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Chapter 1

Introduction

In today’s digital age, machine learning models face an increasing challenge: how to effectively

adapt to new tasks without requiring extensive retraining. Consider a language model trained to

detect fake news about politics - how well would it perform when asked to identify fake news

about healthcare? Traditional approaches often struggle with such transitions, requiring signif-

icant new training data and computational resources. This challenge highlights a fundamental

question in machine learning: how can we build models that truly understand concepts rather

than just memorizing patterns?

In the current state of the industry, the dominant strategy for utilizing pre-trained Large

Language Models (LLMs) involves fine-tuning with a small subset of task-specific data. While

this approach is practical, it often leads to a trade-off between efficiency and performance. Fine-

tuning only the model’s classification layer is computationally efficient but typically produces

suboptimal results compared to full model retraining.

This limitation stems from how traditional fine-tuning approaches modify the model. When

only adjusting the final classification layer, we’re essentially trying to map complex language

representations directly to output categories, without considering the underlying concepts that

define these categories. For example, in fake news detection, we’re not just looking for specific

words or phrases, but rather trying to identify patterns of deception, inconsistency, or bias that

characterize fake news across different topics.

This approach offers several key advantages:

• Better generalization across different domains and datasets

• More interpretable decisions, as we can examine which concepts influenced the model’s

1



CHAPTER 1. INTRODUCTION 2

classification

• Improved performance even with limited training data

• More stable training process

By pre-training the model on a big chunk of semi-structured data and then fine-tuning it

with task-specific labeled data, we may obtain state-of-the-art performance in the problems of

classification, regression, language translation, and more. The most crucial pre-training stage

is usually costly, and repeating it for every new task is computationally inefficient. At the same

time, fine-tuning only downstream task-specific heads of pre-trained models is time efficient

and requires much less labeled data, preserving models’ generalizability. On the other hand,

this part of the pipeline might be a bottleneck to the process. Usually, single fine-tuning does

not produce results on par with the complete model adaptation via training [3]. Explaining and

adapting the results to the various downstream tasks is also tricky. To avoid any confusion in

this paper, we are going to use the term “training” or “model adaptation”, referring to the pro-

cess of full model retraining (adapting all of the weights), while for the head-only adaptation,

we are going to use the term “fine-tuning”. Fine-tuning is usually easier and faster and requires

less data.

As a potential solution to the problem, we propose a new framework that is used with

transformer [4] architecture in order to improve results not only for the specific task but with

a significant effect of generalizibility. We call this framework a Context Attribution Model

(CAM) and show that using it instead of a classification layer in transformer models such as

BERT [5], DistilBERT [6], XLNet [7], RoBERTa [8] and others is a way of increasing models’

performance.

Rather than directly mapping text to categories, CAM introduces an intermediate layer

that learns to recognize abstract concepts relevant to the classification task. For instance, when

detecting fake news, CAM might learn to identify concepts like ”source credibility,” ”emotional

manipulation,” or ”factual consistency” - concepts that remain relevant regardless of the specific

topic being discussed.

A pre-trained LLM can yield reasonable (but not necessarily optimal) natural language
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representation, mainly due to the attention mechanism. We assume that representation can be

used to perform classification with high accuracy for a set of labels y(i). Since each label holds

mutually exclusive concept Cyi for a classification task, we hypothesize that it is possible to

learn the concept attributions from the LLM representations of tokens e⃗k for a given document.

The model is designed in a way that a set of concepts describes different classes; such a set is

called the “context attribution”. It is worth noting that we do not limit these concepts in terms

of overlapping. Some context attributions might overlap if that makes sense in terms of the

problem solved. This paper reviews one such task where overlapping context attributions are

entirely appropriate. What we would like to avoid is allowing multiple concepts to converge to

the same representation. For that type of regularization, we introduce an additional loss called

Intra-Space loss. Its goal is to make sure concepts in the context of attribution are disjointed.

Besides, we would like to force concepts to converge to a certain optimum. This optimum is

an end goal of training. This requires an additional loss function that we call Inter-Space loss.

More details on these are given in chapters 5 and 6.

As was stated previously, the Context Attribution Model is an external framework with a

set of operators on top of the transformer model. Generally speaking, this is not limited to

the transformer architecture either. Potentially, any technique that can produce embeddings

may be used as the CAM’s base model, such as Word2Vec [9], Glove [10], or RNN [11], [12].

Further in this paper, whenever we refer to the base model, we mean the model that produces

the embeddings for the CAM. Some of the base models tested in this paper include BERT [5],

DistilBERT [6], and XLNet [7], RoBERTa [8].

The benchmarking and evaluation of the proposed solution are done with various configu-

rations of the base models and across multiple datasets. We test performance for the specific

task, fine-tuning the CAM for that particular downstream task, and we also test the perfor-

mance of the model on the task that is related to the original semantically; however, it uses

different data. The baseline for the comparison is mainly the performance of the original base

model fine-tuned for the downstream task. During the experiments, we prove that besides an

evident performance boost, the Context Attribution Model also stabilizes the training process
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and generalizes better for semantically close tasks. We also prove that the model can achieve a

significant performance boost even when using a smaller number of parameters than the base

model fine-tuned on the downstream task. We empirically show that the performance boost

from the smaller number of parameters in CAM is on par with or surpasses the performance of

the standard dense layer.

1.1 Role of Generalizability of the LLMs

Currently, the domain of Language Models is one of the most rapidly developing areas of ma-

chine learning. Transformer architecture [4] has proven itself as a state-of-the-art approach

towards the absolute majority of Natural Language Processing (NLP) domains [13]. A partic-

ular strength of the language models is their generalizability [14], [15].

This feature is the core strength and the key factor in the popularity of modern Deep Learn-

ing Transformers in general and LLMs in particular. There may be different types of generaliz-

ability. In Machine Learning recently, the main problem was assuming we have a set of training

examples, and we need to train the model to distinguish examples that are similar to these in

nature but almost never the same. In that case, the model needs to learn patterns and high-level

features that are common to all of the objects across examples. A typical case is when we need

to identify human faces. We cannot train the model to recognize every single unique human

face. But we can collect a sample that is good enough and train LLM on this sample. Hoping

that it will learn these intricacies.

This problem is hard in nature, but we have learned how to solve it with reasonable accuracy

for most of the high-demand use cases.

However, there is another view of generalizability. What if we have a set of examples that

are examples of patterns for even higher-level patterns? This time, we cannot learn particular

features like “human face should have a nose, eyes, etc.”. This time, we are dealing with an

entirely different problem each time we interact with the system. And solely based on some

high-level concepts, we need to produce outputs. A great example is the ability of large lan-

guage models to generate coherent text based on diverse prompts. In this scenario, the model
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does not rely on predefined features or specific patterns tied to individual tasks. Instead, it lever-

ages abstract representations learned from a vast corpus of data to generalize across tasks and

domains. Consider problems like solving math assignments, writing a poem, and answering

a question that utilizes facts and knowledge from different domains and fields of knowledge.

Such systems align more closely with the concept of “meta-learning” or “few-shot learning”,

where the ability to generalize depends on recognizing the overarching structure or relation-

ships within the task itself rather than memorizing specific examples. This kind of adaptability

is a critical step towards achieving more human-like intelligence in AI systems. A good exam-

ple of such a task is the recent ARC competition [16]. In this competition, Machine Learning

engineers were assigned the task of predicting an output matrix and given a few shots of the

example transformations in input-output pairs. According to the authors of the competition, an

average human can easily score 85% accuracy on this set of tasks. In contrast, even the most

sophisticated automated systems can do no better than 34%. During the competition, the best

result that was achieved was 55.5%. This proves how complicated this task indeed is and how

crucial and untrivial generalizability is.

1.2 Role of Interpretability of the LLMs embeddings

When working with large language models, particularly with systems that use client data or in-

teract with people, it is crucial to understand the decisions made by the system. Interpretability

of the black box model is also a step towards performance improvements. There are multi-

ple common interpretation techniques. Such as [17] and [18]. These are also external methods

that use quite similar approaches to interpreting local model predictions of particular examples.

Interpretation is achieved mainly through post-hoc, proxy, and feature importance methods.

There are also other more generic approaches [19], researching a question of BERT atten-

tion interpretation. Or [20], which tries to build an external tool with the help of attention that

could be used to interpret model outputs.

Almost all of the methods add certain assumptions and limitations.

In this work, we focus on interpreting the embeddings produced by LLMs. Since we hy-
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pothesize that those correspond to specific concepts, if so, we should be able to identify various

concepts with the help of these embeddings. Our assumption is that the external CAM frame-

work produces contextual representations that are well descriptive of the target domain.

1.3 Research Outcomes

The purpose of this paper is to introduce and verify the quality of an external LLM context

attribution framework. We first tackle a fake news detection task, utilizing three distinct datasets

and outperforming the baseline model in both the same dataset and cross-dataset zero-shot test.

Particularly, with our method, we observe improvement by 15% in terms of accuracy and by

18% in terms of F1 score on the Covid Fake dataset, 3.5% of accuracy and 6% on F1 with

the LIAR dataset, 23% of accuracy and 25% of F1 on Kaggle Fake News Dataset, and 5%

accuracy and 25% of F1 on Fake News Net. All results are calculated compared to the BERT

model with a fine-tuned classification layer for the fake detection task. In a cross-dataset zero-

shot test using fine-tuned Fake News Net dataset to predict Covid Fake data, we observe 5%

accuracy and 25% F1 boost.

