, can be clustered based on semantic simi-
larities between the shown objects. Nevertheless,
within applied contexts, variations in user require-
ments or foci demand distinct clustering formations.
One might, for instance, cluster a dataset of cards
by rank or by suit (see Figure 1). In such circum-
stances, it is advantageous to derive multifaceted
insights into a dataset from diverse perspectives.

1Code available at https://github.com/AndSt/
alternative_image_clustering.

Figure 1: Assume we have an image of a card depicting
a “heart two”. Given two different user queries, the
VQA model gives different responses. Clustering the
generated text based on different prompts results in
alternative clusterings that satisfy different needs. The
colors in the figure represent the ground truths of “rank”
and “suit” for different generated texts.

Current approaches in alternative image clus-
tering either rely on image-based features (Mautz
et al., 2018; Miklautz et al., 2020) or utilize text
through image-text bi-encoders, often with archi-
tectures resembling CLIP (Radford et al., 2021;
Yao et al., 2024). These methods, while power-
ful, neglect the rich insights that can be extracted
by models explicitly trained to retrieve specific as-
pects of information from images using text (e.g.,
visual question answering (VQA) models (Antol
et al., 2015)). Stephan et al. (2024) demonstrate
the effectiveness of using generated text descrip-
tions to improve standard image clustering tasks,
i.e. in scenarios where a single clustering structure
is expected.

We aim to use image-to-text models to obtain
alternative clusterings. By encoding visual content
into text, similarity dimensions beyond the visual
features can be explored, potentially revealing in-
terpretable relationships. We introduce TGAICC
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(Text-Guided Alternative Image Consensus Clus-
tering), a clustering method that uses the output of
multiple image-to-text models to obtain alternative
clusterings. TGAICC incorporates VQA models
to generate multiple textual descriptions of images
and then clusters the images based on the generated
natural language descriptions. We identify similar
clusterings using their mutual information, group
them using hierarchical clustering and aggregate
them using consensus clustering to form refined,
alternative clusterings.

Our experimental setup employs four widely
used alternative image clustering datasets, each
possessing two or three ground truth labelings (e.g.,
playing cards clustered by rank or suit). We com-
pare TGAICC against baselines for alternative clus-
tering using image-only features and baselines that
make use of the generated text. Our experiments
demonstrate the following key findings: methods
clustering the generated text outperform methods
based on image features on these alternative clus-
tering datasets, underscoring the power of textual
representations in capturing diverse aspects of sim-
ilarity. Further, TGAICC, on average, achieves
superior results across the evaluated datasets and
metrics when compared to all other methods, high-
lighting the effectiveness of our framework in lever-
aging image-to-text models to uncover alternative
and insightful clusterings. Lastly, we can better
interpret the clusterings by explaining the content
using word statistics. Our case study on the cards
dataset shows that text provides an opportunity to
obtain an informative overview of the data.

In summary, our research provides the following
contributions:

1. We introduce a prompt-based setup to obtain
alternative image clusterings.

2. We introduce TGAICC, a method that com-
bines ideas from multi-modality, hierarchical
clustering, and consensus clustering to obtain
alternative clusterings.

3. Our experiments on four common alternative
image clustering datasets show that TGAICC
outperforms baseline algorithms.

4. Our methodology enables the ability to gen-
erate textual cluster explanations, offering a
clear overview of the unique content captured
within each alternative clustering.

2 Related Work

This work builds upon image clustering, consensus
clustering, and alternative clustering approaches.
We provide a brief overview of these relevant areas
and describe the necessary background.

2.1 Image Clustering
Research in image clustering has addressed sev-
eral standard issues, and a variety of techniques
have been developed to tackle them. (Ezugwu
et al., 2022) provide a survey on clustering ap-
proaches. Classic approaches like k-means (Lloyd,
1982) have demonstrated effectiveness but often
struggle with complex or high-dimensional image
data. To address these limitations, more recent
work has explored deep clustering methods such as
DEC (Xie et al., 2016) and IDEC (Guo et al., 2017).
In addition to these core techniques, representa-
tion learning and more specifically, self-supervised
learning (Jaiswal et al., 2021) has emerged as a vi-
tal aspect of image clustering (Lehner et al., 2023;
Adaloglou et al., 2023). In Contrastive Clustering
(Li et al., 2021), the authors use one loss contrast-
ing image features and another loss contrasting
clustering features, i.e., the predicted cluster of two
augmentations of the same image. A different ap-
proach is used in Text-Guided Image Clustering
(Stephan et al., 2024). This paradigm leverages
image-to-text models and subsequently cluster text.
The observation that text often outperforms image-
based features motivates this work.

2.2 Consensus Clustering
Variability in clustering results arises from different
clustering algorithms or variations in their initializa-
tions. Given that different clusterings potentially re-
veal different insights (e.g., accurately identifying
a cluster representing "hearts"). Consensus cluster-
ing methods aim to aggregate results from multiple
base clustering algorithms to produce a more ro-
bust and stable final clustering. The problem was
formalized by (Strehl and Ghosh, 2002) and the
authors introduce the Cluster-based Similarity Par-
titioning Algorithm (CSPA), HyperGraph Partition-
ing Algorithm (HGPA), and the Meta-CLustering
Algorithm (MCLA). All three methods employ sim-
ilarity functions, e.g. Normalized Mutual Informa-
tion (NMI), to construct a similarity graph and use
graph theory to obtain a consensus clustering. In
(Li and Ding, 2008), non-negative matrix factoriza-
tion (NMF) is used to obtain a consensus clustering.
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The Hybrid Bipartite Graph Formulation (HBGF)
(Fern and Brodley, 2004) employs a bipartite graph
representation. In (Miklautz et al., 2022), the au-
thors introduce DECCS, a deep learning-based con-
sensus method, which learns a representation on
which heterogeneous clustering algorithms share a
consensus on the obtained clusterings.

2.3 Alternative Clustering
Clustering methods usually focus on finding a sin-
gle optimal clustering solution. Motivated by the
fact that there may be multiple meaningful ways to
group data points, alternative clustering approaches
aim to uncover multiple, diverse clustering struc-
tures within the same data (Yu et al., 2024; Müller
et al., 2012).

Cui et al. (2007) first apply a traditional cluster-
ing algorithm and then transform the dataset into a
feature space orthogonal to the current clustering.
Two strategies are proposed: orthogonal cluster-
ing (orth1) and clustering in orthogonal subspaces
(orth2). In contrast, Non-redundant K-means (Nr-
Kmeans) (Mautz et al., 2018) simultaneously iden-
tifies multiple clusterings within a dataset by itera-
tively rotating the feature space and assigning fea-
tures to specific clusterings. ENRC (Miklautz et al.,
2020) is a deep non-redundant clustering method
that learns multiple clusterings from a dataset by
(soft-)assigning each dimension of the embedded
space to a clustering. In (Kwon et al., 2024), the
authors provide initial text criteria, e.g., suits and
ranks, and use image-to-text models to extract infor-
mation, and then GPT-4 to obtain cluster names and
classify images into clusters. Thus, this approach
is expensive. In concurrent work, (Yao et al., 2024)
use GPT-4 to generate cluster name candidates and
contrastively fine-tune CLIP (Radford et al., 2021).

2.4 Image-To-Text Models
Recently, the development of multimodal models
has seen rapid advancement. Image-to-text models,
in particular, learn to associate visual content with
corresponding textual descriptions, which is useful
for, e.g., visual question-answering (VQA) (Yin
et al., 2023; Antol et al., 2015).

Flamingo (Alayrac et al., 2022) allows interleav-
ing images and text by using Perceiver Resamplers
on top of pre-trained models. BLIP and BLIP2 (Li
et al., 2022, 2023a) employ a frozen image encoder
along with a frozen LLM to generate text. LLaVA
and LLaVA-NeXT(Liu et al., 2023b,a) convert im-
age patches into token embeddings using a fixed

Vision Transformer encoder followed by a trained
MLP. These tokens then become the input for the
LLM, enhancing the descriptive results.

In this work, we use LLaVA to extract relevant
information from images. More specifically, we
frame the image-to-text generation as a VQA task:
we prompt LLaVA with an image and correspond-
ing questions about it to generate natural language
descriptions of the image.

3 TGAICC

We use image-to-text models, specifically models
that are able to describe specific aspects of infor-
mation from images in order to obtain different
clusterings. Thus, we design prompts to perform
VQA. It is well known (Bach et al., 2022; Sclar
et al., 2024) that responses to seemingly semanti-
cally equal prompts might vary heavily. Thus, we
use multiple formulations of each prompt and ag-
gregate their clusterings afterward. Figure 2 gives
an overview of the process.

Setup. The input to TGAICC is a dataset of
k datapoints, t initial prompts, and, as common
in the alternative-clustering literature, the num-
ber of clusters in the ground truth clusterings
{z1, . . . , zt}, zi → N. E.g., {2, 4} means the al-
gorithm should return one clustering with 2 and
one clustering with 4 clusters. Note that the differ-
ence between the traditional alternative clustering
setup and ours is that we assume additional initial
prompts. The output is comprised of t clusterings
where the k data points are grouped into z1, . . . , zt
clusters.

3.1 Initialization

The initialization encompasses step 1 to step 4 in
Figure 2 and returns a set of clusterings.