Additionally, experimental results on three datasets, namely HateXplain, IMDB reviews,

and Social Media Attributions, illustrate that the proposed model attains superior accuracy

and generalizability. Specifically, for the non-fine-tuned BERT on the HateXplain dataset, we

observe 8% improvement in accuracy and 10% improvement in F1-score. Whereas for the

IMDB dataset, fine-tuned state-of-the-art XLNet is outperformed by 1% for both accuracy and

F1-score. Furthermore, in an out-of-domain cross-dataset test, DistilBERT fine-tuned on the

IMDB dataset in conjunction with the proposed model improves the F1-score on the HateX-

plain dataset by 7%. For the Social Media Attributions dataset of YouTube comments, we

observe 5.2% increase in F1-metric.

Furthermore, we introduce a new loss function with accompanying auxiliary metrics, which

demonstrates better generalizability, faster convergence, and improved training stability. This

new approach also provides insights into how well a dataset represents its domain by measuring

generalization across various topics and datasets, supported by a geometric interpretation of
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model predictions through embeddings associated with concept definitions (labels).

The impact and novelty of this paper include:

• A novel framework for Language Model fine-tuning, which outperforms the baseline

score of the base models such as BERT, DistilBERT, RoBERTa, and XLNet

– For the non-pre-trained BERT (only trained context attribution operator), we ob-

serve 8% improvement in accuracy and 10% in F1-score on HateXplain data

– For the IMDB with XLNet base model, we observe an improvement of around 1%

after full model adaptation compared to fully trained vanilla XLNet

– CAM with the base model as DistilBERT non-pre-trained (only trained context

attribution operator) on IMDB dataset, in a zero-shot manner outperforms basic

DistilBERT in the same manner (only head fine-tuning) by 7% on F1-score

– Compared to the results from the Social Attribution paper (with manual supervi-

sion), we observe an improvement of 5.2% with our model without additional su-

pervision

– Demonstration of a significant boost in all metrics for the task of fake news classi-

fication

– Our approach outperforms existing solutions in cross-dataset zero-shot evaluations

for Fake detection problem

– We achieve stabilization of the training process, ensuring consistent and reliable

model performance over time

– The reproducibility of the results is ensured by the code and datasets provided in

the repository https://github.com/StepanTita/space-model

• A novel loss function that improves the generalization and stabilization of the training

process, improving the zero-shot capacity of the transformers



Chapter 2

Background

Before diving into the technical details of our approach, it’s important to understand the key

concepts and technologies that form its foundation. This chapter provides an overview of trans-

former models, attention mechanisms, and the challenges of model fine-tuning.

Consider how humans process language: when reading a sentence, we naturally pay atten-

tion to different words depending on the context and our task. For example, in the sentence

”The movie was great but the popcorn was stale,” we focus on different parts depending on

whether we’re interested in the film review or the concession stand experience. Transformer

models attempt to replicate this ability through their attention mechanism.

Figure 2.1: Transformers architecture from [1].

8
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Transformer models are the backbone of the LLM revolution. The architecture was first

introduced in the 2017 Google Paper [1] and has since become the standard for building LLMs.

The key feature of transformer models is the attention mechanism. This mechanism serves

multiple purposes:

• It allows the model to focus on different parts of the input sequence

• It acts as the model’s memory, retaining information from previous inputs

• It enables the model to make connections between different parts of the sequence for

making predictions

Transformer models revolutionized natural language processing by introducing several key

innovations besides attention:

• Parallel Processing: Unlike previous sequential models, transformers can process all

words in a sentence simultaneously

• Attention Mechanism: Allows the model to weigh the importance of different words

differently for each prediction

• Positional Encoding: Maintains word order information without requiring sequential

processing

• Multi-head Attention: Enables the model to capture different types of relationships

between words

2.1 Overview of BERT

BERT (Bidirectional Encoder Representations from Transformers) is a transformer model that

was first introduced in the paper [5]. BERT is an Encoder-Decoder model, meaning that it has

two main components: an encoder and a decoder. Models that only have an encoder are usually

called autoencoders, while models that only have a decoder are usually called seq2seq models.

Key features of BERT are:
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Figure 2.2: Self Attention Mechanism from [1].

• Bidirectional Transformer: BERT is built upon the transformer architecture but with a

bidirectional transformer instead of the usual left-to-right transformer.

• Pre-training: BERT is pre-trained on a large corpus of text and then fine-tuned for specific

tasks.

• Contextualized Representations: BERT learns to represent words based on the context in

which they appear, allowing it to capture nuances in language.

2.2 BERT Pipeline

2.2.1 Tokenization

Transformers, just as any other LLM, uses tokenization to split the input text into smaller units.

The most common tokenization method is to split the text into subword units. Different models

use different tokenization methods, but the most common ones are Byte Pair Encoding (BPE)

and WordPiece. Besides basic tokens, there are also special tokens that are used to indicate the
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beginning and end of a sentence, as well as to handle padding and other tasks. These special

tokens are:

• [CLS]: Indicates the beginning of a sentence.

• [SEP]: Indicates the end of a sentence.

• [PAD]: Used to pad the input to the same length as the other inputs.

[CLS] is used very important in the BERT pipeline, as its embedding is used to represent the

whole sentence. This is used in the classification tasks, where the entire input sequence is used

to make a prediction.

2.3 Sentence Transformers

Sentence Transformers [21] is a type of transformer model that is specifically designed to work

with sentences. They are typically used for tasks that involve processing sentences, such as

sentiment analysis, semantic similarity, and text retrieval.

In this paper, we are not using Sentence Transformers directly; however, we will use ideas

from the paper.

2.4 Model Fine Tuning for Text Classification

The key task of this paper is to fine-tune a pre-trained transformer model for text classification.

There are many different ways to fine-tune a model, but in this paper, we focus on two of the

most common ones:

• Full Training: The model is fine-tuned on the task by training the entire model on the

task-specific dataset.

• Downstream Head Fine-Tuning: The model is fine-tuned by training only the down-

stream head of the model while keeping the hidden parameters frozen.
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2.4.1 Vector Embeddings representations from LLM

Vector embeddings are a way to represent text as vectors. They are used in many different

tasks, such as clustering, classification, and retrieval. Vector embeddings can be generated in

many different ways, but in this paper, we focus on using the hidden states of a pre-trained

transformer model. The idea is to take the output of the transformer model, which are the

hidden states of the last layer, and to use those as vector embeddings. This has the advantage

of already capturing the semantics of the text and that the embeddings are in the same space as

the model’s weights, which can be used for downstream tasks. We are particularly interested in

this approach because we need to create context attribution maps for the model’s predictions.

2.5 Text classification Large Language Models

2.5.1 DistilBERT

DistilBERT [6] is a distilled version of BERT, meaning that it is a smaller model with fewer

parameters but with close to the same capabilities as BERT. The main idea of DistilBERT is to

use knowledge distillation to create a smaller model that is still able to match the performance

of BERT. Knowledge distillation is a technique where a smaller model is trained to mimic the

behavior of a larger model. This is done by training the smaller model on the same dataset

as the larger model but with the output of the larger model as the target. DistilBERT uses the

same tokenization method as BERT, and the same pre-training procedure, but with some minor

modifications to the architecture. We can assume that DistilBERT is just a smaller version of

BERT and that (to some extent) the results for DistilBERT are also applicable to BERT.

2.5.2 RoBERTa

RoBERTa [8] is a variant of BERT that was introduced in 2019. The main idea behind RoBERTa

is that the improvements of BERT can be accredited to the training procedure, and not to the

model architecture. Therefore, RoBERTa uses the same model architecture as BERT but with a

different training procedure. RoBERTa has proven to be even better than BERT for many tasks.
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2.5.3 XLNet

XLNet [22] is a transformer-based model introduced in 2019 that aims to improve upon BERT’s

limitations. Unlike BERT, which uses a masked language model (MLM) objective and assumes

independence between masked token predictions, XLNet employs a permutation-based training

objective. This approach enables XLNet to capture the bidirectional context in a way that

models dependencies between all tokens in a sentence. XLNet is a current state-of-the-art

model for many NLP tasks.



Chapter 3

Literature Review

The task of effective fine-tuning is one of the main tasks in the modern NLP. Cheaper and

faster results of great quality are very appealing and a current trend in the domain. However,

we are sourcing inspiration for our framework not only from the latest NLP findings but also

from other sources. The core idea has a root in a Psychological Belief Attribution Theory [23],

[24]. The theory revolves around the idea of attribution of certain concepts with corresponding

behavior patterns. The concepts (sometimes also referred to as factors) may be external and

internal. These factors are usually related to personal beliefs, and they affect the decisions and

behavior of an individual. Researchers have also classified people based on these factors (e.g.,

pessimistic attribution, optimistic attribution, hostile attribution). We try to apply the same idea

to language modeling, attributing certain concepts with class labels. In general, the idea of

measuring and researching the belief attribution of language models is not novel. The authors

of [25] have not only proved that certain language models possess the beliefs, but they have

also provided metrics to measure such beliefs and a tool to update these beliefs, as well as

visualization of beliefs graph.

It is very natural that semi-supervised solutions are mentioned when it comes to fine-tuning

with the least resources. These also mainly include ensembling to achieve regularization when

working with unsupervised data. One of the first such approaches addressing this issue is the

COREG [26]. The technique uses two k-nearest-neighbor regressors with different distance

metrics to label the data. The distance metric, in that case, would serve as the confidence label.

14
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This approach uses a fundamental idea that some features in some spaces are aligned with

similar class labels and are further apart from the different class labels. This is an essential fact

that is reused in the CAM.

Another later technique involves minimal supervision for the labeling of the concept space,

and then, based on this concept space, the model can autonomously label the unlabelled data

[27]. The key idea here is the knowledge extraction from the manually labeled concept space.

It is claimed in the work that labeling a set of concepts and then running an algorithm on a set

of documents to label them based on these supervised concepts is a superior technique. Our

main takeaway from there is that we can extract knowledge from the supervised concept space

for unlabelled data. Furthermore, what we would like to propose is testing if this concept space

can help us make a prediction at the inference stage rather than during labeling.

The Social Media Attributions paper [28] addresses a task similar to ours. However, their

approach differs in two key ways. First, it requires supervised sub-concept labeling. Second,

they measure similarities between sub-concepts and model attention by feeding each sentence

multiple times with different sub-concepts. However, they are using the similarity measure to

find the concept sub-space that best describes the given sentence and make the decision based

on that. Our approach does this all in one pass and in an automated manner. We do not require

manual labeling of the concept sub-spaces. We expect to learn them during the fine-tuning

phase.

In the paper on Interacting Conceptual Spaces [29], the authors create all of the necessary

mathematical background required to formulate the knowledge extraction process from the

concept space. They converge the optimization task to the convex relations and prove that by

optimizing the conceptual space and merging multiple concepts (or even spaces) together, one

can extract new knowledge practical for the downstream task. They also provide an algebra

language on how concepts are organized and interact and what it means mathematically when

several concepts (or concept spaces) are combined. They put the conceptual representations

in different compacts and explore the vectors’ behavior there. This is one of the ideas we are

adopting in our paper, which we believe helps regularize the network. The concept spaces are
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encapsulated into a compact hypercube with the side 2. This is achieved due to the utilization

of the tanh activation, which we will review in more detail in the methodology section.

A study on deep learning performance improvement by Erion et al. [30] refers to the con-

cept of attribution in a slightly different manner. They refer to the feature attribution. The

hypothesis is that some features that are noisy or redundant may get more attention than others.

To deal with this issue and simplify the interpretation of the results, authors introduce attri-

bution priors to optimize for higher-level properties of explanations, such as smoothness and

sparsity, enabled by a fast new attribution method formulation called expected gradients that

satisfies interpretability axioms.

Recent work on language model tuning [31] proposes an entirely external proxy framework

that can be fine-tuned separately without the involvement of original model weights. The out-

puts (logits) of the initial model are then added to the logits of the fine-tuned proxy model to

get optimized output. That way, authors preserve the original capabilities and save resources on

model adaptation while also claiming some good performance results. This approach resembles

around the same idea that we explore in our paper.

A recent study on embedding space interpretation [32] is motivated by the idea of enabling

humans to understand the vector space of fine-tuned models. In order to achieve that, authors

hypothesize that they could create some alternative projection of the original latent represen-

tations into comprehensible conceptual space. The core idea is very similar to what is being

researched in the current work. The authors propose to have a few stage projections. First of

all, they obtain latent representations from the model by embedding the original text. These

embeddings transform with specific external operators. Besides, they also create representa-

tions of certain concepts, and then, by applying arbitrary similarity measures, they attribute

input text to particular predefined concepts. The key difference from our approach here is that

we do not assume any predefined concepts; rather, we encourage the model to explore alterna-

tive contextual representations, and later, we explore if these can be interpreted. In the original

paper, the authors built conceptual spaces based on the Wikipedia category-directed graph as

ontology.



Chapter 4

Datasets

4.1 Datasets Overview

For this research, we utilize four different datasets of fake news 4.1. Three of them are bi-

nary labels: Fake COVID [33], Fake News Kaggle [34], FakeNewsNet [35], and one contains

multiple labels LIAR (multi-label) [36]. We also use 4 other datasets for different types of

benchmarking: Hatexplain [2], GoEmotions [37], IMDB movie reviews [38], Social Media

Attributions [28]. So, we prove that our model evaluates better in both binary and multi-label

approaches across different domains.

The datasets used for benchmarking are HateXplain [39], IMDB reviews sentiment dataset

[40], and Social Media Attributions dataset of YouTube comments, related to Chennai water

crisis [28]. The main reason for choosing corresponding datasets is that HateXplain is consid-

ered a very complex dataset, with imbalanced data, and labels “offensive” and “hateful” are

conceptually very close. On the other hand, IMDB sentiment reviews are a semantically close

dataset to the former one and are reasonably easily interpretable. Such a relation is essential

since we would like to test the generalizability of the proposed technique. Besides, in the So-

cial Media Attributions paper, the authors apply a very similar approach to the one proposed

in this paper, however, with additional manual labeling of the concepts and multiple runs. We

would like to show that our approach achieves superior performance without additional manual

labeling and via a single pass.

17
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We also use the GoEmotions dataset to measure how well we can interpret the embeddings

produced by our framework.

Dataset

Fake COVID [33]
LIAR (multi-label) [36]
LIAR (binary-label)
Fake News Kaggle [34]
FakeNewsNet [35]
HateXplain [2]
IMDB [38]
GoEmotions [37]
Social Media Attributions [28]

Table 4.1: Benchmarks Tested

Fake news detection benchmarking is not a novel idea; moreover, it is a rapidly developing

field of research. The International Fake News Detection benchmark [41] provides a notable set

of datasets for model evaluation. They analyze both the image and textual parts of the datasets,

focusing on comparing different models within each dataset. In contrast, in this work, we focus

on the textual part, testing the same model across datasets.

4.2 HateXplain

Figure 4.1: HateXplain dataset Rationale Labels. Green highlights tokens found important by
both models and human annotators. Orange - words that models find important but human
annotators did not. [2].

HateXplain [2] is a dataset of hate speech and offensive language. The final dataset is

composed of 9,055 posts from Twitter and 11,093 posts from Gab. The dataset is split into 3

classes: hate speech, offensive language, and normal language.
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4.3 IMDB Movie Reviews

The IMDB Movie Reviews dataset [38] is a dataset of movie reviews from the Internet Movie

Database. The dataset contains 50,000 reviews, split into 25,000 reviews for training and

25,000 reviews for testing. The reviews are split into 2 classes: positive and negative. We

use it in conjunction with the HateXplain dataset to test if the model is able to generalize to

domains other than social media.

4.4 Social Media Attributions

Social Media Attributions [28] is a dataset of YouTube comments about the 2019 Chennai wa-

ter crisis. The dataset contains 72,098 comments from 43,859 users on 623 videos related to the

crisis. The comments are annotated for attribution ties - factors that users hold responsible for

the crisis (such as poor city planning or population growth). The dataset includes 2,500 anno-

tated comments that can be used to study how people attribute blame for collective misfortunes

through social media discussions.

4.5 The COVID-19 Fake News

The COVID-19 fake news dataset was introduced in [33], and it contains Twitter posts with

some fake and truthful facts about COVID-19 or related topics. It is worth noting that this

dataset has a particular domain and differs from a dataset focusing on political news. How-

ever, our research shows that our model scales well across multiple domains of knowledge by

grasping intrinsic high-level concepts of what is fake and what is non-fake.

4.6 The LIAR

The LIAR dataset was introduced in [36] and contains short statements in various contexts from

PolitiFact.com. The important distinction of this dataset is that the target variable is non-binary.

We tested it in both scenarios and showed that our models scaled well for both cases.
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4.7 Fake News Kaggle

Fake News Kaggle Dataset is a dataset from kaggle competition [34]. We show that without

full model retraining and any hyperparameters optimization, our CAM Model fine-tuned on this

data would not only rank in the top 8 of this competition but would also be well generalized for

the cross-dataset evaluation.

4.8 Fake News Net

Fake News Net is a dataset developed by [35] and containing news from GossipCop and Poli-

tiFact. Those are in the same domain but with different data sources. So we also check that

using only the GossipCop part of the data, the model would generalize well for the PolitiFact

data.

4.9 GoEmotions

GoEmotions [37] is a dataset of Reddit comments annotated for 27 emotions. We use it to see

if our proposed context attribution maps are able to capture the emotional content of the text.

4.10 Dataset Quality Analysis

An important observation is that with the CAM approach, we can measure how good the dataset

itself is. When we train the model using only the GossipCop part of the data and then perform

zero-shot cross-dataset evaluation, we observe better results than after training on GossipCop

and PolitiFact combined. This tells us that the latter dataset has some underlying issues and

should be used cautiously.
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Methodology and Experiments

5.1 Problem Definition

Consider a large language model that takes a document d = [t1, t2, ..., tT ] = [ti], i.e., a sequence

of tokens of length T , as input and produces a sequence of contextual embedding for each token

in N -dimensional vector space, RN . We can define such language model as: E = LLM([ti]) =

(e⃗1, e⃗2, e⃗3, ..., e⃗nd
) , where e⃗k is in RN .

Any categorical label is a concept that can have multiple attributes representing it. For

example, the label “fake” can be attributed to terms or a set of concepts that represent or con-

textualize the fake pieces of news. On that idea, we extrapolate the categorical label y(i) as

a spectrum for several concept attribution terms (i.e., synonyms representing the concept),

Cy(i) = c1, c2, c3, . . . , cmC
, such that; ∀i∃j : ATTR(C(j), y(i)), meaning - each categorical

label has at least one concept attribution term. Thus a given classification task can be expressed

as, τ = τ1, τ2, τ3, . . . , τlτ , comprising subtask, ti for each label y(i), of attributing the document

[d] by learning the attribution transformation function:

ATTROPT (Ty(i) , LLM([d])) → document classification

where Ty(i) = M|C
y(i)

|×N (some learnable matrix of given dimensionality, specific features of

this matrix are discussed further).