Prompt Design In Step 1, we write a query and
ask GPT-4 (OpenAI et al., 2024) to automatically
generate additional questions. The specific prompt
is ’Generate three diverse paraphrases for the fol-
lowing question: {initial question}’. Further, we
generate a variation of each prompt by appending
the directive "Write concisely.", aiming to reduce
the verbosity of the responses. The output is de-
picted in Step 2. This is based on the observation
that image clusters are often described by succinct
short descriptors, e.g., the datasets in our experi-
ments or ImageNet-based (Deng et al., 2009) clus-
tering datasets. Thus, these prompts align with our
knowledge about the clustering tasks.
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Figure 2: An overview of our methodology. In 1) a user provides text, indicating his interest in the data. In 2) a
LLM generates a set of prompts tailored to extract specific information from images, and in 3) VQA is performed
for each prompt on each data sample. In 4) the texts generated per prompt are clustered (colors resemble ground
truth “rank” and “suit”). In 5) a hierarchy of similar clusterings is built. Based on a threshold (dotted line), multiple
groups of clusterings (green and orange) are identified and in 6) aggregated to obtain the final alternative clusterings.

Initial Clustering In Step 3, we perform VQA
for each pair of images and prompts, generating
responses relevant to the visual content. Next, in
Step 4, we create text representations using both
traditional TF-IDF (Sparck Jones, 1988) and an
advanced sentence embedding model, namely gte-
large (Li et al., 2023b). Finally, we apply k-means
to these text representations and obtain a clustering
for each prompt and each representation.

3.2 Grouping
The input to the grouping stage are n pairs of
prompt and corresponding clustering (pi,ωi), i →
[n] and the number of ground truth clustering sizes
{z1, . . . , zt}, zi → N, e.g. {2, 4}. The goal is to
obtain groups of clusterings to later find consen-
sus between the individual clusterings explaining
the data from a similar perspective. This is dis-
played in Step 5 of Figure 2. Specifically, we aim
to connect semantically similar clusterings and de-
tect potential outlier clusterings, which are caused
by prompts leading to unexpected or inconsistent
VQA outcomes and are not useful for our final clus-
tering. Find examples of generated text in Table
6.

Therefore, we compute the similarity of two clus-
terings using Adjusted Mutual Information (AMI)

(Vinh et al., 2010). We choose AMI as it is a stan-
dard clustering metric based on information theory.
Then, we use a spanning-tree-based hierarchical
clustering (Müllner, 2011) algorithm2 to system-
atically group similar prompts, facilitating a struc-
tured analysis of clustering behavior (see Step 5
of Figure 2). The basic idea is that for a threshold
ε → (0, 1), two clusterings A,B are connected if
their distance is less than ε , i.e. AMI(A,B) < ε .
Here, we use two strategies, which we call “min”
and “max”. For “min”, we find a minimum thresh-
old such that the resulting number of groups is
equal to the number of expected groupings t. For
“max”, we find a maximum threshold such that this
constraint is fulfilled. We use the trivial solution to
iterate over all thresholds in ε → (0, 1) in steps of
0.02 as the runtime is negligible.

3.3 Aggregation

In the end, we synthesize each group of cluster-
ings. Given that we aggregate potentially very dif-
ferent clusterings, it is beneficial to use different
aggregation schemes. Therefore, we apply multi-

2Algorithm is readily available in the Scipy library (Vir-
tanen et al., 2020): https://docs.scipy.org/doc/scipy/
reference/generated/scipy.cluster.hierarchy.
fcluster.html

180

8. Text-Guided Alternative Image Clustering

90



ple consensus clustering algorithms for each group
and choose the instance with the lowest cluster-
ing loss. Specifically, we employ MCLA, HBGF,
CSPA, and NMF (Strehl and Ghosh, 2002; Li and
Ding, 2008) to aggregate the clusterings within the
groups3. Thereby, we aim to use consensus cluster-
ing to combine the strength of multiple clusterings.
In our ablation analysis we also test the simple so-
lution where we concatenate the generated text of
the prompts in each clustering group and perform
k-means on the concatenated string.

4 Experiments

In this section, we introduce the experimental setup.
Afterwards, we discuss the main results obtained,
highlighting the performance of TGAICC and text-
based methods. Additionally, we provide an ab-
lation study, systematically analyzing the impact
of various components and prompts on the overall
performance. Finally, we perform a simple cluster
explainability method to get a textual overview of
the data.

Dataset #samples #clusters Size
Fruits-360 4856 4; 4 100x100
Cards 8029 3; 4 224x224
GTSRB 6720 4; 2 15x15 to 250x250
NR-Objects 10000 6; 2; 3 100x100

Table 1: Overview of statistics of the dataset. The third
column contains the number of clusters in the ground
truth clusterings.

4.1 Experimental Setup
In this section, we outline the key components of
our experimental setup, including the evaluation
metrics, data representations, and models used. All
experiments were run on a single A100 GPU. VQA
took approximately 24 hours, and TGAICC experi-
ments took about the same amount of time. Embed-
ding text and running consensus clustering are the
most time-consuming elements. Each algorithm
is executed 10 times with different random states,
and we report the average performance across these
runs.

4.1.1 Metrics
We employ two widely used metrics to assess the
performance of our clustering models. The Ad-
justed Rand Index (ARI) (Rand, 1971) measures

3We used the library Cluster Ensembles: https://
github.com/GGiecold-zz/Cluster_Ensembles

the similarity between the predicted cluster assign-
ments and the ground truth labels, adjusting for
chance agreement. The Adjusted Mutual Informa-
tion (AMI) (Vinh et al., 2010) quantifies the shared
information between the predicted clusters and the
true labels. We multiply by 100 to increase read-
ability.

4.1.2 Representations

We utilize image- and text-based representations to
capture different aspects of the data.

Image Embeddings: We utilize the LLaVA-
NeXT model (Liu et al., 2023a), which incorpo-
rates the image encoder of a frozen CLIP model.
This allows us to directly use the image embed-
dings learned during the contrastive pre-training
of CLIP (Radford et al., 2021) for our clustering
tasks.

Statistical text embeddings: We employ Term
Frequency-Inverse Document Frequency (TF-IDF)
embeddings, a standard word frequency-based tech-
nique for representing documents.

Neural text embeddings: To better capture se-
mantic relationships, we employ the “gte-large”4

model (Li et al., 2023b), a state-of-the-art sentence
encoder.

4.1.3 Datasets

In the following, we briefly describe the used
datasets. Table 1 summarizes the relevant statistics
for all datasets. More details about datasets and
corresponding prompts are given in Appendix A.
Cards5 This dataset is primarily used for classi-
fication tasks but contains attributes suitable for
clustering based on the suit and rank of the cards.
Fruits-360 (Mures, an and Oltean, 2018) The
dataset is composed of images that can be clus-
tered by fruit type (citrus, berries, etc.) and color.
NR-Objects (Miklautz et al., 2020) The dataset
contains images of objects (e.g., cubes), which can
be clustered by shape, material, or color.
German Traffic Sign Recognition (GTSRB)
(Houben et al., 2013) This dataset contains traf-
fic signs and can be clustered by color and traffic
sign type.

4Model is available on Hugging Face (https://
huggingface.co/thenlper/gte-large, and is used via the
Sentence-BERT (SBERT) library (Reimers and Gurevych,
2019)

5https://www.kaggle.com/datasets/gpiosenka/
cards-imagedatasetclassification
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Image TF-IDF SBERT TGAICC
Dataset Type k-means orth-1 orth-2 Nr-Kmeans ENRC Avg. Prompt Concatenate Avg. Prompt Concatenate

Fruits-360
fruit ARI 27.40 31.50 30.80 35.40 26.00 14.80 20.10 15.10 17.20 18.60

AMI 41.30 42.10 42.90 50.60 36.70 24.80 32.20 25.00 28.60 26.90

colour ARI 33.20 35.40 33.50 40.90 39.70 40.00 54.60 47.40 51.60 54.70
AMI 47.30 53.30 51.70 55.50 54.90 50.70 65.50 56.90 60.80 64.80

GTSRB
type ARI 41.70 46.80 46.80 22.70 38.20 45.10 61.00 49.70 57.50 58.00

AMI 51.50 55.50 55.50 38.60 72.50 52.40 67.90 55.50 63.20 64.60

colour ARI 23.00 0.10 0.10 49.00 55.90 79.20 87.40 88.50 90.00 88.00
AMI 33.40 0.10 0.10 43.30 28.30 73.70 82.30 82.70 84.50 83.00

Cards
rank ARI 30.10 29.70 26.70 35.70 33.10 24.30 24.70 33.00 50.70 34.70

AMI 47.80 47.60 41.70 55.20 52.40 41.30 41.60 50.00 68.40 50.20

suit ARI 25.90 1.10 3.80 10.60 14.30 19.70 29.60 25.90 28.30 29.70
AMI 34.40 1.20 8.20 16.60 19.80 27.40 37.10 33.60 35.40 38.30

NR-Objects

shape ARI 95.30 94.40 94.40 76.00 72.70 65.70 94.50 75.90 95.00 100.00
AMI 96.20 95.10 95.10 82.20 82.70 71.30 96.50 79.40 95.80 100.00

material ARI 0.00 26.70 30.60 30.70 31.60 9.20 1.60 14.80 0.00 9.00
AMI 0.00 25.90 38.80 32.70 39.40 10.10 1.80 15.00 0.00 17.10

colour ARI 9.70 87.00 75.10 50.40 45.70 66.80 91.10 81.20 83.70 97.80
AMI 21.70 93.00 79.00 65.70 66.00 81.20 95.30 88.30 91.40 97.90

Avg. ARI 31.81 39.19 37.98 39.04 39.69 40.53 51.62 47.94 52.67 54.50
AMI 41.51 45.98 45.89 48.93 50.30 48.10 57.80 54.04 58.68 60.31

Table 2: Main results table. Best results are in bold, second best results are underlinded.

4.1.4 Baselines
We use multiple image-based alternative cluster-
ing baselines and baselines using the generated
text. It is important to note that the generated text
uses additional information in the form of prompts
provided by a user. While this implies that there
is no exact comparison between image- and text-
based methods, it is also worth noting that it is
not possible to incorporate such information into
image-based methods trivially. The code is imple-
mented using the ClustPy6 library (Leiber et al.,
2023). Additional details are given in Appendix B.