21
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Cy(i) = ATTR(E, Ty(i))

Based on these assumptions we define the following optimization task: there exists a learn-

able transformation tensor, Ty(i) , for each label y(i) such that it can operate on LLM([ti]) token

representations e⃗k for a given document [d] to project those tokens on to an abstract concept

space. The tensor Ty(i) can be optimized using customized loss functions during the training for

a classification task. Vectors in the concept space can be used as the attributions in the down-

stream tasks to improve the discriminator function’s performance and provide generalizability

for the classification of LLM([ti]).

5.2 Algorithm proposal

We find projection of all document tokens, collectively defined as E, by applying attribution

transformation operator, Cy(i) = ATTR(E, Ty(i)), where ET×n, Tn×|C
y(i)

| =⇒ PT×|C
y(i)

|.

Py(i) - is the projection of E using learned tensor Ty(i) The abstract concept space for each label

y(i) as R
|C

y(i)
| such that the transformation for each token e⃗k would be a vector p⃗y(i) . As our

hypothesis states, to use the concept attribution vectors in the subspace R
|C

y(i)
| for the down-

stream tasks, we apply the tanh normalization function. This helps us to scale the subspace

vector components within a bounded region of [−1,+1]. Thus, each token in LLM([ti]) will

have a concept space vector p⃗y(i) in R
|C

y(i)
|, where each component of the vector represents the

attribution score for the respective concept.

5.3 Training objective

As defined in the previous section, we use auxiliary losses in conjunction with the primary

Cross Entropy Loss function. The final form of an objective function is as follows:

loss = CrossEntropyLoss(X, y|θ) + λ1J1(Py(i) , y|θ) + λ2J2(Py(i)|θ)

Where λ1 and λ2 are the weights of the auxiliary losses. Setting λ2 to high values would
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mean more robust regularization of the intra-space loss. This loss ensures that the concepts

describing the concept space do not converge into a single representation. Setting λ1 to higher

values would make inter-space loss dominant compared to Cross Entropy. This type of behavior

is unique to each specific use case. In the experiment section, we show in some instances,

optimizing Concept Spaces representation also optimizes the target logits. However, this might

only sometimes be the case.

We provide an illustration to describe the architecture and show which particular parts are

used for the loss evaluation in fig 5.1.

Figure 5.1: CAM-Model diagram with specifying outputs used for loss components computa-
tion

5.3.1 Attribution function and Auxiliary losses

The transformation function, ATTR(E, Ty(i)) is computed as follows:

• Linear Transformation: for each attribution for the concept, Cy(i) = c1, c2, c3, . . . , cmC

we perform a dot product with all tokens resulting in, Py(i) = E × Ty(i)

• Normalization Constraints: As our hypothesis states, to use the concept attribution vec-

tors in the subspace R
|C

y(i)
| for the downstream tasks, we apply the tanh normalization

function. This helps us to scale the subspace vector components within a bounded region
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of [−1,+1]. Thus, we define:

ATTR(E, Ty(i)) = tanh[∀j,k(Py(i))] = tanh[∀j,k(E × Ty(i))]

Thus, each token in LLM([d]) will have a concept space vector p⃗y(i) in R
|C

y(i)
|, where

each component of the vector represents the attribution score for the respective concept

to the token.

• Regularization And Generalization Terms: We define these terms to avoid overfitting

and to achieve generalizability as follows:

w(θ) =
1

|Cy(i)| · T
∑
∀j,t

tanh[Pj,t])

J1(θ) = (L · [
|C

y(i)
|∑

k=1

(1− w(θ)] + (1− L) · [
|C

y(i)
|∑

k=1

(1 + w(θ))]

Where L is a vector of labels where each label is in 1 to 1 correspondence with the

number of concept spaces.

J2(θ) =

|C
y(i)

|∑
k=1

1∑n
cj∈Cyk

V ar[cj]

5.3.2 Primary Loss function

The loss that we are optimizing is primarily the Cross-Entropy loss. To ensure that the con-

ceptual embeddings don’t converge to the same embedding inside the conceptual space, we

introduce an intra-space loss J2. This also adds additional regularization and improves gener-

alization. This is proved during the experiments. Controlling the weight of this loss compared

to the cross entropy loss is another hyperparameter fine-tuning task. The intra-space loss is

basically an inverse of the variance of the vectors inside the context attribution. To make sure

that embeddings converge towards the particular context - we introduce inter-space J1 loss.
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5.4 Auxiliary metrics CS Accuracy and CS F1

The main goal of J1(θ) is to ensure that the projections on correct and incorrect concept spaces

are highly polarized. Specifically, we would want that when the embeddings are projected on

the correct concept space (fake concept space for the fake piece of news), we would like that

representation to approach certain polarization. When this same fake embedding is projected

onto the non-fake concept space, we would like this polarization to be orthogonal.

This is achievable due to the defined tanh normalization that we use in the concept space

projection. Based on the loss definition and the fact that the values of the projection dimensions

are bounded between −1 and 1, we state that correct representations will have a representation

close to the point [1, 1, ..., 1], while incorrect representations will look like [−1,−1, ...,−1]

(this is exactly what the definition of the inter-space loss tells us). If that is the case, then the

mean of the correct representation would also approach 1 for that case (note, by “correct” here,

we mean the one that matches the concept space assigned with a label to the underlying true

label of the embeddings that is being processed).

With that, we have a criteria of label assigning. After projecting embeddings on the concept

spaces, take the one that has the highest mean of the representation vectors. This also means

that the produced context attribution is closely attributed to this corresponding concept space

or label. Formally:

predcam = argmax
i∈|L|

[
1

T · |Cy(i) |

T,|C
y(i)

|∑
t,k

Cyi [t, k]]

These metrics are designed to explain why the final model with auxiliary losses works

well and generalizes much better. Training this loss not only gives some excellent results in

both the same dataset and cross-dataset tests but also converges at much higher rates. This

metric is a good measurement of improved generalizability. That means that by just attributing

the context, we capture the intricate structure of the problem rather than the structure of the

particular dataset.

Previously, we introduced the Auxiliary Metrics, which helped us describe and evaluate

our model’s performance. The reason these metrics are optimized is based on the definition of
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the loss function. Let us define the optimization goal for the inter-space loss J1(θ), introduced

in the previous section. In the model, we train transformation tensor Ty(i) for each label y(i).

Each label is assigned a unique concept space that would attribute the context of this label. For

instance, the “fake” concept is assigned to one concept space, and the “non-fake” concept is

assigned to another concept space 5.1 (note that in the general case, we can have arbitrarily

many labels, each assigned with specific concept space, attributing its context).

This model aims to extend the existing architecture, so after we have attributed the contexts

with some tensor transformation, we want the model to make a decision taking both attributions

into account. For that, we introduce the Space Mixer layer. It combines the output of the

concepts and learns to attribute given text to the specific label. However, we hypothesize that a

decision can be made solely based on the context attribution of the token embeddings on each

concept space.

5.5 Evaluation Metrics

Since we are evaluating the model between multiple benchmarks simultaneously, we want to

adjust to both a perfectly balanced IMDB dataset and a less balanced HateXplain dataset. So,

we report accuracy and f1-macro score. Our loss throughout the experiments is cross-entropy

loss combined with intra-space loss and inter-space loss for better regularization.

The interpretation of the CS Accuracy and CS F1 is exactly the same as for the standard

Accuracy and F1, only calculation changes. Besides, for the explainability part, we will need to

introduce multiple distance metrics and reformulate some existing metrics to better understand

the shape of the underlying concept space. Since, in this case, we work with embedding vectors,

we first of all have to get the proximity of those vectors. We will be extracting the top 1, 3, and

5 candidates in a simple kNN manner. We embed the concept [42] (standard natural language

definition of the label), and each of the returned vectors is also an embedding. For the scenario

when k > 1, we take the mean of whatever metric is applied to vectors. For instance, we

use Jaccard Similarity; when the top 3 or 5 results are returned, we measure the similarity

between each returned result and the embedding of a label definition and report the average of



CHAPTER 5. METHODOLOGY AND EXPERIMENTS 27

the results. Same for Mean Cosine similarity and Mean Euclidean Distance. We also report

Min cosine similarity and Max Euclidean distance among the returned results. This helps to

understand when foreign concepts are extracted. For example, we use the sentence expressing

aggression and extract aggression, anxiety, and joy. The first two are clearly related concepts,

while the third one is clearly foreign.

5.6 Context Attribution

Context attribution - is a projection of a collection of contextual embeddings (vectors) or, sim-

ply, a matrix. Projection is done via a concept operator. When we train the model, we ensure

that concept operators project disjoint concepts far away from similar concepts. We project

the sentence in multiple context attributions and then find the similarity between the original

sentence and the conceptual projections. This similarity tells how to classify the instance cor-

rectly. Note that in the actual implementation, we do not do the pairwise comparisons of the

similarities or any other type of processing. Instead, we concatenate obtained projections into

a single tensor and feed it to the classification layer. Thus, instead of manually defining the

classification criteria, we specify it as a set of trainable parameters.