Orth (Cui et al., 2007) iteratively identifies sev-
eral clusterings by first clustering using PCA (keep-
ing 90% of the variance) in combination with k-
means and then creating a new orthogonal feature
space. There are two strategies for orthogonaliza-
tion: orthogonal clustering (orth-1) and clustering
in orthogonal subspaces (orth-2).

Nr-Kmeans (Mautz et al., 2018) simultaneously
optimizes several clusterings by assigning each
clustering result a separate subspace in which k-
means is executed.

ENRC (Miklautz et al., 2020) is a deep cluster-
ing method that assigns multiple clusterings to a
dataset by (soft-)assigning each dimension of the
embeddings space to a clustering.

Avg. Prompt. We measure the performance
of clustering each text generated per prompt and
subsequentially report the average performance.

Concat. by Category. We manually group all
6https://github.com/collinleiber/ClustPy

TF-IDF SBERT
concatenation consensus concatenation consensus
min max min max min max min max

Fruits-360
fruit ARI 20.80 24.60 17.40 19.50 19.60 17.20 15.80 18.60

AMI 36.60 39.10 29.00 32.90 33.00 30.90 23.20 26.90

colour ARI 51.80 52.20 51.10 51.90 58.60 57.20 54.30 54.70
AMI 61.70 62.20 60.70 61.40 71.50 66.40 64.90 64.80

GTSRB
type ARI 52.70 73.20 49.70 54.10 50.80 58.00 51.60 58.00

AMI 60.80 75.40 56.60 60.40 57.80 64.10 60.00 64.60

colour ARI 74.70 74.00 87.10 87.30 73.10 70.20 88.90 88.00
AMI 70.70 70.10 81.60 81.80 70.20 68.60 83.20 83.00

Cards
rank ARI 28.60 28.00 27.00 26.90 40.30 56.00 36.30 34.70

AMI 48.30 47.00 47.60 46.20 58.50 72.20 51.30 50.20

suit ARI 19.40 20.10 21.60 21.10 19.60 19.90 22.40 29.70
AMI 29.30 28.90 23.60 23.70 30.50 27.30 27.40 38.30

NR-Objects

shape ARI 98.70 98.90 99.30 99.30 100.00 100.00 100.00 100.00
AMI 97.60 97.90 98.90 98.70 100.00 100.00 100.00 100.00

material ARI 23.10 22.40 0.10 1.00 0.00 0.00 9.00 9.00
AMI 22.70 22.20 0.10 1.80 0.00 0.00 17.10 17.10

colour ARI 33.30 33.30 80.00 84.10 43.60 43.60 97.80 97.80
AMI 65.20 65.20 87.50 90.10 66.60 66.60 97.90 97.90

Avg. ARI 44.79 47.41 48.14 49.47 45.07 46.90 52.90 54.50
AMI 54.77 56.44 53.96 55.22 54.23 55.12 58.33 60.31

Table 3: An ablation analysis of TGAICC, where “min”
and “max” refer to the thresholding strategy, and con-
catenation and consensus to the aggregation scheme.
Consensus-max resembles TGAICC. The best results
are in bold, and the second best results are underlined.

prompts together that belong to the same cluster-
ing type (e.g., “rank” or “suit”), concatenate all
generated text, and cluster it using k-means.

4.2 Main Experiments
The results of our main experiments are shown in
Table 2. They reveal that, on average, text-based
methods, including TGAICC, outperform image-
based methods. Further, we observe that TGAICC,
on average, demonstrates superiority over average
prompting and concatenation baselines. In addition,
we can see that clustering by material in the NR-
Objects dataset does not work in the text domain.
See Table 6 for VQA examples. The main take-
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TF-IDF SBERT
Prompt ARI AMI ARI AMI

suit

Can you tell me the suit of the playing card shown in the picture? 25.42 31.25 25.42 31.25
What suit does the playing card in the image belong to? 25.59 33.53 25.59 33.53
Could you identify the suit of the playing card depicted in the photo? 29.29 33.64 29.29 33.64
Can you tell me the suit of the playing card shown in the picture? Answer concisely. 24.25 37.32 24.25 37.32
What suit does the playing card in the image belong to? Answer concisely. 28.97 36.35 28.97 36.35
Could you identify the suit of the playing card depicted in the photo? Answer concisely. 21.85 29.71 21.85 29.71

rank

Can you tell me the rank of the card shown in the picture? 26.76 43.33 26.76 43.33
What is the numerical or face value of the card displayed in the image? 32.06 47.36 32.06 47.36
What level or position does the card in the photo hold? 31.52 47.28 31.52 47.28
Can you tell me the rank of the card shown in the picture? Answer concisely. 37.48 55.42 37.48 55.42
What is the numerical or face value of the card displayed in the image? Answer concisely. 38.79 56.09 38.79 56.09
What level or position does the card in the photo hold? Answer concisely. 31.15 50.44 31.15 50.44

Table 4: Ablation study comparing the clustering performance of individual prompts. Here we show a case study
based on the Cards dataset. The best results are in bold, and the second-best results are underlined.

away is that, in many cases, the VQA model pro-
vides too much information, even information that
should be used for a different clustering, e.g., color
or shape. This highlights a core limitation of our
methodology. If the text generation does not work
sufficiently well, the subsequent clustering can not
work. Nevertheless, TGAICC is model-agnostic
and can be used with any VQA image-to-text sys-
tem. In this way, it can use future advancements in
VQA models.

4.3 Aggregation ablation

In this ablation study, we investigate the aggrega-
tion components of TGAICC. More specifically,
we investigate the impact of the thresholding and
aggregation strategies on clustering performance.

Setup. We ablate the “min” and “max” thresh-
olding strategies, which find the minimum and
maximum threshold such that the number of clus-
tering groups corresponds to the expected num-
ber of alternative clusterings. We experiment
with the consensus-clustering-based aggregation
scheme used in TGAICC and compare it to the sim-
ple “concatenation” baseline, which concatenates
the text of the corresponding clustering groups. Re-
sults are shown in Table 3. Note that TGAICC is
consensus-max.

Results. Our analysis reveals that consensus
clustering outperforms concatenation-based selec-
tion. Furthermore, SBERT-based clustering outper-
forms TF-IDF-based clustering. We observe that
the performance of the ’min’ and the ’max’ strate-
gies are very similar, indicating the stability of the
method w.r.t. the thresholding strategy.

Suit Rank
Truth Top Words Truth Top Words

heart heart ace ace
diamond diamond king king

club club queen queen
spade spade jack jack

5 heart
9 spade
3 rank
4 club
6 diamond
10 10
2 twos
8 8
7 7

Table 5: This table shows how we are able to explain
the datasets by listing the top most used words of the
two final clusterings. For each top word, we show the
ideal ground truth cluster name assignment.

4.4 Individual prompt analysis

TGAICC is based on the aggregation of multiple
clusterings, which in turn are based on generated
texts using different VQA prompts. As known from
other tasks (Sclar et al., 2024), different prompts
potentially result in high-performance variance.

Setup. In Table 4 we analyze the clustering
performance per prompt on the case study of the
Cards dataset. Note that again, we execute k-means
10 times and present the average results.

Results. In the case study, the addition of the
prompt “Answer concisely” mostly yields similar
clustering results to the original version, with a
slight performance advantage when the “Answer
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Material Image Question Generated Text

Rubber What substance is the item in the picture made
of? Answer concisely.

Plastic

What substance is the item in the picture made
of?

The item in the picture appears to be a sphere made of
a smooth, shiny material that could be plastic, metal, or
a similar synthetic material. It’s difficult to determine
the exact material without more information or a closer
inspection.

Metal What substance is the item in the picture made
of? Answer concisely.

The item in the picture is made of metal.

Can you identify the material used in the ob-
ject shown in the image? Answer concisely.

The object in the image appears to be made of a shiny,
reflective material, possibly metal or a metal-like mate-
rial.

What is the composition of the object depicted
in the photo? Answer concisely.

The object in the photo is a 3D rendering of a red cube.

Table 6: Some VQA examples on the NR-Objects dataset. While all answers are reasonable, they often provide too
much information, such as information about the shape, or make statements about the ambiguity of the underlying
material.

concisely” prompt is included. Furthermore, we
note a significant variation in clustering perfor-
mance across different prompts.

4.5 Explainability

Our cluster explainability aims to provide insights
into the different clustering possibilities. This un-
derstanding is essential for interpreting and vali-
dating clustering outcomes. We use a simple word
frequency-based algorithm to explain the data.

Setup. For a specific final clustering of
TGAICC, we concatenate all generated texts be-
longing to the prompts used to obtain this cluster-
ing. The resulting text is changed to lowercase and
made singular. Finally, to explain a final cluster-
ing, we determine the z most frequently occurring
words, where z is the number of clusters of the
respective clustering. For instance, for the suit clus-
tering z = 4. Table 5 shows the resulting words
for the Cards dataset. We reorder the ground truth
cluster names suitably.

Analysis. Notably, the explainability method
effectively identifies the “suits” cluster names, pro-
viding a comprehensive description of this cluster-
ing type, even though clustering performance has
an AMI of less than 40%. Additionally, the fre-
quency analysis exposed many of the card types in
the dataset. However, suit names are also assigned
as cluster names for the expected card ranking clus-
ters (e.g., “heart” as the top word of the “5” cluster).
Figure 6 presents concrete examples demonstrating
that VQA models often provide additional informa-
tion, such as suit, thereby explaining the inclusion
of suits as rank names.