5.6.1 Contextual word embeddings

As was already stated, the only assumption we impose on the base model is that it can cre-

ate (contextual) embeddings from the input. Let Ns be the sequence length, and d be the

dimensionality of the contextualized embedding of the model. E = [e1, e2, ..., eNs ] ∈ RNS×d,

ENs×d ∈ RNS×d is the contexual embedding matrix.

In our research, we assume that the BERT-like models produce this embedding. So Ns

would be defined in the range between 256 and 512 (as a maximum sequence length used by

the BERT architecture), and d would be 768 for all of the base models and 1024 for the XLNet

large.
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5.6.2 Conceptual projections

For each of the classes in the classification problem, we assume a single concept space op-

erator. This concept space operator transforms (projects) the contextual embeddings to the

context attribution and produces new conceptual embeddings. The obtained representation of

the embeddings is also called a latent representation. This representation’s dimensionality is

defined as the latent space (target space for the projection). Let m be the dimensionality of

the latent space. We first define the projection operator as a matrix with trainable parameters:

Pd×m ∈ Rd×m. Thus obtained projection matrix (context attribution) CNs×m ∈ RNs×m.

Basically, context attribution is a new representation of the embeddings in the latent space,

where the transformation operator is trained during fine-tuning. However, since we want to

obtain proximity of the contextualized embedding to the context attribution, we introduce pre-

viously defined tanh operation as a similarity measure.

CNs×m = tanh(ENs×d × Pd×m) (5.1)

tanh is applied element-wise. In that case, our conceptual matrix is a representation of how

close a certain sentence is to the concept from the target context attribution (1 is very close,

and -1 is from an orthogonal attribution). As an example, when we feed the word “terrible” to

the context attribution that was predefined as “positive”, we expect to see -1 in the conceptual

representation and 1 for a word like “great”.

The training objective of the model is to take into account multiple projections of the input

embeddings to find the projection that is most aligned with the sentence content. The similarity

measure we are using is a slight modification of the cosine similarity, where normalizing the

value by the vectors’ norms is replaced with the tanh.

tanh(x) =
ex − e−x

ex + e−x
(5.2)

Similarly to the original paper introducing LSTM [43] , we use tanh to control the flow of

the information in the network. It squashes the range, centers the values around zero, and in-
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troduces non-linearity. This has also proven to be an excellent regularization technique, which

reduces the instability, improves models’ generalizability, and improves the results. This aspect

is discussed in more detail in the results section.

Figure 5.2: 3D projection of the space embeddings for the 2-class classification

As a good side-effect of the tanh, we add additional non-linearity and squashing effect

to the model. Thus, no additional normalization of values is required. Besides, we shrink our

problem to the compact (hypercube with side 2, from -1 to 1). In 5.2, one can find a benefit from

such an approach. We can now easily interpret the outcome of the binary classification model.

The visualization provided is the contextual embedding of the BERT model into 3-dimensional

context attribution space for the IMDB classification task (this is done for test examples, so the

model is not overfitted, and what we clearly see is the orthogonality of the negative and positive

sentiment concepts).

According to our definition, every target class has a unique context attribution for itself. So

for n classes classification problem:
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Ci
Ns×m = tanh(ENs×d × P i

d×m) (5.3)

for i ≤ n. Where Ci and P i are namely i-th context attribution and concept projection operator.

5.7 Vectors’ similarity

Vectors’ similarity is one of the key concepts in this research. Basically, the entire idea of

contextual embedding revolves around the vectors’ similarity. In this paper, we primarily focus

on cosine similarity. Or, more accurately, dot product, which is unnormalized cosine similarity.

5.7.1 Cosine Similarities

Cosine similarity measures the cosine of the angle between two non-zero vectors in an inner

product space. It is particularly effective in high-dimensional, sparse data scenarios. The gen-

eral formula for cosine similarity is:

cos(A,B) =
A ·B

|A| · |B|

This measure ranges from -1 (opposite directions) to 1 (same direction), with 0 indicating

orthogonality.

In our research, we replace the normalization step with non-linearity such as tanh. But the

logic remains the same.

5.7.2 Nearest Neighbors

The nearest neighbor concept identifies the closest data point(s) in a dataset to a given query

vector. In our case, we first of all use it to interpret the results. We embed the corpus of the

concepts, and then instead of doing standard classification - we find k nearest neighbors of the

embedded text among the embedded concepts.
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5.8 Measuring Concepts Explainability and Interpretation

As part of the framework proposal, we want to see if our model helps us better understand

the decisions made by the model. And if we can benefit from this interpretation in any way.

For that, We would have a set of various distinct concepts. Some of them might be very close

in meaning; some might be the opposite. We will have a dataset labeled with these concepts.

Using our learning operator, we will learn a model to distinguish between these concepts. Later,

we hypothesize building a knowledge space by providing just a concept definition, embedding

it, and finding the Euclidean (or cosine) distance between the definition and text embedding. In

this space, close concepts are closer to each other; thus, sentences representing some of these

concepts would also fall within this cluster of concepts. This would help us understand the

spatial structure of the concept spaces that the model is generating. If we see that a certain

sentence is closer to the specific definition embedding than to the others - this sentence is

more likely to belong to that concept. If this hypothesis holds for the data, then we know that

concept spaces indeed attribute the context to the conceptual level, providing more semantical

understanding rather than pure contextual meaning.

5.9 Classification

After we have projected the embeddings to all of the context attributions, we need to perform

classification. In that case, since every projection is a set of vectors (where each vector is

a conceptual embedding with latent size m), we would find the centroid of this representa-

tion for each context attribution and then concatenate these representations. This concatenated

representation is then fed to the single linear layer for classification. This basically identifies

the proximity of the embedding to the corresponding context attribution. Let ki represent i-th

context attribution centroid, and ci,j j-th conceptual embedding vector (j-column) of the i-th

context attribution Ci
Ns×m.

ki =
1

Ns

·
Ns∑
j=0

ci,j (5.4)
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5.10 Theoretical Analysis of CAM Framework

The superior performance of the CAM framework can be attributed to several theoretical ad-

vantages:

5.10.1 Geometric Interpretation

The CAM framework’s effectiveness stems from its geometric properties in the embedding

space. When we project embeddings onto context attributions, we create a structured represen-

tation where:

• Each context attribution defines a subspace that captures task-specific features

• The orthogonality between different context attributions ensures a clear separation be-

tween classes

• The projection operation acts as a form of regularization, preventing overfitting to dataset-

specific features

5.10.2 Information Bottleneck Perspective

From an information theory standpoint, CAM implements a form of the Information Bottleneck

principle:

I(X;T )− βI(T ;Y ) (5.5)

Where:

• X represents the input text

• T represents the context attribution projection

• Y represents the target classification

• β balances the compression-relevance trade-off
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This formulation helps explain why CAM achieves better generalization: it retains only the

most relevant information for the classification task while discarding noise and dataset-specific

artifacts.

5.10.3 Loss Function Analysis

The effectiveness of our auxiliary losses can be understood through their complementary roles:

• Inter-space Loss: Promotes orthogonality between different context attributions, ensur-

ing each captures unique aspects of the classification task

• Intra-space Loss: Prevents collapse of embeddings within each context attribution,

maintaining rich representational capacity

The combination of these losses creates a well-structured latent space that facilitates better

generalization across datasets.

5.10.4 Relationship to Attention Mechanisms

CAM’s context attribution can be viewed as a specialized form of attention that operates at a

higher level of abstraction than traditional transformer attention:

• While transformer attention focuses on token-level relationships, context attribution cap-

tures concept-level relationships

• This hierarchical structure allows CAM to learn more robust and transferable features

• The projection operation effectively filters out dataset-specific noise while preserving

task-relevant information
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Results

We evaluate our framework using 4 base models with 8 different datasets. With benchmarks,

we want to measure:

• Performance of the proposed CAM Framework

• Generalization property of the novel technique

• How does it compare with existing context attribution solutions which involve a manual

process

To achieve that, we are going to use 8 datasets: FakeNews (of different kinds), HateXplain,

IMDB reviews sentiment dataset, and Social Media Attributions dataset of YouTube comments

related to the Chennai water crisis. IMDB sentiment reviews are a semantically close dataset

to the HateXplain and are reasonably easily interpretable. Such a relation is essential since

we would like to test the generalizability of the proposed technique. This same logic applies

to the multiple Fake Datasets that we’ve introduced before. We want to prove that the model

learns high-level patterns and relations and is able to use them to make better predictions.

Besides, in the Social Media Attributions paper, the authors do manual labeling of the concepts

and measure similarity with the so-called Social Media Attributions; we would like to show

that our approach achieves superior performance without additional manual labeling and via a

single pass.

The experiments are structured in a way that we have basic experiments with smaller models

34
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and simpler tasks. Additionally, we conducted experiments to compare the CAM to the state-

of-the-art model of the IMDB dataset. We also investigate and analyze various properties of

the CAM and explore some of the hyperparameters’ usage, with their respectful effect on the

model performance. We explore the generalization property of the model by cross-testing it on

the unseen dataset.

6.1 Preprocessing and settings

BERT serves as a standard reference and baseline model in our experiments. Its weights are

fully trained only once when evaluated against the Chennai water crisis dataset. For all other

datasets, we preserve the model’s generalizability, avoiding additional training. Similarly, XL-

Net, as the state-of-the-art transformer for multiple benchmarks, is evaluated on the IMDB

sentiment analysis dataset. In this context, we aim to demonstrate that attaching the CAM head

to any modern transformer can significantly enhance performance.