5 Discussion
5.1 Text-driven data interaction
Textual data, as a fundamental form of human com-
munication, offers a natural and intuitive interface
for interacting with complex datasets. Our method
capitalizes on this inherent connection by utilizing
textual prompts for VQA models to guide alter-
native clusterings. This approach aligns with real-
world scenarios where users possess domain knowl-
edge and seek answers to specific questions. We
envision a future where users can explore datasets
from diverse perspectives and test emerging hy-
potheses interactively using text. This research
contributes towards this vision.

5.2 Domain Expertise
Our approach incorporates domain expertise, rec-
ognizing that users often either have specific ques-
tions or some knowledge about their data. This
stands in contrast to the traditional clustering setup,
which typically operates without user input. By
leveraging domain knowledge, our approach aligns
with real-world scenarios and allows for more tar-
geted and insightful data exploration.

6 Conclusion
In conclusion, this research introduces TGAICC
(Text-Guided Alternative Image Consensus Cluster-
ing), a novel approach that leverages prompting to
inject domain knowledge and human intuition into
the clustering process. The experiments on four
common alternative image clustering benchmarks
demonstrate that TGAICC outperforms competi-
tive image- and text-based baselines. Furthermore,
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the inherent explainability of text enables a deeper
understanding of the underlying data cluster forma-
tions.

By utilizing textual prompts, we can explicitly
guide the clustering process from various angles si-
multaneously, aligning with human intuition. This
approach offers a more comprehensive and flexible
way to analyze visual data, revealing insights that
might be missed by traditional clustering methods.
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Eric W. Moore, Jake VanderPlas, Denis Laxalde,
Josef Perktold, Robert Cimrman, Ian Henriksen, E. A.
Quintero, Charles R. Harris, Anne M. Archibald, An-
tônio H. Ribeiro, Fabian Pedregosa, Paul van Mul-
bregt, and SciPy 1.0 Contributors. 2020. SciPy 1.0:
Fundamental Algorithms for Scientific Computing in
Python. Nature Methods, 17:261–272.

Junyuan Xie, Ross B. Girshick, and Ali Farhadi. 2016.
Unsupervised deep embedding for clustering analysis.
In Proceedings of the 33nd International Conference
on Machine Learning, ICML 2016, New York City,
NY, USA, June 19-24, 2016, volume 48 of JMLR
Workshop and Conference Proceedings, pages 478–
487. JMLR.org.

Jiawei Yao, Qi Qian, and Juhua Hu. 2024. Multi-modal
proxy learning towards personalized visual multiple
clustering. arXiv preprint arXiv:2404.15655.

Shukang Yin, Chaoyou Fu, Sirui Zhao, Ke Li, Xing
Sun, Tong Xu, and Enhong Chen. 2023. A survey on
multimodal large language models. arXiv preprint
arXiv:2306.13549.

Guoxian Yu, Liangrui Ren, Jun Wang, Carlotta Domeni-
coni, and Xiangliang Zhang. 2024. Multiple cluster-
ings: Recent advances and perspectives. Computer
Science Review, 52:100621.

A Datasets

In addition to the dataset description presented in
Section 4.1, we provide the following supplemen-
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tary materials to enhance the reader’s understand-
ing. Table 7 shows examples of images from each
dataset. Furthermore, Table 7 provides all prompts
generated by GPT-4, paired with their correspond-
ing ground truth cluster names for each clustering
type. Together, they give a good insight into the
datasets and a textual interaction with them.

B Baselines

In the following, additional details for the baselines
are given. We employ all of the following ones
on the image embedding of the CLIP encoder of
LLaVA-NeXT:

K-means. For all k-means runs, we utilize the k-
means++ initialization strategy and set the number
of initializations to 1. The code was implemented
using scikit-learn (Pedregosa et al., 2011).

Nr-Kmeans. We set a limit of 300 maximum
iterations.

Orth 1/2. We set the explained variance param-
eter to 90%.

ENRC. We try the learning rates lr =
0.001, 0.0001, use NR-Kmeans as initialization, a
batch size of 128, and optimize for 200 epochs.
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Dataset Type Cluster Names Prompts

Fruits-360 fruit apple, banana, cherry, grape What kind of produce is shown in the picture?
Can you identify the type of produce depicted in the image?
What category of produce does the image represent?
What kind of produce is shown in the picture? Answer concisely.
Can you identify the type of produce depicted in the image? Answer concisely.
What category of produce does the image represent? Answer concisely.

colour burgundy, green, red, yellow Can you tell me the color of the fruits and vegetables shown in the picture?
What color is the produce displayed in the photo?
What hue are the items in the picture?
Can you tell me the color of the fruits and vegetables shown in the picture? Answer concisely.
What color is the produce displayed in the photo? Answer concisely.
What hue are the items in the picture? Answer concisely.

GTSRB type 70_limit, dont_overtake, go_right, go_straight What kind of traffic sign is shown in the picture?
Can you identify the category of the traffic sign displayed in the image?
What class of traffic sign is depicted in the photo?
What kind of traffic sign is shown in the picture? Answer concisely.
Can you identify the category of the traffic sign displayed in the image? Answer concisely.
What class of traffic sign is depicted in the photo? Answer concisely.

colour blue, red What color is the traffic sign shown in the picture?
Can you tell me the color of the traffic sign depicted in the image?
What hue is the traffic sign in the photograph?
What color is the traffic sign shown in the picture? Answer concisely.
Can you tell me the color of the traffic sign depicted in the image? Answer concisely.
What hue is the traffic sign in the photograph? Answer concisely.

NR-Objects shape cube, cylinder, sphere Can you identify the form of the object shown in the picture?
What form does the object in the picture take?
Could you tell me the configuration of the object depicted in the image?
Can you identify the form of the object shown in the picture? Answer concisely.
What form does the object in the picture take? Answer concisely.
Could you tell me the configuration of the object depicted in the image? Answer concisely.

material metal, rubber What substance is the item in the picture made of?
Can you identify the material used in the object shown in the image?
What is the composition of the object depicted in the photo?
What substance is the item in the picture made of? Answer concisely.
Can you identify the material used in the object shown in the image? Answer concisely.
What is the composition of the object depicted in the photo? Answer concisely.

colour blue, gray, green, purple, red, yellow What color is the item shown in the picture?
Can you tell me the color of the object depicted in the image?
What hue does the object in the photo have?
What color is the item shown in the picture? Answer concisely.
Can you tell me the color of the object depicted in the image? Answer concisely.
What hue does the object in the photo have? Answer concisely.

Cards rank ace, eight, five, four, jack, king, nine, queen, seven, six, ten, three, two Can you tell me the rank of the card shown in the picture?
What is the numerical or face value of the card displayed in the image?
What level or position does the card in the photo hold?
Can you tell me the rank of the card shown in the picture? Answer concisely.
What is the numerical or face value of the card displayed in the image? Answer concisely.
What level or position does the card in the photo hold? Answer concisely.

suit clubs, diamonds, hearts, spades Can you tell me the suit of the playing card shown in the picture?
What suit does the playing card in the image belong to?
Could you identify the suit of the playing card depicted in the photo?
Can you tell me the suit of the playing card shown in the picture? Answer concisely.
What suit does the playing card in the image belong to? Answer concisely.
Could you identify the suit of the playing card depicted in the photo? Answer concisely.

Table 7: Overview of the datasets, the names of their ground truth clusterings, and all generated prompts.
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dataset Image 1 Image 2 Image 3

Fruits-360

GTSRB

NR-Objects

Cards

Table 8: A few example images for each dataset.
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Abstract
To reduce the need for human annotations,
large language models (LLMs) have been pro-
posed as judges of the quality of other candi-
date models. The performance of LLM judges
is typically evaluated by measuring the correla-
tion with human judgments on generative tasks
such as summarization or machine translation.
In contrast, we study LLM judges on mathe-
matical reasoning tasks. These tasks require
multi-step reasoning, and the correctness of
their solutions is verifiable, enabling a more ob-
jective evaluation. We perform a detailed per-
formance analysis and find that easy samples
are easy to judge, and difficult samples are dif-
ficult to judge. Our analysis uncovers a strong
correlation between judgment performance and
the candidate model task performance, indi-
cating that judges tend to favor higher-quality
models even if their answer is incorrect. As
a consequence, we test whether we can pre-
dict the behavior of LLM judges using simple
features such as part-of-speech tags and find
that we can correctly predict 70%-75% of judg-
ments. We conclude this study by analyzing
practical use cases, showing that LLM judges
consistently detect the on-average better model
but largely fail if we use them to improve task
performance. 1

1 Introduction
The automatic evaluation of machine learning mod-
els promises to reduce the need for human annota-
tions. Specifically, the LLM-as-a-judge paradigm
(Zheng et al., 2023) has gained traction, aiming to
assess or compare the quality of generated texts
automatically. This approach is beneficial for
automated data labeling (Tan et al., 2024), self-
improvement of LLMs (Wu et al., 2024), and rank-
ing the capabilities of LLMs, potentially concern-
ing specific tasks (Zheng et al., 2023). Much like
judges in the real world, who are expected to be ex-
act, fair, and unbiased (Bangalore Principles, 2002),

1Code will be made available upon acceptance.

Let x be the original land he had. 3/5x = 12.8, x = 12.8 / 3/5 =
<<12.8/3/5=20.8>>20.8.### 20.8.

Mr. Ruther sold 3/5 of his land and had 12.8 hectares left. How much
land did he have at first?

Question

Mr. Ruther was left with 1 - 3/5 = <<1-3/5=0.4>>0.4 or 2/5 of his
landhis land which is equal to 12.8 hectares. So...###32.