For both datasets, we conduct minimal preprocessing. The only exception is for the Fake

News Kaggle Competition dataset, where we combine the title and text fields. All experiments

employ cased models, except in the Social Media Attributions comparison. We utilize cased

DistilBERT, cased BERT, and cased XLNet as base models in our framework, which focuses

on generating contextual embeddings. These base models are flexible and interchangeable,

depending on the use case.

The CAM model incorporates a latent space whose dimensionality is a hyperparameter.

Experiments are conducted with values of 3, 64, 128, 256, and 512 dimensions, with 64 di-

mensions providing an optimal balance between complexity and efficiency for most of the

experiments. Training is conducted for 50 epochs, using the Adam optimizer with a learning

rate of 2 · 10−5, a batch size of 256, and a maximum sequence length of 512. The joint loss

for model optimization includes three components, with inter-space loss weights typically set

between 0.1 and 0.01, and intra-space loss weights between 10−5 and 10−7. These weights are

normalized to prevent dominance from any single loss component.

As a rule of thumb, intra-space loss is estimated by calculating the variance for a few sam-
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ples and averaging across the batch size using a non-fine-tuned model. This provides guidance

for proper weight setting, regularization, and avoiding dominance. Notably, the inter-space

loss often converges in 10-20% of the epochs required for Cross-Entropy loss convergence, as

demonstrated in our ablation study.

Figure 6.1: 3D projection of the space embeddings for the 3-class classification (HateXplain)

We use the base model configuration for all of the experiments except for the state-of-

the-art establishment (12 layers for BERT and XLNet and 6 layers for DistilBERT). For the

state-of-the-art performance, we trained large (24 layers) XLNet, which was used for reporting

the results in the original paper. We use the Adam optimizer with a learning rate of 2 · 10−4 for

all experiments, except for the state-of-the-art establishment, since the original paper states that

10−5 was used to achieve the best results. Maximum sequence length and batch size is 256 for
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all of the basic experiments and is replaced with 512 and 4, respectively, for the XLNet large

state-of-the-art results.

Since the original paper recommends using 32 as the batch size for the IMDB benchmark

for the best results, and we could not fit that to the GPU memory, we used 8 gradient accumu-

lation steps and adjusted the number of training steps accordingly. Even though the result does

not precisely reproduce the original outcome, it is close, and the evident performance boost

from the CAM is transparent.

For the number of latent spaces, we use three for most experiments since this is enough to

outperform significantly and is easy to visualize. As discussed previously, when we project the

contextual embeddings onto the context attribution, we expect these projections to be orthogo-

nal if the classes are different. That is what we observe in Figure 1 and Figure 2.

For the comparison with the Social Media Attributions, use the latent size of 64. For the

state-of-the-art results using XLNet, we use 128 as the latent space size. We use a single Nvidia

A5000 GPU for our training. Our model with various configurations may take from 30 seconds

per epoch with DistilBERT to 25 minutes with XLNet large. A standard number of fine-tuning

epochs is set to 5; however, for the XLNet large state-of-the-art results, we used only one epoch

of training with one epoch of head fine-tuning to prevent overfitting.

Due to the nature of our novel loss, we also introduce additional metrics: Concept Space

(CS) Accuracy and Concept Space (CS) F1. This is evaluated as accuracy and F1-score, where

the label is chosen based on the tanh normalization between concept spaces (the label corre-

sponding to the closest concept space is assigned) 5.1. After projecting the transformer em-

bedding onto the concept spaces, we obtain two latent representations. On the means of these

representation vectors, we apply tanh to obtain normalized values, and based on the concept

of proximity, space (label) is assigned.

6.2 Experimental Results

We prove the efficiency of our novel framework via multiple benchmarks. Our data comes

from different sources, such as Twitter, political websites, news websites, and more. We use
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the datasets provided in the table 4.1 for the evaluation. All of our evaluations are based on

the BERT transformer architecture. We train the model on different data and test it through

different domains (e.g., training on political news and testing on COVID-related news). Since

our framework only utilizes the outcome of the transformer network, replacing BERT with a

superior model and using Space conceptual attribution on top of that would achieve an even

better performance boost (we show that our framework is model agnostic using RoBERTa and

DistilBERT in some tests).

Our primary objective in this work is to show that our novel loss function with the novel

architecture performs better than the standard model (BERT in this case) with the same and

cross datasets. With this approach, we prove that we do not just learn the specifics of the

dataset but also make the model understand the high-level concepts of fake vs. non-fake.

With CAM-Model fine-tuning, we achieve performance close to the entire model training

but with far less memory consumption during training and without the loss in generalizability.

6.2.1 CAM-Framework vs. Dense Layer

Ultimately, our main contribution is reimagining the final downstream task head, specifically

for the classification tasks. To prove that using the framework as the final layer is beneficial in

terms of generalizability and just for the results, we compare it to the dense layer, which has a

much bigger or comparable number of parameters. The results are reported for the DistilBERT

on two datasets: IMDB Movie reviews [38] and Fake news. We observe that performance

depends on the task and on the model. For the IMDB dataset, we keep a number of CAM-

model parameters at 2.6% of those in the Dense layer. While for fake datasets, we boost that

number to 65%.

Model Dataset # Params Accuracy F-1 Precision Recall

DistilBERT fake 592,130 0.7970 0.7945 0.8031 0.7939
CAM-DistilBERT fake 385,002 0.8243 0.8220 0.8317 0.8210
DistilBERT IMDb 592,130 0.7890 0.7890 0.7890 0.7890
CAM-DistilBERT IMDb 15,402 0.8211 0.8211 0.8212 0.8211

Table 6.1: Comparison of models and their performance metrics
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Dataset Model # Params Accuracy F1 Recall
IMDB (training) DistilBERT 592130 0.7852 0.7819 0.6614

CAM DistilBERT 197122 0.8322 0.8320 0.8663
HateXplain (zero-shot) DistilBERT 592130 0.6013 0.4450 0.0869

CAM DistilBERT 197122 0.5821 0.5187 0.2698

Table 6.2: Comparative table of the results of the CAM in different configurations with Distil-
BERT on the IMDB dataset and HateXplain dataset

6.3 Generalizability

We take corresponding models and evaluate them on the HateXplain benchmark in a zero-shot

manner 6.2. For the sentiment analysis, negative labels are encoded as 0 and positive as 1; for

the HateXplain, we encode Hateful and offensive labels as 0 and normal labels as 1. Here, we

see that the CAM with intra-space loss is a top model in terms of f1-score, while the accuracy

is the highest for the DistilBERT. However, accounting for the dataset imbalance, we see that

DistilBERT is worse in terms of f1 by at least 6-7% and almost 4 times worse in terms of recall.

Next, we compare the BERT model with the CAM-BERT and base BERT on the HateXplain

benchmark with 3 classes. Here, we only train the classification head for BERT and contextual

attribution operators for the CAM framework (as discussed previously). The results in 6.3

clearly show that the CAM is superior in all of the metrics by at least 8%.

Metric CAM-BERT BERT
Accuracy 0.5296 0.4485

F1-score (macro) 0.4304 0.3314
Precision 0.5431 0.4471

Recall 0.5296 0.4485

Table 6.3: BERT HateXplain (3-class) evaluation

We then fine-tune the classification head and the CAM with XLNet and BERT base models

for the same HateXplain benchmark 6.4 and observe that for BERT, the performance gap with

identical training settings and identical base model is more than 16% on the f1-macro score. In

comparison, for XLNet, this gap is around 6%.

To further prove the effect of the performance boost using the CAM framework, we do the

full training of the XLNet, a state-of-the-art model for the IMDB benchmark 6.5. With almost

identical settings to the original paper, we obtain a 0.9386 f1-score, while training the CAM
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Metric # Params Accuracy F1 Precision Recall
CAM-XLNet 4622 0.8798 0.8797 0.8764 0.8824

XLNet 1538 0.8160 0.8156 0.8421 0.7750
CAM-BERT 4622 0.8110 0.8108 0.8227 0.7899

BERT 1538 0.6588 0.6555 0.6919 0.5649

Table 6.4: BERT and XLNet Comparison on HateXplain Dataset (2-class)

with the exact same settings gives us 0.9487 (all of the other metrics are also superior for the

CAM, except for the recall, which is again very different with precision for the vanilla model,

and very close for the proposed approach). We observe that the CAM framework surpasses

the state-of-the-art models in the tasks and is much more tolerant of imbalanced data. The

precision-recall trade-off is evident in most of the experiments. To prove this point further, we

conducted the ablation study and researched how the framework stabilizes performance during

training.

Metric CAM-XLNet XLNet
Accuracy 0.9488 0.9387

F1-score (macro) 0.9487 0.9386
Precision 0.9463 0.9106

Recall 0.9516 0.9731

Table 6.5: State-of-the-art XLNet on IMDB

6.3.1 Invidividual Dataset Evaluation, CAM-BERT vs BERT

After fine-tuning the default BERT and various configurations of CAM-BERT on all of the

datasets we select as benchmarks, we compare them in the table 6.6. This experiment set

proves that our model is superior if used for the same dataset. We also claim it is superior and

generalizes much better than fine-tuned BERT.