Answer A is correct. In Answer B, the equation is set up incorrectly.
If 12.8 hectares is the amount of land left after selling 3/5 of the
land, then 12.8 hectares represents 2/5 of... {"answer":"A"}

LLM A

LLM B

Judge LLM

CoT text Final answer

Figure 1: In our problem setup two LLMs (A and B),
provide candidate answers for a math problem, and a
judge LLM has to decide which one is correct. All three
use chain-of-thought (CoT) reasoning (Wei et al., 2022).

LLM judges, should be unbiased and logical. Previ-
ous works investigate properties and biases of LLM
judges on generative tasks such as translation or
summarization (Kim et al., 2024b; Liu et al., 2024),
typically evaluated using correlation with human
annotators, and thus being inherently subjective.

In this work, we investigate LLM judges on
mathematical reasoning datasets. Such tasks re-
quire complex multi-step reasoning and judgments
can be analyzed through the lense of verifiable so-
lutions, allowing us to investigate the relationship
between judge and candidate models in a princi-
pled manner. In our setup, LLM Judges are given
two answers and they have to classify whether both
answers, one of them (which one), or none is cor-
rect (see Figure 1. We base our analysis on four
large (> 27B parameters) LLMs and four small
(< 10B parameters) LLMs on three mathematical
reasoning datasets.

Our experiments contain a detailed performance
examination. We find that the best tested judge is
LLama 3.1 70B, reaching 60% to 90% judgment
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performance, depending on the dataset. Our results
confirm the intuition that judgment performance is
aligned with task difficulty.

We perform a statistical analysis of judgment
performance and model quality. We find that the in-
dividual task performances of judge and candidate
models are highly indicative features of judgment
performance, as they explain most of the variance
in a linear model (as measured by R

2). On the
subset of questions where the candidate models
give one correct and one incorrect answer, we un-
cover an intriguing correlation between judge per-
formance and candidate models’ task performance,
indicating that LLM judges tend to select incorrect
answers from better models.

We hypothesize that judges partially base their
judgment on linguistic cues rather than solely on
the reasoning withinin the answers. We follow lit-
erature analysing machine-generated text (Shaib
et al., 2024) and find that 70%-75% of the judg-
ments can be predicted using simple linguistic fea-
tures, highlighting the systematicity behind the
judge decisions.

Lastly, we analyze practical use cases and dis-
cuss usage recommendations. Our experiments
suggest that LLM judges reliably detect the model
of higher task performance but can not reliably im-
prove task performance. Rather, we find that it is
more sensible to use the judge model as an answer
generator, and subsequently take the majority vote
of all three answers.

In summary, our contributions are as follows:

1. We perform an in-depth performance analysis
of LLM judges on three diverse mathematical
reasoning tasks.

2. We identify a correlation between model qual-
ity, as measured by task performance, and
judgment performance, indicating that LLM
judges are biased towards higher-quality mod-
els.

3. We are able to predict the LLM judgment with
70%-75 accuracy using only stylistic patterns,
e.g. N-grams of POS-tags. This indicates that
LLMs, to a large degree, judge independently
of the reasoning.

4. We find that judges reliably detect the model
of higher quality but are not able to reliably
improve task performance.

2 Related Work

2.1 LLM as Judges
Using LLMs as judges to evaluate text generated
by LLMs, including their own outputs, has recently
attracted significant interest because it reduces the
need for human annotation (Zheng et al., 2023).
Typically, large state-of-the-art models are used as
judges. Applications include the automatic assess-
ment of language model capabilities and, such as
ranking models with respect to their competence
on a given task (Zheng et al., 2023), and reinforce-
ment learning from AI feedback by automatically
generating data for preference optimization (Bai
et al., 2022; Wu et al., 2024).

Various methods exist to make judgments
(Zheng et al., 2023; Liusie et al., 2024). One ap-
proach is pairwise selection (Wang et al., 2024b),
where two answers are presented, and the model is
asked to select the better one. Another approach
is pointwise grading (Li et al., 2024), where the
model is asked to assign a grade based on a pre-
defined scale, and the answer with a better grade
is chosen. Judgment prompts may involve refer-
ence solutions or not. Another body of research
explicitly trains models to act as judges (Kim et al.,
2024a; Wang et al., 2024b) or closely related, as
reward models (Wang et al., 2024c; Li et al., 2024).

The effectiveness of LLMs as judges is typically
assessed by measuring the correlation or overlap
with human judgments (Zheng et al., 2023; Kim
et al., 2024b). In contrast, we focus on tasks with
a concrete final answer. Finally, we want to stress
that several works caution against the use of LLM
judges as experts (Bavaresco et al., 2024; Koo et al.,
2023; Raina et al., 2024; Doddapaneni et al., 2024).

2.2 Biases in LLM-as-a-judge
Human-annotated data inherently reflects the an-
notators’ biases and opinions. These biases can be
detrimental or (intentionally) beneficial, depend-
ing on the goals of the annotation process (Plank,
2022). Similarly, several studies have explored the
biases present in LLM judges:

One linguistic bias is ordering bias (Zheng et al.,
2023; Koo et al., 2023; Wang et al., 2024a), where
a judge gives a different answer depending on the
order in which answers are presented. Panickssery
et al. (2024) note that it is possible to interpret po-
sition bias as a sign that the model is unsure. There
are multiple works (Xu et al., 2024; Panickssery
et al., 2024; Liu et al., 2024) that find evidence for
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self-bias or self-preference. Koo et al. (2023) pro-
vide a benchmark for analyzing cognitive biases.
West et al. (2024) and Oh et al. (2024) explore
the “Generative AI Paradox” where it is easier for
LLMs to generate solutions rather than analyzing
them, unlike humans who often find analysis easier
than generation.

In this work, we aim to establish a better un-
derstanding of underlying patterns that relate judg-
ments to interpretable factors, such as task perfor-
mance or stylistic patterns.

3 General Setup

In the following, we describe the problem setting,
including the used notation, and the general experi-
mental setting including used models and datasets.

3.1 Problem Description
In this work, we use an LLM judge, referred to as J ,
to assess answers produced by two other candidate
LLMs, A and B, in response to math questions (see
Figure 1 for an illustrative example). The two can-
didate answers may both be correct, both incorrect,
or either the answer of model A or B correct. The
judge’s task is to determine which of these cases
applies by reviewing both the CoT reasoning and
the final responses provided in candidate answers.

Thus, the judge engages in a four-class classi-
fication task. We denote the judge’s accuracy by
the score S

J
A,B and call this metric judgment per-

formance. Further, we define the task performance
of an individual model X on a specific dataset as
SX , e.g. SA, SB or SJ .

3.2 Datasets
The experiments encompass three mathematical
reasoning datasets where models highly benefit
from multi-step CoT reasoning. For all datasets,
we use accuracy as the performance metric.
AQUA-RAT (Ling et al., 2017) is a dataset to test
the quantitative reasoning ability of LLMs. Unlike
the other two datasets, the questions are multiple-
choice. GSM8K (Cobbe et al., 2021) consists of
grade school math word problems. The answers
are free-form numbers. MATH (Hendrycks et al.,
2021) contains challenging competition mathemat-
ics problems. Find more details in Appendix A.1

3.3 Models
We evaluate the performance of openly avail-
able LLMs, including four large models including

Qwen 2.5 72B (Yang et al., 2024), Llama 3.1 70B
(AI@Meta, 2024), Yi 1.5 34B (Young et al., 2024),
Mixtral 8x7B (Jiang et al., 2024) and four small
models, namely Llama 3 8B (AI@Meta, 2024),
Gemma 1.1 7B (Gemma Team et al., 2024), Mistral
7B v0.3 (Jiang et al., 2023), and Mistral 7B v0.1
(Jiang et al., 2023). We use the chat- or instruction-
tuned model variants and test each model as a can-
didate answer generator and as a judge. More in-
formation is in Appendix A.2.

3.4 Text Generation
This section describes the generation of candidate
answers and judgments. Find more information on
prompts and hardware details in Appendix A.

Candidate answer generation. For each model
we sample two CoT solutions using 4-shot prompt-
ing by setting the temperature to 0.9. By generating
two answers a1, a2 from the same model, we can
also evaluate judgments of two different answers
by the same model.

Judgements. For all 36 unique model combina-
tions (A,B)2, each model as judge J and each
sample of a dataset, we generate a zero-shot judg-
ment. In the case of self-pairing, i.e., A = B, we
use both generated candidate answers, a1 and a2.
Otherwise, for consistency, we always use the same
sampled candidate answer a1. We accommodate
positional bias (Zheng et al., 2023; Koo et al., 2023)
by prompting in both possible orders. We obtain
the judgment performance by averaging how of-
ten the judgments were correctly classified across
orderings.

4 Performance Analysis

The experiments have multiple degrees of freedom,
such as judges, candidate models, and datasets. To
gain a comprehensive understanding of judges’ be-
havior, we consider two perspectives. First, we in-
vestigate judge performance for each dataset, aim-
ing to associate judge performance with task dif-
ficulty. Second, for a fixed dataset, we analyze
judge performance across different pairs of candi-
date models.

4.1 General Performance
First, we compare how often the judges make a
correct classification across different datasets and

2We consider all pairs from the eight LLMs, including
self-pairing, yielding

(
8+2→1

2

)
= 36 combinations.
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Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 14B Gemma 2 27B Qwen 2.5 7B Gemma 2 9B Llama 3.1 8B Gemma 2 2B

(1) SJ
A,B GSM8K 90.05 85.39 89.2 81.96 81.92 83.60 79.96 64.33

AQUA-RAT 74.47 69.26 72.26 68.48 65.09 67.48 66.26 60.97
MATH 61.18 58.03 62.36 55.34 50.70 52.92 50.96 50.35

(2) Same answer GSM8K 95.27 95.46 95.02 92.27 92.86 94.70 88.13 75.50
AQUA-RAT 79.8 77.74 77.19 78.67 77.21 77.94 74.52 76.01
MATH 79.09 77.91 76.86 75.39 73.14 75.65 71.05 77.85

(3) Different Answer GSM8K 70.04 55.67 68.43 47.09 49.93 49.50 51.41 31.71
AQUA-RAT 57.44 48.92 57.64 45.55 40.45 46.31 44.10 30.76
MATH 48.95 45.40 51.47 42.66 36.70 38.86 36.41 32.50

(4) 1-correct GSM8K 78.18 64.08 76.92 52.25 56.19 58.10 59.26 27.78
AQUA-RAT 66.43 57.10 69.22 44.44 47.13 54.43 52.93 24.05
MATH 71.92 70.19 79.62 41.80 57.79 60.97 60.73 22.62

Table 1: Performance of judge LLMs (1) on all samples, (2) on samples where A and B agree, (3) on samples
where A and B disagree and (4) on samples where exactly one given answer is correct. Results are averaged over
all candidate model pairs (A,B). The highest accuracy is bold and the second highest underlined.

different subsets of the datasets.

Setup. We analyze multiple cases, each corre-
sponding to a specific subset of the data. Case (1)
investigates the observed judgment performance
S
J
A,B on the full dataset and Case (2) analyzes the

subset where both models give the same answer
(A = B). Case (3) shows the performance where
both models give a different answer (A →= B) and
Case (4) describes the performance on the subset
where exactly one answer is correct. The results are
shown in Table 1. Further, we show the class con-
fusion matrix for the four best-performing judges
in Figure 2.

Results. In general, we observe in Table 1 that
larger models outperform smaller models, with
LLama 3.1 70B performing the best. Interestingly,
Qwen 2.5 14B outperforms Qwen 2.5 72B. As
shown in Figure 2, the LLM judges have a per-
formance of larger than 95% if both answers are
correct. Conversely, the most challenging situa-
tion is when both answers are incorrect. It seems
that the difficulty of a problem also transcends the
difficulty of making a judgment. This is not neces-
sarily intuitive. For instance, humans may find it
easier to detect individual wrong reasoning steps
and identify wrong answers, respectively.

In cases where one answer is correct and one
answer is incorrect, we observe a moderate perfor-
mance of the judges, reaching up to 80% accuracy
(see Case (4) in Table 1 and Figure 2).

In Case (3) where both answers disagree, we
observe moderate performance for large models of
up to 70%. Here, the smallest model Gemma 2
2B, has a low performance of around 35%. In what
follows, we mostly focus on the analysis of the four
largest LLMs as judges.

(a) Qwen2.5 72B (b) Qwen 2.5 14B

(c) Llama 3.1 70B (d) Gemma 2 27B

Figure 2: Class confusion matrices per model. We
observe that it is difficult for judges to detect that both
answers are incorrect.

4.2 Performance per model combination

Each model has unique strengths and weaknesses
and often answers different questions correctly. In
this section, we analyze the judgment performance
per model pair to gain a better understanding of
the impact of candidate model combinations on
judgment performance.

Setup. Figure 3 illustrates the judgement perfor-
mance S

J
A,B across model pairs (A,B), indicating

the probability of a correct judgement. The results
are averaged over datasets and presented as an up-
per triangular matrix due to symmetry (we always
present the answers in both possible orders and
average performance). We report the performance
of all models used as judges in the Appendix B in
Table 9.
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(a) LLama 3.1 70B (b) Qwen 2.5 72B

(c) Qwen 2.5 14B (d) Gemma 2 27B

Figure 3: Judgment Performance S
J
A,B of LLM judges

on model pairs, averaged across datasets.

Results. The highest performance is achieved
when two answers of Qwen 2.5 72B are compared
which is the highest performing model (see task
performance in Appendix B.1) In general, we ob-
serve that it is easier for the judge to make a correct
judgment if candidate models are of higher quality.
This seems intuitive because such models likely
structure and present their reasoning well, allowing
a judge to compare solutions more easily. Figure
2 gives an additional explanation. It shows that
judges very reliably detect whether both answers
are correct. When both models are capable, it is
more likely that both give a correct answer, which
makes it easier for LLM judges to classify cor-
rectly.

Interestingly, the judgment performances of
Qwen 2.5 72B, Qwen 2.5 14B, and LLama 3.1
70B are very similar across pairs. The former pos-
sibly agree on a lot because of the similarity of
training data and knowledge distillation (Hinton
et al., 2014). The largest performance difference
is that LLama 3.1 70B performs 10% better when
Qwen 2.5 72B and Gemma 2 2B are compared.

These results show that there is a relationship
between the task performance of a candidate model
and judgment performance. The following section
will provide further analysis.

5 Population-level Analysis: Judgements
and Model Quality

In this section, we investigate the relationship be-
tween LLM judgments and candidate LLM quality.

Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 14B Gemma 2 27B

R
2 0.89 0.87 0.85 0.93

(p-value) (0.0) (0.0) (0.0) (0.0)

Table 2: R2 values for the regression models per judge
(first row) and corresponding p-values of the Overall
F-Test (second row). All R2 values are statistically
significant on the 5% level.

First, we provide a statistical analysis where we use
LLM task performance to explain the variance in
LLM judgment performance. Further, we focus on
the subsets where the candidate models make ex-
actly one correct and one incorrect prediction. We
observe a strong statistical relationship between
the difference in candidate task performances and
judgment performances.

5.1 Can we explain Judgement Performance
using Task Performance?

A good indicator of the competence of a model on
a specific dataset is its task performance. Clearly,
there is a relationship between the quality of the in-
volved models and the made judgments. We inves-
tigate the relationship between task performances
(of candidate and judge models) and judgment per-
formance.

Setup. We fit multiple different linear regression
models using the judgment performances as the tar-
get variables Y , including all variations of judges,
model pairs (A,B), and datasets D. Regarding
the covariates X in the model, we solely use the
task performances SX , X ↑ {J,A,B} of judge
and candidate models, to predict judgment perfor-
mance. Since we are not specifically interested in
the individual features’ effects, but rather in their
ability to explain the variation of judgment perfor-
mance, we rely on the coefficient of determination,
R

2, for evaluation (Fahrmeir et al., 2013, see Ap-
pendix D).

Results. The results are shown in Table 2 (exclud-
ing data sets from the probability formulas for sim-
plicity). We observe that the performance-related
features of the models can explain the variation in
the judgment performance (all R2 values greater
or equal than 0.85), very well. Logically, SA and
SB , have significant3 explanatory power for judg-
ment performance, as they encompass all correct
answers.

3We test statistical significance using an Overall-F-Test for
each fitted model. Further details are in Appendix D.
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5.2 Are LLM judges biased towards LLMs of
higher quality?

To get a better understanding of whether there is a
bias of LLM judges towards LLMs of higher qual-
ity, we investigate the subset where one candidate
answer is correct and the other candidate answer is
incorrect. This subset is of the highest practical rel-
evance. The goal is to investigate the relationship
between the task performances of the candidate
models and the judge’s performance.

Setup. For all model pairs (A,B), A →= B we an-
alyze subsets where A’s solutions are correct, and
B’s solutions are incorrect, and call it 1-correct.
Note that we can always order A and B this way.
Each plot in Figure 4 shows the relationship be-
tween judge performance on the 1-correct subset
(Y-axis) and candidate model performance gap of
A and B, i.e., SA ↓ SB (X-axis). The color of
the points indicate the size of the particular subset
of samples. Examples of these subsets and their
corresponding performances are in Appendix C.1.

Results. The analysis reveals a strong correla-
tion (Pearson’s r2 > 0.78) between judgement per-
formance and candidate model performance gap.
For the rest of this section, we call the model of
higher performance on a dataset the more compe-
tent model. I.e., if the performance gap is larger
than 0, the model giving the correct answer (A) is
the more competent model. If the correct model
is the more competent model, the judgment perfor-
mance on the subset is higher, e.g., for LLama 3.1
70B, sometimes approaching 100%. If the perfor-
mance gap is more positive, it is easier to choose
the correct answer. On the other hand, if the less
competent model gives the correct answer, judg-
ment performance is low, often lower than 20%.

We infer that LLM judges are biased towards
models of higher task performance. This finding
aligns with previous research identifying self-bias
(Xu et al., 2024; Panickssery et al., 2024; Liu et al.,
2024), as judge LLMs are typically of higher qual-
ity than the judged models. We hypothesize that
this bias arises because more competent models
articulate their responses more convincingly and
exhibit a specific writing style, thereby misleading
the judges.

However, models of higher task performance
typically answer correctly more often (as indicated
by the color of the points in Figure 4.

(a) Llama 3.1 70B (b) Qwen2.5 72B

(c) Qwen 2.5 14B (d) Gemma 2 27B

Figure 4: Judges’ accuracy vs. performance gap be-
tween two candidate models A and B. Each point rep-
resents a subset where A is correct, and B is incorrect.
The color reflects the size of these subsets.

6 Sample-level analysis: Judgments and
Stylistic Patterns

In Section 5, we found that the quality of a candi-
date LLM (as indicated by the task performance)
correlates with the made judgment. We hypoth-
esize that models of higher quality exhibit a par-
ticular style of expressing themselves and judges
partially base their judgment on the incorporated
textual cues. Motivated by recent work in machine-
generated text detection which finds that LLMs of-
ten exhibit certain styles (Wu and Aji, 2025) or pat-
terns (Shaib et al., 2024), we aim to gain a deeper
understanding of whether shallow or even content-
independent patterns affect the final judgment.