6.3.2 Cross-dataset Evaluation, CAM-BERT vs BERT

We define labels in the following manner: 1 - stands for fake for all of the datasets, and 0 -

encodes true. By doing that, we ensure that the evaluation is consistent so that we can test it in

a zero-shot manner. For the cross-dataset case 6.7, we see that the best-performing model is the

one with 128 latent dimensions. It could capture the most context attributions of the fake and
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Data Architecture # Dim. Accuracy CS Accuracy F1 CS F1

Fake COVID News BERT N/A 0.7145 N/A 0.6966 N/A
CAM-BERT 3 0.7949 0.5234 0.7828 0.3436
CAM-BERT 64 0.8645 0.7743 0.8627 0.7637
CAM-BERT 128 0.8808 0.6528 0.8797 0.5967

Liar (multi-label) BERT N/A 0.2221 N/A 0.1211 N/A
CAM-BERT 3 0.2362 0.1824 0.1540 0.1079
CAM-BERT 64 0.2580 0.2362 0.2034 0.1590
CAM-BERT 128 0.2572 0.2081 0.2120 0.1267

Liar (binary-label) BERT N/A 0.5666 N/A 0.3617 N/A
CAM-BERT 3 0.5900 0.5838 0.5280 0.5825
CAM-BERT 64 0.6267 0.5877 0.6002 0.5855
CAM-BERT 128 0.6251 0.5744 0.5971 0.4194

Kaggle Fake News BERT N/A 0.6550 N/A 0.6337 N/A
CAM-BERT 3 0.8069 0.6408 0.8030 0.6396
CAM-BERT 64 0.8685 0.6834 0.8672 0.6497
CAM-BERT 128 0.8868 0.6436 0.8859 0.5900

Fake News Net BERT N/A 0.7548 N/A 0.4302 N/A
CAM-BERT 3 0.7557 0.2732 0.4336 0.2400
CAM-BERT 64 0.7955 0.6468 0.6654 0.6090
CAM-BERT 128 0.8028 0.7131 0.6833 0.6302

Table 6.6: Individual Dataset Experimental Results

non-fake news. The performance gain by using the CAM model compared to BERT is evident

since in all of the cases without any model retraining, by only doing fine-tuning, we achieve a

performance boost of 25% on the F1-score.

Analyzing the accuracy and F1 measures in the same dataset and across multiple, we see

that these are a bit higher than CS Accuracy and CS F1. One can see that CS Accuracy and CS

F1 are dominant in that case. This is because the auxiliary inter-space loss forces the model

to learn higher-level concepts and, thus, generalize better for the broader set of problems in

cross-domain and cross-dataset manner. Basically, that means that if we fine-tune the model on

some dataset, we may later drop the last part and only measure the similarity of the embedding

to the trained concept spaces when evaluating it on a different dataset.
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(Train) → (Test) Model # Dim. Accuracy CS Accuracy F1 CS F1

(Gossip) → (CovidFake) BERT N/A 0.5234 N/A 0.3436 N/A
CAM-BERT 3 0.5234 0.6145 0.3436 0.6052
CAM-BERT 64 0.5375 0.6064 0.3806 0.5874
CAM-BERT 128 0.5373 0.5691 0.3797 0.4712

(Gossip) → (Politifact) BERT N/A 0.5909 N/A 0.3714 N/A
CAM-BERT 3 0.5909 0.4403 0.3714 0.3699
CAM-BERT 64 0.6695 0.6259 0.6085 0.6258
CAM-BERT 128 0.6941 0.6468 0.6395 0.6155

(NewsNet) → (CovidFake) BERT N/A 0.5234 N/A 0.3436 N/A
CAM-BERT 3 0.5234 0.6024 0.3436 0.5881
CAM-BERT 64 0.5482 0.6191 0.4064 0.6116
CAM-BERT 128 0.5480 0.5956 0.4056 0.5354

Table 6.7: Cross-dataset Experimental Results

6.4 Model Interpretability

6.4.1 Explanation of the model decisions using emotions prediction dataset

We hypothesize that if the model really grasps concepts rather than pure contextual relations

- we will be able to better classify emotions and extract clusters of emotions related to the

sentence by simply doing the kNN on embeddings of the sentence and label definitions.

We have a dataset of 28 emotions. The first step - is to adapt the model to the downstream

task - classifying emotions (we only fine-tune the downstream task head here; none of the

model weights are updated). We test 4 models: DistilBERT, RoBERTa, CAM-DistilBERT and

CAM-RoBERTa. After that, we embed each label definition with each of the models. For the

DistilBERT and RoBERTa, we use CLS token representation. For the CAM models, we use

Space Mixer representation. This gives us 28 vectors, which we put into the kNN store.

Metric CAM-BERT BERT
Accuracy 0.8309 0.8220

F1-score (macro) 0.8006 0.7484
Precision 0.7126 0.8876

Recall 0.7337 0.4674

Table 6.8: Social Media Attribution BERT

Next, we compare the results from a classification using the basic fine-tuned model and
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using kNN of embeddings. Since the task is multi-label classification, we take the top 1, 3, and

5 nearest neighbors, and the best results happen to fall for the top 3 predictions. However, even

for the top 1, results are already better than those for the basic model only.

Figure 6.2: GoEmotions Dataset Interpreting the results

We show that with kNN embeddings, we achieve at least twice the boost in Accuracy and

F1 for the CAM framework. This proves our hypothesis about better concept capturing and

conceptual representation of the sentence. This also helps us explain the decisions made by the

model by simply analyzing definitions of the labels 6.10.

Model Accuracy CS Accuracy F1 CS F1 Precision Recall

DistilBERT 0.0707 N/A 0.0598 N/A 0.3291 0.0388
CAM-DistilBERT 0.1054 0.2868 0.1065 0.0553 0.4527 0.0717

RoBERTa 0.0169 N/A 0.0014 N/A 0.0479 0.0007
CAM-RoBERTa 0.1051 0.2614 0.1370 0.0457 0.2658 0.1002

Table 6.9: Performance Metrics of Different Models on GoEmotions Dataset

Model # Latent Dims. Accuracy F1 Score Precision Recall

DistilBERT N/A 0.1200 0.1025 0.0982 0.3084
CAM-DistilBERT 3 0.1984 0.1623 0.1725 0.4069

RoBERTa N/A 0.1117 0.0627 0.0441 0.1835
CAM-RoBERTa 128 0.1016 0.0599 0.0443 0.1789

Table 6.10: Performance Metrics of Different Models on GoEmotions Dataset 3NN
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6.4.2 Social Media Attribution

We compare our CAM Framework with the Social Media Attribution and observe 5.2% F1-

score improvement on our own reproducing experiment and almost 2% F1-score improvement

compared to the best-reported score from the original paper. The best result there was obtained

on the adapted Indian BERT, while we used base uncased BERT without any adaptation, so

this performance boost is not exhaustive.

6.5 Context Attribution Layer

As a logical development of our idea that the final dense layer can be replaced with a CAM

layer, we arrived at the idea of replacing all of the dense layers in the transformer model with

CAM Layers. The assumption states that this would lead to improved overall performance

and generalizability. However, after testing this approach (we called it CAM NanoBERT), we

arrived at results that were statistically indifferent from the basic BERT results. The explanation

for this could be that our framework works best in conjunction with the novel loss. While this

heavily relies on the pre-trained LLM embeddings. So, if the embeddings are modified, loss

behavior becomes undefined. This particular case is still worth exploring. However, this goes

outside the scope of this research.

6.6 Context Attribution with Adapters

A reasonable reference would be to compare CAM and Adapters such as Low-Rank Adaptation

(LoRA) and QLoRA. What is the current state-of-the-art training of LLMs? However, we

emphasize that those are not mutually exclusive approaches. On the contrary, we encourage

exploring how well our external framework combines with LoRA. From the experiments that

we conducted, it is reasonable to conclude that CAM, just as for the base model - improves

the classification accuracy for LoRA adapters. This agrees with the assumptions we made

previously. The better embeddings we can get from the base model, the better projections

are found, thus resulting in better classification accuracy. Nonetheless, we want to see how
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well these two methods work independently. To do that analysis, we chose the Gemma 2 2B

model. We are comparing 20 Million parameters LoRA adapter and 1 Million parameters

CAM layer across 3 different datasets: IMDB, Hate Speech, Fake News 6.11. Performance

varies depending on the model.