Setup. We separate all judgments each judge
made into training and test splits and train two
classifiers. The test accuracy is reported in Table
3. We use two types of features. First, we use
TF-IDF embeddings. Secondly, we use N-Grams
of part-of-speech (POS) tags, motivated by Shaib
et al. (2024) who show and investigate the distinct
occurrence of such in LLM-generated text. Given
two candidate answers, we create two independent
feature sets and concatenate those. Then a logistic
regression and a RandomForest classifier (Breiman,
2001) are trained on these concatenated features.
Find more information in Appendix E.

Results. We observe that the models achieve a
performance between approximately 70% and 75%.
This indicates that structural information (POS
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Features Model Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 14B Gemma 2 27B

POS LR 72.79 69.66 72.33 70.19
RF 71.71 69.77 71.89 69.18

TF-IDF LR 75.75 73.65 75.12 72.27
RF 75.65 71.05 75.79 70.58

Table 3: Accuracy of predicting LLM judges’ decisions
using Logistic Regression (LR) and Random Forest (RF)
classifiers based on N-Grams of either POS tags or TF-
IDF features.

tags) and word choice (TF-IDF) are important fac-
tors in understanding the patterns behind the be-
havior of LLM judges. The ground truth judgment
distribution is shown in Appendix E.

Nevertheless, these results suggest that decision-
making is a multi-faceted process. While specific
shallow cues hold influence, a substantial portion
of the decision-making process (25%-30%) can
not be predicted this way and is based on other
contextual factors which could include reasoning
or noise.

7 Usage recommendations

Lastly, we aim to give some usage recommenda-
tions. We start by analyzing two applied questions,
namely, whether LLM judges can identify mod-
els of higher task performance and whether LLMs
should be used to improve task performance. In the
end, we discuss those results, connecting them to
the overall insights of this paper.

7.1 Do judges identify better models?
An essential application of LLM judges is whether
they can accurately identify which model performs
better for a given task. This is crucial if we want to
rank LLMs by their capabilities or if a practitioner
wants to decide which model to deploy.

Setup. We evaluate which model a judge per-
ceives as better by measuring the frequency of how
often a judge selects the answer of a specific model.
Formally, let (A,B) be a candidate model pair
where we assume that A has higher task perfor-
mance, i.e. SA > SB . If the judge chooses A

more often, we say a judge correctly determines
A to be better than B. For this analysis, we de-
termine the proportion of model pairs (A,B) for
which the judge chooses A over B for all pairs
(A,B), SA > SB as shown in Figure 5.

Results. We observe that all tested large models
consistently select the more competent model, i.e.,
the model with higher task performance. Also, the

Figure 5: Percentage of model pairs (A,B) where a
judge picks a better model A (meaning SA > SB), by
selecting more answers of A than from B.

small models with 7-9B parameters choose the cor-
rect model in over 90% of the cases. In general, it
seems to be the hardest on the AQUA-RAT dataset.
This is also the hardest dataset in Case (4), in Ta-
ble 1, where exactly one answer is correct. Note
that the bias found in Section 5.2 is not necessarily
problematic for this specific use case, because a
bias towards the more competent model supports a
correct outcome of this experiment.

7.2 Do judges elicit task improvement?

Another interesting question of practical relevance
is whether it makes sense to use LLM judges to
improve task performance. One use case is the ap-
plication of LLM judges in agentic systems where
LLM judges might serve as a dedicated unit in a
system. Another use case is the subsequent usage
of the answers chosen by the judge for self-training
(Yuan et al., 2024).

Setup. We separate the analysis into two ques-
tions. In Case (1), we evaluate whether the answers
chosen by the judge result in a better performance
than the individual models. Formally, for all pairs
of models (A,B), we plot the difference of perfor-
mance of chosen answers, CJ

A,B and maximal sin-
gle candidate model performance max{SA, SB}
in blue in a bar chart in Figure 6. Secondly, in
Case (2), we test whether it makes more sense to
use the judge model to generate a candidate answer
J and then take the majority vote across all three
answers. Therefore we plot the performance dif-
ference of CJ

A,B ↓MV(A,B, J) in orange in a bar
chart, where MV(A,B, J) is the performance of
the majority vote across all three answers.

Results. In general, we observe that the perfor-
mance differences are almost following a normal
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(a) LLama3.1 70B Full (b) Qwen 2.5 72B Full

(c) Qwen 2.5 14B Full (d) Gemma 2 27B

Figure 6: The Y-axis describes the number of model
pairs A,B where the answers chosen by the judge
achieve a higher task performance than the perfor-
mances of the individual models (blue) or than the ma-
jority vote (MV) of answers of A,B and J as candidate
answer generator (red). The X-axis describes the perfor-
mance difference. A value of, e.g., x = 0.05 means the
answers chosen by the judge result in a 5% (absolute)
performance increase.

distribution. In Case (1), the distribution has a
mean value (dashed line) slightly larger than 0 for
LLama 3.1 70B (0.3) and Qwen 2.5 14B (0.9). That
means that, on average, the answers chosen by the
judge result in slightly increased performance, e.g.,
an increase from 40% accuracy to 40.9% accuracy.
In Case (2), the mean value is never larger than
0, meaning that the majority vote is more likely
to be better than the answer chosen by the judge.
Especially for Qwen 2.5 14B and Qwen 2 72B, it
is more viable to use the majority voting strategy.

7.3 Discussion
Our analysis of LLM judges on mathematical rea-
soning tasks reveals several insights for practition-
ers, which we discuss in the following. We separate
our discussion into the sample level, i.e., the inter-
pretation of a single prediction, and aggregate level,
i.e., the interpretation of a set of predictions.

Sample level. In Table 1, we find that LLM
judges often achieve a strong judgment perfor-
mance (SJ

A,B > 80% accuracy) across tasks. While
this is a solid classification performance, it means
that the prediction is wrong in 20% of the cases
which limits practical applicability. In Section 4,
we observe that LLM judges demonstrate high pre-
cision when identifying correct answers from both
models. This might be valuable for filtering sam-

ples and curating training data or, e.g., self-training.
Nevertheless, one has to be careful how to use
these because correctly judged samples are biased
towards simple samples. In summary, we do not
recommend fully relying on individual LLM judg-
ments, especially not in high-stakes domains such
as legal or health care.

Aggregate level. As shown in Figure 5, we find
that LLM judges are consistently able to select
or rank models by their task performance. This
is supported by Section 5.1 where we show that
a simple linear model can explain a high share
of the variance in judgment performance, given
individual task performances, suggesting that the
performance difference of two candidate models is
linearly linked to the judgment outcome.

In summary, our results suggest that LLM judges
are more effective and consistent at aggregate-level
comparisons than instance-level judgments, for ex-
ample when ranking or selecting which LLM is
better for a particular task when no ground truth
data is available.

8 Conclusion

We conduct a thorough analysis of LLM judges
on mathematical reasoning tasks. We evaluate the
judgment performance of eight models of different
sizes on three datasets. We find that larger judge
models generally outperform smaller judge models
and that judges can reliably detect whether both an-
swers are correct. Our analysis reveals a strong cor-
relation between judgments and task performance,
indicating that judges tend to choose models of
higher quality even if their answers are incorrect.
We hypothesize that LLM judges partially base
their decisions on linguistic cues in contrast to the
reasoning within the answers. We support this hy-
pothesis with our experiments showing that 70%
of the judges’ decisions can be predicted using
simple linguistic features such as N-grams of part-
of-speech tags. Lastly, our analysis finds that LLM
judges reliably detect LLMs of higher task perfor-
mance but are not reliably useable to improve task
performance. Our results show that LLM judges
contain biases and suggest that practitioners should
not blindly trust LLM judges. We advise practition-
ers to carefully decide whether LLM judges should
be used in their particular application.

With this work, we set the stage for further re-
search to investigate how to understand, use, and
improve LLM judges.
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9 Limitations

Our analysis is primarily focused on mathematical
reasoning datasets, which allows us to explore judg-
ments through the lens of verifiability, i.e., prob-
lems that have a definitely correct answer. While
this approach provides valuable insights, it limits
the generalizability of our findings to other tasks
or domains. Nevertheless, we want to emphasize
the importance of the class of verifiable tasks. For
instance, there is currently a focus on training so-
called large reasoning models, which demonstrate
significant progress in solving complex problems
such as coding or maths. It is a possibility that an
increased capability of LLMs on verifiable tasks
fuels scientific progress.

In our experiments, we focus on testing a sin-
gle, specific prompt. It is common knowledge that
LLMs are highly sensitive to variations in prompt
phrasing, which can substantially influence their
performance. However, the resources available
to us do not allow us to meet the computational
demands necessary to run our experiments with
multiple prompts. Further, our impression is that it
is a custom approach to conduct LLM studies using
single prompts, as they are typically indicative of
behavior. Therefore we decided to run our anal-
ysis on full datasets with a single prompt instead
of using subsets of datasets with variations of the
prompt with mostly the same content.
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A Experimental Setup

We provide further details on the general setup de-
scribed in Section 3. Specifically, we include statis-
tics and examples of the datasets, additional infor-
mation on the models used, and the exact prompts
employed in this study.

A.1 Datasets
Additional information about the datasets is given
in Table 4, which presents an overview of the
dataset statistics. Note that for the MATH dataset,
we only include the most challenging questions,
called levels 4 and 5, in the dataset. Notably, it
has ground truth answer sequences that are, on
average, almost three times longer than those in
other datasets.
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# questions Avg. Avg.
# question characters # answer characters

AQUA-RAT 254 239.1 203.1
MATH 1516 216.5 643.9
GSM8K 1319 239.9 292.9

Table 4: An overview of dataset size and text length.

User

You are a reasoning assistant. Always answer exactly
in the same format. Use ’####’ to separate the final
answer (without additional comments) from the
reasoning.

« Few-Shot Question 1 »

Assistant

« Few-Shot Answer 1 »

...

...

User

« Few-Shot Question 4 »

Assistant

« Few-Shot Answer 4 »

User

« Sample Question »

Figure 7: The prompt to solve tasks. Few-shots and
actual questions are filled in within “«” and “»” symbols.

In Table 5, we provide examples of ques-
tions and their corresponding answers from the
ground truth. Note that these examples were used
for few-shot prompting.

A.2 Models
We execute all models using the VLLM software
for LLM serving (Kwon et al., 2023). The weights
for all models are accessible through Huggingface
Transformers (Wolf et al., 2020). Table 6 includes
hyperlinks to each model for easy reference.

A.3 Prompts
We used two different prompts within this project.
In general, we designed the prompts to be minimial,
by assigning a minimal personality, a quick task
description, and description of the output format.

User

Question:
« question »

Answer A:
« answer A »
————–
Answer B:
« answer B »
————–

Compare both answers in detail and decide
whether both answers are correct, both answers are
incorrect or whether answer 1 or answer 2 is correct.

Conclude with a JSON in Markdown format
indicating your choice between "answer_1",
"answer_2", "both_correct" or "both_incorrect":
“‘json
{
"answer": "..."
}
“‘

Figure 8: Judge Prompt. Candidate answers are filled in
within “«” and “»” symbols.

The prompt shown in Figure 7 is used for the candi-
date solution generation for all datasets. Examples
of the few-shots are in Table 5. The prompt for
the judges is given in Figure 8. Note that we run
experiments for both orders of the answers of the
models A and B.

A.4 Infrastructure

The experiments were run on NVIDIA A100 and
NVIDIA H100. The judgments used in Section 4
took around 3 day equivalents on 4 A100 40GB.
Using 2 H100 90GB and 4 A100 40 GB it took less
than 2 days.

B General Performance

This section provides additional information re-
lated to Section 4. Specifically, we present the task
performance of all models across all datasets, as
well as the judging performance of all models when
used as judges.

B.1 Task Performance

In various contexts in this work, the task perfor-
mance of the individual models is essential. There-
fore, we provide the accuracy of all models and all
datasets in Table 7.
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Question Answer

AQUA-RAT Two friends plan to walk along a 43-km
trail, starting at opposite ends of the trail
at the same time. If Friend P’s rate is
15% faster than Friend Q’s, how many
kilometers will Friend P have walked
when they pass each other? Options:
A)21 B)21.5 C)22 D)22.5 E)23

If Q complete x kilometers, then P com-
pletes 1.15x kilometers. x + 1.15x = 43
2.15x=43 x = 43/2.15 = 20 Then P will
have have walked 1.15*20=23 km. The
answer is E. #### E

GSM8K Natalia sold clips to 48 of her friends
in April, and then she sold half as many
clips in May. How many clips did Na-
talia sell altogether in April and May?

Natalia sold 48/2 = «48/2=24»24 clips
in May. Natalia sold 48+24 =
«48+24=72»72 clips altogether in April
and May. #### 72

MATH Mr. Madoff invests 1000 dollars in a
fund that compounds annually at a con-
stant interest rate. After three years, his
investment has grown to 1225 dollars.
What is the annual interest rate, as a
percentage? (Round your answer to the
nearest integer.)

Let r be the annual interest rate.
Then after three years, Mr. Mad-
off’s investment is 1000 ·

(
1 + r

100

)3,
so 1000 ·

(
1 + r

100

)3
= 1225. Then(

1 + r
100

)3
= 1.225,so [1 + r

100 =
3
↔
1.225 = 1.069987 . . . , which means

r = 7 , to the nearest integer. #### 7.0

Table 5: Example of ground truth answers used for few-shot prompting.

Model URL

Llama 3.1 70B https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct
Qwen 2.5 72B https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
Qwen 2.5 14B https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
Gemma 2 27B https://huggingface.co/google/gemma-2-27b-it
Qwen 2.5 7B https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
Gemma 2 9B https://huggingface.co/google/gemma-1.1-9b-it
Llama 3.1 8B https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
Gemma 2 2B https://huggingface.co/google/gemma-1.1-2b-it

Table 6: Used models and corresponding hyperlinks.

GSM8K AQUA-RAT MATH

Llama 3.1 70B 93.25 78.57 47.11
Qwen 2.5 72B 95.07 83.73 73.86
Qwen 2.5 14B 93.48 82.54 64.47
Gemma 2 27B 85.97 67.46 38.80
Qwen 2.5 7B 88.10 75.40 60.31
Gemma 2 9B 80.52 61.51 31.31
Llama 3.1 8B 72.40 61.51 20.69
Gemma 2 2B 37.53 26.98 7.15

Table 7: Task performance of the investigated models.

B.2 Judging performance per model pair

We conduct experiments with all eight models serv-
ing as judges. We present the performance metrics
of all judges across all model pairs in Figure 9.

C Examples

C.1 Example Subset Performance

To better understand the correlation observed in
Figure 4, we provide examples of these subsets,
which can be seen in Table 8. These examples
include the following details: the judge, the com-
pared models, the dataset, the performance of the
correct model on the dataset (denoted by SA), the
performance of the incorrect model on the dataset
SB , the judgment performance on the subset (de-
noted by S

J
A,B), and the size of the subset. We pro-

vide the three subsets with the highest performance,
the three subsets with the lowest performance, and
three random subsets where Llama 3.1 70B is the
judge.

D Statistical Methodology

We describe the statistical background for the tests
applied in Section 6. All predictions and statis-
tical tests in Section 6 were performed using the
statsmodels library (Seabold and Perktold, 2010).
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Judge model A model B dataset SA SB S
J
A,B No. Samples

Llama 3.1 70B Qwen 2.5 14B Gemma 2 2B MATH 64.50 7.10 94.60 1655
Llama 3.1 70B Qwen 2.5 72B Gemma 2 2B AQUA-RAT 83.70 27.00 94.50 309
Llama 3.1 70B Qwen 2.5 7B Gemma 2 2B MATH 60.30 7.10 94.00 1520
Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 7B AQUA-RAT 83.70 75.40 62.50 64
Llama 3.1 70B Qwen 2.5 7B Qwen 2.5 14B AQUA-RAT 75.40 82.50 42.30 26
Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 72B MATH 73.90 73.90 49.50 206
Llama 3.1 70B Gemma 2 27B Qwen 2.5 14B AQUA-RAT 67.50 82.50 15.00 20
Llama 3.1 70B Gemma 2 2B Qwen 2.5 14B GSM8K 37.50 93.50 15.00 20
Llama 3.1 70B Gemma 2 2B Llama 3.1 70B MATH 7.10 47.10 14.50 62

Table 8: Examples of judgement performances on subsets where model A is correct and model B is incorrect.

(a) LLama 3.1 70B (b) Qwen 2.5 72B

(c) Qwen 2.5 14B (d) Gemma 2 27B

(e) Qwen 2.5 7B (f) Gemma 2 9B

(g) LLama 3.1 8B (h) Gemma 2 2B

Figure 9: Performance S
J
A,B of LLM judges on model

pairs, averaged across datasets.

D.1 Coefficient of Determination
The coefficient of determination, R2, for evaluation
of linear regression models (Fahrmeir et al., 2013)
is defined as follows:

R
2 =

∑n
i=1(ŷi ↓ ȳ)2∑n
i=1(yi ↓ ȳ)2

R
2 measures the share of the variance in Y ex-

plained by its covariation with the features X in-
cluded in the model by dividing the variation of
the predicted values ŷi by the variation of the true
target values yi. If the features X have high ex-
planatory power for Y , the ŷi will be close to
the yi and R

2 will be close to 1, while in the
extreme case of no correlation between X and
Y the arithmetic mean is the best estimate (i.e.,
ŷi = ȳ ↗ i = 1, . . . , n) resulting in R

2 = 0.

D.2 Overall-F-Test
The Overall-F-Test is built upon R

2 and tests
whether the overall model is of any significant
value for explaining the variation of the target vari-
able. The F-distributed test statistic is calculated
as

R
2

1↓R2
· n↓ p↓ 1

p
,

where R2 is the coefficient of determination, n is
the number of observations, and p is the number of
covariates included in the model (i.e., the number
of estimated coefficients excluding the intercept).
The hypotheses that can be tested this way are

H0 : ω1 = ω2 = · · · = ωp = 0

vs.

H1 : ωj →= 0 for at least one j ↑ {1, . . . , p}.
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Model Both correct A correct B correct Both incorrect

Llama 3.1 70B 51.8 18.1 21.7 8.4
Qwen 2.5 72B 54.9 19.6 19.8 5.6
Qwen 2.5 14B 50.2 20.0 23.0 6.9
Gemma 2 27B 52.6 15.9 15.4 16.0

Table 9: Percentage of predictions individual models
made.

So from a rejection of H0, it can be concluded
that at least one of the included features exhibits
explanatory power for the variation of the target
variable.

D.3 Multiple Testing
Since we conduct multiple statistical tests within
the scope of one research project, it is important
to consider multiple testing as a potential problem
resulting in false positive findings. The p-values
from our tests, however, also satisfy a significance
level resulting from a Bonferroni Correction of the
typical significance level of 5%.

E Sample-level Analysis

We utilize Scikit-learn (Pedregosa et al., 2011)
library to train and evaluate the Logistic Regression
and Random Forest Model. We use the standard
settings for the Logistic Regression model. We use
the Random Forests model with 1500 estimators,
and standard settings apart from that.

During preprocessing, we use simple word
splittling by spaces. We employ the english stop
word removal integreated into Scikit-learn. We set
the maximum number of features to 5,000, for the
N-Gram of part-of-speech tags, we set the N-gram
range from 5-grams up to 13-grams, following
settings of Shaib et al. (2024). For training, we use
the Scikit-learn (Pedregosa et al., 2011) library.
The running time was negligible.

In Table 9
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