Model Dataset Accuracy F1 Precision Recall
Gemma 2B IMDb 0.9679 0.9680 0.9680 0.9679
CAM Gemma 2B IMDb 0.8003 0.8000 0.8020 0.8003
Gemma 2B hatexplain 0.7615 0.3198 0.3055 0.3397
CAM Gemma 2B hatexplain 0.8260 0.4524 0.4130 0.5000
Gemma 2B fake 0.9975 0.9975 0.9975 0.9976
CAM Gemma 2B fake 0.9649 0.9648 0.9662 0.9657

Table 6.11: Performance comparison of LoRA Adapter vs. CAM Framework

Figure 6.3: CAM-Framework vs. LoRA Adapters (Gemma 2 2B). X-axis - accuracy, Y-axis
F1-macro, Size - Model size (1M or 20M)

6.7 Regularization effect on fine-tuning

During the experiments, we observed that the CAM has a much better ratio of recall/precision,

which means that it handles imbalanced data much more efficiently. Another observation is

that adding just CAM stabilizes the results during training, not allowing the performance to

vary a lot between iterations. Find the visualization of the ablation study in 6.5. Additionally,

intra-space loss adds more regularization and stabilization and ensures that the concepts in the

context attribution will not converge to a single vector.
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Figure 6.4: Scaling of the metrics compared to the scaling of the latent dimensions

6.8 Ablation study of the Inter-Space and Intra-space losses

To understand the impact of auxiliary losses on model performance and stability, we conducted

a comprehensive ablation study. We evaluated two key aspects:

1. The effect of combining auxiliary losses with Cross-Entropy Loss 2. The performance

when training exclusively with Inter-Space and Intra-Space losses

Our experiments demonstrate that these auxiliary losses not only enhance the CAM-Model’s

performance but also provide crucial benefits:

• Improved model stability during training

• Enhanced generalization capabilities

• Better handling of imbalanced datasets

6.8.1 Combined Loss Configuration

In the first configuration, we define the total loss as a weighted sum:

Ltotal = LCE + αLinter + βLintra (6.1)

where α and β are weight parameters, typically set to 0.1 and 1e-5 respectively based on our

empirical studies.
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Data # Dims. Accuracy CS Accuracy F1 CS F1 Precision Recall

GossipCop 3 0.7566 0.7053 0.4307 0.6387 0.3783 0.5000
64 0.2818 0.6857 0.2538 0.6366 0.5683 0.5175

128 0.7448 0.7442 0.4436 0.6522 0.4861 0.4985

Fake News Net 3 0.7548 0.6196 0.4302 0.5962 0.3774 0.5000
64 0.7815 0.7055 0.6016 0.6325 0.7203 0.5928

128 0.7973 0.7321 0.6703 0.6370 0.7350 0.6500

Table 6.12: Performance evaluation of models trained with combined auxiliary losses on same-
dataset scenarios

6.8.2 Exclusive Auxiliary Loss Training

In the second configuration, we trained models using only the auxiliary losses to understand

their independent contribution:

(Train) → (Test) # Dims. Loss Accuracy CS Accuracy F1 CS F1

(Gossip) → (CovidFake) 3 0.7034 0.5234 0.5292 0.3436 0.3606
64 0.6892 0.4759 0.5967 0.3238 0.5549
128 0.7052 0.4401 0.5543 0.3472 0.4312

(NewsNet) → (CovidFake) 3 0.7046 0.5234 0.5379 0.3436 0.3830
64 0.6888 0.4761 0.6260 0.3238 0.6039
128 0.7055 0.4338 0.5778 0.3467 0.4927

Table 6.13: Zero-shot cross-dataset performance using only auxiliary losses for training

Figure 6.5: Training stability comparison between BERT and CAM-BERT with auxiliary losses
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Our findings reveal several key insights:

1. Training Efficiency: The auxiliary losses often converge in 10-20% of the epochs re-

quired for Cross-Entropy loss convergence, suggesting more efficient training.

2. Dimensional Impact: Models with 64 and 128 dimensions consistently show better

performance in cross-dataset scenarios, particularly for CS Accuracy and CS F1 metrics.

3. Loss Collinearity: In some cases, the entropy objective and auxiliary losses exhibit

collinearity, leading to simultaneous improvements in both standard and CS metrics.

4. Zero-shot Performance: Training with only auxiliary losses can achieve competitive

results in zero-shot scenarios, demonstrating the framework’s ability to capture general-

izable features without task-specific supervision.

These results suggest that auxiliary losses play a crucial role in both model performance and

generalization. The improved stability and cross-dataset performance indicate that these losses

help the model learn more robust and transferable features, which is particularly beneficial for

zero-shot scenarios and handling imbalanced datasets.



Chapter 7

Results and Discussion

7.1 Discussion

This research focused on the novel methodology towards conceptual embedding for classifica-

tion with Language models. As an outcome of this work, we have conducted a set of experi-

ments to empirically prove the efficiency of the proposed technique. We have also created the

implementation of the proposed framework via PyTorch and provided an open-source GitHub

repository to facilitate and simplify future collaboration and exploration. We believe that the

potential of this approach is yet to be discovered, and the goal of this paper was to provide

some baseline ideas and understanding.

We anticipate improvements by adding more complex transformations after the conceptual

projection phase. We also believe that this technique should in no way be limited to classifi-

cation problems only. The formulation of the regression problem is quite straightforward but

needs to be additionally researched. With that, we also expect that 1-to-1 correspondence of the

context attribution to the target class is an artificial limitation that we hold in this paper for the

simplicity of interpretation. However, if domain knowledge suggests that having multiple con-

text attributions (more than the number of classes) for the task makes sense - then this should

also be an option. We would also like to explore further the potential of the interpretation

capabilities of the framework and how we can use it to extract knowledge from the model.
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7.2 Limitations

While the proposed Context Attribution Model (CAM) showcases significant improvements

across various datasets, as evidenced by our experimental results, it is imperative to acknowl-

edge certain limitations inherent to this study and the model itself. These limitations, outlined

below, offer avenues for further research and refinements of the approach:

1. Language Dependence: Our experiments were conducted exclusively on datasets in

English. This limitation raises questions about CAM’s performance in processing texts from

languages with different syntactic and semantic structures, especially those with low-resource

availability or significantly different grammatical constructs compared to English.

2. Interpretability: While CAM introduces a geometric interpretation of model predic-

tions, the overall interpretability of how the model attributes context to make these predictions

could be further improved. Enhancing the interpretability would not only make the model more

transparent but also increase trust in its predictions, especially in sensitive applications.

3. Data Quality and Bias: The performance of CAM is dependent on the quality and

representativeness of the datasets used for training. Inherent biases in these datasets can affect

model performance and fairness. Addressing potential biases and ensuring the diversity of

training data is crucial for the development of more equitable and generalized models.

Moving forward, addressing these limitations will be crucial in enhancing the robustness,

applicability, and fairness of CAM. Future work will focus on exploring the applicability of the

model across diverse domains, languages, and more challenging datasets, as well as efforts to

improve model interpretability and reduce computational demands.



Chapter 8

Conclusion

In summary, this study concentrated on a new approach to concept embedding for classification

using language models. The research involved conducting experiments to validate the effective-

ness of the suggested technique in multiple scenarios with the same dataset and cross-dataset.

We have also introduced a novel loss function that proves to be efficient for the given task

and allows better generalizability, faster convergence, and more stable and reliable training.

This loss function and the model architecture led to the definition of Concept Space metrics,

such as CS Accuracy and CS F1. We explain how to evaluate those and how they help us better

understand and utilize the CAM Framework. We have also proposed a geometric interpretation

of Context Attribution and have proven its efficiency.

Additionally, we implemented the proposed framework using PyTorch and encouraged and

streamlined future collaboration and exploration. We are optimistic that the full potential of

this method remains to be explored, and the purpose of this paper was to lay the groundwork

for ideas and comprehension.
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Context Attribution To Attain Generalizability in Non-fine-tuned Transformer: A Framework

for Concepts Excretion in Cross dataset Evaluation Settings

Dissertation directed by Dr. Ruhul Amin, Ph.D

Fine-tuning large pre-trained language models (LLMs) on specific datasets is a prevalent

strategy for Natural Language Processing (NLP) classification tasks. However, this process

often leads to a significant loss in the models’ generalizability. To address this, we introduce

the Context Attribution Model (CAM), a framework that maintains generalizability while im-

proving performance on downstream tasks through task-specific context attribution.

In CAM, we utilize a linear transformation of the text representation from any transformer

model. This transformation, guided by a task-specific concept operator, projects the text repre-

sentation onto a latent concept space—a process referred to as context attribution. The concept

operator is optimized during the supervised learning stage using novel loss functions. This

approach enhances the discriminator function’s capacity, yielding superior classification per-

formance across various tasks.

We evaluate CAM on fake news detection tasks using three distinct datasets and compare

its performance against a fine-tuned BERT classification layer baseline. CAM demonstrates

significant improvements in both the same-dataset and cross-dataset zero-shot evaluations. No-

table results include:

• Covid Fake dataset: 15% accuracy and 18% F1 score improvement.
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• LIAR dataset: 3.5% accuracy and 6% F1 score improvement.

• Kaggle Fake News dataset: 23% accuracy and 25% F1 score improvement.

• Fake News Net dataset: 5% accuracy and 25% F1 score improvement.

• In a cross-dataset zero-shot scenario, using a model fine-tuned on the Fake News Net

dataset to predict Covid Fake data, CAM achieves a 5% accuracy and 25% F1 boost,

underscoring its superior generalizability.

• For the non-pretrained BERT (only trained context attribution operator) we observe 8%

improvement in accuracy and 10% in F1-score on HateXplain data

• For the IMDB with XLNet base model, we observe an improvement of around 1% after

full model adaptation compared to fully trained vanilla XLNet

• CAM with the base model as DistilBERT non-pretrained (only trained context attribution

operator) on IMDB dataset, in a zero-shot manner outperforms basic DistilBERT in the

same manner (only head fine-tuning) by 7% on F1-score

• Compared to the results from the Social Attribution paper (with manual supervision), we

observe an improvement of 5.2% with our model without additional supervision

• We also provide a reproducibility of the results by the code and datasets provided in the

repository https://github.com/StepanTita/space-model

Additionally, we propose a novel loss function accompanied by auxiliary metrics that en-

hance generalizability, accelerate convergence, and improve training stability while provid-

ing insights into dataset domain representativeness. These metrics provide insights into a

dataset’s domain representativeness by measuring generalization across various topics and

datasets. CAM also offers a geometric interpretation of model predictions by embedding con-

cept definitions (labels), offering a deeper understanding of task-specific context attribution.
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